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Abstract

An essential component of the Indian economy is agriculture. Precision farming, another call for
smart farming, is a novel method of farming that incorporates modern innovations to improve
production, sustainability, and performance over traditional techniques. These involve strong data
security measurements, the reliance on high-quality sensor data, and possible integration issues with
current farming systems. This study proposed a methodology for smart farming using loT sensor
statistics incorporated with a unique Dynamic Artificial Fish Swarm Driven XGBoost (DAFS-
XGBoost) model. Initially, research was conducted on a Kaggle dataset. Substantially, the "Crop
recommender CSV" file, containing vital IoT sensor records, which include temperature, humidity,
rainfall, soil potential of Hydrogen (pH), and nutrient ratios, changed into utilized. Data cleaning
procedures were implemented to rectify inaccuracies, incompleteness, and redundancy. The dataset
has been split into subsets for testing and training to improve the model. The proposed DAFS-
XGBoost approach, carried out with the use of MATLAB, is designed to enhance predictive
accuracy while maintaining low latency and efficient hardware usage. The findings demonstrated
that the proposed DAFS-XGBoost method achieves effective recall, accuracy, precision, fl-score,
training time, and MSE rates as 93.76%, 96.73%, 94.61%, 90.12, 0.0006, and 0.19. The framework’s
potential to combine outstanding performance and a hardware-friendly design to promote the long-
term viability of smart farming is confirmed by simulations.
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1 Introduction

One of the major sectors in the economy of India is agriculture; this is because it provides a large
percentage of employment and food. However, it is now faced with many challenges that challenge its
stability and development. Some of these are population growth especially when it is growing at a rather
alarming rate per year which puts pressure as far as food demand is concerned, climate change which is
rather unpredictable and has adverse effects as far as farming is concerned, and labor shortage which
may hinder effective management of the farms and productivity (Javaid et al., 2022). Such problems are
quite modern, yet conventional agriculture practices that have always worked before cannot handle
them. This has brought into sharp focus the necessity to come up with efficacious approaches to enhance
the sector’s future sustainability (Mohamed et al., 2021; Charania & Li, 2020)

In this connection, some new useful tools are appearing in agriculture, one of which is precision
agriculture or smart farming. Therefore, this approach incorporates the use of different high technologies
to assist in agricultural practices with the main goals of increasing production, efficiency, as well as
sustainability (Lytos et al., 2020). Precision agriculture is thus a contemporary approach to farming that
employs advanced technologies like cloud computing, artificial intelligence, and the Internet of Things.
Through the integration of these technologies, smart farming empowers farmers with better decision-
making and more efficient handling of the resources available to them (Mahbub, 2020; Dhanaraju et al.,
2022).

Cloud computing is an effective tool for handling large volumes of agricultural data and analyzing it
in real time. Such data is analyzed by the Al algorithms to present farming solutions that can be looked
at in an anticipatory nature to enable farmers to look forward to some difficulties and even plan their
strategy (Patil & Khairnar, 2021). Sensors and actuators, which are components of 10T devices, are vital
in smart farming by providing regular data on environmental factors (Nambiar & Varma, 2023). These
objectives can be attained through the use of this data to measure the health of the soil and predict water
stress, and disease detection among the crops required for high productivity and sustainability of the
crops (ldoje et al., 2021).

However, despite such developments, there are considerable blind spots that need to be addressed to
realize the full potential of smart farming networks from a sustainability standpoint. Current use cases
of 10T in agriculture have emerged with issues related to do with precise data acquisition, real-time
sensing, and management of Big Data (Novak & Vacek, 2023). These limitations decrease the possibility
of success of smart farming, which is aimed at increasing yields and improving sustainability (Monica
Nandini, 2024). This way, the presented framework seeks to address the current problems that affect
sustainable methods of agriculture and provide top benefits when it comes to resource utilization and
stability of long-term agricultural activities.

Khan et al., (2022) enhanced the system’s energy-efficiency capacity by implementing a novel mix
of intelligent smart irrigation technologies. Additionally, the HSSC method was used to construct and
choose the best head clusters. Considering the new model to the standard performance, the findings of
the suggested method indicated that it consumed significantly less energy and provided a longer network
lifespan. Pal et al., (2023) proposed an ICISF-DDO system that improves the lifespan and cost-
effectiveness of automated agricultural infrastructures. The suggested scheme’s conceptual structure and
statistics development approach were effectively provided. Mahajan et al. (2021) examined the
clustering techniques that were given, which were not practical and resulted in increased latency and
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delay for different SF applications. The specifications for SF systems for remote farm surveillance and
decisions in rural areas were the focus of the development of the CL-IoT protocol, an efficient and
flexible standard.

