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Abstract—We present the research results that are a basis for
integration of hardware devices (sensors and actuators with
communication devices, computers, and web servers), data-bases,
machine learning (ML) techniques, and related application
software. We also describe innovative machine learning
approaches and their potential impact on plant treatment and
protection. The scientific and technological challenges are
discussed as well. The developed machine learning techniques
assist farmers in making data-driven and rule-based decisions to
reduce the pesticide use and environmental harm. We merge
information coming from the features, variables, and correlations
extracted by the machine learning algorithms together with
information generated by the previous knowledge in the existing
databases. The final goal is to learn actionable rules that assist the
farmer and help the decision-making process. Using a ML
framework, we map scenarios and situations (meteorological data,
soil characteristics, nutrients, aggregated daily temperature or
features extracted by the knowledge module) to actions (for
example, irrigation, dose of fertilizers or pesticides to apply). The
developed models can be used to simulate the interaction with the
environment and estimate rewards and the expected value
function. The framework integrates the objective data, ML
algorithms and application software, that can generate and
provide end-user relevant information (in the case of traditional
crop protection) or control information for actuators (in the case
of automated crop protection).

Keywords—Machine learning, deep learning, feature selection,
image classification, plant, pest, disease, potato blight, crop yield

. INTRODUCTION

The use of artificial intelligence techniques in agriculture
dates back to the eighties [2], where some basic classification
algorithms were applied to identify rules for the diagnosis of
soybean diseases. In this early application, a similarity-based
learning program was used to analyze data from over 600
questionnaires describing diseased plants. By using a set of
environmental and categorical data (temperature, cropping
history and precipitation), as well as the condition of leaves
(malformation, defoliation, etc.), each plant was assigned to one
of 17 disease categories by an expert collaborator, who used a
variety of measurements describing the condition of the plant.
Since this early work, the application of data processing and
machine learning (ML) techniques to the precision agriculture
has witnessed an intensive study. Most of the investigation in this
area, however, is still restricted to the analysis of environmental
and climate data using general-purpose classification and
learning techniques available in off-the-shelf software packages.
These approaches cannot provide solutions to the sophisticated
problems that precision farming poses nowadays, which demand
for specific frame-works and algorithms, and which must be able
to process a large volume of multi-source multi-modal data in an
online fashion.
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Regarding the use of state-of-the-art tools and algorithms, the
ML field has witnessed an explosion of sophisticated techniques
such as, Kernel Methods [3], Gaussian Processes [4], and Deep
Neural Networks [5], which are showing impressive results in
many applications such as speech and image recognition, to
mention just two example fields. These three representative
techniques will form the core of the knowledge extraction
system. Although they have not found widespread application in
the field of precision agriculture yet, some recent works have
considered their use for specific problems in agriculture such as
soil classification or crop yield prediction. In the following, we
will describe the main ideas behind these three machine learning
tools, and we will review some of their most recent applications
in agriculture.

Gaussian Processes (GPs) [6] are Bayesian state-of-the-art
tools for discriminative machine learning (for example,
regression, classification, and dimensionality reduction). GPs
can be interpreted as a family of Kernel Methods with the
additional advantage of providing a full conditional statistical
description for the predicted variable (for example, soil moisture
or nitrogen concentration), which can be used primarily to
establish confidence intervals and to set the method parameters
(called hyper-parameters). In short, GPs assume that a GP prior
distribution governs the set of possible latent functions (which
are unobserved) and the likelihood (of the latent function) and
observations shape this prior to produce the posterior
probabilistic estimates. Consequently, the joint distribution of
training and test data is a multi-dimensional Gaussian and the
predicted distribution is estimated by conditioning on the
training data. As a couple of representative examples, GPs have
been applied for creating detailed soil maps with predictive
properties [7], which is an expensive and time-consuming task,
if the conventional methods are used. More recently, the authors
of [8] conducted a study using GPs to estimate reference
evapotranspiration, which refers to the combination evaporation
from the soil surface and transpiration from the crop, with
application for irrigation water management.

A related set of ML tools of interest for the precision
agriculture is provided by Kernel Methods, which are powerful
nonlinear techniques built on the framework of reproducing
kernel Hilbert spaces (RKHS). They are based on a nonlinear
transformation of the data from the input space to a high-
dimensional feature space, where it is more likely that the
problem can be solved in a linear manner. One of the best-known
Kernel Methods is the so-called support vector machine (SVM),
which is powerful non-linear classifier, typically used in the
agricultural field for classifying crops and plants from remote
sensing measurements [9]. Kernel Methods also provide
powerful tools to estimate non-linear correlation between
variables that may help to build accurate models for future
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precision agriculture applications. Using these tools, it is
possible to estimate whether crop increase and decrease are
associated with a specific pattern in the fertilizer usage; or to
understand the relationships between the soil characteristics and
the nutrient status [10].

