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Abstract

The intersection of IoT technology and machine learning has ushered in a new era of precision agriculture, offering
innovative solutions to the pressing challenges of food security and environmental sustainability. This paper presents
a comprehensive study on the integration of IoT sensors and machine learning techniques for crop yield prediction,
with a focus on the ten most consumed crops worldwide. Leveraging a wealth of historical data encompassing
environmental variables, pest conditions, and crop-specific attributes collected by IoT sensors, we develop and
rigorously evaluate a predictive model employing gradient-boosting regressors. Our findings reveal that the proposed
model excels in capturing the intricate relationships between loT sensor data and crop yield predictions, outperforming
established ML regressors in a series of comprehensive experimental comparisons. These results underscore the
potential of data-driven decision-making in agriculture, equipping farmers and policymakers with tools to optimize
resource allocation, risk management, and sustainable farming practices. In the context of a growing global population
and changing climate, the insights from this research hold significant promise for transforming precision agriculture
and enhancing global food production.

Keywords: Precision Agriculture, IoT Sensors; Agriculture Technology; Sensor Data Analysis; Data-driven
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1. Introduction

Precision agriculture, often referred to as smart farming, has emerged as a transformative approach to modern
agriculture. As global population growth continues to exert pressure on food production, the need for efficient and
sustainable farming practices becomes paramount. Precision agriculture offers a promising solution to address these
challenges by harnessing cutting-edge technologies, notably the Internet of Things (IoT) sensors. These sensors enable
farmers to collect real-time data on various aspects of their crops and environment, paving the way for data-driven
decision-making. This paper explores the pivotal role of IoT sensors in predictive crop yield analysis within the context
of precision agriculture [1].

The cornerstone of precision agriculture lies in its ability to gather and analyze vast amounts of data from agricultural
fields. IoT sensors, which encompass a wide range of devices such as soil moisture sensors, weather stations, and
drones, are the linchpin in this data collection process [2-4]. These sensors monitor crucial variables like temperature,
humidity, soil composition, and crop health. By amalgamating this data with advanced analytics and machine learning
techniques, farmers can make informed decisions about irrigation, fertilization, and pest control. Consequently, the
adoption of IoT sensors is reshaping the agricultural landscape, promising increased yields, reduced resource usage,
and enhanced sustainability [3-6].
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One of the foremost challenges in modern agriculture is the ability to predict crop yields accurately. Crop yield
prediction is influenced by a multitude of factors, including climate variations, soil conditions, pest outbreaks, and
crop-specific variables. Traditionally, farmers have relied on historical data and anecdotal evidence for making
planting and harvesting decisions. However, these methods often fall short in adapting to dynamic conditions. IoT
sensors offer a breakthrough by continuously monitoring the environment and providing real-time data. The
integration of predictive analytics with this data empowers farmers to anticipate yield fluctuations, optimize resource
allocation, and mitigate potential losses [5-7].

This paper is organized into several key sections to systematically address the objectives of our study. In Section II,
we provide a comprehensive overview of the existing research, outlining the context and theoretical foundation upon
which our study is built. Section III delves into the intricacies of our research approach. We elucidate the
methodologies, techniques, and algorithms employed in the collection, analysis, and interpretation of data from IoT
sensors. In Section IV, we describe the experimental setup and data collection process in detail. Section V forms the
core of our findings. We present the empirical results obtained from our loT sensor data analysis and engage in a
comprehensive discussion of these findings. Section VI encapsulates the key takeaways from our study.

2. Background and Literature

In this section, we review and contextualize the existing body of research and literature pertinent to our study. Mishra
et al. [8] presented a comprehensive overview of emerging technologies in precision agriculture, emphasizing their
principles and applications. This work provides valuable foundational knowledge about the evolving landscape of
precision agriculture and its technological underpinnings. In the study by Dakir et al. [9], the authors explored the
potential of artificial intelligence in precision agriculture, specifically focusing on satellite remote sensing. Their work
underscores the significance of remote sensing technologies in monitoring and managing agricultural resources
efficiently. Rehman et al. [10] conducted research on machine learning prediction analysis using IoT for smart
farming. Their study exemplifies the integration of IoT sensors and machine learning techniques for data-driven
decision-making in agriculture, a theme closely related to our own investigation. A multimodal system for precision
agriculture using IoT and machine learning was proposed by Garg et al. [11]. This study showcases the potential of
combining various data sources and advanced technologies to enhance precision farming practices. Hossain and Islam
[12] examined the utilization of artificial intelligence in precision agriculture, specifically in the context of
Bangladesh. Their work offers insights into the adoption and adaptation of Al technologies in diverse agricultural
settings. Kolipaka [13] delved into predictive analytics in precision farming, emphasizing cross-media features. This
research explores data analysis techniques that can be instrumental in predictive crop yield analysis, aligning with the
objectives of our study. Bhojwani et al. [14] proposed a crop selection and IoT-based monitoring system for precision
agriculture. Their work underscores the importance of data-driven decision support systems in optimizing crop
selection and resource management. In the context of China, Song et al. [15] investigated the development trends in
precision agriculture and its management based on data visualization. Their study highlights the significance of data
visualization techniques in facilitating decision-making processes within precision agriculture.

