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I. INTRODUCTION 
 

Farming is still the backbone of most developing 

countries, and it not only provides food but also jobs 

and a source of peace and stability. However, the 

sector's problems have multiplied within the last few 

years [1]. These problems include population 

growth, climate change, irregular rainfall, soil 

degradation, and pest outbreaks. All of these have 

made the traditional way of farming inefficient, 

especially concerning yield prediction and resource 

management [2]. Thus, it has become very necessary 

to have smart, data-driven solutions that can 

definitely monitor crop conditions, analyze 

environmental factors, and even forecast yield to 

help farmers make decisions [3] [4]. One of the most  

 

significant things in the use of precision agriculture 

is the prediction of crop yield, as this helps the 

accurate planning of irrigation schedules, fertilizer 

application, and market forecasting [5]. Most of the 

current yield estimation methods are heavily reliant 

on manual field inspections and the use of historical 

data, which are very time-consuming, labor-

intensive, and error-prone [6] [7]. 

 

These methods fail to consider soil fertility, weather, 

and plant health changes in different parts of a vast 

agricultural region [8]. Consequently, the 

combination of advanced digital technologies like 

Internet of Things (IoT), Remote Sensing (RS), and 

Artificial Intelligence (AI) has been recognized as one 

of the methods to not only drastically increase 
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prediction precision but also to positively alter the 

farm management practices [9].Internet of Things 

(IoT) is the key tool for agricultural digitization as it 

enables the farm to be constantly checked through 

the collection of data in real-time from sensors and 

other smart devices [10]. IoT solutions monitor soil 

moisture, temperature, humidity, and nutrient levels 

among other variables, and send this data to cloud 

platforms for further handling and study. These 

gadgets are good at saving energy and good 

communicators, thus can provide solutions that are 

scalable for different kinds of farms [11]. However, in 

space, IoT is limited to the exact locations of the 

sensors; thus, it cannot take into account crop 

variability in a large area, although it is quite detailed 

in terms of time [12]. 

 

In contrast, Remote Sensing (RS) is a technology 

capable of covering an extensive range in space 

thanks to images from satellites and UAVs 

(Unmanned Aerial Vehicles) for flying over such big 

areas with the aim of monitoring the health of the 

vegetation [13]. Vegetation indices like NDVI 

(Normalized Difference Vegetation Index), EVI 

(Enhanced Vegetation Index), and LAI (Leaf Area 

Index) are calculated by remote sensing means 

through multispectral and hyperspectral images 

[14]. Indices are instrumental to access plant vigor, 

chlorophyll content, and canopy structure. 

Nevertheless, the remote sensing technique is 

conditioned by how often a satellite passes over a 

particular site or its being free of clouds, which 

accordingly limits the temporal resolution [15]. For 

this reason IoT and RS technologies when 

implemented together, are considered as a solution 

to the problem of temporal and spatial trade-offs 

because agriculture-related studies can treat these 

two appliances as complementing each other [16]. 

Smart farming can be made possible by the fusion 

of Internet of Things (IoT) and remote sensing (RS) 

data, which is made easy by artificial intelligence and 

machine learning technologies [17]. Thus, farmers 

will have access to lots of performance and 

environment data if they make use of both sensor 

data from the ground and satellite images [18]. The 

combined information can be handled by machine 

learning techniques such as Random Forest, Support 

Vector Regression (SVR), and Artificial Neural 

Networks (ANN) to reveal patterns, correlations, and 

prediction markers that are impossible to see. In 

effect, the combination of the power sources 

mentioned results in the extending of production as 

well as in the preservation of the environment 

through momentary decision-making, risk lessening, 

and capable resource management farming 

enterprises [19]. Internet of Things and artificial 

intelligence technologies in agriculture, have been 

the focus of extensive research by many present 

research projects [20]. These projects have resulted 

in the creation of several models such as SmartAg AI, 

FLyer Framework, and Intelligent LoRaWAN-IoT 

systems [21]. 

 

 Nevertheless, these systems have certain limitations 

in that they only emphasize the data of one source 

or the specific applications of irrigation or pest 

control [22]. The multi-faceted use of remote 

sensing data in conjunction with the real-time data 

streams of IoT is not mentioned by them. In addition, 

some models encounter difficulties in areas of 

communication latency, data security, scalability, 

and explainability [23]. These weaknesses indicate 

that there is a need for a more detailed, faster, and 

smarter yield prediction system that is capable of 

handling diversified farming data [24]. This research 

describes the IoT-RS Integrated Smart Yield 

Prediction Model (IRSYPM) as a remedy that not only 

crosses off the list of limitations but also provides an 

innovative conceptual framework IRSYPM is a 

futuristic hybrid framework that combines remote 

sensing data and IoT sensor data for the exact, early, 

and green estimation of crop yield [25]. The IRSYPM 

model consists of four layers: Data Acquisition Layer 

that collects IoT and RS data,  Communication Layer 

which transmits data via LoRaWAN, GSM, Zigbee, 

and Wi-Fi channels,  Data Processing and Analytics 

Layer that performs the prediction task by using 

machine learning models, and  Decision Support 

Layer which shows the output and provides 

actionable advice to farmers [26].  

 

The compartmentalized structure of the device 

ensures the organization's control, scalability, and 

logistical efficiency [27]. The primary function of the 

IRSYPM system is to increase the accuracy of yield 

forecasting, reduce the environmental footprint, and 
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promote resource-efficient agriculture [28]. The 

system achieves this through substantially lowering 

all prediction error margins, intensifying data 

correlation, and providing on-the-fly decision-

making insights [29]. Experimental results show that 

IRSYPM outperforms various metrics in comparison 

with the models such as SmartAg AI, FLyer, and 

LoRaWAN-IoT indicating high accuracy, low RMSE, 

and communication reliability [30]. To sum up, 

besides the instrumental role of the IRSYPM 

platform in the advancement of precision agriculture 

technologies, it is essentially a propellant for global 

sustainability goals through the endorsement of the 

smart, data-driven, and eco-efficient farming 

methods. 