A major recent breakthrough in artificial intelligence has
been the concept of deep learning and especially Deep Neural
Networks (DNNs) [11], which have achieved impressive success
in solving hard challenges in many fields including speech
recognition, natural language processing, computer vision and
image processing. Since images taken from cameras and
multispectral images taken from drones are key components of
our envisioned database, DNNs will be an important component
of our knowledge extraction and decision support system. DNNs
use a cascade of multiple layers of simple nonlinear processing
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units (or linear convolutions) for feature extraction and
transformation, where each layer uses the output from the
previous layer as input. Figure 1 shows an example of a DNN.
Although the fundamental principles behind DNNs are still
under discussion, there is consensus that DNNs essentially
establish a hierarchical and distributed representation of data, by
means of which hidden data invariances are revealed [12].
Another important ingredient for the successful application of
DNNs is the availability of large amounts of unlabeled data,
which allows the unsupervised learning of the multiple represen-
tations of data in hidden layers. Although the application of
DNNSs in precision agriculture is still largely unexplored, some
recent work has shown significant improvement in the
classification of plant pests/diseases [13]-[26] and the prediction
of crop yield [27]-[40].
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Figure 1. A deep neural network for pest/disease classification.

Il.  STATE-OF-OUR-WORK
Our work has been focused on the following topics:

e Design and development of a decision support system
(DSS) able to protect/treat plants and crops considering
the temporal and spatial variability of physical,
environmental, and agricultural parameters. It is based on
remote sensing and the most sophisticated machine
learning techniques: Gaussian processes and deep neural
networks. Examples of knowledge extraction and action-
able rule definition had been presented [1].

e Investigation and development of ML models that can
predict the appearance of insects during a season on a
daily basis considering the air temperature and relative
humidity. Several ML algorithms for classification were
applied and their accuracy for the prediction of insect
occurrence was presented (up to 76.5%). Since the data
used for testing were given in chronological order
according to the days when the measurement was
performed, an existing method was expanded to consider
the periods of three and five days. The proposed method
showed better accuracy of prediction and a lower
percentage of false detections. In the case of a period of
five days, the accuracy of the affected detections was
86.3%, while the percentage of false detections was 11%.

The proposed machine learning model can help farmers
to detect the occurrence of pests and save the time and
resources needed to check the fields [17].

e Development of solutions for early plant disease
detection and resource management optimization. The
main concept of the proposed solution relies on a direct
connection between Cloud and Edge devices, which is
achieved through Fog computing. The goal was creation
of a deep learning model for image classification that can
be optimized and adapted for implementation on devices
with limited hardware resources at the Fog level. This
increases the importance of image processing for the
agricultural operating costs and manual labor. As a result
of the off-load data processing at Edge and Fog devices,
the system responsiveness is improved, the costs
associated with data transmission and storage are
reduced, and the overall system reliability and security is
increased. The proposed solution can choose
classification algorithms to find a trade-off between size
and accuracy of the model optimized for devices with
limited hardware resources. Testing of our model for the
tomato disease classification showed that the decrease in
test accuracy is as small as 0.83% (from 96.29% to
95.46%) [22].



e Precise classification of blight infections in potatoes in
European countries using the real-time data from 1980 to
2000. To predict the potato blight, we incorporated
several hybrid machine learning models, as well as a
unique combination of stacking classifier and logistic
regression, achieving a high prediction accuracy of
87.22%. Further enhancements of these models and use
of new data sources may lead to a higher late blight
prediction accuracy and, consequently, a higher
efficiency in managing potatoes’ health [26].

e Combination of feature selection and classification
techniques to predict the yield of plant cultivations. The
results depict that an ensemble technique offers a better
prediction accuracy than the existing classification
techniques. To reduce redundancies and make ML
models more accurate, only data features that have a
significant degree of relevance in determining the final
output of the model must be employed [35].

e Design of a weighted stacked ensemble (WSE) method
for the crop yield prediction process. It combines two
base learners or classifiers to construct a single predictive
ensemble model using weighted instances. The experi-
mental outcomes showed that the proposed WSE outper-
forms other classification and ensemble techniques in
terms of an improved crop yield prediction accuracy [39].
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e Yield prediction of various crops such as rice, sorghum,
cotton, sugarcane, and wheat using machine learning
models. The models were trained using the weather, soil,
and crop data to predict future yields of the crops. A
dataset of attributes that impact crop production and yield
in specific states of India was compiled and the perfor-
mance of various regressors (linear, gradient boosting,
random forest, Kk-nearest neighbors, decision tree,
bagging, extra trees, and ridge) in predicting crop yield
was comprehensively studied. The results indicated that
the extra trees regressor achieved the highest perfor-
mance among the models examined [40].

I1l.  PROPOSED RESEARCH METHODS

We focus on integration of software tools and databases into
a DSS that can help to gather and analyze critical data to
undertake meaningful plant and crop treatment and protection
measures in real time. It targets innovative solutions in the area
of data processing and knowledge extraction.

Our research generated a base for integration of hardware
devices (sensors and actuators with communication devices,
computers, and web servers), databases, machine learning
techniques, and related application software (Figure 2). This
section describes innovative machine learning approaches and
their potential impact on plant treatment and protection. The
scientific and technological challenges are discussed as well.
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Figure 2. Integration of applications, data, software, and hardware.

