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Abstract:

This study provides the solution to the pressing issue of precise agriculture, which is a combination of Internet of Things (1oT)
sensor networks and Machine Learning (ML) algorithms to eliminate the waste of the resources and the mismatch between the
yields in the conventional farming. The major issue is the absence of coherent structures to connect the real-time information
streams of soil and microclimate with the sophisticated predictive algorithms such as Random Forest and XGBoost. The study
evaluates the statistical gains in Water Use Efficiency (WUE), Nitrogen Use Efficiency (NUE) and crop yield as a whole relative
to control plots that have been managed traditionally over an entire agricultural season by deploying an experimental 10T testbed.
The previous literature has shown that these type of intelligent systems can save up to 32% of water consumption and have high
predictive accuracy (R 2 = 0.94 vs R 2 = 0.68), which is a research gap that has long been in need of a solution, as researchers
have been analyzing these technologies separately.
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Introduction

Agricultural sector is the major pillar of the world food security and a leading catalyst to sustainable economic growth and
development directly affecting the gross domestic product (GDP) and offering employment prospects to millions of people in the
world [1]. Nevertheless, contemporary agricultural systems are under unprecedented pressures that are brought about by high
population growth and global warming, thus requiring a doubling of agricultural productivity to satisfy the future food needs [2].
With water scarcity, soil fertility degradation and increasing input costs, even traditional agricultural systems that are based on
homogeneous management of fields without the need to consider spatial and temporal variations can no longer give the desired
efficiency [3].

In this regard, Precision Agriculture and Smart Farming have become a strategic paradigm shift that is based on the data-driven
approaches and digital technologies [4]. Internet of Things (1oT) technologies and Machine Learning (ML) algorithms are on the
frontline of this change. The wireless sensor networks in the fields allow real-time monitoring of the physicochemical properties
and microclimates of the soil and soil in real-time [5]. Moreover, machine learning algorithms are used to process the data to
convert it into precise predictive models that enable automated control and adaptive decision-making in terms of irrigation,
fertilization and pest management [6, 7].

1.2 Research Problem
Even with technology, farming systems in most areas continue to experience a high level of yield gap that can be attributed to
the use of random estimates or time schedule when it comes to irrigation and fertilization [8].