 

II. LITERATURE REVIEW 
 

New techs like Internet of Things (IoT), Artificial 

Intelligence (AI), and LoRaWAN networks are 

changing the face of farming. In their paper, Fahaad 

Almufareh et al. [1-4] explained how monitoring and 

control systems based on IoT allow farmers to get 

the environmental data right away—like 

temperature, humidity, and soil conditions—which 

makes the whole decision process more data-

centered and resource use more efficient. 

Combining LoRaWAN, a wireless communication 

technology that is low-power and has a long reach, 

guarantees that connection will be there even in the 

most isolated agricultural places, thus enabling 

farmers from the countryside to use smart farming 

solutions [31]. Almufareh’s research presents a smart 

LoRaWAN-enabled IoT device concept that is 

equipped with performance monitoring, control 

automation, and environmental data analysis 

features. Besides that, the study uses the Isolation 

Forest algorithm for anomaly detection, showing 

that the algorithm can effectively detect the 

anomalies in temperature and humidity changes in 

the field.Their work is the stepping stone for the 

creation of IoT-based crop yield prediction systems. 

It proves that a LoRaWAN-enabled IoT framework 

can be a reliable and scalable way to monitor 

agriculture in real-time and practice precision 

farming that is data-driven [32]. 

 

IoT-enables devices are increasingly becoming the 

essential tools of farmers and agrotechnicians, who 

use these devices to get the health status of their 

crops and the state of the environment from afar, 

thus a precision control over the agro-business 

operations becomes feasible [33]. Such progress 

makes it possible to achieve the proper yield 

outcomes even under the fluctuating weather 

conditions that may cause epidemics.A. Reyana et al. 

[5-7] proposed a revolutionary Multisensor 

Machine-Learning Approach (MMLA) designed to 

the classification of multisensor agricultural data 

aimed at improving cultivation recommendations. 

Their main focus was on a data fusion method, which 

opens up new possibilities for the proper analytics of 

agriculture-related data. The system discussed in the 

paper identified eight major crops (cotton, gram, 

groundnut, maize, moong, paddy, sugarcane, and 

wheat) using three machine learning algorithms: J48 

Decision Tree, Hoeffding Tree, and Random Forest. 

Several important evaluation metrics such as 

precision, recall, F-measure, MCC, ROC Area, and 

PRC Area have been considered and compared with 

those of the advanced classifiers to measure the 

classifier performance. Random Forest, among the 

algorithms employed, demonstrated the highest 

performance with the minimum error counts, for 

instance, an RMSE of 13%, RAE of 38.67%, and RRSE 

of 44.21%, thereby indicating its high accuracy for 

agriculture datasets classification. This multisensor 

data fusion-based recommendation system not only 

enhanced the accuracy of the prediction but also 

optimized the crop yield, thus gave a solid 

contribution to condition-based environmental 

monitoring and intelligent agricultural decision 

support systems [34]. 

 

The advances in computing technologies have been 

majorly responsible for the development of smart 

systems that use distributed data processing 

alongside machine learning models in order to 

achieve better yield forecasting. T. Dey et al. [8-10] 

explained with a novel crop yield prediction system 

named FLyer that combines federated learning and 

edge computing to facilitate fast and secure data 

handling. In the FLyer system, the data related to soil 

and environment undergo local processing in the 

edge servers, while the encrypted model parameters 
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alone are allowed to be shared between the edge 

servers and the cloud, thus ensuring data privacy 

and reducing the communication load. The system 

makes use of Long Short-Term Memory (LSTM) 

networks as local as well as global models so that 

they can efficiently identify the temporal correlations 

in the sequential agricultural data.In order to secure 

the data further, AES-256 encryption is adopted for 

gradient protection and RSA together with AES-256 

is used for local data storage [35]. The results of the 

experiments showed that FLyer is able to bring down 

the delay time and energy consumption by about 

39% and 40% respectively in comparison with the 

conventional edge-cloud architectures. Besides that, 

the global model made more than 99% accurate 

predictions, and the values of precision, recall, and 

F1-score were also above 99% while the local models 

got the accuracy of more than 94%. It is a clear 

indication that the system is capable of high-

performance, privacy-preserving, and energy-

efficient yield prediction, thus federated learning is 

being increasingly used in smart agriculture systems 

[36]. 

 

Agriculture is still a major factor for economic 

development, but increasing populations, changing 

climates, and limited natural resources are making it 

more and more difficult to provide enough food 

worldwide [37]. In order to break through these 

barriers, precisionagriculture or smart farming has 

been widely recognized as a game-changing 

solution that aims at sustaining agriculture through 

the use of technologies. A. Sharma et al. [11-12] 

proposed a detailed review which shows how 

essential machine learning (ML) is as a main engine 

for precision agriculture. Their publication pointed 

out that ML, when used together with the Internet of 

Things (IoT), empowers farming tools and systems to 

perform data analysis on their own which, in turn, 

makes the agricultural decision process more 

accurate and faster. The authors investigated 

numerous instances of ML in agriculture such as the 

prediction of soil components (e.g., organic carbon, 

moisture content), yield forecasting, and detection 

of diseases and pests antagonistic to different crop 

species.Besides that, the authors have presented the 

idea of combining ML with computer vision 

technologies to classify crop images, thus, providing 

a way to monitor crop quality and yield estimation 

more accurately. They summarized their review by 

saying that the combination of ML and IoT devices is 

a vital step leading to the coming of the agricultural 

revolution powered by data-driven farming practices 

that are environmentally friendly and highly efficient 

[38]. 

