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Abstract: This research paper is a detailed discussion of AgriTechNet, which is a comprehensive system of agricultural
management, using sensor-driven monitoring equipment to improve the level of decision-making in precision farming. The
process of implementing a multi-parametric sensor array can record real-time data on soil moisture, pH levels of the soil,
surrounding humidity and temperature, and plant health factors such as the Normalized Difference Vegetation Index
(NDVI). Between December 5th, 2023, and January 1st, 2024, the data underwent a thorough analytical procedure to
generate actionable information. The results reported here demonstrate the strong potential of the proposed "AgriTechNet"
to sustain the average decision-making latency below 1.5 seconds with the system remarkably adjusting to changing
environmental data. The important in the plan of irrigation, humidity levels were observed showing oscillations between 40
percent and 90 percent, encouraging dynamic water management reactions. NDVI measurements showed differences that
point out to plant health changes, where the range is within -0.6 to 0.8, to inform interventions. The Predicted yield
analysis had a maximum of 8 tons/ha indicating the possibility of improving crop productivity via accurate agricultural
activities. The soil moisture content measurement played an essential role in irrigation scheduling, and it ranged in
measurements between 20 and 80 percent, whereas the soil pH level, which was between 5 and 8, was of use in soil
conditioning processes. The analysis of temperature, 15C-35C, was important in the planning of phenology. The proposed
system, AgriTechNet has shown an immense improvement over the conventional approaches, which justifies the
effectiveness of 10T-based technology in sustainable farming.

Keywords: Precision Agriculture, 10T, Sensor Networks, NDVI, Soil Moisture, Crop Yield Prediction, Sustainable
Farming.

in the field of agriculture. The design of the system is a
responsible attempt to conform to the demands of the
environmental governance and economic sustainability.
AgriTechNet enables farmers to make informed decisions
by harnessing the power of real time monitoring and
analysis of key agricultural parameters to support an
infosavvy paradigm in which crops stay healthy, yields are
optimized and resources preserved successfully. With this

1. Introduction

The onset of Internet of Things (1oT) has opened a
new era in the agricultural sector creating the culture of
smart farming where accuracy and efficiency are the most
important [1,2]. The technological revolution is not only
an improvement of the old, but it is a complete paradigm
switch to a more data-driven fast-responsive way of

farming [3]. The system under consideration in the present
study, dubbed as "AgriTechNet," represents this change
perfectly, utilizing a complex 10T network of sensors to
monitor the overall data on the environment, which is
critical in solving the complex problem of modern
agriculture. This merging of agriculture and technology
seeks to overcome the shortcomings of the traditional
practices and provide a solution towards achievement of an
increased productivity and sustainability. In the heart of
the case study of the project, AgriTechNet, there should be
a company promise to deal responsibly with resources
namely the essential foundation of the modern discussion

paper, an exploration of the dynamics of operation of
AgriTechNet shall be undertaken in order to clarify its
contribution to the dynamics of farming by conducting a
technical analysis of its workings and the data which are
outputted.

1.1 Objective

The primary objective of this investigation is to
evaluate the efficacy of "AgriTechNet" in enhancing
sustainable farming practices. Specific focus areas include:
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e The development and implementation of an IoT-
based sensor network for real-time crop
monitoring.

o Analysis of environmental data and its correlation
with crop health indicators.

o Assessment of the system's predictive capabilities
for yield optimization.

e Exploration of the system's utility in resource
management, particularly irrigation and nutrient
distribution.

1.2 Key Insights

During this research, several key insights have been
revealed:

e "AgriTechNet" consistently maintained decision-
making times under 1.5 seconds, even when
processing complex data sets.

e Soil moisture content, tracked by the system,
displayed significant variability, providing crucial
data for irrigation management.

o NDVI readings indicated fluctuating plant health,
with values ranging from -0.6 to 0.8, underscoring
the potential of "AgriTechNet" in early stress
detection.

e Predictive yield analysis projected crop yields with
notable accuracy, peaking at 8 tons/ha,
demonstrating the system's potential in forecasting
and planning.

The paper will continue by expounding on the
following sections: Literature background section of paper
discusses theoretically on the existing literature on the
topic of smart agricultural practised. Methodology: The
description of technical architecture of the AgriTechNet
project and analysis procedures to use. Results: The results
will be provided on each of the data collected and analyzed
followed by a discussion explaining the implications of
such findings. Limitations: It is imperative to accept the
limitations of the study, such as its simulation nature and
the issue of scalability. Conclusion and Future Work: a
summary of the findings and of what has been contributed
to the discipline of precision agriculture, as well as
defining future research directions. In later paragraphs, the
paper will break down the complex constituents of a
concept called the "AgriTechNet" showing that it has the
potential of bringing a paradigm shift in agricultural
practice and providing a tomorrow scope of innovation in
smart farming technologies.

