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Abstract: The rapid growth of Internet of Things (10T) devices
in cities, homes, buildings, industries, health care, automotive and
also in agricultural farms have paved the way for deployment of
wide range of sensors in them. In return 10T turns out to be the
major contributor of new data in any of these fields. A data driven
farm management techniques will in turn help in increasing the
agricultural yield by planning the input cost, reducing loss and
efficient use of resources. 10T on top of increasing the volume of
data it also give rise to big data with varied characteristics based
on time and locality. To increase the agricultural yield by smart
farm management astute analysis and processing of the data
generated becomes imperative. With high performance computing
at machine learning has created new opportunities for data
intensive science. Machine learning will help the farm
management system to achieve its goal by exploiting the data that
is continuously made available with the help of Agricultural
10T(AloT) platform and helps the farmer with insights, decisive
action and support. This article analyses various existing
supervised and unsupervised machine learning techniques
applied in agricultural domain and compares one technique with
another with respects to accuracy and a confusion matrix is
plotted for each.

Index Terms: Agricultural 10T, Big Data, Data Driven Farm
Management, Internet of Things, Supervised Machine
Learning; Unsupervised Machine Learning.

I. INTRODUCTION

The One of the long-standing objectives of computing is
to simplify and enrich human activities and experiences.The
Internet of Things (1oT) is the talk of the town now and has
made a massive inroad in the last decade in the field of
modern wireless telecommunications. 10T is an integration of
various embedded technologies such as the physical object,
sensing and actuating, networking and computation
connected to the internet. The strength of this technology will
be its ability to have an impact in a simple decision making in
everyday life to something as consequential as health
monitoring and there by enriching human life and endeavors.
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It is predicted that by 2025 billion of devices ranging from a
simple paper document to a complex industrial machine will
be connected to an internet node [1]. This paves way to
greater contribution to the economic growth by bridging the
gap in various technologies given the advancement in
technology. While making quite an impressive contribution in
smart cities, industrial 10T, data driven Agricultural
IoT(AIOT) is the next big thing. With the ever increasing
population, upward mobility and depleting environmental
condition has made feeding in 2050 a challenge [2]. By 2050
farm yield can be increased by at least by 67% while reducing
the agricultural losses with data driven agricultural techniques
as reported by International Food Policy Research Institute. A
sensor based precision agriculture for sub-surface drip
irrigation system indicated water saving by 35.7% while an
increase in farm yield by at least 45% [3]. Furthermore data
driven techniques can be equivalently applied to various other
farm inputs like seeds, climate, soil nutrients, etc. to bridge
the yield gap [4]. Precision agriculture has gain popularity
with the rapid development of loT techniques and it has made
remarkable contribution in monitoring plant health, yield
predication, irrigation planning, fertilizer usage, etc. there by
contributing to increase in yield and reducing loss. Notably
AloT doesn’t limit its support in the agriculture filed whereas
it can make immense contribution to the agro-industrial
production chain [5]. In the field it helps in monitoring and
controlling field variables like soil condition, environmental
conditions, and biomass of plants or animals. It further
contributes during the produce transport by analyzing and
managing temperature, humidity, disturbance and pest [6].
The shelf life and demand of the produce can be monitored
and predicted based on the origin and properties of the
produce, the end users or consumers will be greatly benefited
by these information. The loT based agro-farm and
agro-industry as whole can bring in a smart rural community.
To make the AloT more intelligent system it’s important to
apply data science to the data generated from the various parts
of the Agro-farm and Agro-industry. Data science is the field
which is a combination of data mining, artificial intelligence
and other techniques to analyze the data and to come out with
new inference and predictions [7]. While using various data
analytic techniques it is important to understand the various
data characteristics and apply a suitable algorithm to make an
efficient AloT data analysis. In this article the need for data
driven farm management system with the help of AloT is
underlined and the architecture of AloT is described in detail.
Taxonomy of machine learning is neatly illustrated and how
the different types of machine learning algorithms are made
used in an  agrarian
framework.
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Finally with the help of wheat kernel dataset the machine
learning models were analysed in terms of accuracy and a
confusion matrix was plotted for them using python. The rest
of the paper is organised as follows: section 2 deals about
agricultural 10T. Machine learning for AloT is described in
section 3 and section 4 gives the review of machine learning
models in agricultural framework. Section 5 presents the
analysis of machine learning algorithms and the conclusion is
given in section 6.