Anand et al., (2021) offered ASN, a DL system that used multi-scale focus semantic division of
UAV-obtained pictures to automatically detect farmland abnormalities. To improve the effectiveness of
agricultural precision methods, the suggested model was helpful for crop and farmland management
(Neethu & Ramyaprabha, 2025). The effectiveness of contemporary agricultural methods can be
improved by using loT-enabled smart technologies to monitor crops and farmland (Kumar, 2024).
Remote sensing using UAV was an effective method for gathering agricultural-related picture data.
Singh and Singh (2023) presented an approach based on fog with extra 10T assistance, which showed
promise for globally accessible smart agriculture architecture (Bahmaid & Ghaleb, 2024). The findings
suggested that the literature search on the Web of Science database feature should be utilized to enhance
the l10T-Fog instructional materials for the creation of smart agricultural goods.

Table 1: Depicts the existing works on the sustainability of SF with 10T

Farming’s Viability

Reference Technology Used Findings / Use Case Benefits Drawbacks
Khan et al. (2022) Intelligent smart Significant energy Energy Lacks real-world
irrigation efficiency consumption validation
technologies, HSSC improvement reduction
method
Pal et al. (2023) ICISF-DDO system Automated Enhanced lifespan Limited validation

Mahajan et al.

CL-loT protocol,

Reduced latency,

Reduced latency

Increased latency and

segmentation

abnormalities

(2021) Cross-layer CH and scalability for and improved costly implementation
selection SF applications scalability
Anand et al. (2021) ASN, Multiscale Automated detection | Improved precision Complex
attention semantic of farmland agriculture implementation

Singh and Singh

Fog-based model,

Globally accessible

Globally accessible

Overstated benefits

demand

(2023) loT assistance smart agriculture architecture
architecture
Sukanya and WSN, Edge, and Effective soil data Effective data High complexity
Ramachandram Cloud-based collection, gathering,
(2023) computing processing, and processing, and
storage storing
Alrowais et al. HLBODL-WDSA Plant detection using Cloud-based Latency issues
(2022) model, 10T devices loT devices analysis
Gupta and Nahar Cross-layer-based Long-distance data | Long-distance data | Complexity overload
(2023) clustering and transfer for smart transfer
routing model farming
Dahane et al. Edge-loT Cloud Monitoring and Monitoring and Connectivity
(2022) platform, DL forecasting forecasting limitations
approach agricultural water

Sukanya and Ramachandram (2023) presented a three-tiered architecture for gathering, processing,
and storing valuable soil data from farming regions. It depended on a combination of Based on the cloud
and edge-based WSN approaches. To gather data on various soil component types, the sensors were
dispersed randomly throughout the network region. To facilitate effective communication, the sensors
were aggregated according to distance utilizing the K-means clustering technique, which was developed
on Levy flight. The new HLBODL-WDSA model was presented by (Alrowais et al., 2022). The
suggested HLBODL-WDSA model’s main objective was to detect the plants in the images by employing
10T devices to capture plants. Initially, the farm images were collected by the 10T devices according to
the HLBODL-WDSA model, which then sends images to the remote server for analysis.
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For WSN-assisted 10T networks for SF, Gupta and Nahar (2023) suggested a method of cross-layer-
driven routing and clustering model that enabled long-distance data transfer that was both expandable
and cost-effective. The system was initially divided into several clusters using the fuzzy k-medoids
clustering methods, as the creation of clusters has a considerable effect on power usage. Utilizing the
NS2, the suggested protocol was simulated. The simulation outcomes were evaluated regarding the end-
to-end latency, communication overhead, transmission expense, average energy usage, and duration of
the network. Dahane et al. (2022) suggested an Edge-loT Cloud platform for monitoring and forecasting
farmers’ capacity for satisfying agricultural water demands in the event of minimal rainfall, utilizing a
DL approach. Based on the initial findings, they suggested their approach provided a solid place to start
when it comes to enabling small-scale farmers to make superior choices through low-cost SF. Table 1
shows that the summary of related works.