2 Literature Survey

An in-depth review of the current literature gives
critical observations in the attempts to gain understanding
and improve the effectiveness of the modern agricultural
methods. In the shapes of this segment, the authors present
the research fabric, the multi-coloured blanket of studies
on the topic of precision agriculture, 10T technologies
implementation, and sustainable farming strategies, setting
the initial stones on the path to a broad grasp of the issue
[4]. The site-specific crop management, also sometimes
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referred to as precision agriculture, dates to the 1980s [5].
It was an important break with the blanket solutions of
conventional agriculture, in which characteristic features
specific to space and time were optimized to agricultural
activities. This is a finely tuned agricultural ideology that
has attracted massive following and continues to shape
millions of crop land around the world. It is one of the
most important innovations in the field of agriculture,
which complies with principles of the modern farming
practices, combining ancient wisdom with the new
demands [6]. The transformation of the conventional to
precision farming has been influenced by greater
technological advancement. New practices like soils
sample, so likewise the usage of statistics have added
colour to the topographies we have in our farm [7]. The
use of Geographic Information Systems (GIS) and Global
Positioning System (GPS) combination has allowed the
farmers to navigate and control their fields with high levels
of accuracy never attained [8]. The most recent
developments led to a smooth running of operations in the
farms, both in terms of variable rate application of
fertilizers and herbicides, as well as in the embracing of
yield mapping and remote sensing. Besides, the
appearance of the automatic tractor navigation, robotics,
and the proximal sensing even further embodies the
technological transformation in agriculture [9]. The entry
of information technology into the agricultural operations,
especially using the Internet of Things (10T) has given rise
to a new generation of data-based farming. loT has
enabled farmers to get the real-time view of soil
composition, crops, as well as environmental conditions
enabling them to make wiser decisions [10]. Such
combination of technology and farming has strengthened
the performance and provided the basis of a more
sustainable and flexible agricultural sector. Precision
agriculture has been a steadily innovative and changing
path. In its further development, it has been a witness to
the creativity and the resilience of the sector of agriculture
that is ready to face the demands of a changing world.
Further, the section below will take a closer look at the
technological advancements that have dictated the current
form of precision farming, the current inventory of the loT
in the agricultural industry, and the possible trends that
might transform the industry [11].

2.1 The Internet of Things (1oT) in Agriculture

Internet of Things (10T) has been one of the pillars
supporting the development of modern agriculture
commonly referred to as AgriTech that aims at enhancing
efficiency and productivity in the agricultural industry.
The introduction to the field of agriculture promises to be
as disruptive as loT due to a variety of smart sensors,
advanced devices, and complex data analysis it employs in
order to optimize the numerous aspects of the farm
management process [12]. Such technologies not only
provide a curative possibility of following the soil and crop
conditions, but also allow accurate yield forecasting. The
concept of 10T in AgriTech relies on the following pillars,
which are smart sensors that collect decisive real-time
data, encompassing data analytics that extract this
information into a practical solution or decision, and the
collaboration of loT with other emerging technologies
such as artificial intelligence (Al) and machine learning



Bezawada Manasa et al. / Int. J. Comput. Eng. Res. Trends, 12(7), 13-26, 2025

(ML), which results in gradual and efficient farming
systems [13]. The spread of 10T in the sphere of farm
management cannot be denied because it opens a new
chapter in the precision in farming. It has also been vital in
the monitoring of soil providing important feedback about
the moisture and temperature of the soil that is paramount
in the growth of the crops and the mitigation of diseases
[14]. Besides, the 10T system can be applied to grow crops,
specifically, tracking their health and predicting harvests,
which enables farmers to be prepared before the possible
infestations and maximize their yields. The systems driven
by the 10T or internet of things have transformed the
classical way of conducting the irrigation and fertilization
processes since it has automated the irrigation routines and
fine-tunned or personalized the fertilizer use making the
crops to benefit in the process [15].

loT is a revolutionary force within the fields of case
studies throughout the agricultural world. The use of
precision agriculture systems enabled by 10T has resulted
in an increase in crop yield and at the same time saving
resources. The Internet of Things has also redefined
livestock management where the health and behaviour are
monitored by wearable technologies leading to making of
informed decisions that enhance animal welfare and
productivity of operations. Moreover, automation in farms
has incorporated the multiple technologies in an effortless
manner so that farm management is simplified with a
multiplied ability at efficiency and reduction in labor
expenses [16]. Arrival of 10T to the agriculture sector will
mean the beginning of a new era with a very high level of
efficiency, marked by a great productivity, and with the
sense of sustainability regarding farms. With the further
development of the loT technologies and their integration
with the agricultural processes, the possibilities of the
industry transformation by the technologies are sure to
increase, fuelling the movement of smart farming in the
future [17].