Main Research Problem: "Lack of combined agricultural models that combine real-time data collection
through 10T and advanced predictive analysis with the aid of Machine Learning (ML) on resources management,
resulting in lower strategic yields of crops and resource degradation.."”
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Sub-questions:
1. What is the effectiveness of 10T sensors to give real-time and accurate assessment of soil and microclimatic variables?
2. How well do machine learning models (e.g., Random Forest, XGBoost) predict crop yield than do more traditional
models?
3. What role can technology-controlled irrigation and fertilization with the help of IoT data play in enhancing Water Use
Efficiency (WUE) and Nitrogen Use Efficiency (NUE)?
4. How much higher is the strategic crop yield with the application of the integrated smart model than traditional control
plots that were managed in a traditional way?
1.3 Research Objectives
1. Field Testbed Construction: Build an experimental plot with an 10T sensor network to detect soil volumetric water content,
temperature, electrical conductivity (EC) and microclimatic variables continuously.
2. Predictive Model Development: Develop and train machine learning algorithms that can use spatio-temporal data to predict
crop yield and early signs of stress.
3. Resource Efficiency Evaluation: Compare the amount of water and fertilizers used in the experimental plot operated by the 10T
with the average amount of water/fertilizers used in the control plot operated traditionally.
4. Productivity Assessment: Measure and test statistical significance of increase of yield in the strategic crop in experimental and
control plots.
1.4 Research Hypotheses
Hypothesis 1:
H 0: The water use efficiency of the loT-controlled experimental plot and the control plot are not statistically significantly
different (0.05).
H 0: Water use efficiency is statistically significantly different ( 0.05) between the experimental plot managed by the 10T and
the experimental plot managed by standard management.
Hypothesis 2:
H 0: There is no significant difference in terms of the yield prediction accuracy of the machine learning algorithms based on
10T in comparison with the traditional modeling techniques.
HO: Machine learning algorithms in 10T are much more effective in prediction than the conventional approaches to estimations.
Hypothesis 3:
H 0: There is no significant effect of the implementation of a smart farming system (loT-ML) on the increase of strategic crop
yield per hectare in comparison with the traditional management.
H 0: There is a statistically significant yield of crops per hectare in the application of a smart farming system (1oT-ML).
1.5 Research Significance
Theoretical Significance: Enriches academic literature with a conceptual and analytical constructive that connects Information
Technology (IoT/ML) and the applied agricultural sciences in a validated robust, non-linear, spatio-temporal data algorithm.
Practical Significance: Offers farmers and agricultural businesses a scalable model, helping to cut the costs of operations (water,
energy, fertilizers) and giving policy-makers quantitative evidence of the success of digital transformation efforts to national food
security.
1.6 Scope and Limitations
Objective Scope: Measures the effectiveness of the 10T technologies and ML algorithms on the resources and the crop yield.
Spatial Scope: This is carried out in specific experimental field plots that have physical and chemical parameters of the soil
monitored.
Temporal Scope: Had a complete agricultural season of all phenological development phases.
1.7 Operational Definitions
Smart Agriculture: A type of agricultural production based on the use of ICT (loT devices, wireless networks, Al) to gather
accurate data and make decisions about operations.
Agricultural 10T: 10T network of real-time environmental and soil measurements (moisture, temperature, pH) and sending
them to a central database [9].
Machine Learning (ML): A subset of Al that deals with the algorithms that learn and predict based on past and real-time data
(e.g., crop yield) without having a set of instructions (rule-based programming) [10].
Water Use Efficiency (WUE): This is the ratio of the yield of crops per irrigation water that is applied in total (kg/m3).
2. CHAPTER TWO: LITERATURE REVIEW
2.1 10T Applications in Irrigation and Fertigation Management
The development of wireless sensor networks has attracted a lot of interest [11]. Hassanein et al. [12] showed that capacitive
soil moisture sensors could decrease water usage by up to 32 percent of the fixed-interval irrigation and maintain water stress in the
range of safe crop stress levels. Kumar et al. [13] demonstrated that real-time EC and pH measurement with the use of the loT
allowed micro-dosing fertilizers, which reduced secondary salinization of the soil and increased primary nutrient uptake (N, P, K)
by 24%. Li et al. [14] affirmed that LoRaWAN offers a solution that is optimal to cover the field in long-range and low-power.
2.2 Machine Learning Models and Yield Prediction
Farming modeling has adopted machine learning algorithms based on adaptive learning instead of the conventional parametric
equations [15]. Zhang et al. [16] compared several algorithms, and it was demonstrated that Random Forest (RF) and Extreme
Gradient Boosting (XGBoost) were much more effective, with R2 = 0.94 compared to R2 = 0.68 that Multiple Linear Regression
(MLR) provides. Pal and Markand [17] demonstrated that Deep Learning (LSTM networks) was effective in predicting
hydrological stress 72 hours beforehand whereas Goap et al. [18] emphasized the importance of open-source frameworks in
automated decision systems.
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2.3 Economic and Environmental Evaluation

Martinez et al. [19] also revealed that capital investments in the 10T networks are recovered in 1.8 to 2.3 seasons of crop
production in terms of fuel, water, and labour savings. Johnston et al. [20] had suggested that precision fertigation with ML lowered
the amount of N>O emissions by 19 percent [21]. Al-Shammari et al. [22] emphasized that the use of specific chemicals reduced the
toxicity on the useful microbiota of the soil.

2.4 Research Gap

Isolated Technological Focus: Studies up to now tended to deal with 10T or ML in isolation or used ML to coarse regional
climate data instead of fine-resolution field streams in real time [23].

Lack of Comparative Field Trials: Comparing smart and traditional management in adjacent plots through quasi-
experimental field trials [24] has not been done.
Absence of End-to-End Strategic Crop Frameworks: Deficiency of single operation pipelines with real-time sensing, ML
forecasting and automated fertigation which is specific to strategic crops [25].

3. CHAPTER THREE: METHODOLOGY AND EXPERIMENTAL DESIGN

3.1 Study Site and Experimental Layout

Two field plots were used to apply a Randomized Complete Block Design (RCBD):

Smart Plot (SP): Completely controlled through an integrated 10T network with an ML decision engine.
Control Plot (CP): Under traditional local farming methods (determined calendar times).