Contribution and Motivation of the Work

The motivation and contribution of the work are discussed in this part. loT-enabled SF has advantages
and disadvantages. Adoption may be confined via the scale of the initial expenditure required,
particularly for smaller farms. Major boundaries to implementation encompass technical complexity and
the requirement for specialized understanding. Operations in remote places with restricted rights of entry
can be disrupted with the aid of reliance on internet connectivity. Operational needs are accelerated
using the strength desired for everyday protection and continuous operation. To overcome these
limitations and ensure the sustained implementation of loT-enabled SF strategies is critical. These
limitations motivated me to develop a novel method called Dynamic Artificial fish swarm driven
XGBoost (DAFS-XGBoost) for the sustainability of SF with IoT. Therefore, the following is a summary
of this work’s contributions:

Data Collection from Kaggle: Obtained the "loT crop and soil" dataset from Kaggle, particularly
making use of the "Crop recommender. CSV" record, which incorporates essential 10T sensor facts,
inclusive of temperature, humidity, rainfall, soil pH, and nutrient ratios crucial for crop prediction.

Data Cleaning: It is the process of altering or eliminating data that is lacking, structured incorrectly,
inaccurate, repeated, or unnecessary to make it accessible to study.

Data Splitting: The initial stage of creating a model involves creating testing and training sets from
the dataset, with training data as the testing set and the initial set as the finalized model fit.

Model Building with Dynamic Artificial Fish Swarm Driven XGBoost: Developed a suggested
technique named "Dynamic Artificial Fish Swarm Driven XGBoost" for crop identity, leveraging system
learning class algorithms. This innovative approach combines the strength of XGBoost with dynamic
synthetic fish swarm optimization to ensure the accuracy and efficiency of crop prediction.

This work is structured as follows: The methods and materials are described in part 2. Part 3 presents
the model assessment and part 4 concludes the study.

2 Proposed Methodology

i. Data Collection: Acquire information about the computer hardware system, such as performance
measurements, log files, and sensor readings. Data was collected via Kaggle. The [oT farming crops and
soils dataset was utilized.

ii. Data Cleaning: It involves deleting or altering data that is formatted incorrectly, lacking,
redundant, inaccurate, or unnecessary to make it available for analysis.
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iii. Splitting the Data: Creating testing and training groups from the dataset is the first phase in
creating the approach. Training data is the first set of data needed to train machine learning (ML)
approaches. A set of tests is a collection of information that is utilized to accurately evaluate whether a
finalized model fit is applied to the training sample.

iv. Model Building: ML classification methods will be utilized in this effort to identify the crops.
XGBoost is driven by a dynamic artificial fish swarm used as a model-building method.

v. Model Evaluation: Accuracy, recall, precision, f1-score, training time, and MSE parameters are
employed to evaluate the simulation outcomes. Figure 1 illustrates the procedural flow of the DAFS-

XGBoost model.
- Building Model for
Dataset sustainability
A EE of Smart Farming with =
A loT il
iIe ‘
Sensors
(o) > (0 2 > (0) > (0) ___
Robodo 130008 L R_‘?:_“ b o —
550 ﬁ EJ L@ Data Preprocessing erformance Analysis
Humidity and

Rainfall Sensor Data Cleaning

Temperature sensor

Figure 1: Proposed DAFS-XGBoost model

Data Collection

The datasets were obtained from the Kaggle website. The dataset utilized by the crop recommendation
component is called recommender.csv. The datasets utilized in this module are summarized in Table 2
and Figure 2. The crop recommendation was utilized to train the model because it includes
characteristics that are necessary for humidity, potassium requirement ratio, crop prediction, soil pH,
phosphorous requirement ratio, nitrogen need ratio, temperature, and average rainfall.

Table 2: Details of the crop suggestion module’s dataset

Attributes Crop_Recommendation.csv
Source https://www.kaggle.com/code/joanpau/iot-farming-crops-soils/input
No. of samples 8
Attributes Classification
Used for PyTorch
Labels count 22
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Index N P K temperature humidity ph rainfall label
0 90 42 43 20.879744 82.002744 6.502985 202.935536 rice
1 85 58 4 21770462 80.319644 7.038096 226.655537 rice
2 60 55 44 23.004459 82.320763 7.840207 263.964248 rice
3 74 35 40 26.491096 80.158363 6.980401 242.864034 rice
4 78 42 42 20.130175 81.604873 7.628473 262.71734 rice
2195 107 34 32 26.774637 66.413269 6.780064 177.774507 coffee
2196 99 15 27 27.417112 56.636362 6.086922 127.92461 coffee
2197 18 33 30 24131797 67.225123 6.362608 173.322839 coffee
2198 "7 32 34 26.272418 52127394 6.758793 127.175293 coffee
2199 104 18 30 23.603016 60.396475 6.779833 140.937041 coffee