2.2 Sensor Technologies in Precision Agriculture

The review of literature reveals the multitude of
sensor technologies along with their emerging use in
precision agriculture. In one of the reports, the research
team explores Colombian agribusiness assuming that with
the implementation of 5G networks, agricultural
production and performance can be greatly improved with
the help of qualified 10T technologies, specifically
designed to fit local agricultural lands. A new trend is
described in another paper: a smart sensor that has to learn
how to identify the presence of fruit with intrinsic TinyML
technology but also analyze the energy behavior of this
type of system in a different 10T paradigm [18]. A broad
overview entails a review of the optoelectrical sensors near
agricultural surroundings. The survey makes a division of
the sensors along utility lines, which range between the
traditionally known RGB imaging to complex NDVI and
NDRE sensors, and the rising phenotypic sensing tools
[19]. Another article proposes a revolutionary new form of
architecture, called the AgriFusion, uniting the possibilities
of the Wireless Sensor Networks (WSNs) and the super
analytical capabilities of the Machine Learning (ML) and
the Artificial Intelligence (Al). The stated framework will
transform Precision Agriculture (PA) via a cost-efficient
and efficient system [20]. A new solution, so called
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Agrosquad is offered. Depending on this system which
consists of wireless autonomous subsystems, the
information is combined with the data of soil sensors, and
Unmanned Aerial Vehicles (UAV) to provide real-time
information. Integrated data analysis in this respect is
postulated to assist farmers to coordinate resources and
arrive at maximum agricultural output.

2.3 Data Analytics in Agriculture

Data analytics is an important factor in converting raw
agricultural data to usable intelligence to facilitate well-
informed decision-making. The analytic data processing
engulfs an assortment of beats and tools that change
mammoth volumes of data, gleaned by sensors, satellites,
and other electronic channels, into purposeful
comprehension. This knowledge provides the much-
needed gap between data collection alone and its
application directly on the farm. This interpretation of the
data will also allow the farmers to make better and more
timely decisions on how to manage the crops, irrigation,
and optimization of inputs. Another significant innovation
in this field is using machine learning as the basis of
predictive agriculture. Machine learning algorithms can
develop patterns and make predictions on crop production,
pest outbreak and disease outbreak. Such technologies
research past data and current data to make predictions on
the management of predictions as well as possible
interventions to implement a more reactive and accurate
farming strategy. Studies have also revealed that
incorporation of these predictive models within the
agricultural systems enhance the accuracy of any decisions
made and efficiency of operations by a considerable
margin. Big data is critical in the transformation of the
contemporary farming environment too. Big data analytics,
when used together with conventional agronomic
knowledge, allows building of strong models to predict
yields and choose varieties. It also facilitates development
of superior crop prediction systems based on weather
conditions thus enabling farmers to prepare their farms to
handle climatic changes and to make the best use of their
farming calendars. These systems boost productivity and
develop sustainable use of resources by using big data and
machine learning combined. Studies highlight the high
potential of synergy and machine learning, data mining,
and big data in precision farming. Not only are they
boosting the precision of such predictions but also
guarantee more efficient utilization of resources, which is
critical to reaching long-time sustainability and resilience
of farming activities.

2.4 Sustainable Farming Practices

Individual research on the matters of sustainable
farming: the exploration of sustainable farming practices
has brought about some of the findings on some of the
approaches and technologies that will aid in cultivating the
sustainability of agriculture. Leading the line in this
undertaking is smart farming, a strategy that incorporates
the use of highly advanced technology in different farming
activities. These incorporates smart irrigation, precision
farming and bioinformatics which are also very effective
in the strengthening of agricultural management in the
developing countries [24].
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Advanced technology that has aided efficient farming
activities is use of the core/shell nanoparticles (CSNs).
Such nanoparticles are characterized by the high level of
catalytical, optical and electronic activities, thus, they can
be useful in crop amelioration, protection as well as
detection of the plant illnesses and agrochemical remains.
It is also using technology to improve agricultural
activities such as seedling care, application of fertilizers,
identification of weeds, watering, and administration of
pesticides on crops. Precision farming contributes
significantly to the sustainability targets of land resources
due to the optimum utilization of resources, minimized
harm to the environment, and increased crop production
[25].

The meaning of sustainability in farming is the
understanding of farming practices that will see to it that
the land will be productive in the long run with minimal
degradation. Conservation agriculture, diversification and
intensification of crops have positive significance into soil
parameters, organic matter, PH value and nutrient content,
which enhances long term viability of land. A sustainable
agricultural practice is through cyanobacterial farming
because it is an environmentally friendly method. The high
productivity of cyanobacteria in the use of solar energy
and the conversion of biomass to useful products
represents the potential of food and energy generation,
biofertilizer production, and secondary met productive.
The study also employs the authors of this method to dilute
green gas levels and clean up pollutants in wastewater and
soil thus promoting ecological protection [26]. The use of
smart farming technologies, the application of core/shell
nanoparticles, complying with conservation agricultural
practices, and the introduction of cyanobacterial farming
all speak volumes in the direction of realizing much more
sustainable agriculture.

2.5 Challenges and Limitations of Precision Agriculture

Although precision agriculture is a revolutionary
technology in agriculture, it faces series of issues ranging
between technical complexity, economic hindrance, and
social and ethical aspects. A major technological barrier in
this area is associated with the use of Unmanned Aerial
Vehicles (UAVSs) to monitor crops and map. Some of the
problems that arise include the limitation on the capture of
images at the yields suitable spatial and time-related
considerations, the reliance wupon unstable weather
conditions and the complexities associated with
conducting the geometric and radiometric corrections of
the captured information [27].