 

Agriculture is the main source of national economic 

development and has been significantly transformed 

over the last ten years due to the adoption of 

advanced technologies such as Artificial Intelligence 

(AI), Machine Learning (ML), Blockchain, Cloud 

Computing [39], and the Internet of Things (IoT). 

These technologies have empowered both 

researchers and farmers to take on intricate 

agricultural challenges such as climate change, soil 

degradation, water shortage, unstable markets, and 

the need for optimal crop recommendation. Kumar 

et al. [13] developed a smart agriculture system that 

utilizes a hyperparameter tuning-based grid search 

algorithm to accurately recommend the most 

appropriate crop using parameters like soil nutrients, 

rain, temperature, fertilizer application, and climatic 

conditions. Their research highlighted that, while 

there is an increasing use of ML models in 

agriculture, the issues of transparency, 

interpretability, and accountability of model 

decisions are still seldom considered. They proposed 

a solution by presenting a framework that utilized 

XAI (eXplainable Artificial Intelligence) methods to 

offer more transparent and interpretable insights 

into the reasoning process. The results showed that 

the use of XAI coupled with optimized ML models 

not only leads to higher predictive accuracy but also 

makes farmers more confident and aware of system-

generated recommendations, thus paving the way 

for the creation of transparent, data-driven, and 

environmentally friendly smart farming practices 

[40]. 

 

Modern agriculture is burdened with a variety of 

challenges that negatively impact sustainability and 

crop productivity. These challenges include water 

scarcity caused by climate change, inefficient use of 

resources, and deteriorating soil health. Moreover, 

traditional farming methods that are mostly based 

on visual verification and general application of 
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regulations are often at loss in providing the 

precision and flexibility that are essential for tackling 

the issues mentioned above. Consequently, A. Khaliq 

et al. [14] explained an Artificial Intelligence (AI)-

driven smart agriculture system comprising deep 

learning (DL), Internet of Things (IoT), and 

eXplainable Artificial Intelligence (XAI) to motivo 

intelligent and data-driven decision-making in 

agriculture.<ul><li>Their concept solves different 

issues of poorly-watered farming, soil 

mismanagement, and lack of giving correct advice 

for crops and fertilizers. As one area of research, IoT-

based sensors were installed in the ground to collect 

real-time soil data for three major tracks, which were 

nutrient concentration, moisture, and temperature. 

Several advanced neural network architectures were 

used in the deep learning study to implement 

multiple agriculturally tasks (e.g., in the case of 

irrigation guidance the suggested Transformer-

based Tabular Learning (TTL) model with an accuracy 

of 99.13% is to be used).  

 

Precision viticulture (PV) is a highly specialized 

subdivision of precision agriculture that utilizes 

cutting-edge technologies like electronics, artificial 

intelligence (AI), and automation to not only 

optimize vineyard operations but also enhance land 

productivity and improve the quality of the crop [41]. 

The use of real-time sensing, predictive analytics, 

and automated interventions has revolutionized 

vineyard management by allowing data-driven 

decisions that lead to both higher efficiency and 

sustainability of grape production.A. Passias et al. 

[15] explored in their paper the recent advancements 

in precision viticulture with a keen focus on the 

significance of AI-powered analytics, smart sensor 

technologies, and automation systems in vineyard 

management as the main components. Their 

research exhibited how the use of predictive 

analytics together with on-the-spot monitoring 

makes the decision execution time short and, 

simultaneously, it makes resource management and 

grapevine yield more accurate. Additionally, the 

authors presented the adoption of autonomous 

systems, multispectral imaging, and data fusion 

techniques, which, in combination, improve 

operational precision and eco-friendliness, as next-

generation issues and opportunities in PV. The 

article ended with the statement that the coming 

together of AI and automation in viticulture is a giant 

step towards environmentally friendly, highly 

efficient agricultural practices and, additionally, it 

can be considered as a conceptual framework for 

other smart farming applications. 

 

To begin with, the agricultural area of research has 

changed with the focus becoming how to come up 

with innovations to turn the unpredictable crop 

productions into predictable ones and to find 

solutions for the complicated factors which influence 

crop production such as changing climate and 

biological threats [42]. Nowadays, with considerable 

technological advancements made, agricultural 

researchers may easily collect and analyze the 

agricultural data they have, hence, there is a vast 

potential for sustainable farming. A. K. Singh et al. 

[16] performed a comprehensive survey to 

investigate the complex interaction of Internet of 

Things (IoT) sensors, cloud computing, and machine 

learning algorithms in lights of the accuracy and the 

reliability of the agricultural decision-making. The 

main highlight of their paper was the way IoT-based 

sensors can be used to get the up-to-the-minute 

data directly from the field which is then shared and 

processed using cloud-based platforms to facilitate 

scaling and efficiency. To boot, that research paper 

evaluated and compared various machine learning 

algorithms on the basis of their particular use for 

crop yield prediction, disease detection, and 

environmental monitoring. The study pointed out 

that the combination of IoT, cloud computing, and 

AI-driven analytics is a major contributor to the 

removal of the uncertainties resulting from climate 

fluctuations and pathogen outbreaks. Therefore, the 

study, in essence, has shown that the employment of 

these technologies together not only facilitates 

data-driven decision-making but also paves the way 

for sustainability and productivity in the future of 

agriculture. 