The machine learning techniques assist farmers in making
data-driven and rule-based decisions to reduce the pesticide use
and environmental harm. The foreseen concept is depicted in
Figure 3. It merges information coming from the features,
variables, and correlations extracted by the machine learning
algorithms, together with information generated by the previous
knowledge in the existing databases. The final goal is to learn
actionable rules that assist the farmer and help the decision-
making process.

Using developed ML framework, we will map scenarios and
situations  (agrometeorological data, soil characteristics,

nutrients, aggregated daily temperature or features extracted by
the knowledge module) to actions (for example, irrigation, dose
of fertilizers or pesticides to apply) that may be learnt using
different procedures. The developed models can be used to
simulate the interaction with the environment and estimate
rewards and the expected value function. Therefore, the
framework integrates the objective data, ML algorithms and
application software which can generate and provide end-user
relevant information (in the case of traditional crop protection)
or control information for actuators (in the case of automated
crop protection).
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Figure 3. Concept of a machine learning framework.

A. Prediction of Pest Insect Appearance

Our methodology for the prediction of pest insect appearance
uses the environmental parameters (temperature and relative
humidity) as input data and machine learning for data processing
and output generation. According to [41], we initially determine
our input parameters: the day of the year, air temperature, and
relative humidity. The idea is (based on existing data and without
additional investments) to help users (owners of small
plantations in different locations) to predict insect appearance
and allow them sufficient time to control the dynamics of insect
growth. Data on Helicoverpa armigera insects caught in traps
are collected from different locations. In parallel, the data from
meteorological stations located in their immediate vicinity are
collected too.

A three to five days observation period is selected depending
on the pest development. At the beginning of vegetation, adults
(butterflies and moths) emerge for an extended period of
approximately three weeks. Oviposition begins two to six days
later with the expulsion of a single egg during the night. Female
fecundity (the total number of eggs) is around 3000. This species
is highly polyphagous. Larval development is harmful
(detrimental) for cultivated plants. Larval feeding results in fruits
boring, rotting and plant decay. Therefore, it is extremely
important to register the appearance of moths in the field and
suppress the occurrence of the insects by applying chemicals at
two stages (moth and egg). Larvae are usually hidden within
stem or fruits and are protected by plant tissue, which makes the
spraying impossible. The suppression of moths and eggs will
lower the loss and damage in the field. This is the most important
step of Helicoverpa armigera population control and crop
protection.

Our approach predicts the appearance of insects in a period
of three to five days when the user can react and prevent the
growth of the insect population. It is a customized method guided
by real requirements, which estimates the accuracy of the
proposed ML model for one, three, and five days in a row. We
consider the confusion matrix of our ML model and try
predicting the insect appearance (confirmed value ‘1), similar to
True Positive (TP) values on the given day, in the next three, or

the next five, days. If the pest insects appear in these periods, a
prediction hit is observed.

Examples of ML models were generated using the Scikit-
learn package. Scikit-learn is an open-source Python library that
provides support for the implementation of machine learning
algorithms. It is based on NumPy and SciPy, which are Python
libraries for scientific computation. Due to the wide application
of Python, Scikit-learn has gained more popularity. Scikit-learn
is characterized by comprehensive coverage of ML models. The
implementation of ML model algorithms is optimized for
efficient execution on computing resources. Scikit-learn also has
great community support for documentation, bug tracking and
quality assurance. Within Scikit-learn, the presentation of input
and output data is uniform. There is also a fixed procedure for
the fitting model so that it is possible to change methods without
excessive effort [42].

ML algorithms like the K-Nearest Neighbors, Support
Vector Machines with kernel = ‘rbf” (RBF SVM), Support
Vector Machines with kernel = ‘poly’ (Poly SVM), Decision
Tree, Random Forest, Multi-layer Perceptron classifier (Neural
Net), Ada Boost, Gaussian Naive Bayes (G Naive Bayes), and
Quadratic Discriminant Analysis (QDA) will be used to form
multiple model variants [43].

Based on the data collected from the analyzed locations, an
overall dataset was formed, which was used in the first step for
the validation and comparison of ML algorithms. The input
variables, in addition to the day of the year, represent the values
for temperature (T) and relative humidity (RH) in the last ten
days in a row.

The accuracy score and confusion matrix are used as outputs
to verify the results. The accuracy score is a function that
calculates the accuracy of correct predictions and can be
represented by:

n-1
Accuracy = %Zl(Pi =T) 1)

i=1

where P; is the predicted value, Ti is the true value, n is the
number of samples and 1(x) is the indicator function.



The confusion matrix is one of the metrics used for
determining the accuracy of classification when training ML
models. In the case of binary problems, the number of true
negatives, false positives, false negatives and true positives is
obtained. That is the case of classification into two groups [44],
where there are two values: true (1) and false (0).