Moreover, the idea of precision agriculture is also
hindered by inherent obstacles involving automation of
decision-making frameworks and the impracticality of
setting up detecting systems in the harsh soil setting. This
is specifically noticeable with real-time observation of soil
and plant situation. A second technical issue that needs to
be considered is the development of the tools that will be
able to detect and determine the changes in the spatial
distribution of symbiotic nitrogen fixation (SNF) in
legumes and comprehend the nature of environmental
factors that affect the process [28].Nonetheless, the current
challenges have made information and communication
technologies (ICTs) within agricultural activities, such as
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the use of UAVSs, look rather promising. The technologies
can streamline agricultural challenges in a significant
manner. Nevertheless, it comprises some boundaries of
operation on the form of low battery lives, payload
restrictions, and poor weather resistant capabilities which
need to be skirted to enjoy all the opportunities of these
technologies.

2.6 Future Directions and Emerging Technologies

The emergence of new technologies has also been
revealed as a possible means of transforming the global
food security through recent studies. The results highlight
the versatile use and advantage of these technologies to
agriculture. New technologies (Advanced technologies like
Artificial Intelligence (Al), the Internet of Things (loT)
and Robots) are creating new frontiers that guarantee high
productivity, efficiency, flexibility, and cost-effectiveness
to the agricultural sector. Al and Robotics have also
proposed new paradigms in the agricultural field with Al
being useful in soil management, crop diseases detection,
weed detection and control [29,30]. Such Artificial
intelligence strategies are becoming connected with the
devices of the 10T in a way that allows broad automation
of agricultural activities and real-time control that does not
require a lot of human participation. There is robotics in
particular which has been applied in many agricultural
practices such as soil preparation, planting, monitoring,
harvesting, and storing. Introducing Precision Agriculture
(PA) has been cited as one of the major contributors to
enhanced food production, addition of food in the export
basket as well as raise in terms of gross domestic products
(GDPs) and strengthening sustainable food security
[31,32].

Digital agriculture is also referred to as smart farming,
which is quickly being recognized as a sustainable
practice. It also uses the newest technologies such as 10T,
robotics, Al, drones, and big data to maximize the number
and quality of crops and minimize the usage of labour-
intensive approaches. This is attained using sensors and
automatic irrigation to monitor farms, temperature,
moisture, and PH [33]. Application of the technologies has
been demonstrated to improve profitability and minimize
wastes as well as maintain environmental quality. The use
of high technologies is essential towards encouraging
sustainable food systems (SFSs). These technologies
provide answers to severe problems on the transformation
of SFSs and pertain to food security and food supply to the
world [34]. Some of the disruptive technologies in digital
agriculture are GPS, satellite images, intelligence
monitoring control system, artificial plant growing
methods, no-soil cultivation system, unmanned aerial
vehicles, artificial intelligence, internet of things, robotics,
variable rate, and telematics. The success of PA in
different countries taking charge of such disruptive
technologies depicts a major move of solving the global
food security woes. The potential of Al, 10T, robotics, and
other developing technologies in agriculture are mentioned
as good opportunities to increase food security worldwide.
Such innovations will transform agricultural practice that
will be more efficient, sustainable, and productive [35].
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2.7 Research Gap

As much as the implementation of the Internet of
Things (IoT) in the agricultural sector has brought on a
major leap in the sector, there exist a number of somewhat
unexplored streams within which the intersection between
what is documented and the practice has not been fully
achieved. A thorough analysis of literature review shows a
tremendous lack of using loT-based technologies
comprehensively in variable and heterogeneous farming
environments. The components of the precision agriculture
systems, i.e., sensor technologies, data analytics, and
machine learning algorithms, have already undergone
significant coverage in the previous studies. But, few
pieces of literature are available which would
comprehensively examine interoperability of these
components and overall efficacy of the combination when
adopted together. Most of the studies have been
concentrated on large-scale farming businesses and little
study has been involved on issues deeply touching small-
sized farming business with limited resources that would
be greatly advantaged by precision technologies. The
flexible and scalable features of the IoT solutions used in
such situations are what is not discussed much and this
creates a gap in knowledge about how the small to medium
firms can enjoy the benefits of the innovations.

Although predictive analytics emerged as an excellent
instrument in precision farming, it is not well-documented
that its predictive accuracies of such models compared to
the reality. Strict validation of predictive models of their
work in the real field environment and evaluation of their
effect on decision-making processes in agriculture is
obligatory. The literature exposes a gap in the assessment
of the socio-economic role of accretions of loT
technologies in the agricultural sector. The prospects of the
systems in enhancing crop production, management of
resources, and livelihood of farming communities has not
been fully utilized. The need to carry out empirical studies
to capture the economic, social, and environmental impact
of 1oT adoption in agriculture is growing strong. In this
study, the researcher intends to fill these gaps by installing
and examining an integrated loT-system, called
AgriTechNet, in diversified agricultural environments. As
much as it strives to answer the research question and
novel research in precision agriculture, this study is aimed
at providing significant contributions to the field of
precision agriculture and sustainable farming with regards
to its scalability, predictive accuracy, and socio-economic
impact Literature reconnaissance helps to understand a
complex nature of precision agriculture and the technology
that supports it. This review forms a basis of our research
as it identifies the progress of smart farming technologies
as well as their present situation and possible future.