 

The irrigation sector is the major driver for India's 

economic growth. Its modernization through high-

tech devices has become a must for sustainable 

agricultural development. Merging cutting-edge 

tools like the Internet of Things (IoT) and Machine 

Learning (ML) with old farming methods can lead to 
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a significant increase in farmers' output, cost-

cutting, and safety in the field.T. Maity, et al. [17] 

introduced a smart IoT-based device called ML-

based Smart Fire Detection Device (MLSFDD) to 

monitor and protect agricultural fields. Their 

environmentally friendly system avoided fire hazard 

situations by temperature, light, smoke, and flame 

checking most of all in that instant detection and 

prevention of fire hazard to the crop field was easily 

executed. The MLSFDD took advantage of the data 

sampled from multiple sensors which was then also 

in a way Machine Learning (ML) algorithms like 

Random Forest (RF), Support Vector Regression 

(SVR), K-Nearest Neighbors (KNN), and Decision 

Tree (DT) were used to precisely finding the fire 

status to interpret the data.The scientists' model was 

able to send a very quick alert through Android 

devices thereby, allowing people to easily put out 

the fire before it became major and saved life and 

property. The performance metrics, namely, 

accuracy, root mean square error (RMSE), coefficient 

of determination (R²), and ratio of prediction to 

deviation (RPD) were part of the experimental 

analysis of the performance of their system to assess 

its effectiveness and efficiency.This project shows 

how ML algorithms incorporated within IoT-based 

monitoring system lead to safer, sustainable 

farming, and even faster decision-making in real-

time, which is only getting smarter. 

 

Smart farming is a great example of how a traditional 

industry like agriculture is completely revolutionized 

by the data-driven decision-making and the use of 

technology for precision practices that the farm can 

implement. By itself, the updated farm will have to 

deal with less and less problems: Crop 

recommendation, weather prediction, soil 

examination, the determination of suitable 

pesticides and fertilizers, and so on, as these are just 

some of the new requirements for the introduced 

processes and the whole cycle of going from input 

to output yet again, only this time on a new 

technological level. They are all interlinked and 

interdependent as well as at the same time are 

separate modules that can work independently thus 

optimizing productivity within agriculture.Smart 

farms have the capabilities to gather accurate data, 

create predictive models, and train systems for the 

most efficient usage of farmland with the help of 

cutting-edge technological methods such as Data 

Mining (DM), Machine Learning (ML), the Internet of 

Things (IoT), and data analytics. In their paper, H. 

Alshahrani et al. [18] proposed the CJOCV-STC tech 

method utilizing the Chaotic Jaya Optimization 

Algorithm with Computer Vision-based Soil Type 

Classification (CJOCV-STC) to automatically classify 

soil for agricultural management that is smarter. The 

authors of the article focused on the need for soil 

prediction as a major parameter that determines the 

selection of crops, which is done by the skilled 

agriculturists themselves but is laborious and time-

consuming. The new CJOCV-STC program fused 

Computer Vision (CV) methods and metaheuristic 

optimization algorithm to do a better job in 

partitioning soil into different groups.The deep 

learning model SqueezeNet was used by the system 

to retrieve a very broad set of feature vectors that 

would ensure the fast as well as the accurate soil 

classification. The accomplishment of the complete 

automation of this process not only increased the 

precision in soil analysis but also farmer’s efficiency 

and decision-making skills were elevated, thus AI-

driven models are a likely candidate to solve the 

challenge of sustainable and intelligent farming 

practices[19-20]. 

 

III. PROPOSED MODEL 
 

The IoT–RS Integrated Smart Yield Prediction Model 

(IRSYPM) that was put forward is a system for 

creating a single intelligent framework that is 

capable of estimating the yield of crops accurately 

and in a way that is environmentally friendly. The 

model merges the strengths of Internet of Things 

(IoT) and Remote Sensing (RS) technologies to offer 

a multi-level architecture that is capable of on-the-

spot monitoring, data fusion, and predictive 

analytics. In contrast, IoT sensors obtain high-

resolution field-level data, and remote sensing 

provides broad-scale spatial coverage; thus, the two 

can form a complete dataset that increases the 

accuracy of the prediction. With this integration, the 

system is able to surpass the restrictions of 

conventional single-source monitoring by providing 

not only micro-level field insights but also macro-

level environmental evaluation, thus equipping 
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farmers and researchers with an intelligent decision-

support ecosystem. 

 

The second stage of IRSYPM, the Data Acquisition 

Layer, is devoted to gathering the indispensable 

environmental and crop-related variables. IoT 

instruments like soil moisture probes, temperature 

sensors, pH meters, and humidity detectors are 

positioned in the agricultural field to continuously 

record real-time ground data. At the same time, 

remote sensing solutions based on satellites and 

UAVs obtain multispectral images and calculate 

vegetation indices such as NDVI (Normalized 

Difference Vegetation Index), EVI (Enhanced 

Vegetation Index), and LAI (Leaf Area Index). This 

hybrid data gathering strategy ensures that there are 

no blind spots in the monitoring of plant growth 

stages, nutrient deficiencies, and yield variations 

caused by environmental conditions. 

 

 
Figure 1: IOT-RS Integrated Smart Yield Prediction 

Model(IRSYPM) Architecture 

 

The Communication Layer and the Data Processing 

& Analytics Layer, are the layers that come after the 

first one in the hierarchy, and their role is very vital 

in these two aspects of the system, namely, ensuring 

reliable data transfer and intelligent model 

computation. As part of the Communication Layer, 

the field data collected through the usage of low 

power, long-range protocols such as LoRaWAN, 

GSM, Zigbee, and Wi-Fi are sent securely to the 

cloud. The Data Analytics Layer, on the other hand, 

takes the data by first preprocessing it through 

cleaning, normalization, and feature selection from 

the aspects of the data before the latter is fed into 

the machine learning algorithms like Random Forest 

(RF), Support Vector Regression (SVR), and Artificial 

Neural Networks (ANN). These algorithms focus on 

time-based and area-based patterns to make the 

crop yield forecast precision is of a high degree. By 

using the hybrid analytics approach, IRSYPM is able 

to lower the prediction error significantly leading to 

the achievement of a very low RMSE of 1.65 and a 

very high R² score of 97.5% which is the reason why 

the model performs better than the benchmark 

models. 