3.2 10T System Architecture
Perception Layer: Soil volumetric water content (VWC), temperature, EC sensors, and micro-weather station [26, 27].
Network Layer: LoRaWAN protocol that transmits data to field gateways and cloud servers via 4G/LTE every 15 minutes [28].
Application Layer: Processing of data, storage in time-series databases and feed into ML engines [29].

3.3 Machine Learning Modeling

The FAO-56 Penman-Monteith equation [30] was used to calculate reference evapotranspiration (ETo) :

ETo=[0.408 A (R, - G) +y (900 /(T +273)) u (es-e) ] /[ A+ (1 + 0.34uz) ]

Root Mean Square Error (RMSE) and Coefficient of Determination (R?) were used to evaluate the models [31]:
RMSE =~ [ (1/n) Z (v - )]

R=1-/2®i-5)2/2 (- 5)2]

3.4 Statistical Analysis Methods
Normality of data was checked through Shapiro-Wilk test and homogeneity of variance was checked through levels test of
Levene [32]. The independent two-sample t-tests and one-way ANOVA were performed at 0.05 with the help of SPSS and SciPy
[33].
4. CHAPTER FOUR: RESULTS AND DATA ANALYSIS
4.1 Resource Efficiency Comparison
A summary of the resource consumption measures in the control and experimental plots is presented in Table 1.

Measured Parameter Control Plot (CP) Smart Plot (SP) Change (%) p-value
Total Irrigation (m3/ha) 6,850 4,920 -28.17% p <0.001
Nitrogen Fertilizer (kg/ha) 210 162 - 22.85% p <0.005
Water Use Efficiency 1.12 1.84 +64.28% p <0.001
(kg/m?)

Nitrogen Use Efficiency 36.5 55.8 +52.87% p <0.001
(kg/kg N)

4.2 Machine Learning Model Performance
Table 2 includes the performance measures of different assessed machine learning algorithms in terms of predictive
performance.
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Algorithm R2 RMSE (ton/ha) MAE (ton/ha) Training Time (s)
Multiple Linear Regression  0.71  0.82 0.65 0.12

(MLR)

Support Vector Regression 0.84 0.54 0.41 1.45

(SVR)

Random Forest (RF) 091 0.38 0.29 3.20

Extreme Gradient Boosting  0.95  0.26 0.18 2.10

(XGBoost)

4.3 Impact on Crop Yield
Table 3 brings into the limelight the overall crop yield results and the inferential statistical test.

Mean Yield Std. Dev. t-

(ton/ha) (SD) statistic f
Control Plot 7.68 0.62 — = —
(CP)
Smart  Plot 9.05 0.41 8.42 3 p <
(SP) 8 0.001

5. CHAPTER FIVE: DISCUSSION AND RECOMMENDATIONS

5.1 Discussion of Findings

The empirical results validate the alternative hypotheses (H 1) integrating 10T sensor networks and ML predictive models have
a successful resolution of structural inefficiencies in traditional crop management [37]. The delivery of water in accordance with
crucial phenological periods avoided the root stress, maintained photosynthetic levels, and extended grain filling, resulting in a
17.8% rise in yield [38]. XGBoost was shown to be very robust to sensor noise and gaps in data [39]. Moreover, a decrease in
nitrogen input by 22.85 per cent prevented the nitrate leaching without causing nutrient deficiency [40].

5.2 Practical Recommendations
For Farmers & Agribusinesses: Move towards sensor-based precision irrigation and mobile-based decision support to reduce
input costs and enhance the general crop production [41].
For Policy Makers: Have specific subsidies of 10T agricultural equipment and increase rural Low-Power Wide-Area Network
(LPWAN) coverage.
For Al Researchers: Develop Edge Al models that can execute local inference on field microcontrollers when disconnected to the
network.

5.3 Future Directions

Bringing unmanned aerial vehicles (UAV) imagery and ground-based loT networks together to build multi-scale Digital

Twins [42].
Evaluation of smart agricultural models in different soil types and legume/oilseed crops in tough drought stress regimes.
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