Il. AGRICULTURE IOT

A basic structure of AloT is shown in Fig 1. AloT can be
broadly classified into four layers Data Collection and
Transfer Layer, Network Layer, Service Layer and
Application Layer [8]. The data collection layer houses the
sensor nodes or WSN, each sensor node comprises of an
embedded controller, various sensors ranging from a simple
temperature sensor to camera, actuators like motors,
sprinklers, etc. and any wireless communication interface
which may can be WiFi, LoORaWAN, Zigbee, etc. The various
types of data collected should be made be available in the
internet to make this possible, the local WSN gateways
transmits them through an internet gateway which may be
either a mobile network or an Ethernet based connection and
this constitutes the network layer. To make sense of the
collected data in the service layer it is necessary to do some
data processing like data visualization, data analytics, data
storage and protection, etc. Finally the application layer is
where it all maters here is the end user can monitor and
control the various process in the agro-farm and also make
important decisions based on the predictions, market trends
and local agricultural departments [9]. AloT leads to an
increase in wide variety of data generation from different
sources in and around an agricultural farm in the form of
voltage values to images, status of actuator to a position of
robot, etc. [10]. The data generated may be of continuous
value which will contribute to a greater increase in data
volume, continuous data from GPS to hourly soil moisture
and temperature value update. The data collected will be
dynamic in nature for example a fertilizer spraying quad
copter location varies instantaneously. The factors that affect
the data quality are the redundancy of data, data accuracy,
dynamic and crude nature of data. It is imperative that at all
times the quality of data is maintained though the data
generated are from heterogeneous sources. The factors that
most likely influence the quality of the data are the noise from
the environment, measurement errors, heterogeneous data
scalability, data stream processing and sensor node failures
[11]. It is understandable that a quality data leads to quality
information, without quality data it’s not possible to apply
data analytics or any machine learning algorithm to create a
prediction model. Many techniques can be used to improve
the data quality from semantic data annotation to data quality
techniques like outlier detection, interpolation, data
integration, data duplication and data cleaning [12]. Data
quality improvement should be accomplished without losing
the data integrity and or its original attributes. Now applying
machine algorithms to these improved data sets will result in
better analysis and accurate prediction.

Retrieval Number: F2247037619/19©BEIESP
Journal Website: www.ijrte.org

384

Agriculture loT

Application Layer

Monitoring Control AP Market Analysis Frediciton

i1 -
== 1 G il
Service Layer {Data Frocessig)
Data Data Data
- - - Data 5 WWeb
Base Visulaizing Analytics Storage Security e
D e
= . ({11} . | =
Metworking Layer
Gateways mmmm S - 4
e
. [ ]
| |
[ I [ 5 | | Internet
Data Collection and Transfer Layer
Gateway
e
® &0
Embedded Contoller ) .

Wireless
Communication
Interface

M

Sensors

[

Actuators

=
==

Sensor Nodes

Fig 1. Architecture of AloT

I11. MACHINE LEARNING FOR AloT

Machine learning is a part of Artificial Intelligence and
can be classified under computer science. It has the ability to
render machine to learn without definite computer
programming and thereby enhancing machine performance
with detection and characterise the consistencies and patterns
in trained data. Machine learning can be classified into three
different categories based on their learning method [13, 14].

A. Supervised learning

When data is available they can always be trained. For
example let °x’ be the input data and ‘y’ be the output data, the
mapping function from the output to input is learned using an
algorithm [15].

y=1(x) @)
The mapping function is approximated such that when a new
set of input ‘x’ is given the output ‘y’ can be predicted.
Supervised learning can be subsequently categorised into
regression and classification problems.

o Classification: A classification problem is when the
output variable is a category, such as “Mango” or
“Apple” and as “disease” or “no disease”.

o Regression: A regression problem is when the output
variable is a real value, such as “dollars” or
“weight”.

B. Unsupervised learning

[}

Here only input data ‘x’ is available and no
corresponding output data available. The algorithm learns
more about the data by modelling the underlying structure of
the data. Since there is no definite output and no supervisor
it’s called unsupervised learning.

They can be subsequently categorised into clustering
and association problems [16].
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o Clustering: A clustering problem is where you want to
discover the inherent groupings in the data, such as
grouping customers by purchasing behaviour.

e Association: An association rule learning problem is
where you want to discover rules that describe large
portions of your data, such as people that buy X also
tend to buy Y.