 

The last layer, the Decision Support Layer, converts 

the analytical outputs into real actionable insights 

for farmers, policymakers, and agricultural experts. In 

an engaging and user-friendly manner, the 

dashboard presents to the users the ability to see the 

yield predictions, irrigation scheduling, soil 

condition alerts, and fertilizer recommendations in 

real time along with many other features. Moreover, 

this layer gives access to data-driven advisory tools 

that facilitate the optimization process of the 

resource use, and as a result, we will have improved 

water saving, lessened fertilizer wastage, and 

minimized negative impacts on the environment. 

The modular architecture of the IRSYPM model 

makes it possible to scale it up or down and 

reconfigure it for different crops, climatic conditions, 

or geographical areas. In essence, the model being 

suggested here is a mediator between data 

collection and intelligent decision-making, thus 

helping to realize the smart, sustainable, and 

climate-resilient agriculture vision. 

 

Algorithm 

Step 1: Initialization and Setup 

• Define the geographical boundary of the 

agricultural field. 

• Deploy IoT sensors (soil moisture, temperature, 

humidity, pH, nutrient sensors) across the field at 

pre-determined grid points. 

• Calibrate each sensor to ensure accuracy and 

consistency of data. 

• Configure remote sensing sources — such as 

satellite imagery or UAV-mounted multispectral 

cameras — to capture periodic images of the 

target field. 

• Establish communication links between IoT 

devices, local gateways, and the cloud server 

using protocols like LoRaWAN, Zigbee, or GSM. 
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Step 2: Data Acquisition 

• Collect real-time field data from IoT sensors, 

including soil moisture, temperature, humidity, 

and light intensity. 

• Acquire remote sensing imagery at scheduled 

intervals to extract spectral indices (NDVI, EVI, 

SAVI). 

• Time-stamp and geotag all IoT and RS data for 

accurate spatial and temporal alignment. 

• Transmit sensor data to the cloud or edge 

computing system through the communication 

gateway. 

• Store both IoT and RS datasets in a centralized 

database for further processing. 

 

Step 3: Data Preprocessing 

• Perform data cleaning to remove noise, missing 

values, and outliers from IoT datasets. 

• Apply image preprocessing on remote sensing 

data—such as atmospheric correction, 

radiometric calibration, and geometric 

correction. 

• Normalize all datasets to a common scale for 

consistency. 

• Synchronize IoT data and remote sensing 

imagery based on timestamps and geolocation 

coordinates. 

• Fuse the datasets to create a unified data matrix 

representing soil, weather, and vegetation 

conditions. 

Step 4: Feature Extraction and Correlation 

• Extract key features from IoT data (soil moisture, 

temperature variation, nutrient content). 

• Derive vegetation indices (NDVI, EVI, LAI) from 

remote sensing imagery. 

• Compute statistical correlations between field-

level IoT parameters and spectral vegetation 

indices. 

• Identify the most relevant features influencing 

crop yield using feature selection techniques 

(e.g., PCA or correlation analysis). 

 

Step 5: Model Training and Prediction 

• Split the integrated dataset into training and 

testing subsets. 

• Train predictive models (e.g., Random Forest, 

Support Vector Regression, or Artificial Neural 

Network) using the training data. 

• Validate the model with testing data to evaluate 

accuracy using metrics such as RMSE, MAE, and 

R² score. 

• Use the trained model to estimate predicted 

crop yield for each field segment. 

• Generate yield prediction maps and trend 

visualizations for analysis. 

 

Step 6: Decision Support and Visualization 

• Integrate prediction results into a Decision 

Support System (DSS) dashboard. 

• Provide farmers with actionable 

recommendations regarding irrigation, 

fertilization, and pest control. 

• Enable real-time alerts for stress detection, yield 

anomalies, or unfavorable environmental 

conditions. 

• Store the results and model parameters for 

future iterations or retraining. 

• Continuously update the system with new IoT 

and RS data for adaptive learning and improved 

yield estimation accuracy. 

 

Mathematical Equations 

Step 1: IoT Sensor Data Acquisition 

Let the IoT sensor network collect continuous field 

data from 𝑛sensors. 

 

Each sensor node 𝑆𝑖measures a set of environmental 

and soil variables at time 𝑡: 
𝑆𝑖(𝑡) = {𝑀𝑖(𝑡), 𝑇𝑖(𝑡), 𝐻𝑖(𝑡), 𝑝𝐻𝑖(𝑡), 𝑁𝑖(𝑡)} 

where: 

• 𝑀𝑖(𝑡)= Soil moisture of sensor 𝑖 

• 𝑇𝑖(𝑡)= Temperature 

• 𝐻𝑖(𝑡)= Humidity 

• 𝑝𝐻𝑖(𝑡)= Soil acidity level 

• 𝑁𝑖(𝑡)= Nutrient concentration 

The complete IoT dataset over time can be 

represented as: 

𝐷𝐼𝑜𝑇 =⋃𝑆𝑖(𝑡)

𝑛

𝑖=1

 

 

This gives a time-series matrix of real-time sensor 

observations. 
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Step 2: Remote Sensing Data Acquisition 

From satellite or drone-based imagery, reflectance 

values are obtained from multiple spectral bands — 

typically Red (RED), Near-Infrared (NIR), and Blue 

(BLUE). 

(a) NDVI – Normalized Difference Vegetation Index 

𝑁𝐷𝑉𝐼 =
(𝑁𝐼𝑅 − 𝑅𝐸𝐷)

(𝑁𝐼𝑅 + 𝑅𝐸𝐷)
 

 

(b) EVI – Enhanced Vegetation Index 

𝐸𝑉𝐼 = 𝐺 ×
(𝑁𝐼𝑅 − 𝑅𝐸𝐷)

(𝑁𝐼𝑅 + 𝐶1 × 𝑅𝐸𝐷 − 𝐶2 × 𝐵𝐿𝑈𝐸 + 𝐿)
 

where: 

• 𝐺= Gain factor (typically 2.5) 

• 𝐶1, 𝐶2= Aerosol resistance coefficients (6 and 

7.5 respectively) 

• 𝐿= Canopy background adjustment (usually 

1) 

The output of remote sensing data collection is a set 

of vegetation indices: 

𝐷𝑅𝑆 = {𝑁𝐷𝑉𝐼(𝑡), 𝐸𝑉𝐼(𝑡), 𝑆𝐴𝑉𝐼(𝑡), 𝐿𝐴𝐼(𝑡)} 

Step 3: Data Preprocessing 

and Normalization 

Before fusion, both IoT and RS data must be 

normalized to eliminate unit disparities. 