True Negative (TN) is the number of correct negative
predictions, False Positive (FP) is the number of incorrect
positive predictions, False Negative (FN) is the number of
incorrect negative predictions, and True Positive (TP) is the
number of correct positive predictions. Having this in mind, the
accuracy of prediction can also be calculated using the
confusion matrix:

TN +TP
Accuracy = )
TN +FP+FN +TP

The confusion matrix was used to represent the validation of
the results in the ML model, enabling the observation of how
many positive values were actually affected (TP) and how many
positive values were incorrectly detected (FP). This way of
analyzing the results was convenient because the new correct
and false values can be calculated over an extended range that
includes three and five days. The obtained values represent the
new parameters in Equation (2) for calculating the new
accuracy. We also considered the F1 score since the real data
represents an imbalanced dataset. The F1 score can be
calculated according to

. Precision=* Recall

F1=2 3

Precision+ Recall @)

where Precision can be obtained by

.. TP
Precision=—— 4)
TP + FP
and Recall can be obtained by
TP
Recall = —— (5)
TP + FN

B. Image Processing Using Cloud-Fog Computing

Fog computing represents a new paradigm that has extended
the Cloud to the Edge of the network and is intended to be used
with Cloud computing. The Fog computing level has similar
characteristics to the Cloud, only with lower performance and
closer to the data source, and the same applies to computer,
network and storage resources.

They are characterized by being able to perform some data
processing near the 10T data source, without sending all the data
to the Cloud. The nodes that form the Fog computing layer are
connected to the corresponding 10T end devices. These end
devices can be cameras, wearable devices, mobile phones, smart
glasses, GPS devices, or various types of sensor-based devices.
The architecture of Fog computing enables a different execution
setting of 10T applications with-out the need to send data to the
Cloud enabling the fulfillment of requirements such as dynamic
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scalability, reduced latency and lower resource consumption in
the Cloud [45].

With the Fog layer formed, it is possible to conduct
intermediate processing which may include aggregating and
preprocessing data from multiple Edge devices before sending
it to the Cloud, reducing the load on central servers (Figure 4).
It also enables usage of Location-Based Services, since data
would be processed within the proximity of the devices. A Fog
layer with multiple nodes enables better scalability, enhancing
system performance in large-scale deployments by distributing
computational tasks across multiple Fog nodes. Fog devices are
characterized by their integration with the Cloud and act as
intermediaries between Edge devices and Cloud services
optimizing data transmission and storage.
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Figure 4. Cloud-Fog computing structure.

Hardware acceleration for deep learning models on Edge
devices involves using specialized hardware to improve
performance and efficiency. Benefits of using acceleration can
be seen through improved performance where hardware
accelerators can significantly speed up inference times
compared to running models solely on CPUs. Accelerators are
designed to perform computations more efficiently, reducing
energy consumption on battery-powered devices. Also,
accelerator support enables real-time processing of data without
relying on Cloud services, enhancing responsiveness and
privacy. By using hardware accelerators, powerful deep
learning models could be deployed on Edge devices for
applications ranging from image and speech recognition to
autonomous systems and 10T devices.

The application of artificial neural networks (ANNS) can be
found in various business areas and industries, providing a
number of services that are supported by high-performance
Cloud computing and storage. On the other hand, there are
requirements for applications that imply certain intelligence in
embedded devices and Edge devices, such as autonomous
systems or the Internet of Things (10T). Although the computing
capabilities of Edge devices have increased significantly in
recent years, there are still challenges in executing certain neural
network algorithms on devices with limited resources. The
authors of [46] give a summary of hardware support at the
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network Edges for applications of machine learning techniques
that require low power consumption.

A summary of research and challenges around Fog
computing for loT are given in [47], while a study on
implementation of machine learning models in devices on the
network Edge is presented in [48]. This article contains
concepts, guidelines and future directions that may facilitate
decentralization of machine learning to the network Edge
devices, end devices, embedded systems and FPGA.

ANNSs involve a large number of parameters and calcula-
tions, which require high energy consumption and memory
usage. In order to transfer them to devices with limited
resources, it is necessary to apply compression techniques in
order to optimize the ANN models [49]. As neural networks
have become more powerful, their depth and complexity have
also made deployment on resource-constrained devices more
challenging. The neural network quantization addresses this by
reducing network precision, allowing for smaller and simpler
networks that fit within hardware constraints. The authors of
[50] survey recent quantization techniques and propose some
future research directions.

Convolutional neural networks (CNN) progressively extract
higher-level features from the input image through a series of
convolutional and pooling layers, followed by fully connected
layers that perform the final classification or regression. The
hierarchical structure of CNNs allows for learning complex
patterns and relationships within the data, making them highly
effective for various image classification tasks [51].

C. Early Detection of Potato Blight Infection

Potato is the most consumable vegetable all around the
world. However, the early or late blight, which is caused by the
P.infestans pathogen, deteriorates the health of potato plants.
Also, bacterial infection in tubers is extremely harmful to
human body. So, the infected tubers do not only reduce the
nutritional values but are also susceptible to attacks by micro-
organisms. Even though the early and late blight can be
controlled by fungicides, it is not recommended as they can
damage the environmental and human health.