Figure 2: Dataset sample

Data Cleaning

The process of correcting inaccuracies, correcting errors and inconsistencies, in a dataset such that it is
reliable and of high quality for modeling or evaluation is referred to as information cleansing. Enhance the
usefulness of the dataset, this entails performing operations that include resolving missing values,
eliminating duplicates, and correcting errors. In this context, data cleaning methods are employed for
preprocessing, ensuring that the dataset is prepared effectively for subsequent analysis and model training.

Descriptive analyses not only provide a framework for the dataset’s appearance but also assist in the
discovery of new information. Initially, the dataset was imported and the missing values for each
attribute were analyzed. The characteristics in the dataset are missing values-free; the results are
displayed in Figure 3 (a). If it has been established that there are no missing values, Figure 3 (b) shows
the data format of the properties, and Figure 3 (c) depicts the unique values in the dependent factor,
which is the labeling component.

missing values dtypes
N ° N intea
P (5] P intea
K (5] K intea
temperature () temperature floate64
humidity o humidity floate64a
ph 2] ph floate4a
rainfall (=] rainfall floate4
label 0 label
dtype: inte4a dtype: object

(a) Missing value details (b) Data types of each column

unique crops

['rice’ 'maize’ "chickpea' 'kidneybeans' ‘pigeonpeas’ ‘mothbeans’
'mungbean’ ‘blackgram' 'lentil" ‘pomegranate’ ‘banana’ ‘mango’ ‘grapes’
'watermelon’ ‘muskmelon’ ‘apple’ 'orange' 'papaya’ ‘coconut’ ‘cotton’
"jute" ‘coffee']

(c) Crops present in the dataset

Figure 3: Dataset sample values
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Splitting the Data into Train and Test Sets

There are testing and training sets within the dataset as the first phase of method development. Data for
training is the first set of information needed to train ML techniques. Training datasets are used to teach
machine learning algorithms that generate precise predictions or complete a specified task. A set of tests is
a collection of information that is intended to give a precise assessment of the final model fit on the training
sample. Research split data into 70:30 testing and training sets.

Model Building for Dynamic Artificial Fish Swarm Driven XGBoost

This effort leverages machine learning classification techniques to advance smart farming practices, aiming
to enhance both productivity and sustainability. The combination of IoT technology with the Dynamic
Artificial Fish Swarm Driven XGBoost (DAFS-XGBoost) model plays a pivotal role in achieving this goal.
By harnessing the robust predictive capabilities of XGBoost, combined with the dynamic optimization
provided by artificial fish swarm optimization, the DAFS-XGBoost method introduces significant
improvements to traditional farming techniques. This advanced approach allows for real-time adaptation to
varying farming conditions, optimizing resource use while maximizing crop yields and minimizing
environmental impacts.

The DAFS-XGBoost model performs the important role of integration with loT sensors like
temperature, humidity of the soil, and so on to produce insights for farmers. Such integration makes it
possible to have precision agriculture due to the accurate decisions that are made. The model updates
the crop management and resource and decision-making processes in real-time, and it provides for early
interventions to such threats as pests, diseases, and adverse weather conditions. This way farmers can
use more accurate farming approaches and manage problems before they advance, thus increasing the
sustainability and effectiveness of farm practices.

By combining XGBoost with Dynamic Artificial Fish Swarm (DAFS) optimization, the suggested
approach improves smart farming. This dynamic adjustment is more balanced compared to the
examination and exploitation during hyperparameter tuning and optimizes depth to maximum and
learning rate hyperparameters. XGBoost comes out very handy in smart farming applications due to its
ability to handle big data and high speeds. The technique is applied for 10T sensor data and addresses
specific challenges in the agriculture domain. Due to its flexibility and scalability to the volume of data
and operational conditions, it might be applied in a wide variety of agriculture-related processes.

Dynamic Artificial Fish Swarm Algorithm (DAFS)

The DAFS optimizes utility allocation in smart farming by simulating fish behavior to distribute
responsibilities effectively. It adapts to changing environmental conditions, enhancing crop
management, irrigation scheduling, and pest manipulation. Two main modifications were made to the
DFAS in this study. It has an increased ability to identify the best fish swarm and dynamic vision.