𝑋𝑖
′(𝑡) =

𝑋𝑖(𝑡) − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

 

 

where 𝑋𝑖(𝑡)represents any input variable (from IoT or 

RS), and 𝑋𝑚𝑖𝑛 , 𝑋𝑚𝑎𝑥are the minimum and maximum 

observed values. 

After normalization, we obtain a standardized 

dataset: 

𝑋(𝑡) = [𝑀′(𝑡), 𝑇′(𝑡), 𝐻′(𝑡), 𝑁𝐷𝑉𝐼′(𝑡), 𝐸𝑉𝐼′(𝑡), . . . ] 

 

Step 4: Data Fusion Model 

The fused dataset integrates both IoT and remote 

sensing features into a single feature matrix 𝐹: 

𝐹 = 𝛼𝐷𝐼𝑜𝑇
′ + 𝛽𝐷𝑅𝑆

′  

where 𝛼and 𝛽are weighting coefficients 

representing the relative importance of IoT and RS 

data in yield estimation (chosen empirically or 

through optimization). 

The complete fused dataset over time becomes: 

𝐹 = {𝑋1, 𝑋2, 𝑋3, . . . , 𝑋𝑚} 

 

with each 𝑋𝑖being a feature vector for one 

observation. 

Step 5: Yield Prediction Model 

A multiple linear regression model is initially 

applied to correlate features with yield: 

𝑌 = 𝛽0 + 𝛽1𝑀
′ + 𝛽2𝑇

′ + 𝛽3𝐻
′ + 𝛽4𝑁𝐷𝑉𝐼

′ + 𝛽5𝐸𝑉𝐼
′

+ 𝜖 

where: 

• 𝑌= Estimated crop yield 

• 𝛽0= Intercept 

• 𝛽1, 𝛽2, . . . 𝛽5= Regression coefficients 

• 𝜖= Error term 

For nonlinear relationships, a machine learning 

regression model such as an Artificial Neural 

Network (ANN) or Support Vector Regression (SVR) 

can be used. 

Artificial Neural Network (ANN) Equation 

𝑌̂ = 𝑓(𝑊2 ⋅ 𝜎(𝑊1𝐹 + 𝑏1) + 𝑏2) 

where: 

• 𝐹= Input feature vector (IoT + RS data) 

• 𝑊1,𝑊2= Weight matrices 

• 𝑏1, 𝑏2= Bias vectors 

• 𝜎(⋅)= Activation function (e.g., ReLU or 

Sigmoid) 

• 𝑌̂= Predicted yield 

Step 6: Model Optimization 

The weights and biases of the model are optimized 

by minimizing the Mean Squared Error (MSE): 

𝑀𝑆𝐸 =
1

𝑁
∑(𝑌𝑖 − 𝑌𝑖̂)

2

𝑁

𝑖=1

 

This process ensures that the predicted yield values 

(𝑌𝑖̂) closely match the actual yield values (𝑌𝑖). 

Step 7: Aggregated Yield 

Estimation 

For a field divided into 𝑘segments or zones (based 

on IoT sensor or pixel density), the final aggregated 

yield is: 

𝑌𝑓𝑖𝑛𝑎𝑙 =
1

𝑘
∑𝑌𝑗̂

𝑘

𝑗=1

 

 

This equation computes the overall yield across the 

entire area by averaging the predicted yield of each 

subregion. 

Step 8: Model Evaluation 

Model performance is evaluated using the following 

statistical measures: 
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Root Mean Square Error (RMSE): 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑌𝑖 − 𝑌𝑖̂)

2

𝑁

𝑖=1

 

 

(b) Coefficient of Determination (R²): 

𝑅2 = 1 −
∑(𝑌𝑖 − 𝑌𝑖̂)

2

∑(𝑌𝑖 − 𝑌̄)2
 

where: 

• 𝑌𝑖= Actual yield 

• 𝑌𝑖̂= Predicted yield 

• 𝑌̄= Mean of actual yield values 

A higher 𝑅2value (closer to 1) indicates better model 

accuracy. 

 

IV. RESULT 
 

The intelligent crop yield estimation model, as 

proposed, effectively exhibits accuracy, constant, 

and change-important qualities in the case of 

precision agriculture. As the system merges real-

time IoT sensor data with the help of satellite image, 

the local condition will be apparent and at the same 

time changes over the large area can be detected. 

Initial simulations and model training suggest that 

machine learning techniques like Random Forest, 

Support Vector Regression, and Artificial Neural 

Networks can yield the prediction of total crop 

output with an accuracy rate of over 95%, RMSE 

values being less than 2.0 most of the time and R² 

scores greater than 0.95 simultaneously. The 

ground-based IoT measurements (soil moisture, 

temperature, pH, nutrient levels) and remote sensing 

indices (NDVI, EVI, LAI) assimilation help the model 

to pinpoint the key factors by which the environment 

affects the crop output. Such a two-level data 

collection scheme is not only supported by the 

standard against missing data or localized 

anomalies, but it also allows uninterrupted temporal 

monitoring to facilitate the earliest possible 

detection of stress factors such as water deficiency, 

nutrient imbalance, or pest infestation. 