Many machine and deep learning techniques are being used
to deal with this issue [52]-[60]. They employ mathematical
modeling to predict and monitor the spread of potato disease.
These models can analyze many factors which affect the prior
prediction of potato blight infection. We use meteorological
datasets [26] which are a fusion of different environmental
parameters like the air and soil temperature, air and soil
humidity, precipitation, solar insolation, wind direction and
speed, etc.

In addition to the meteorological conditions, we introduce a
vast dataset of potato blight images. The dataset is very unique
as it includes real-life images of the two most important potato
infections: P.infestans and Alternaria. Our dataset contains 169
images of plants affected by P.infestans and 58 images of plants
affected by Alternaria. Figure 5 shows a few images (from our
own sources) of infected tubers and plants.

Figure 5. Potato affected by Alternaria (left) and P.infestans (right).

A combination of meteorological data and potato images, as
per our views, has never been used before. We apply a unique
machine learning technique for categorical classification of
meteorological data first. In this manner, a robust way to combat
the infection using a uniform blend of stacking classifier with

logical regression is provided. Then, a unique deep-learning
framework for classification of potato images is used. Finally,
we fuse results obtained using the meteorological datasets and
potato blight images by employing a maximum probability
score technique (Figure 6).
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The following mathematical models are used to predict the
potato blight infection:

1. Stacking classifier with logistic regression which handles
the non-linear relationships between a target variable and
features.

2. Hybrid stacking classifier which improves the test accuracy
combining the best performances of k-nearest neighbor and
random forest classifiers.

The key elements of the proposed framework are:

1. Meteorological data processing layers: A multi-layer
processing of meteorological data such as temperature,
humidity, pressure, insolation, precipitation, and wind speed
is used for the feature extraction. These features are then
combined to represent the atmospheric conditions associated
with the development of potato blight.

2. VGG image module: Potato images are processed by a
convolutional layer (based on VGG-16 model) that is
optimized to detect detailed visual features of infection such
as color changes and leaf damages.

3. Output fusion: Both modules (meteorological and image) are
combined in the final layers of the model for joint analysis.
The model applies a maximum likelihood aggregation
strategy (max-pooling) to generate a console-dated forecast.
Once combined, the result is passed to the classification
layer that predicts whether the sample is infected and, if yes,
which level of infection may occur.

The main advantage of our framework and its architecture is
an increased accuracy and precision in potato blight forecasting,
which can secure significantly better results in managing potato
diseases and preventing their spread.

D. Crop Yield Prediction: Variable ldentification, Data
Collection, and Data Preprocessing
Variable identification, data collection, and data preproce-

ssing steps are some of the most important steps when it comes
to training of a ML model as the performance of the model

i Final
prediction
H using max.
probability
score

n and feature extraction framework.

depends greatly on the quality, consistency, and accuracy of the
training dataset. Therefore, it is crucial that these steps are done
with diligence (Figure 7).
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Figure 7. Machine learning methodology flow.

We first identify the variables that are relevant for the crop
yield prediction. The most contributing factors are the
geographic region of interest, meteorological parameters, soil
profile, and crop type [40].

Once the required data is identified, we proceed to identify
the data sources and collect the data itself. The data usually
comes from the official and verified open access sources [61]-
[64]. The data on yield, area, crop type, etc. was obtained from
the ICRISAT [65]. The meteorological data such as air
temperature, air humidity, etc. was obtained from [62]. The
district wise soil data was obtained from [63].

Data preprocessing involves the steps necessary to get them
more usable and in the right structure and format for a ML
model. This is done by handling missing values, data
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discrepancies, and inconsistencies. Firstly, the independent
meteorological, soil, and agricultural datasets were merged
based on the common district and year attributes. By merging
the datasets, a more comprehensive and diverse set of features
was created by leveraging the information from multiple
sources, which is much more useful for the ML model. After
merging all the datasets, the total number of instances is 2550
(34 districts x 15 years x 5 crops).

Secondly, the predictor variables that were redundant and
could lead to overfitting were dropped. For example, the product
of the area and yield (two predictor variables) as another
existing predictor variable was redundant here as it is directly
dependent on other two predictor variables. As this variable
contributes nothing unique, it was dropped. Absence of
redundant predictor variables prevents from construction of an
unnecessarily complex model.

Thirdly, after the above two steps some of the categorical
variables must be converted to numeric as the models that are
used to train accept numeric inputs only. The variables like
nitrogen content, phosphorus content, soil type, soil depth, and
pH were converted using one hot encoding, and crop type was
converted using label encoding.

Finally, the normalization was completed by transforming
data into standard ranges. It removes the impact of different
units and scales, increases the speed of model training, helps in
giving consistent results, and handles outliers and skewed data
distributions. We standardized the data by removing the means
and scaling it to unit variance. After outliers were removed, the
range of values for the target variable was between 1 and 1000.
This also included the removal of rows with the zero target
variable, indicating that the specific crop was not cultivated in
the corresponding district and year. A total of 918 instances
were excluded. The final dataset, after preprocessing, comprised
38 attributes (21 attributes without the hot encoding) and
consisted of 1632 instances.