3. Methodology

This section introduces "AgriTechNet," a pioneering
system integrating cutting-edge loT technology into
precision agriculture. The proposed system aims to
revolutionize farming practices by enhancing efficiency,
sustainability, and productivity through advanced data
analytics and automation.
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AgriTechNet: Intelligent loT-based Precision Agriculture Framework

Action Layer

Automated Execution
Irrigation, Spraying,
Soil Treatment

Feedback Loop
Model Re-tuning,
Sensor Calibration

\ :
\Continuous Improvement
\
\
\
Input Layer \‘

loT Sensors
Temperature, Humidity,

Soil Moisture, etc.

Remote Sensing

[NDVI via Drones/SateIIitesj

Data Preprocessing
Noise Removal, Normalization

Feature Extraction
NDVI Integration,
Sensor Data Fusion

Predictive Modeling
* Yield: Random Forest
« Pests: Neural Network

Degjsion Lgyer

Decision Engine
Rules + Predictions
(Fertilization, lirigation)

Fig.1: Proposed System Architecture

The conceptual diagram provided outlines a multi-
layered approach to loT-based precision agriculture. Here
is a detailed explanation of each component. To delve into
a more detailed mathematical framework for the proposed
AgriTechNet system, we can extend the conceptual
structure with granular mathematical models that underpin
each layer's operations within the context of loT-based
precision agriculture:

3.1 Data Acquisition Layer

This is the foundational layer where 10T sensors
collect various environmental and crop-related data points
such as temperature, humidity, and soil moisture.
Additionally, remote sensing technology gathers NDVI
(Normalized Difference Vegetation Index) data to assess
plant health.

Let S = {S;,S,, ...,S,} be a set of sensors, where each
S; measures a specific parameter at time t. The data
acquisition function can be represented as:

Di(t) = feq (Si(D), €) @

wheref, . denotes the data acquisition function for

sensor S;, and ¢; represents potential measurement noise or
error.



Bezawada Manasa et al. / Int. J. Comput. Eng. Res. Trends, 12(7), 13-26, 2025

3.2 Data Preprocessing and Normalization Layer

Raw sensor data is processed and normalized in this
layer to ensure consistency and accuracy. This step is
crucial for preparing the data for effective analysis and
feature extraction.

The normalization of data is essential to standardize
the range of data values. If D) =
[D; (1), D, (b), ..., Dh ()] represents the vector of collected
data at time t , the normalization can be defined as:

T
Dn(t)_UDn
ey ,
ODp

D (0—hp,
)

GDl

Diorm (O = )

wherepp, and op, are the mean and standard deviation
of the historical data for sensor S;, respectively.

3.3 Feature Extraction Layer

In this layer, relevant features are extracted from the
normalized data, which include integrating NDVI readings
to enrich the dataset with plant health indicators.

The normalized data is then used for feature
extraction. For example, NDVI is computed as a feature
for plant health using the reflectance values:

__ DNIR(©)=DRed(t)
NDVI(t) = DNR(D)+DRed (V)

3)

whereDy;r(t) and Dgeq(t) are the normalized data for
near-infrared and red-light reflectance captured by the
corresponding sensors.

3.4 Predictive Modelling Layer

Utilizing the processed data, predictive models are
employed. Yield prediction is performed using algorithms
like Random Forest, while pest detection might utilize
Neural Network models, making predictions about future
crop health and potential pest infestations.

For predictive modeling, the system might use a
Random Forest algorithm for vyield prediction, which
consists of a collection of decision trees {tree,, tree,, ...,
tree g}

The ensemble average then gives the yield prediction:

Y(9) = 2 3B, treey(Dg, (D) @

whereDg,,, (t) represents the feature vector extracted
fromD, .. (©).

For pest detection, a neural network with multiple
layers can be used:

P(t) = o(WLd(... (W (W, Dy () +by) +b,) ) +
b.) )

where W; and b; are the weights and biases for the i
layer, ¢ is the activation function for intermediate layers, o
is the output layer's activation function, and L is the
number of layers.
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3.5 Decision-Making Layer

Based on the outputs of the predictive models, this
layer involves making informed decisions about the
necessary actions to optimize crop yield and health.

The decision-making layer utilizes the predictions to
formulate actions. If A represents the set of possible
actions, the decision function can be defined as:

A(t) = argmin,c4C(a | Y(t), P(t),R) (6)

whereC represents a cost function that factors in the
yield prediction Y(t), pest prediction P(t), and a set of
rules and constraints R.

3.6 Action Execution Layer

The decisions are put into action in this layer.
Automated systems can carry out actions such as adjusting
irrigation schedules, applying fertilizers, or initiating pest
control measures.