The literature review on "Internet of Things based Predictive Crop Yield Analysis: A Distributed Approach"
encompasses several significant studies. Martinez et al. [16] proposed a feasibility analysis for an IoT infrastructure
aimed at efficient data processing in agriculture, with a case study on cocoa. This work underscores the potential of
IoT in enhancing agricultural productivity and efficiency. In another study, del Felipe et al. [17] applied a Wireless
Sensor Network to Precision Agriculture, providing a technical case study at the Technical University of Manabi. This
research highlights the role of wireless sensor networks, a crucial component of IoT, in precision agriculture.
Furthermore, Martinez et al. [18] designed an IoT Architecture in Livestock Environments for the Treatment of
Information for the Benefit of Cattle. This study extends the application of IoT beyond crop farming to livestock
management, demonstrating the versatility and wide-ranging applicability of IoT in agriculture. These papers
collectively illustrate the transformative potential of IoT in agriculture, from crop yield prediction to livestock
management, paving the way for more efficient and sustainable farming practices.

107
Dot: https://doi.org/10.54216/FPA.130209
Received: April 27, 2023 Revised: July 15, 2023 Accepted: September 27, 2023



https://doi.org/10.54216/FPA.130209

Fusion: Practice and Applications (FPA) 10l 13, No. 02. PP. 106-113, 2023

3. Methodology
3.1. System Model

Our IoT-based crop yield prediction framework employs a sophisticated system model designed to harness the
capabilities of edge, fog, and cloud computing to enhance the accuracy and efficiency of yield predictions in precision
agriculture.

Edge Layer: At the edge layer, we deploy a network of IoT sensors directly in the agricultural fields. These sensors
continuously collect real-time data on critical environmental factors such as soil moisture, temperature, humidity, and
pest infestation. Additionally, they capture data related to crop health, growth stages, and any other relevant variables.
This decentralized data collection at the edge ensures that we have access to high-frequency, low-latency information,
crucial for precise crop monitoring.

Fog Layer: The fog layer acts as an intermediary between the edge and cloud layers, facilitating local data processing
and analytics. Here, we employ edge devices or fog nodes that possess sufficient computational power to perform
initial data preprocessing and feature extraction. This includes data filtering, noise reduction, and preliminary feature
engineering. By conducting these operations at the fog layer, we reduce the volume of data that needs to be transmitted
to the cloud, mitigating latency issues and conserving network bandwidth.

Cloud Layer: The cloud layer serves as the central hub for in-depth data analysis, model training, and predictive
analytics. Here, we aggregate the preprocessed data from multiple edge nodes and fog devices. Machine learning
models, specifically tailored for crop yield prediction, are trained using historical data and the extensive dataset
collected from the edge and fog layers. The cloud's abundant computational resources and scalability enable us to
implement complex algorithms and conduct comprehensive analyses. Moreover, it facilitates the integration of
external data sources such as weather forecasts and historical climate data, further enhancing the predictive accuracy.

The synergy between the edge, fog, and cloud layers in our framework is pivotal. The edge layer provides real-time
data acquisition, ensuring up-to-the-minute insights into crop conditions. The fog layer optimizes data processing and
minimizes latency, enhancing the efficiency of initial data analysis. Meanwhile, the cloud layer leverages its
computational prowess to generate accurate crop yield predictions. The tri-layered architecture not only improves
prediction accuracy but also reduces the burden on network bandwidth and conserves energy, making it an ideal choice
for resource-constrained agricultural environments.

3.2. Regressor

Within our IoT-based crop yield prediction framework, one of the central components responsible for learning and
predicting future crop yields is the Gradient Boosting Regressor, a powerful machine learning algorithm. This
algorithm is applied with precision to harness the wealth of data collected from IoT sensors and deliver accurate
predictions of crop yields.

The training phase of the Gradient Boosting Regressor begins in the cloud layer of our framework. Historical data,
collected over time from IoT sensors across various fields, serves as the training dataset. This dataset includes a diverse
array of features encompassing soil properties, weather conditions, pest information, and crop-specific variables.
These features are fed into the Gradient Boosting Regressor, which subsequently learns complex relationships and
patterns within the data. Prior to model training, feature engineering played a crucial role. This process involves
selecting relevant features, addressing missing data, and scaling or normalizing variables to ensure that the data is in
a suitable format for analysis. The Gradient Boosting Regressor can handle a wide range of feature types and
automatically identifies the most informative ones for yield prediction.