C. Reinforcement learning

For a given set of data ‘x’ the algorithm learning problem
is to find the best possible actions based on the best possible
action to be taken by which you get to maximize expected
turnouts. Here the learning algorithm uses trial and error
method to find the optimal output. A general feature of
reinforcement learning is the trade-off between exploration,
in which the system tries out new kinds of actions to see how
effective they are, and exploitation, in which the system
makes use of actions that are known to yield a high reward
[17].
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information. [40] Describes an efficient automatic coffee fruit
counting technique, this information help the farmer to plan
the agriculture process and efficiently reduce loss.[41]
Presents a crop yield prediction and pest control analysis
system with neural network based on the environmental
condition. An Artificial Neural Network (ANN) based
generalized agriculture yield forecast was presented in [42].
[43] States a K-Means algorithm which analyses the measure
of extreme precipitation due to spatiotemporal changes, and
itsrole in crop yield, which in turn helps in improving the crop
yield. Decision tree based assessment of the crop production
under different types of edaphoclimatic environmental
conditions is inferred from [44]. Study of grain loss and
predicting the influence of several agricultural parameters in
the extent of loss incur by applying decision tree algorithm are
discussed in [45]. A convolution neural network (CNN) to
recognize and categorize legume crop based on vein leaf
image of red, white and soya bean [46].

Table 1 Taxonomy of machine learning

Learning Process

Data Processing Task  Reference

Support Vector Machine (SVM)
K-Nearest Neighbour (KNN)

Supervised Learning

Supervised Learning

Naive Bayes (NB)

Support Vector Regression (SVR)
Logistic Regression (LR)

K-Mean

Random Forest (RF)

Decision Tree (DT)

Supervised Learning
Supervised Learning
Supervised Learning

Unsupervised
Learning

Supervised Learning

Supervised Learning

Artificial Neural Network (ANN)

Convolution Neural Network (CNN)

Supervised Learning

Supervised Learning

Classification [[8 —21]
Classification [22]
Classification [23,24]
Regression [25,26]
Regression [27]
Clustering [28,30]
Classification/Regres  [31,32]
sion

Classification/Regres  [33,34]
sion

Classification/Regres  [35,36]
sion/Clustering/Featu

re Extraction
Classification/Regres  [37,38]

sion/Clustering/Featu
re Extraction

IV. MACHINE LEARNING MODELS IN
AGRICULTURAL FRAMEWORK

Machine learning application in agro-farm can be widely
found in areas like yield detection, disease detection, weed
detection, irrigation planning, soil condition, quality of crop
and weather prediction. After yield one can find machine
learning used in analysing the produce freshness (fruit and
vegetable freshness), shelf life, produce quality, market
analysis, etc.

A. Crop and Yield Management

Yield monitoring and prediction in agriculture plays vital
role by giving information to the user to make decisive action
and thereby reducing loss. [39] Proposes a SVM based
prediction of rice development process with the assistance
from the Chinese weather station basic geographical
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B. Soil Management

A K-Nearest Neighbour based prediction of soil drying
with the help of hydrologic data of precipitation and
evaporation showed an accuracy of 94% [47]. [48]
Recommends required quantity and type of fertilizers and
suitable crop based on the soil chemical parameters. [49]
Describes an irrigation scheduling method based predicted
soil moisture data using Support Vector Regression (SVR).
[50] Presents a classifier of soil datasets which is based on
Naive Bayes and achieves an accuracy of 100%. Soil
condition forecasting of soil organic compound (OC), soil
moisture (M) and total nitrogen (TN) based on various
regression models was illustrated in [51].
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Soil moisture prediction with the help of ANN model on data

from no-till chisel opener mounted force sensor. [52]
Describes an ANN based prediction of the density and variety
of bacteria and microbial present in the soil. [53] Presents
everyday soil temperature estimation for various depths in
different climatic areas with the help of a live weather data
input and self-adaptive evolutionary-extreme learning
machine (SaE-ELM) model.