The actions are then executed by the system, which
can be represented as a set of control signals U(t) for the
various actuators in the system:

U) = Bexec (A(D), E(D)), ()

whereg,. .. is the function that translates decisions

into control actions, and £(t) represents the current state of
the environment.

3.7 Feedback Loop

As an optional but beneficial component, the feedback
loop allows the system's outcomes to be monitored and fed
back into the system for continuous improvement. This
feedback can refine the models and adjust the decision-
making algorithms.

Lastly, a feedback loop allows for the optimization of
system parameters © based on performance metrics M (t) :

0" = arg mgnL(M(t), 0), (8)

where £ is a loss function measuring system
performance against desired outcomes, and @ represents
the optimal parameters for the system.

This detailed mathematical formulation provides a
rigorous basis for the proposed system, ensuring each
layer's operation is well-defined and poised for effective
implementation in precision agriculture.

This framework encapsulates the end-to-end process
of loT in agriculture, from data collection to action
implementation, with a feedback mechanism to ensure
adaptability and precision in farming operations.

3.8 Algorithm: AgriTechNet

AgriTechNet is an advanced algorithm designed for
precision agriculture, leveraging 10T data and NDVI for
informed decision-making. The algorithm systematically
processes environmental data, integrates remote sensing
information, and applies machine learning models for
optimal agricultural practices.
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Algorithm Presentation: Precision

Agriculture System

"AgriTechNet"

Input:

e SetofloT sensors: S = {s;, S5, ..., Sy}
e Historical agricultural data: H.

e NDVI data from remote sensing: N.

Process:

1 Data Collection:
D = UiL, D;, where D; is the data collected from

sensor s; in set S.

Data Preprocessing and Normalization:
e Normalize D to D, using a

normalization function f

norm *

standard

D =f

norm norm

(D).

3 Feature Extraction:
e Extract features F from D

® F= ffeat (D
integration.

and NDVI data N.

norm

N), where fy, includes NDVI

norm ’

Predictive Modeling:

e Apply a regression model f,, for yield
prediction.

o Y=f,, (FH), where f,,, could be Random
Forest

e Use a classification model f

pest
o P=1f.(F), wheref  could be Decision Trees
or Neural Networks.

for pest detection.

est

Decision-Making Algorithm:

e Compute decisions D using function f_ .

e D =f, (Y, P), combining model predictions with
agronomic rules.
Action Plan Execution:

e Create and execute an action plan A based on D.

e Actions include irrigation, fertilization, pest
control, etc.

Output:

e Set of actionable decisions A for optimized
farming interventions.

Pseudo-code:

defAgriTechNet(S, H, N):
# Data Collection
D = CollectData(S)
# Data Preprocessing and Normalization

D_norm = NormalizeData(D)

# Feature Extraction including NDVI

F = ExtractFeatures(D_norm, N)

# Predictive Modeling for Yield and Pest Detection
Y = PredictYield(F, H)

P = DetectPests(F)

# Decision Making based on Predictions and Rules

D = MakeDecision(Y, P)

# Formulating and Executing Action Plan
A = FormulateActionPlan(D)
ExecuteActions(A)

return A
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"AgriTechNet" is a harmonious blend of technological
innovation and agricultural acumen. Its design and
functionality significantly demonstrate the potential to
elevate agricultural practices, setting the stage for
empirical evaluation of its impact in real-world settings.

4. Results and Analysis

Our investigation into "AgriTechNet" reveals insights
into the system's performance and implications for
sustainable agriculture. This section discusses these
findings in detail, interpreting the data in the context of
enhanced farming efficiency and productivity.

4.1 Summary of Simulation Parameters

Here's a summary of the parameters we used in the
simulation, along with their respective values and units:
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TABLE 1. Summary of Simulation Parameters

4.2 Hyper Tuning Parameters

Units Hyperparameters presented in the table above are very
critical in defining the behavior of machine learning models

involved in the AgriTechNet system. In case of Random
Forest, the hyperparameters like the number of trees
(n_estimators), directly impact the level ofaccuracy and the

level of computational complexity and the max_depth
affects the generalization capabilities of the model by
% regulating the overfitting tendencies, i.e., deeper trees can
help to model complex patterns but are more likely to fit

the noise. In the instance of the Neural Network, the
architecture, that is the layers and the number of neurons is
% what characterizes its learning actions. The non-linear
ability of the network to model relationships is controlled

by the activation function which alternates the effect of
transformations of the input through the network.
Moreover, the learning rate is an important factor that

affects a balance between the convergence performance and
stability, whereas epochs and the batch size will determine
- how the model will handle the training data and evolve
using it in the course of time. Collectively, the

hyperparameters have great impact on predictive accuracy,
generalization, and computational efficiency in precision
tonsia agriculture.