Dynamic Vision The vision factor is essential to the DAFS process because it predicts the amounts
of surrounding fish, the intended fish are communicating with, which has a significant impact on the
efficiency of the swarm and subsequent processes. Increasing the eyesight parameter improves the
chances of discovering fish with greater FV; however, it may also force the fish swarm to congregate in
one place. Furthermore, as species can quickly settle into a local optimum, this tends to reduce species
variety.

Lowering the eyesight parameter induces the social group to disperse and lessens the amount of
surrounding fish, but it also increases species diversity. This expands the search space and raises the
possibility of discovering the best solution, but it also lengthens the time needed to reach confluence. It
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might be difficult to achieve an appropriate equilibrium when it comes to assigning the eyesight
parameter. This study created a system known as dynamic vision to get around this problem. It assigns
each fish a set of visual parameters based on its unique circumstances. For example, a fish with a lower
FV needs to see more clearly to locate a solution quickly. In the different combinations, fish having a
greater level of fitness can improve local searches by using a smaller vision parameter.

Each fish determines the value of its visual metric depending on its FV. For example, if the FV is
higher than average, the eyesight metric is dropped, and vice versa. This is how the endocrine-based
equation is calculated:

A emax—¢€j eji_1—€j
EM() = e, (—’) : [g + e, (e]- %) 1)

€max—C€avg
vision (j) = vision (static). EM (j).CV, 2

Here the fish endocrine system is represented by EM (j). The variables e;, €45, and eq,qdenote
the maximum and average FV of the fish inside the school, respectively.

The FV of fish e;_;are represented bye;_;, whereas those of fish e;, ;are represented by e;, ;. To

correct the endocrine system's range, e; (w) = atan(w), e,(w) = atan(—w). The typical separation
among every fish is used to derive the initial measurement in Equation (2) and CV is the correction
constant. Regardless of their FV, fish j and i would have the same eyesight under the original vision
variable. Fish j's FV is increased to 80 after that is adjusted using the endocrine-based formula, which
impairs its vision but improves its capacity to conduct searches locally. Fish i's FV, in contrast,
decreased to 65, improving its eyesight and ability to conduct global searches to find solutions more
quickly.

Searching for the Best Fish Swarm To increase the capability of nearby searches and prevent
settling into an optimal location, this study used a straightforward technique of looking for the best fish
swarm. To increase the probability of discovering the ideal solution, the procedure replicates the fish
through the highest FV into a fish swarm when each iteration is complete. This modification was made
possible by the addition of four parameters: MCN, BMR, BSN, and BFN.

BFN is the quantity of fish that were duplicated. The 5 best fish, for instance, would be copied to the
BFN = 5. The LS number for every fish in the best fish swarm is represented. The algorithm would carry
out local ten searches for every fish in the best fish swarm if BSN = 10. The BMR represents the rate of
evolution of LS, while the MCN of feature modifications during every regional search is denoted by the
MCN. Consider the following scenario: let’s say that the feature number was 8, the BMR was 0.1, and
the MCN was setto 1, 8 * 0.1 = 0.8. In this instance, 0.8 is less than MCN; therefore, in each LS for the
best fish swarm, one random alteration would be made. After five LS, the fish with the greatest feature
subgroup from this group of highly ranking fish replaces the fish that was previously declared the best
fish.

Extreme Gradient Boosting Algorithm (XGBoost)

XGBoost is utilized in SF to predict crop yields based on various environmental factors like soil
moisture, temperature, and rainfall. XGBoost can optimize crop management decisions, which include
irrigation scheduling and fertilizer software, main to stepped forward yields and resource efficiency. The
GBDT structure serves as the foundation for the XGBoost algorithm. It deserves a great deal of attention
due to its exceptional performance in Kaggle's machine-learning competitions. The regularized term in
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the XGBoost goal function prevents over-fitting, in contrast to GBDT. Here's an explanation of the major
goal operate (see Equation (3)).

P=%"K(z, EW))) +Xi-1Q(e) +D (3)

Here Q (e;)is the term that regulates at repetition [ and D is a constant that can be deleted precisely.
The phrase for regularization Q (e;)is expressed as Equation (4).