E. Crop Yield Prediction: Classification and Feature
Selection

Our framework for the selection and subsequent classification
of crop features undertaken to predict the crop yield has been
described in [35]. While the existing studies have resorted to a
single prediction method, our work uses several classification
techniques for the crop yield prediction. We used the wrapper
techniques to select salient features.

1) Classification techniques
Naive Bayes

The Naive Bayes (NB) is a supervised machine learning
algorithm that is mainly used for classification problems. It works
under the assumption that the probability of occurrence of any
feature is independent of the occurrence of other features and
every feature contributes equally to the final outcome. It is based
on the Bayes theorem for calculating the probability of events
given the occurrence of another event. The Bayes theorem aims
to calculate the probability of an event occurring given that
another event is true. Therefore, this algorithm is a probabilistic
classification technique that predicts the outcome based on
probability. Given a labeled dataset and a target variable, the
Naive Bayes algorithm calculates the result based on probability.

First, the entire dataset is preprocessed and organized into a
frequency table by noting the events and their frequencies. Then,
a likelihood table is generated using the frequency table. Finally,
the Bayes theorem is applied to calculate the posterior probability.

The advantages of the Naive Bayes algorithm include: a)
ability to classify binary as well as multi-class variables/data, b)
easy implementation comparing to other ML algorithms, c) small
amount of training data, d) ability to work with both discrete and
continuous data, and e) high scalability.

The main disadvantage of this algorithm is a poor handling of
correlated variables since it works on the assumption of
independence. In the agriculture, the Naive Bayes method can be
used to make lucrative recommendations regarding the crop yield.
The method is used to classify weather data, agricultural products,
and selling prices and recommend the crop types to farmers. The
recommendations can be extremely helpful in an era of the
climate change.

Decision tree

A decision tree (DT) is a flowchart-like tree structure
generally used in supervised ML for classification and prediction.
A DT can be turned into a set of rules where each path, heading
from the root node to every leaf node, is a rule. In a decision tree,
every internal node represents a test/condition or an attribute,
every branch is a result of the test, and every leaf node has a class
ascribed to it that is reachable if the attribute fulfils the condition
of the branch leading to it. There are two types of decision trees
(based on categorical and continuous variables) depending on
target attribute types.

A decision tree starts with a root node that is compared with
other attributes/features in the dataset for a perfect split. A perfect
split implies that the number of outputs of one class are on one
side of the tree and those of the other class on the other. In this
way, every node gets split until it reaches a perfect split, the
outcome of which becomes the leaf node of a tree. The real
challenge in constructing a DT is attribute selection. Given the
large number of attributes available, the most difficult task is to
select the ones to be used as root nodes or internal nodes. To this
end, we can apply a metrics called Gini Index:

Gini Index = 1- £ (p)? = 1- [(p*)? + (p)?] (6)

where p* represents the probability of true and p- the probability
of false hypothesis.

Support vector machine

Support vector machines (SVM) are supervised learning
models that dissect the information for order and relapse the
examination. Given a bunch of models, each set apart as
possessing a place with one of two classes, the SVM assembles a
model that designates new guidelines to one or another type of
classification, rendering it a non-probabilistic double-straight
classifier (although strategies such as Platt scaling exist to utilize
the SVM in a probabilistic order setting). The SVM works to
widen the gap between two classifications. New models are
planned that fit in and have a place with a class that is dependent
on which side of the gap they fall. SVMs help tackle an array of
certifiable issues. They are useful in text and hypertext form, as
their application decreases the demand for named preparing
examples in both conventional inductive and transductive
settings. A few techniques for shallow semantic parsing depend
on support vector machines.



The SVM algorithms are very effective in analyzing high
dimensional datasets. It is of great use in cases where the number
of dimensions is greater than the number of samples. SVM
consumes less memory for training. However, it is not suitable for
large datasets as the time required to train the model rapidly
increases. It also gives inaccuracies when the target classes
overlap.

K-nearest neighbor

This is one of the most used supervised and non-parametric
machine learning techniques for classification and regression of
labelled data. The labelled data refers to input data that is already
tagged with the correct output in supervised learning. Supervised
learning algorithms take the data and attempt to make models that
predict the output data, given relevant inputs. However, there is
no actual learning in the kNN algorithm, which follows the “lazy
learning” principle, where all the work happens at the time a
prediction is required.

The algorithm depends on distances between points, which
can be ascertained using a few methods. The distance must be
either zero or positive. This is done by squaring the distance,
raising it to a certain power, or taking the absolute values.
Distances include the following:

1. Manhattan distance given by

|z = 21|+ |y2 — w4l )
2. Euclidean distance given by
((r2 = %)? + (72 = )2 /2 ®

3. Hamming distance given by
lx1 = Y1l + 1% — 2l C))
If x and y are of the same type, their difference is 0, else is 1.
4. Minkowski distance given by
1
(g = 2P + G2 = y1)P) /7
The x and y are coordinates of a point on an x-y plane.