Parameter Range of Values
Temperature 10 to 35 °C
Humidity 30to 90
Soil Moisture 10 to 80
Soil pH 31010 -
NDVI (Drone Imaging) -ltol
Predicted Yield 1t010
Decision Time (Edge Comp) 0.1t02.0 seconds

TABLE 1: Hyperparameters for Machine Learning Models in "AgriTechNet"

Hyperparameter Typical Values Units Model

Number of Trees (n_estimators) 100, 200, 500, 1000 Count Random Forest
Maximum Depth (max_depth) 10, 20, 30, None Levels Random Forest
Min Samples Split (min_samples_split) 2,5,10 Count Random Forest
Min Samples Leaf (min_samples_leaf) 1,2,4 Count Random Forest
Bootstrap (bootstrap) True, False Boolean Random Forest
Number of Layers and Neurons 1-3 layers, 10-100 neurons Count Neural Network

Activation Function (activation)

ReLU, Sigmoid, Tanh -

Neural Network

Learning Rate 0.001, 0.01,0.1 - Neural Network
Epochs 10, 50, 100 Iterations Neural Network
Batch Size 16, 32,64 Sample Count Neural Network
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Tuning these hyperparameters requires balancing
model  complexity,  generalization  ability, and
computational efficiency. Effective tuning can significantly
improve prediction accuracy and decision-making quality
in precision agriculture applications.

4.3 Temperature in degrees Celsius

Lastly, the Temperature plot outlines the daily high
temperatures affecting crop development. The temperature
ranges from a low of 15°C on December 13th to a high of
35°C on December 29th. Such temperature variations are
crucial for determining the rate of plant growth and the
timing of developmental stages.

Temperature (°C) over Time
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Fig.2: Temperatu
4.4 Humidity in percentage

The Humidity plot traces the moisture levels in the
atmosphere over the same timeframe. The data reveals
significant fluctuations, with a peak humidity of around

re records over Time

90% on December 17th, which could influence crop
watering schedules. The lowest recorded humidity, close to
40% on December 21st, suggests a dry spell necessitating
increased irrigation.

Humidity (%) over Time
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Fig.3: Humidity over Time
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content peaking at 80% on December 13th and dropping to
20% on December 17th. These extremes highlight critical
points where irrigation adjustments are necessary to
maintain optimal soil water levels.

4.5 Soil Moisture in percentage
The Soil Moisture plot, which informs irrigation
practices, indicates a dynamic range with soil moisture

Soil Moisture (%) over Time
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Fig.4: Soil Moisture over Time
4.6 Soil pH peak pH of 8 on December 25th suggests alkaline

conditions that may require soil amendments to optimize

The Soil pH plot shows the acidity or alkalinity of the crop nutrient availability.

soil, with values generally ranging between pH 5 and 8. A

Soil pH over Time
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Fig.5: Soil pH over Time
4.7 NDVI peak value near 0.8 indicates healthy, thriving vegetation,

while a notable dip to -0.6 on December 29th suggests
possible plant stress or unhealthy conditions, prompting a
review of nutrient or water inputs

The NDVI plot, a measure of plant health, oscillates
between values above and below zero. On December 9th, a
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NDVI over Time
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Fig. 6: NDVI over Time

4.8 Predicted Yield in tons per hectare

The Predicted Yield plot forecasts the crop output,
showing variability with a high of 8 tons/ha on December
5th, indicative of an expected bountiful harvest. In

contrast, a predicted low yield of 3 tons/ha on December
21st might alert farmers to potential crop productivity
issues.

Predicted Yield (tons/ha) over Time

10

Predicted Yield (tons/ha)

3 v W P
N Y N QY
i K & ¢ &
v Vv v WV
Date

Fig.7: Predicted Yield over Time

4.9 Decision Time in seconds

The Decision Time plot displays the system’s
processing times for agricultural decision-making from
December 5th, 2023, to January 1st, 2024. During this
period, the decision time varies, with a notable peak on
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December 13th, reaching nearly 1.5 seconds, potentially
due to complex environmental data input. The quickest
decision time, observed on December 25th, was
approximately 0.5 seconds, reflecting the system’s
efficiency under stable conditions.
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Decision Time (s) over Time
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Fig.8: Decision Time over Time

4.10 Performance Evaluation

As is expressed in the table of comparison done to
demonstrate the performance of the AgriTechNet system,
it is notable that when compared to other two systems,
VRT and CGMS, it is quite efficient considering its
performance along with major measures of efficiency.
These indicators are in form of mean values recorded over
the period of evaluation and are used to show how
AgriTechNet performs better. Regarding the efficiency of
yield, AgriTechNet reaches an average of 92.30%, which
represents its high predictive potential and the
opportunities to increase the quality of crops. The water
efficiency is 90.28%, mean that the system will enable to
improve the efficiency of irrigation activities in the most
efficient way and aid water management sustainability. Of
considerable economic value as well is the fact that the
system has a cost efficiency record that averaged at
84.97%, which means that it has a tremendous scope of
cutting down on costs of operation when compared against
the other modes. Moreover, AgriTechNet performs well
when it comes to decision speed, as the average time
needed to process the response speeds at 2.10 seconds,
which allows fast data analysis and can make appropriate
agricultural actions before it is too late. All these findings
concur with the benefits of the system in terms of
productivity, cost optimization, and an improvement in
operations.