1
Q(e) = aG + 0 Xi wf @)
Here G is the number of leaves, 7 is the consequence factor, and w; is the productivity outcome for

each leaf node. ais the complexity of leaves. According to the classification criteria, leaves indicate the
expected categories, whereas the leaf node represents the undividable tree node.

Furthermore, instead of using the initial-order derivative, XGBoost uses the Taylor series of second-
order major functions, in contrast to GBDT. The function can be communicated as follows if the MSE
serves as the loss value:

0=3m, |ojer) + % (rj“’zr(wj))] +aG + %77 N w? (5)
Where h;and g stand for the initial and secondary elements of the degradation function and r(w;)is
a feature that converts points of information into leaf mappings.

The total amount of loss is the total of each of the loss rates. Because observations in the DT relate
to leaf nodes, the final loss value might be calculated by adding the total losses of the leaf nodes.
Consequently, the following is an expression of the fundamental function:

. 1
0 =%, [OJ“’T +- (R + n)w?)] +aG (6)
Where O; = Zjeji 0j,R; = Zjehrj ,and J;represent. The overall amounts of specimens in each

leaf node I. To sum up, the process of maximizing the main purpose is made easier by locating the
minimum value of an exponential function. XGBoost can reduce over-fitting more successfully if
normalization processes are incorporated.

3 Results and Discussion

Experimental Setup

The experimental setup for validating the Dynamic Artificial Fish Swarm Driven XGBoost (DAFS-
XGBoost) model involves several key steps. 10T sensors, including the DHT11 for temperature and
humidity and the Robodo 130008 Raindrops Detection Sensor, collect environmental data such as
temperature, humidity, and rainfall. This data is preprocessed to ensure accuracy before being used to
train the XGBoost model with MATLAB’s Statistics and Machine Learning Toolbox. To support the
computational needs, a minimum of 8 GB of RAM is recommended. The hyperparameters and their
corresponding superior values of the proposed approach are offered in Table 3. Table 4 shows the
experimental setup.

The metrics of precision, accuracy, recall, and MSE are examined in this section. The effectiveness
of the classification of the NB, KNN, RF (Sharma et al., 2023), RFR, SVR, MLR (Pawar et al., 2021)
and KNN, DT, and NB (Mathi et al., 2023) classifiers is being compared. This comparison provides
insights into the effectiveness and efficiency of the suggested method relative to other common ML
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techniques. The setup ensures that the DAFS-XGBoost model is thoroughly evaluated for both
predictive accuracy and computational effectiveness in various agricultural contexts. Figure 4 depicts
the graph illustrating the accuracy loss of the suggested approach.

Table 3: Parameters and values of proposed methods

Parameters Values
MCN 1
BSN 20
Maximum number of prey 20
G [0.00001,8]
BMR 0.15
BFN 5
CcVv 0.5
Fish number 30
C [0.01,1024]
Maximum crowd degree 0.5
n estimators 133
Learning rate 0.03
Maximum depth 4

Table 4. Hardware and software experimental setup

Component Details
Hardware Computer: Minimum 8 GB of RAM
Software | Sensors: DHT11 (temperature and humidity), Robodo 130008 Raindrops Detection Sensor
MATLAB software
0.8 4 204 e |55 0f Tesling data

Loss of Training data

0.7 H

064

0.5 4

0.4

== Areuracy of Training data
—— Accuracy of Testing data | 0.6

0.34

0 5 10 15 20 25 T T T T T T

(a) Accuracy (b) loss

Figure 4: Accuracy and loss

The percentage of all farming circumstances (such as temperature, soil moisture, and crop health)
that the network driven on the 10T accurately detects out of all cases is known as accuracy. It is crucial
for guaranteeing the best possible farming techniques and control of resources, and it represents the
entire system’s efficacy and dependability in producing accurate forecasts.