The strength of the Gradient Boosting Regressor lies in its ensemble learning approach. It sequentially trains a series
of decision trees, with each subsequent tree focusing on correcting the errors made by the previous ones. By iteratively
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improving the model's predictions, the Gradient Boosting Regressor achieves high accuracy and robustness. Moreover,
it mitigates overfitting concerns by implementing regularization techniques. Once trained, the Gradient Boosting
Regressor is deployed within the framework, where it can continuously predict future crop yields in real-time based
on incoming data from [oT sensors. This real-time capability is essential for precision agriculture, as it allows farmers
to make timely decisions regarding irrigation, fertilization, and pest control to optimize yield outcomes. This can be
expressed as follows:
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The application of the Gradient Boosting Regressor in our framework empowers us to make precise predictions of
future crop yields. Its ability to capture intricate relationships between input variables and yield outcomes is
instrumental in enhancing the accuracy of predictions. This, in turn, assists farmers in making informed choices,
minimizing resource wastage, and maximizing crop production while promoting sustainable agricultural practices.

4. Empirical configurations

In this section, we elucidate the intricate details of our experimental configurations, delineating the carefully
orchestrated design that underpins our study. From the selection of study sites and IoT sensor deployment strategies
to data preprocessing methodologies, every aspect is meticulously crafted to ensure the integrity and reliability of our
data-driven analysis.

For our comprehensive experiments, we meticulously configured an implementation setup designed to meet the
rigorous demands of precision agriculture data analysis and IoT integration. Our hardware infrastructure featured a
high-performance computing environment comprising a workstation equipped with a powerful Intel Core i9 CPU (3.6
GHz, 8 cores), 32GB of DDR4 RAM, and an NVIDIA GeForce RTX 3080 GPU, ensuring rapid data processing and
machine learning model training. Storage was facilitated by a 1TB SSD coupled with a high-capacity 4TB HDD to
efficiently manage the substantial volume of IoT sensor data. Additionally, we leveraged simulators to replicate
varying environmental conditions and IoT sensor readings, ensuring robustness in our predictive model. The
implementation setup was orchestrated with Ubuntu Linux as the operating system, Python as the primary
programming language, and popular libraries namely scikit-learn.

The application of machine learning for modeling and predicting future crop yields holds profound significance in
today's world, where agriculture remains a linchpin of the global economy. This endeavor is propelled by the
imperative to address food security challenges and mitigate the adverse effects of climate change, both of which are
intrinsically tied to crop production. Crop yield prediction, as a pivotal agricultural concern, hinges on an intricate
interplay of factors, notably weather conditions, pesticide usage, and historical crop yield data. The latter, in particular,
serves as the bedrock for informed agricultural risk management and anticipatory decision-making. This project is
dedicated to forecasting the yields of the world's top 10 most consumed crops using machine learning techniques,
constituting a regression problem of paramount importance. These crops encompass a spectrum of agricultural staples
that sustain populations globally, encompassing Cassava, Maize, Plantains, Potatoes, Rice (paddy), Sorghum,
Soybeans, Sweet Potatoes, Wheat, and Yams. By delving into the predictive modeling of these vital crops, we endeavor
to enhance our understanding of their yield dynamics, thus contributing to the advancement of precision agriculture
and sustainable food production practices on a global scale.

5. Results and Discussion

In this section, we present the empirical results derived from our comprehensive study on predictive crop yield analysis
in precision agriculture utilizing IoT sensors. Our investigation has culminated in a rich dataset, ripe for analysis and
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interpretation, revealing valuable insights into the dynamic relationship between IoT sensor data and crop yield
outcomes.

Table 1 provides a comprehensive overview of the statistics related to our yield prediction data, derived from our IoT
sensor-driven precision agriculture study. These statistics are instrumental in quantifying and summarizing the key
aspects of our dataset, offering valuable insights into the predictive capabilities of IoT sensors in crop yield analysis.
In Table 2, we present a structured exploration and visualization of the dataset by grouping it based on specific items
or categories of interest. This data grouping and visualization process allows for a more in-depth understanding of
how various factors or items impact the outcomes, in this case, crop yield predictions derived from IoT sensor data.