Table 2 Machine Learning in Yield Prediction

Bacterial Blight, Alternaria, Gray Mildew, Cereospra, and
Fusarium wilt are cotton leaf diseases which were observed
and classified with Support Vector Regression [56].Another
SVR based forecasting of every day air temperature, relative
air humidity and wind speed based on the data collected and
thereby forecasting the dissemination and existence of fungal
diseases via the focused crop field [57]. Using data from
various leaf images with enough quality of information to
distinguish healthy leaves form infected leaves based on CNN
algorithm [58]. [59] Describes a K-Means clustering was used

Model/Algorithm  Functionality Reference  for identification of crop disease and the crop health status
which in turn contributes in forecasting the loss in crop yield.
SVM Prediction of rice [39] An automated Bakanae disease diagnosis in rice seedlings
development process was presented in [60], this system enabled in reducing loss
SVM Automatic  coffee  fruit [40] and saves examination time when compared with human
counting technique to reduce examination. [61] Presents an early diseases diagnosis and
loss classification for various crop method based on SVM. With
ANN Agriculture yield forecast [41] inputs from spectral reflectance features, an ANN model was
and pest control developed to differentiate yellow rusted infected wheat from
ANN Generalized crop  yield [42] healthy wheat. [62]. A novel method using Genetic Algorithm
prediction (GA) together with Multi-Layered ANN(ML-ANN) was used
K-Mean Measure extreme  [43] to identify viruses in plant[63].
precipitation to help in crop ) S
yield increase Table 4 Machine Learning in Disease Management
Decision Tree Analysing crop production [44] Model/Algorithm  Functionality Reference
under different environment Naive Bayes Yellow Vein Mosaic Virus  [55]
conditions. (YVMV) disease was
Decision Tree Grain loss and vyield loss [45] identified in bitter guard and
influenced by agricultural okra
parameters. SVR Cotton leaves diseases were  [56]
CNN Recognize and categorizing [46] observed and classified.
legume crop SVR Forecasting the [57]
dissemination and existence
Table 3 Machine Learning in Soil Management of fungal diseases
Model/Algorithm  Functionality Reference  CNN Distinguishing healthy [58]
leaves from infected leaves
K-NN Predicting soil drying from  [47] K-Mean Identification of crop disease  [59]
precipitation and and the crop health status
evaporation hydrologic SVM Bakanae disease diagnosisin  [60]
data rice seedlings
RF and SVM Quantity and type of [48] SVM Early diseases diagnosis and  [61]
fertilizers for suitable classification for various
based on soil crop
SVR Soil moisture based [49] ANN Differentiate yellow rusted ~ [62]
irrigation scheduling infected wheat from healthy
Naive Bayes Soil based agricultural land  [50] wheat.
classification GA with Identification of virus [63]
Least Square Soil condition forecast of [51] ML-ANN infected plant
SVM OC,MCand TN
ANN Soil moisture prediction [52] D. Weed Detection
from force sensor Ridolfia segetum is a common weed in sunflower crop
ANN Everyday soil temperature 53] field. Logistic regression was used on the data collected from
estimation for various multitemporal remote sensing to spot this weed infestation
depths. - [64]. Another weed infestation identification based on
ANN Soil drying prediction [54]

C. Disease Management

With the help of 79 and 75 sample data of okra and bitter
gourd and by applying navie bayes classifier Yellow Vein
Mosaic Virus (YVMV) disease was identified in them [55].
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random forest algorithm in sugarcane filed using the data
from UAV images is described in [65] In another study [66]
of weed detection which contributed to major yield loss is
counter propagation (CP)-ANN based system which detects
Silybum marianum with the image inputs from unmanned
aircraft system.

Table 5 Machine Learning in Weed Detection

Model/Algorithm  Functionality Reference
Logistic Ridolfia segetum [64]
Regression identification from
mutitemporal remote
sensing data
Random Forest Weed detection in [65]
sugarcane field from
UAYV images
CP-ANN Identification of Silybum  [66]

marianum from UAV
images

E. Water Management

Water being a depleting resource in most part of the
world it is important to store and use the available water
resources optimally. [67], An ANN based weekly
evapotranspiration forecast with at least the data of minimum
and maximum air temperature from local meteorological
department for better water management in arid region.
Another water management model is based on the input of
various weather data like the average air temperature, relative
humidity, atmospheric pressure, etc. to forecast the daily dew
point temperature with the help of ANN [68].