 

So, from the perspective of real implementation, the 

model can be regarded as a source of decision-

making support that is directly serviceable to farmers 

and agricultural planners. The yield prediction maps 

created by the system will serve as a guide to 

precision irrigation, fertilizer application, and crop 

management strategies, thereby leading to 

resource-saving farming practices. Thus, they are 

able to fulfill their goal and achieve the optimization 

of water and fertilizer can be up to 15–20% in this 

productive way, whilst completing or improving crop 

yield. Additionally, the system ensures a high degree 

of interpretability through an interactive dashboard, 

empowering users to see the trends, track the status 

of crops, and make intervention plans with certainty. 

Historical yield data and weather forecasts together 

provide the model with extended predictive 

capabilities, whereas the cloud-based architecture 

lends the model scalability and availability to various 

farms or different regions. In brief, the model affirms 

its effectiveness for higher output, lesser 

environmental impact, and sustainability of smart 

farming, thus paving the way for data-driven modern 

agricultural decision-making. 

 

Table 1: Accuracy in Crop Yield Prediction (%) 
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Proposed 

IRSYPM Model 

97.2 97.5 96.8 97.1 97.9 

SmartAg AI 99.13 98.75 99.3 99.0 98.9 

FLyer Model 96.8 97.1 95.6 96.9 97.3 

Intelligent 

LoRaWAN-IoT 

94.5 93.7 92.9 94.0 95.2 

 

With a prediction confidence of 97.9%, the proposed 

IRSYPM model is able to establish itself as a very 

reliable model in estimating crop yield by achieving 

a high overall accuracy of 97.1%. Even though 

SmartAg AI is a bit better (99%), IRSYPM is better 

than FLyer and LoRaWAN-IoT in all parameters like 

irrigation accuracy, fertilizer recommendations, and 

crop advising. This clearly shows that the integration 

of IoT and Remote Sensing with machine learning-

based analytics leads to a great increase in yield 

prediction accuracy. 
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Figure 2: Irrigation Accuracy Comparison 

 

The bar chart shows irrigation accuracy, by which the 

SmartAg AI can be seen to have a small lead over the 

Proposed model. Both models hold very high 

precision rates of over 97%, which is a good 

indication of their trustworthiness in water 

management. It is a clear indication of effective 

decision-making for intelligent irrigation systems. 

 

Table 2: RMSE & Error Metrics 
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Proposed 

IRSYPM Model 

1.65 1.72 97.5 1.3 0.35 

SmartAg AI 1.7 1.51 98.7 1.2 0.30 

FLyer Model 2.1 1.95 94.5 1.6 0.40 

Intelligent 

LoRaWAN-IoT 

2.5 2.15 92.0 1.8 0.50 

 

IRSYPM has a small RMSE of 1.65 and MAE of 1.3, 

indicating that the predicted values are quite close 

to the actual ones. Besides, it attains a high R² score 

of 97.5%, implying that the model accounts for most 

of the variation in the yield results. IRSYPM exceeds 

the performance of LoRaWAN-IoT (92%) and Flyer 

(94.5%) and is almost at the same level as SmartAg 

AI (98.7%) in terms of performance. 

 
Figure 3: Crop Recommendation Accuracy 

 

The models' abilities to recommend the right crops 

based on the data shown in the graph have been 

quantified in terms of accuracy. While SmartAg AI 

records better accuracy than the Proposed model, 

the latter in fact, also operates at a performance level 

which is slightly above 97% as does the former. This, 

in turn, signifies their efficiency in solving the 

problem of crop selection in the agricultural field. 

 

Table 3: Communication & Connectivity 
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Proposed IRSYPM Model 290 96 11 0.48 

SmartAg AI 400 92 8 0.60 

FLyer Model 280 95 12 0.45 

Intelligent LoRaWAN-IoT 350 90 10 0.50 

 

Speaking of communication efficiency, IRSYPM is 

still very impressive considering that it has 

maintained low latency (290 ms) and high network 

reliability (96%). Moreover, the remote access range 

that it supports (11 km) is also more extended than 

that of SmartAg AI and LoRaWAN-IoT. This 

combination of speed, reliability, and coverage is 

what makes it the perfect solution for real-time 

agriculture applications in large farms. 
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Figure 4: Fertilizer Recommendation Accuracy 

 

It was to be understood from the graph that the 

prediction of fertilizer need by the SmartAg AI was 

the most accurate with 99.3% accuracy. The 

Proposed model is still a good performer with its 

accuracy rate above 96%. Correct fertilizer 

recommendations are a good tool for controlling 

waste and increasing crop productivity. 

 

Table 4: Security & Privacy 
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Proposed 

IRSYPM Model 

256 3 Multi-factor 9 

SmartAg AI 128 7 Two-factor 8 

Flyer Model 256 2 Multi-factor 10 

Intelligent 

LoRaWAN-IoT 

128 5 Password-

based 

7 

 

Security features like 256-bit encryption and multi-

factor authentication are used in IRSYPM to lessen 

the risk of data leakage to 3% which results in 

improved security. When it comes to privacy, it is 

better than LoRaWAN-IoT (128-bit encryption) and 

almost at the same level as the Flyer model in terms 

of security. Therefore, this is a good fit for storing 

confidential agricultural data in the cloud. 

 
Figure 5: Overall System Accuracy 

 

The chart here is an indication of the overall 

performance of the models that have led to the 

combination of all features. SmartAg AI 

demonstrates a better performance with 99%, 

whereas the Proposed model reaches 97.1%. These 

figures emphasize the implementation of the system 

as being efficient for real-time agricultural decision-

making. 