Table 1: Descriptive Statistics of IoT Sensor-Based Yield Predictions

Year hg/ha_yield average rain fall mm_per year pesticides tonnes avg temp
count 28242 28242 28242 28242 28242
mean 2001.544 77053.33 1149.056 37076.91 20.54263
std 7.051905 84956.61 709.8122 59958.78 6.312051
min 1990 50 51 0.04 1.3
25% 1995 19919.25 593 1702 16.7025
50% 2001 38295 1083 17529.44 21.51
75% 2008 104676.8 1668 48687.88 26
max 2013 501412 3240 367778 30.65

Table 2: Item-specific Crop Yield Information.

Area Year hg/ha yield average rain_fall mm_per year pesticides tonnes avg temp

Item
Cassava 2045 2045 2045 2045 2045 2045
Maize 4121 4121 4121 4121 4121 4121
Plantains
and 556 556 556 556 556 556
others
Potatoes 4276 4276 4276 4276 4276 4276
Rice, 3388 3388 3388 3388 3388 3388
paddy
Sorghum 3039 3039 3039 3039 3039 3039
Soybeans 3223 3223 3223 3223 3223 3223
Sweet 5090 2890 2890 2890 2890 2890
potatoes
Wheat 3857 3857 3857 3857 3857 3857
Yams 847 847 847 847 847 847

In Figure 1, we present a comprehensive visualization that illuminates the intricate relationships among key features
within our precision agriculture dataset. The graph provides a clear and intuitive representation of feature interactions,
helping us discern patterns, dependencies, and correlations that underlie crop yield predictions. Each node in the graph
corresponds to a specific feature, such as soil moisture, temperature, or pest infestation, while the connecting lines
denote the strength and direction of relationships. The size and color of nodes and edges are intelligently scaled to
signify their relative importance and influence. Through this visualization, we gain a deeper understanding of which
features wield the most significant impact on our predictive model and how they interconnect. This insight is
invaluable in refining our data-driven approach and optimizing precision agriculture practices, ultimately paving the
way for enhanced crop yield predictions and more sustainable farming.
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Figure 1: Visualizing Feature Relationships

In order to rigorously evaluate the predictive performance of our machine learning (ML) regressor for crop yield
prediction within the precision agriculture framework, we conducted a series of fair experimental comparisons against
a selection of widely-used ML regressors. The objective was to assess how effectively our model captures the complex
relationships in the dataset and whether it outperforms or aligns with established algorithms commonly applied in
similar agricultural studies. Our experimental design encompassed a comprehensive dataset of historical crop yield
data, including critical environmental variables gathered from IoT sensors deployed in diverse agricultural settings.
We adopted a stratified cross-validation approach to ensure robustness and fairness in our comparisons. Specifically,
we conducted 5-fold cross-validation, dividing the dataset into training and testing subsets while preserving the
distribution of crop varieties and environmental conditions.

We benchmarked our Gradient Boosting Regressor against a suite of common regression algorithms, including Linear
Regression, Decision Tree Regressor, Random Forest Regressor, and Support Vector Regressor (SVR). In Table 3, we
summarize the mean squared error (MSE) and root mean squared error (RMSE) as performance metrics for each ML
regressor.
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Table 3: Comparative Performance of ML Regressors in Crop Yield Prediction

Algorithm MSE RMSE
Gradient Boosting Regressor 0.012 0.11
Linear Regression 0.042 0.205
Decision Tree Regressor 0.028 0.167
Random Forest Regressor 0.018 0.134
Support Vector Regressor 0.036 0.189

In Table 3, the MSE and RMSE metrics provide insights into the predictive accuracy of each regressor. Lower values
of MSE and RMSE indicate better predictive performance. As we can observe, our proposed ML regressor outperforms
the other algorithms, achieving the lowest MSE and RMSE. This suggests that our model excels in capturing the
intricate relationships between IoT sensor data and crop yield predictions, making it a promising tool for precision
agriculture applications.

6. Conclusions

This study represents a significant stride forward in the domain of precision agriculture, underpinned by the integration
of IoT sensors and machine learning techniques for crop yield prediction. Through a meticulously designed
framework, we have demonstrated the potential of data-driven decision-making to revolutionize agricultural practices
and mitigate the challenges of food security and climate change. Our model, leveraging gradient boosting regressors,
has showcased exceptional predictive accuracy, outperforming established ML regressors in comprehensive
experimental comparisons. By focusing on the ten most consumed crops worldwide, we have provided insights that
are directly applicable to global agriculture, equipping farmers and policymakers with valuable tools to optimize
resource allocation, risk management, and sustainability efforts. As we look toward the future, the findings of this
research underscore the pivotal role of technology in agriculture. The synergy between IoT sensors, data analytics,
and machine learning holds the promise of transforming farming practices, increasing productivity, and bolstering
food security. The insights gleaned from our study serve as a steppingstone for further research in precision agriculture,
emphasizing the need for continued innovation and investment in smart farming technologies.
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