Table 6 Machine Learning in Water Management

Model/Algorithm Functionality Reference

ANN Weekly [67]
evapotranspiration

ANN Daily due point [68]

temperature

In this study 30 journal articles in which machine
learning was applied to agricultural data were reviewed. Out
of the 30 articles, 8 of them discussed yield prediction,
another 8 of them were about soil management, 9 of them
dealt about disease detection, 3 about weed detection and
lastly 2 articles discussed water management. A total of 10
different machine learning algorithms were used in these 30
articles. About 5 machine learning models were used in yield
prediction ANN and SVM were the most used, in soil
management yet another 5 machine learning were made used
here ANN is the most considered one. Disease detection sees
about 6 different machine learning models being used, while
the weed detection and water management makes use of 3 and
1 machine learning models respectively. From Fig.2, ANN
seems to be the most widely used to model in the entire study
with 33.3% , SVM follows by 20%, SVR come next with
10%, Naive Bayes, K-Mean, CNN, Random Forest and
Decision Tree follows with 6.6% and finally with 3.3% K-NN
and Logistic Regression are the least used.
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Fig. 2 Machine learning model used in agricultural

framework

V. METHODOLOGY

To deploy machine learning effectively, it has to go
through series of steps as in fig. 3. First and foremost is to
identify what is expected from the ML model, for example
should it classify or predict a new outcome. Collecting data is
an important part, as without data it is not possible apply ML
model. In order to enhance the quality of the gathered data
various technique like data preparation, data cleansing, etc.
are used. Then the enhanced data is passed on to the ML
model to be trained. This process is called the learning phase,
where the labeled or unlabeled are processed using ML model
to acquire knowledge using the various attributes of the given
data. To evaluate the ML model new unseen data are given as
inputs and various mathematical and statistical techniques are
used to validate the predicted output. If performance is still a
concern, certain performance enhancement techniques can be
considered and the process is repeated again.

MNew
data

E,

FPerformace
Raw Construct or ML Model ML Model
- [ e ——| ; —»| Enhancement
Data Bulid Datasets Training Evaluation of ML model
Predicted
a/F

Fig. 3 Machine learning approach

VI. RESULT AND DISCUSSIONS

The survey uses dataset of three varieties of wheat
kernels and they are Kama, Rosa and Canadian. 70 samples of
each variety were arbitrarily selected for this survey work. A
non-destructive method which uses soft X-ray for better
visualization is used to identify the interior structure of kernel.
Studies were conducted using combine harvested wheat grain
originating from experimental fields, explored at the Institute
of Agrophysics of the Polish Academy of Sciences in Lublin
carried out various studies on the harvested wheat grain from
the observational field. The wheat data sets comprise of seven
attributes which are continuous value. They are area A,
perimeter P, compactness C = 4*1*A/P2, length of kernel,
asymmetry coefficient and length of kernel groove.

Published By:
Blue Eyes Intelligence Engineering
& Sciences Publication

Exploring Innovation



Machine Learning Approach for Agricultural 10T

The wheat datasets were collected from the UCI machine
learning repository [69]. In the confusion matrix the wheat
kernels are named like, 1 is Kama, 2 is Rosa and 3 is
Canadian.

A. Support Vector Machine

SVM is another dynamic supervised learning algorithm
for precise solving of classification problems. It aims at
creating a model to predict the output data value with the
given input data sets [18-20]. A hyperplane splits the input
sets with a wide margin on either sides of the binary class to
improve the accuracy. Now the predicted output data value of
the new unseen input datasets is determined by finding on
which of the hyperplane it falls. If the data are non-linear in
nature which is likely in most cases, kernel is used to map
them to high dimensional space [21]. SVM algorithm was
applied to the wheat dataset and it resulted with an accuracy of
88.57%. Fig.4 shows the confusion matrix of the SVM model.

Fig. 4 Confusion matrix of KNN

KNN

_ 0.56 | 0.06 | 0.39

3 000 | 10 | 0.00

|

2| 3 |o007|000]0093

. 1 [ 213
Predicted Label

B. K-Nearest Neighbour

In KNN the classification is based on the data point
closest to the training set in the input data set. Therefore to
come out with K nearest neighbours of a new sample point, a
Euclidean distance metric is used. Let X be the input dataset
and Y be the training set, then the distance between them is
given by the following equation (2),

— o7

dX,Y) = [ZE (i = 3007 @

When the KNN algorithm was applied on the wheat data set
and resulted in an accuracy of 87.14%, fig. 5 shows the
confusion matrix. The limitation of KNN algorithm is that for
large datasets computation time will be high as it needs to sort
through the entire training sets [22]. Though KNN algorithm
can be used for regression task it is predominantly used in
classification application.