TABLE 2: Performance Evaluation Summary

Metric AgriTechNet VRT CGMS

(Mean) (Mean) | (Mean)

Yield Efficiency (%) 92.30 82.27 72.14
Water Efficiency (%) 90.28 80.53 70.55
Cost Efficiency (%) 84.97 75.26 64.54
Decision Speed (s) 2.10 4.84 6.57

All these metrics mean that the AgriTechNet system
enhances resources usage and crop productivity and
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promotes this process in a cost-effective and timely
manner, which is faster than the traditional approaches, and
is the evidence of the potential of combined 10T and data-
driven technologies in the contemporary agriculture sector.
In our critique of AgriTechNet, we underline the potential
of the system in changing the agricultural practices. The
findings confirm the efficiency of the system and prompt
future research, which indicates that a certain level of
constant innovation in the sphere of smart farming is
required.

5. Discussion

AgriTechNet system has shown significant promise in
transforming the growth of precision agriculture with the
use of sensor network-based 10T, predictive modeling and
real-time decision support structures. The simulation study
findings show that the AgriTechNet is a very high-
performance agricultural application in terms of the
prediction of farms and crops yield, monitoring of soil
moisture, and crop health monitoring of the farmers by
using NDVI. Its reactive ability is quick, which averagely
responds within 2.10 seconds, hence making the system
appropriate in their farm settings where time-sensitive
decisions need to be made. AgriTechNet also demonstrated
high predictive efficiency of up to 92.30% vyield efficiency
indicating its capacity to make agronomic choices with high
level of certainty. These results indicate that sensor network
connection with data-driven models may be used to
optimise operational efficiency, save water as a result of
appropriate irrigation, and save money by inputting
properly.

Although all these results are encouraging, this study
has some limitation. To begin with the performance
measure of the system is said to be on simulated data,
which although is very valuable as far as controlled testing
is conducted, it does not reflect totally the environmental
nature of agricultural environment in its uncertainty and
complexity. The reliability of the predictive models can
sometimes be different in different crop type, soil
conditions and climatic zone, which have not been
comprehensively analysed in the present simulation
framework. Also, the connectivity of the system through
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the constant sensor input could be an obstacle in areas with
weak connectivity and power problems or poor conditions
in the field that might compromise sensor life cycle and
data integrity. Also presented is a risk of a computational
burden of real-time processing, particularly within
resource-limited contexts, as a potential point of failure to
implement at scale.

In the future, AgriTechNet system may be improved in
a number of ways. Future research must entail
implementation of the work in an actual agricultural farm to
confirm how the framework succeeds in different agro-
climatic zones. This would give scope to empirical
benchmarking and improvement of the models in realistic
environments. Along with satellite imageries, drone-based
sensing can also be embedded further enhancing the spatial,
temporal value of the data, to get a more granular viewing.
In addition, by extending the realm of the machine learning
algorithms to reinforcement-learning (or a combination
thereof), the flexibility and durability of the decision-
making process may be enhanced. Another area of
opportunity is in better design of user interfaces so that
farmers can also access the system through mobile software
(or voice-enabled systems) in small town and rural
contexts. Lastly, the interoperability with other farm
management systems and scalability of AgriTechNet on
both smallholder farms and large-scale farming will be
important to give AgriTechNet the success of becoming an
effective smart farming solution..

6. Conclusion and Future work

AgriTechNet has demonstrated to be a critical
breakthrough  in  precision  agriculture, elegantly
synchronizing voracious data assimilation and practical
insight in an agricultural setting. During the observation
period, the system displayed substantial skills at monitoring
and making decisions in real time, which is essential to
sustainable farming practices. It was able to demonstrate,
even at high motor frequencies, an adaptive response in the
face of environmental variability and decision-making
latency of, on average, less than 1.5 seconds, demonstrating
its potential as a real-time system. Although the system
demonstrated encouraging efficiency in both the water
consumption and yield forecast of 80 percent high soil
moisture as well as 8 tons/ha yield estimate, these results
serve as a reminder of the complexity of dynamic
biological models and the uncertainties associated with
work in unstable environmental circumstances. Among the
limitations that were among this study, one was its use of
simulated data, though useful in providing initial evaluation
of the system, they cannot reflect the dynamics of in-field
situations entirely. The performance of the system in
extreme weather conditions and adaptability to any kind of
crop also need to be explored. Further studies are to be
aimed at incorporating drone technology and satellite
imagery into "AgriTechNet" to expand its spatial analysis
capacities. The use of machine learning algorithms to
perform predictive analysis might improve the prognostic
accuracy of the system. Furthermore, it will be possible to
test the scalability of agri-tech net and its integration with
other farm management systems in different agricultural
landscapes. In the end, due to the global agricultural
industry  turning toward data-driven technologies,
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"AgriTechNet" can be seen as evidence of the power of the
loT to streamline resource distribution, support growth
rates, and expand the green revolution of current farming.
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