Figure 5 illustrates the accuracy rate achieved by the proposed methodology. Compared to other
methods, the suggested model achieves an accuracy rate of 96.73%. In comparison, naive Bayes, KNN,
and RF had accuracy rates of 94.23%, 95.85%, and 93.45%, respectively. DAFA-XGBoost has superior
outcomes compared to other existing methods.
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100 +

Accuracy (%)

I 1
RF DAFS-XGBoost

Method [Proposed]

Figure 5: Results of Accuracy

Out of all conditions projected to be positive, precision indicates the percentage of actual positive
farming conditions found by the IoT sensors. Precision assesses the number of the method’s predictions,
for instance, that a crop needs to be watered, that are accurate. High precision is essential to smart
farming to reduce needless operations that could waste resources, such as over-watering.
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Figure 6: Results of Precision

The precision rate that the suggested methodology was able to obtain is shown in Figure 6. The
suggested model achieves a precision rate of 94.61% in comparison to other methods. Naive Bayes
(NB), KNN, and RF, in contrast, had precision rates of 92.59%, 90.45%, and 89.67% respectively. When
compared to other existing methods, DAFA-XGBoost produced better results.
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Recall measures the percentage of real positive farming circumstances that the 10T network
accurately detects out of all real positive situations. It shows how well the system can identify important
farming requirements like outbreaks of diseases or infestations of pests. A high recall guarantees that
the 10T network can detect the majority of positive cases, which is essential for prompt farming

solutions.
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Figure 7: Results of recall

The recall that the suggested methodology was able to acquire is shown in Figure 7. The proposed
model achieves a 93.76% recall rate in comparison to other methods. By comparison, the recall rates of
naive Bayes, KNN, and RF were 91.32%, 90.81%, and 91.76% respectively. When DAFA-XGBoost
was compared to other current approaches, better results were obtained. Table 5 depicts the values of
recall, accuracy, and precision.

Table 5: Values of recall, accuracy, and precision

Method Accuracy (%) | Precision (%) | Recall (%)
NB 94.23 92.59 91.32
KNN 95.85 90.45 90.81
RF 93.45 89.67 91.76
DAFS-XG Boost [proposed] 96.73 94.61 93.76

A metric called MSE evaluates the mean of the squared deviations between the observed and
anticipated values. When it comes to smart farming, MSE assesses how accurate the IoT system’s
ongoing forecasts are, such as temperature or soil moisture content. For accurate farming operations and
decision-making, a lower MSE means that the method's forecasts are closer to the actual values.
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Figure 8: Results of MSE

Figure 8 displays the MSE value that the recommended methodology was able to obtain. The
suggested method achieved 0.19 of MSE. In contrast, RFR, SVR, and MLR all had MSE values of 0.22,
1.138, and 1.0168. Better results were observed when DAFA-XGBoost was compared to other existing
techniques. Table 6 demonstrates the values of MSE.

Table 6: Values of MSE

Method MSE
RFR 0.22
SVR 1.138
MLR 1.0168
DAFS-XG Boost [proposed] | 0.19

By calculating the harmonic average of both precision and recall, the F1-score offers a statistic that
equalizes the trade-off between the two. This statistic is very helpful in smart farming when there are
serious effects from both false positives and false negatives, like in crop disease prediction. One method
for evaluating the total accuracy is the F1-score of the 10T system in controlling farming activities.

Figure 9 displays the F1-score value that the recommended methodology was able to obtain. The
suggested method achieved 90.12% of the F1 score. In contrast, KNN, DT, and NB all had F1-score
values of 67.11%, 57.32%, and 64.46%. Better results were observed when DAFA-XGBoost was
compared to other existing techniques.

The time needed to train machine learning algorithms that drive the loT-driven smart farming system
is referred to as training time. Because it influences how quickly novel systems can be updated or
deployed, this measure is significant. Reducing training time is crucial to keeping the 10T network
current and responsive in an evolving farming environment where conditions might change quickly.
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Figure 9: Results of F1-score

Figure 10 displays the training time value in seconds that the recommended methodology was able
to obtain. The suggested method achieved 0.0006 of training time. In contrast, KNN, DT, and NB all
had training time values of 0.0008, 0.0032, and 0.0033. Better results were observed when DAFA-
XGBoost was compared to other existing techniques. Table 7 shows the values of the F1-score and
training time.
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Figure 10: Results of training time
Table 7: Values of F1-score and training time
Method F1-score (%) | Training time (s)
NB 67.11 0.0008
KNN 57.32 0.0032
RF 64.46 0.0033
DAFS-XG Boost [proposed] 90.12 0.0006
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Large datasets may cause RF’s computational complexity to be constrained in smart farming,
resulting in slower predictions. Its performance could be impacted by its inability to handle extremely
unbalanced data and comprehend features. For example, RF obtained 93.45% accuracy, 89.67%
precision, and 91.76% recall. These results are strong, but they might not always meet the efficiency and
precision needed for real-time applications. Naive Bayes assumes feature independence, which
oversimplifies complicated connections among agricultural data; it may not perform well in smart
farming scenarios. Its 94.23% accuracy, 92.59% precision, 91.32% recall, 64.46% F1-score, and 0.0033
second training time all clearly demonstrate this restriction. Prediction accuracy and reliability may
suffer as a result of such performance, particularly when dealing with multi-dimensional datasets and
linked environmental factors.