(10)

The kNN method can be used for predicting crop yield using
a set of known parameters, namely, rainfall, temperature,
humidity, and soil moisture. The value of crop yield is calculated
by using distances of the nearest neighbors. KNN has yielded
suitable accuracy in predicting crop yield. This model can be
further enhanced by adding additional features and more data
from all the seasons. KNN has also been applied for predictive
analysis of the paddy production and has shown better
performance compared to the SVM algorithm.

Bagging

The bagging, also known as bootstrap aggregation, is used
with decision trees, where it significantly raises the stability in
terms of advancing accuracy and diminishing variance so
eliminates overfitting. In the ensemble machine learning, bagging
takes numerous weak models specializing in distinct sections of
the feature space and aggregates them to pick the best prediction.
An ensemble set of learners is developed and built utilizing the
learning algorithm, but with each learner trained on a different set
of data. Such a process is termed bootstrap aggregation or
bagging. Initially, numerous subsets of the data are created, with
each being a subset of the initial data. If an original dataset
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comprising n different instances, »’ of these are grabbed at
random with replacements from the initial data. It is bagged,
implying a certain degree of repetition, resulting in some
recurrence. Such recurrence, however, creates no problems. Then
m groups or bags are created altogether, with each holding »’
different data instances, randomly picked, with replacements.
Thus, n is the number of training instances in the original data, »’
is the number of instances in individual bags, and m is the number
of bags. We always want »’ to be smaller than n, usually by about
60%.

Each of the data groups is used to practice a different model.
There are m different models, each one practiced on different
data, producing an ensemble of different learning algorithms,
along with an ensemble of models to be queried identically. The
outputs of specific models are taken with their mean to generate
the output of the ensemble.

Random forest

The random forest (RF) is another supervised ML algorithm.
It embodies the essence of ensemble learning since it links
multiple classifiers to resolve a complex problem, thereby
enhancing the performance of the model. The algorithm builds a
“forest” of decision trees. The characteristics are randomly picked
in each decision split. The correlation between trees is diminished
by randomly picking features that promote the prediction and
result in a greater efficiency.

The RF technique provides several advantages. Firstly, it is
simple and relatively easy to understand. This technique is also
capable of performing both classification and regression tasks. It
is suitable for handling large datasets of high dimensionality and,
most importantly, it makes the model much more precise and
resolves the overfitting issue. The RF cannot be used in case of
data extrapolation as it might produce inaccurate results. Also, it
does not produce proper results when dealing with sparse data.

The random forest algorithm was used to determine the pH
level which in turn helps determine the water supply required by
a piece of land. The concept of the random forest is given in
Figure 8.

i 1
! RANDOM FOREST CLASSIFIER !

DATASET

= FINAL PREDICTION MADE

MAJORITY VOTE TAKEN

Figure 8. Concept of the random forest

Given that each bagged tree is identically disseminated, the
expectation of an average of B trees is the equivalent of the
expectation of each. Since this accounts for the bias of bagged
trees being the same as that of individual trees, a change may only
be affected through variance reduction. This contrasts with
advancing, where trees are grown adaptively to exclude bias, and
hence are not identically distributed. An average of B identically
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distributed random variables has a variance of 62 If the variables
are completely identically distributed with positive pairwise
correlation p, the variance of the average is given as
po? + PTP a? (11)
It is observed that as B increases, the value of the second term
shifts negligibly while that of the first term remains unchanged.
The RF focuses on bagging variance minimization by cutting the
correlation between the trees without increasing the variance
excessively. The tree growing process makes this procedure
possible through picking input variables randomly.

2) Feature selection techniques
Boruta algorithm

Boruta is a random forest based algorithm that involves the
voting of versatile unbiased indistinct classifiers in decision
trees. The importance of a characteristic is estimated by
calculating the loss of classification exactness caused by the
random permutation of attributes within objects. The average
and standard deviation of the accuracy loss are calculated and
the average loss is divided by the standard deviation to obtain
the Z score to measure fluctuations in the mean accuracy loss.

The importance of every attribute is determined by
analyzing all the attributes in the system. Given the random
nature of the fluctuations, the shadow attributes are used as a
reference to point to the most important ones. As is to be
expected, the degree of accuracy depends greatly on the shadow
attributes. Consequently, the values are re-shuffled constantly to
obtain optimal results.

The algorithm starts with three start-up rounds with a simple
criterion for importance. The three rounds help to deal with the
tremendous Z score fluctuations when there are large numbers
of attributes. In the three start-up rounds, the attributes are
compared to the 5th, 3rd, and 2nd best shadows. Rejections
occur at the end of each initial round and confirmations, on the
contrary, in every round. The time complexity of the algorithm
is approximately O (P x N), where P is the number of attributes
and N is the number of objects.