Fig. 5 Confusion matrix of SVM

SVM
= 1 0.61 | 0.06 | 0.33
|
:l) 2 0.00 | 1.0 | 0.00
>
= 0.07 | 0.00 | 0.93
1 2 3
Predicted Label

C. Naive Bayes

Naive Bayes is a probabilistic classifier algorithm based
on the Bayes’ theorem. It makes the naive assumption of

Retrieval Number: F2247037619/19©BEIESP
Journal Website: www.ijrte.org

388

independence among predictors, such that a presence or
absence of an attribute in a class is unrelated to another
attribute [23]. Let z be the new unseen input data z = (z;, 2, ,
..., Zn) by applying Bayes’ theorem,

P(cfz) = P(z|c)P(c)/P(2) 3)
P(c|Z) = P(z4|c) * P(z5[c) *...... * P(z,|c) * P(c) 4
Where,

P(c|z) is the posterior probability of class ¢

P(c) is the class prior probability.

P(z[c) is the possibility which is the predictor

probability.

P(z) is the predictor prior probability.
Nailve Bayes classifier can be effectively used to train small
data sets and a classifier which can manage high dimensional
data samples [24]. When the Naive Bayes algorithm was
applied on the wheat data set and resulted in an accuracy of
86.48% and the confusion matrix is shown in fig. 6.

Fig. 6 Confusion matrix of Naive Bayes

Naive Bayes
1 0.87 | 0.04 | 0.09
2 [ 2 To17 o83 000
§ 3 0.11 | 0.00 | 0.89
. T | 2 [ 3
Predicted Label

D. K-Mean

This algorithm is used to classify a given dataset into
subsets in such a way that each element of a given data set is
mapped to a cluster defined by a randomly selected seed
element out of the given dataset [25]. The objective function
which the algorithm minimizes is given in equation (5), where
||z —;]I* is the Euclidean distance between the data point

x" and the centroid ¢j, k is the number of clusters and n is

the number of data points [26,27]. After applying the K-Mean
model to the wheat kernel dataset an accuracy of 91.42% was
obtained, the confusion matrix can be seen in fig. 7.

S=ZE X0 = —¢)11 )

Fig. 7 Confusion matrix of K-Mean

K-Mean
1 ]072 |J0.00 |0.28
% 2 1005 |0.95 |0.00
2 [3 Jooo [ooo 10
= 1 2 3
Predicted Label
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E. Support Vector Regression

Support Vector Regression aims at reducing the
generalized error, which includes the training error and a
regularization term [28]. SVR is derived from the SVM
which is predominantly used for classification. To get a
predicted output, SVR uses a threshold value ‘€’ as the
maximum tolerated deviation from the true value [29]. This
parameter ‘€’ is used to calculate the loss function. Instead of
using the entire training data, SVR applies the parameter to a
subset derived from the training datasets this helps in
achieving the goal of reducing the generalized errors. When
using the SVR model in the wheat kernel datasets an accuracy
of 95.31%, the confusion matrix is shown in fig. 8.

Fig. 8 Confusion matrix of SVR

SVR
1 ] 091 ] 000 0.09
2 [ 2 [005 095 [000
-
s [3 [000 [000 [ 10
E
1| 2 | 3
Predicted Label

F. Logistic Regression

In logistic regression analysis of data is carried out
using logistic functions in such a way that there are only two
possible outcomes. In logistic regression, a best fit model is
found for the probability that the given data set will give
binary output and the input independent variables [30]. Once
the model is defined the values for the coefficients will be
available in the below given equation (6), where p is the
probability of getting binary outputs. After applying the
logistic regression model to the wheat kernel datasets an
accuracy of 92.85% was obtained and fig. 9 shows the
confusion matrix obtained.
logit(p) = by + by X+ ...+ B X, (6)

Fig. 9 Confusion Matrix of Logistic Regression

Logistic Regression
1 0.78 | 0.00 | 0.22
]
§ 2 | o0o0o]| 10 | 0.00
S| 3 | 007|000/ 093
|_
1 2 3
Predicted Label

G. Decision Tree

For a given problem a decision tree is generated which
goes from a rote node to the leaf node. The leaf node gives the
final predicted outcome, whereas there are a lot of test case
generated between the root node and the leaf node. Entropy
and Gini Index (6&7) are the two most widely used methods
to prune away the impurity in the datasets [31].
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Entropy = — XML, p; logp; (6)
GiniIndex=1— XM | p? ©)
They are also more flexible in the type of data they handle
[32]. One major disadvantage is that a small change in input
contributes to reconstructing the entire decision tree model.
91.89% was acquired using decision tree algorithm on the
wheat kernel datasets and the fig. 10 shows the confusion
matrix of the decision tree model.