KNN’s performance metrics are accuracy of 95.85%, precision of 90.45%, recall of 90.81%, F1-
score of 67.11%, and training time of 0.0008 seconds, which makes clear the network’s shortcomings
in smart farming. These numbers demonstrate how KNN has a high computational cost and is susceptible
to noise that can compromise accuracy and decision-making in big or complicated datasets. Overfitting
of DT in smart farming can result in subpar generalization. They are also less effective at handling large-
scale or high-dimensional data and have trouble grasping complex relationships. With an F1-score of
57.32% and a training time of 0.0032 seconds in the study’s setting, DT’s limitations in terms of
efficiency and performance when compared to more advanced techniques are made clear.

In smart farming, RFR may have limitations due to its high computational expense and subpar real-
time performance. It might also have trouble correctly capturing complex feature interactions in dynamic
agricultural contexts, given its MSE value of 0.22. The application of SVR in smart farming may be
constrained by its high computing complexity and tuning sensitivity. With an MSE of 1.138, SVR can
find it difficult to manage complicated relationships and big datasets. Smart farming may be limited by
the simplicity of MLR, which might result in the underfitting of intricate data patterns. Because of its
MSE value of 1.0168, MLR may not be able to accurately predict complex feature interactions in
dynamic situations.

DAFS-XGBoost addresses these limitations effectively by offering superior accuracy (96.73%),
precision (94.61%), recall (93.76%), and F1-score (90.12%), while maintaining a lower MSE (0.19) and
faster training time (0.0006 seconds). In comparison to other approaches, this makes it a strong choice
for maximizing smart farming, offering more precise, effective, and responsive performance.

Implications

The above outcomes show how the DAFS-XGBoost approach gains over a number of the shortcomings of
the present models. The fact that the software is beneficial for complex agricultural information is proved
by its high accuracy, precision rate, and recall index, as well as low MSE. Furthermore, owing to its shorter
training time, model updates are also ensured at a very high rate. For this reason, the DAFS-XGBoost is
well-suited to real-time smart farming scenarios where real-time decision-making is critical. DAFS-
XGBoost therefore shows a better approach to the problem of efficiency in smart farming, overcoming the
limitations of such techniques as reduced recall and precision, increased mean square error, and extended
training times. It may lead to higher production of crops, efficient and productive uses of resources, and
more efficient farming techniques; all factors that could lead to the growth and sustainability of the farming

sector.
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4 Conclusion

This study introduces a novel technique for smart farming leveraging 10T sensor data incorporated with the
modern Dynamic Artificial Fish Swarm Driven XGBoost (DAFS-XGBoost) model. Utilizing a Kaggle
dataset, specifically the "Crop recommender.csv" file, which encompasses critical 10T sensor metrics
including temperature, humidity, rainfall, soil pH, and nutrient ratios, we implemented data cleaning
processes by dividing the dataset into subsets for testing and training. The proposed DAFS-XGBoost
methodology was implemented via MATLAB. Our findings emphasize the efficacy of the DAFS-XGBoost
technique, as demonstrated by its advanced overall performance with recall at 93.76%, accuracy at 96.73%,
precision at 94.61%, F1-score 90.12%, training time of 0.0006 and MSE at 0.19. Using an loT-assisted
framework in conjunction with a sustainable smart farming method greatly increases agricultural output
and the efficiency of resources. Real-time monitoring and data collection are made possible by the
integration of 10T sensors, which promotes improved farming methods and well-informed decision-making.
By anticipating and managing environmental variables more skillfully, the DAFS-XGBoost model
enhances prediction accuracy even further, supporting sustainability and cutting waste. The method is not
without its drawbacks, though. Model performance may be impacted by potential sensitivity to parameter
adjustment, and scaling issues with big datasets may prevent the model from being used in more general
scenarios. Additionally, model tuning may become questionable if heuristic optimization is relied upon. To
overcome these obstacles, future research may combine many meta-heuristic algorithms for increased
efficiency, investigate uses other than classification, and create plans to reduce overfitting in intricate
datasets.
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