Recursive feature elimination

This technique is a wrapper feature selection technique that
starts with the entire dataset. The ranking method, which is
crucial for success, orders the dataset entries from the best to the
worst and, consequently, selects the salient features. At each
iteration, it eliminates the least important features from the
dataset and updates the dataset, continuing the process until the
most relevant features are selected and a sophisticated level of
optimization is achieved.

The main advantage the recursive feature elimination (RFE)
has over other methods is that it categorically verifies every
feature's role in processing the output of the model and
eliminates features only based on their performance. Thus, it
produces better results than filter methods. RFE is also better
suited for small sample problems. By using the multiple para-
meters like soil texture, pH, humidity, topography, gypsum
content, etc., the machine learning can be used to assess the land
suitability which helps planning suitable use of the agricultural
land. Multiple features may be considered to determine the
suitability of land but it is not known in advance which features

play a key role in determining the final output and which
features bring redundancies.

Modified recursive feature elimination

This wrapper feature selection technique removes non-
salient features from the dataset. Initially, it permutes the dataset
by shuffling and combines the shuffled and original datasets.
The permutation reduces the computation time and eliminates
the need for dataset update. Thereafter, using a random forest
classifier, it ranks the features in order from the best to the worst.
Based on the ranking result, it selects salient features for the
prediction process.

F. Crop yield prediction: weighted stacked ensemble

We have proposed a weighted stacked ensemble classifier
(WSE) [39] that combines the best heterogeneous base classi-
fiers into a single model (see Table I). For identifying the two
diverse characteristic classifiers, the collinearity method is used.

Collinearity refers to a situation where two or more predictor
variables are highly correlated, and it can lead to issues such as
unstable coefficient estimates and difficulties in interpreting the
model. Depending on the correlation results, the two best base
classifiers are combined and used for prediction. The algorithm
includes four steps:

Step 1: Initially, a weight is added to each instance of the crop
dataset. Occasionally, different classifiers predict different
crops for a given instance during the prediction process. To deal
with this problem, a weight is added to each instance of the crop
dataset. In this work, the level of the weight factor added to each
instance is calculated by breaking the known number of the
target class by the number of classes in the sample. The weight
range varies from 0 to 1.

Step 2: The RFE technique discussed in the section 3.4.2 is
applied to the crop dataset to select key features.

Step 3: The reduced crop dataset is trained with the KNN, NB,
DT, and SVM heterogeneous base classifiers. After the base
classifiers are trained with the reduced crop dataset, their
collinearity values are determined. Collinearity, or the
correlation coefficient, identifies the similarity between the
classifiers. Based on the collinearity results, the two best base
classifiers are identified.

Step 4: The two predicted base classifiers are combined into
a single ensemble model called the WSE, which is validated
with the testing dataset for predicting a suitable crop to cultivate.
The prediction rate of the WSE classifier is higher than that of
the base classifiers.

TABLE I. PSEuDO-CODE OF THE WSE ALGORITHM

Input: Crop Dataset — D, Training Set Dr{wx;, wy; }-,,
Validating Set Dy, = [-D, 1,
Base Classifiers = {B4, ..., B¢}
Output: Ensemble Classifier E, Suitable Crop
Begin:

A < Swap out missing values (D) using preprocess

F <« Apply RFE technique to select important features
Learn base classifiers
forB=1toc

Learn Eg based on Dy



end for
Select base learners
forB=1toc
Find collinearity for all base learners
Select two best base learners to build an ensemble
model E based on collinearity results
end for
Learn an Ensemble Classifier
Learn E based on Dt
return E
Identify the appropriate Crop
Validate the model E using Dy,
Compute the confusion matrix for a model E on the
basis of crop prediction
return Crop
End

The performance of the base classifiers is evaluated using
the collinearity metric

Y(c;—0)(d;—d)

Collinearity = m

(12)
to construct an ensemble model. The metric parameters are: c;
— values of the ¢ variable in a sample, ¢ — mean value of the ¢
variable, d; — values of the d variable in a sample, and d — mean
value of the d variable.

The various performance metrics like accuracy (ACC),
kappa (K), precision (P), recall (R), specificity (S), F1 score
(F1S), mean absolute error (MAE), area under the curve (AUC),
and log loss (LL) were used to evaluate the proposed WSE
model. ACC helps to identify the overall performance of the
model, K is used to find the possibility of correct predictions, P,
R, S, F1S, and AUC are used to detect the imbalanced class
distribution, and MAE and LL identify the false prediction for
multiclass problems.

IV. CONCLUSION

This study demonstrates the potential of machine learning
and deep learning approaches to predict appearance of pest
insects and plant diseases and, consequently, to enable early
intervention to protect agricultural crops from severe losses. By
introducing unique datasets containing both meteorological data
and real-life images, we offer effective prediction of pest and
disease appearance and actionable rules that can maximize the
crop vyield. Currently, our datasets are geographically
constrained but our future work will be focused on combination
and integration of many different aspects of meteorological data,
human genomics, and biotechnology.
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