Fig. 10 Confusion matrix of Decision Tree

Decision Tree

1 091|009 | 000
81 2 |oo0s]|o092]0.00
-
3| 3 |o007]|o000] 093
I—

1 2 3

Predicted Label

H. Random Forest

Unlike decision tree, random forest is made up of many
decision trees to make a forest, which contributes to an
improved accuracy [33]. Training for each tree is done
separately and the outcome is averaged to get the final
predicted output. This can be accomplished by a two stage
process. Firstly a random tree is created, which involves
splitting, prediction in each node and finally introducing
randomness. The second step is to come out with final
prediction of the outcome from the random forest created.
Choice of number of input variables plays an important role in
validating the model generated [34]. As mentioned earlier
they are more reliable but are not very comprehendible. After
applying random forest on the wheat kernel datasets a result
of 87.83% accuracy was achieved, the confusion matrix for
the random forest model is shown in fig. 11.

Fig. 11 Confusion matrix of Random Forest
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I. Artificial Neural Network

To solve highly analytic models Artificial Neural Network is
used, which mimics the human neural system [35]. ANN
consists of three layers namely Input layer, Hidden layer,
Output layer. In ANN weights and learning rates are
initialized with some small values near to zero [36]. Input is
fed to the input layer and output is calculated by feed forward
through the hidden layer.

The output is then compared to the expected output, and the
error is calculated. This error is feedback to the hidden layers
and the weights are updated accordingly. The decrease in the
error can result in the convergence of the algorithm with the
termination of learning process. With slower learning rate it is
possible to get accurate results. An accuracy of 94.8% was
obtained when applying ANN to \the wheat kernel dataset, the
confusion matrix for the ANN model is show in fig. 12.

Fig. 12 Confusion Matrix of ANN
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J. Convolutional Neural Network

In CNN there are three elements namely input image,
feature detector, feature map [37]. To increase the
nonlinearity in the data rectified linear unit function is
applied. In pooling function a smaller matrix (window) is
moved throughout the data and maximum value (maxpooling)
is taken out of all the elements of the window [38]. The data
thus generated is called pooled feature map. Then flattening is
done to generate a single array of the elements out of two
dimensional data to further process it using a neural network.
This array is passed through a fully connected artificial neural
network. The output layer of this neural network represents
the predicted classes. Also the error is back propagated to
improve accuracy. While applying the CNN model to the
wheat kernel dataset an accuracy of 90.46% was obtained.
Fig. 13 shows the confusion matrix of CNN algorithm.

Fig. 13 Confusion matrix of CNN
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Fig. 14 shows the performance analysis of the various
machine models after applying the wheat kernel datasets.
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SVR and ANN have a better performance when compared to
all the other machine learning models used.
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Fig. 14 Performance analysis of ML models

VII. CONCLUSION

While AloT is the next big thing in the modern
agricultural farm management system, applying machine
learning algorithm to the data generated from the different
inputs of a farm set up with the help of AloT makes the system
more intelligent, provides decisive information and predicts
the upcoming outcome. In this study various machine learning
algorithm were analysed, each have their own pros and cons
from the process to the outcome. This means that the user
have to understand each models before applying them to their
application to get best out of the model used. For example
decision tree though being precise can show a decrease in
accuracy when there may be missing and outliers in the
datasets but random forest edges here with better accuracy.
ANN though being very complex and has a very high training
time, but is probably the most stable model for uncorrelated
data. SVM has a very long training time though it boost of
better performance, the training period can be reduced by
improving the data quality.

The various machine learning models can be improved
using appropriate performance enhancing algorithms. With
depleting resource it is evident that artificial intelligence in
the field of agriculture is the future for decision making and
production improvement. Artificial intelligence together with
AloT can be called data driven farm management system.
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