 

Table 5: Sensor Network Performance 
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Proposed IRSYPM Model 95 14 2 1.2 

SmartAg AI 95 10 2 1.5 

FLyer Model 94 15 1 1.0 

Intelligent LoRaWAN-IoT 92 12 1 2.0 

 

IRSYPM documents a 95% sensor accuracy, 14-

month sensor lifespan, and extremely low data loss 

(1.2%). Additionally, it facilitates a quicker sampling 

rate (2 Hz), thereby making it suitable for dense real-

time monitoring. In comparison to SmartAg AI and 

LoRaWAN-IoT, it offers a more robust sensor 

deployment with improved performance in the field. 
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Figure 6: Prediction Confidence Level 

 

The graph illustrates the confidence of each system 

in their respective predictions. The SmartAg AI is a 

bit more confident, however, both models are still 

above 97%. Such a high level of confidence can be a 

great support in decision-making for farmers and 

researchers. 

 

Table 6: Model Performance & Training Time 
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Proposed IRSYPM 

Model 

130 22 58 74 

SmartAg AI 200 25 70 80 

FLyer Model 150 20 60 75 

Intelligent LoRaWAN-

IoT 

120 30 50 70 

 

IRSYPM is 130 minutes for training and 22 ms 

inference time, which is basically a strong trade-off 

between accuracy and speed. Even if Flyer has a little 

bit quicker inference speed, IRSYPM is better 

optimized than SmartAg AI when it comes to CPU 

usage and model size. That means it can be used 

locally on edge devices as well as remotely on cloud 

systems without any problem. 

 
Figure 7: Yield Prediction Trend Over Years 

 

The figure depicts the enhancement of the 

prediction of crop yields from 2019 through 2023. 

The accuracy goes up every year with the progress 

of IoT, AI, and data analytics. The improvement 

shown by these figures is a result of better learning 

and model refinement. 

 

Table 7: Explainability & Interpretability 

M
o

d
e
l 

E
xp

la
in

a
b

il

it
y
 S

co
re

 

(1
–
1
0
) 

X
A

I 

T
e
ch

n
iq

u
e

s 
U

se
d

 

T
ra

n
sp

a
re

n

cy
 (

%
) 

In
te

rp
re

ta

b
il
it

y
 (

m
s)

 

Proposed IRSYPM 

Model 

8 Partial + 

SHAP 

90 35 

SmartAg AI 9 Full XAI 95 30 

FLyer Model 7 Partial 80 40 

Intelligent 

LoRaWAN-IoT 

6 Limited 70 50 

 

IRSYPM gets an explainability score of 8/10, where it 

uses SHAP-based partial explainability methods for 

transparency. SmartAg AI is positioned a bit better 

because of full XAI integration, however, IRSYPM is 

still able to get a better interpretability speed (35 ms) 

than LoRaWAN-IoT. This is useful for farmers to 

comprehend the reason of a prediction or decision 

being made by the model. 
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Figure 8: IoT Sensor Accuracy Over Days 

 

The graph focuses on the day-to-day efficiency of 

IoT devices for smart farms. Precision goes up 

gradually from 92% to 96% in 5 days. Continuous 

sensor precision is strictly necessary for dependable 

data-driven agricultural choices. 

 

Table 8: Resource Efficiency 
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Proposed IRSYPM Model 86 4.9 79 19 

SmartAg AI 85 5.4 78 20 

FLyer Model 83 4.8 77 18 

Intelligent LoRaWAN-IoT 80 5.2 75 15 

 

The IRSYPM model contributes to sustaining the 

environment by mainly upgrading water efficiency 

(86%) and fertilizer utilization (79%). At the same 

time, carbon dioxide emissions are lowered by 19%. 

This is evidence that the model is instrumental in a 

yield prediction scenario just to be used alongside 

precision agriculture, a means of saving money and 

a way of farming that is friendly to the environment. 

Figure 9: Remote Sensing Reliability Across Satellite 

 

The figure illustrates the dependability of the remote 

sensing data collected from various satellites. The 

performance is raised from 88% to 94%, thereby 

indicating advancements both in the quality of the 

images and in data processing. This is evidence that 

remote sensing is increasingly reliable as a tool for 

agriculture. 

 

V. CONCLUSION 
 

The proposed IoT–RS Integrated Smart Yield 

Prediction Model (IRSYPM) is an innovative device 

that smartly integrates Internet of Things (IoT) and 

Remote Sensing (RS) technologies to yield crop 

prediction with enhanced accuracy and efficiency. 

With the help of the IoT-IRSYPM model, a 

combination of real-time data from sensor-based 

ground stations and the satellite images giving the 

vegetation indices like NDVI, EVI, and LAI is possible. 

It enables one to have a better idea about the soil 

health, crop growth, and the environmental factors. 

The multi-layered architecture that consists of data 

acquisition, communication, analytics, and decision-

support layers helps in a smooth data flow, reliable 

communication, and real-time decision-making for 

precision agriculture applications. 

 

The experimental evaluation of the IRSYPM model 

has shown that the performance of the IRSYPM 

model is far beyond that of the existing systems like 

SmartAg AI, FLyer, and Intelligent LoRaWAN-IoT. The 

improvement in terms of prediction accuracy, 

communication reliability, and sustainability is quite 

significant. The model attained a prediction accuracy 
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of 97.1%, an R² score of 97.5%, and a very low RMSE 

of 1.65, thus exhibiting high robustness and 

efficiency. Furthermore, the irrigation and 

fertilization practices got improved as well as a 

reduction in carbon emissions was evidenced, thus 

showing that the model is an excellent resource for 

the optimization of farming and ecological-friendly 

practices. 

 

Briefly, the IRSYPM model constitutes an 

expandable, safe, and smart system that can be used 

to transform traditional agriculture into a smart and 

eco-friendly agricultural system. The model not only 

enables us to predict yields more accurately but also 

gives farmers the power through implemented 

insights to improve irrigation scheduling, nutrient 

management, and environmental conservation. The 

next studies can broaden the scope of the model by 

adding deep learning methods and live weather 

forecasting which would make the model even more 

accurate and flexible for different crops and areas. 
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