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Abstract - This research explores the perception and application of Artificial Intelligence (AI) in precision agriculture, 

with an emphasis on enhancing sustainable farming practices. The study examines public awareness of AI's role in 

improving crop yield, minimizing environmental impact, and promoting resource efficiency using various AI-based tools. 

Survey responses were analyzed alongside simulated data to support statistical methods including linear regression, 

correlation matrices, and K-means clustering. The analysis reveals a moderate positive correlation between AI familiarity 

and its perceived agricultural benefits. Tools like crop disease detection and smart irrigation emerged as the most 

preferred. Key concerns included cost and accessibility. These findings underscore the need for inclusive AI integration 

strategies, especially for under-resourced farming communities, and suggest further investigation into equitable tech 

adoption in agriculture. 
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I. INTRODUCTION 

By 2050, the global population is expected to approach 10 

billion, intensifying pressure on the agriculture sector to 

increase productivity without further degrading the 

environment. Traditional farming methods are often 

resource-intensive, contributing to soil erosion, water 

overuse, and greenhouse gas emissions. Precision agriculture 

has emerged as a response, combining digital tools to 

enhance decision-making, increase yield, and reduce inputs 

[1]. Among these tools, AI stands out as transformative, 

using data from IoT devices, satellite imagery, and drones to 

provide real-time insights on crop health, pest activity, and 

soil conditions [2]. 

AI-driven tools like computer vision and predictive 

modeling enable early disease detection and optimized 

irrigation schedules. For instance, deep learning models can 

differentiate between healthy and unhealthy plants with high 

accuracy [3]. AI can also lower chemical use, supporting 

long-term soil health and reducing environmental impact [4]. 

However, barriers such as high costs, digital illiteracy, and 

infrastructure gaps hinder adoption, especially in developing 

regions [5]. 

However, fewer studies critically examine how these 

technologies are implemented in real-world settings, 

especially across diverse socio-economic contexts. Intellias 

(2023) points out that implementation in this field often faces 

ethical challenges, such as a lack of access in rural areas, 

farmers’ skepticism, insufficient government support, and 

lack of training. Moreover, there is limited research assessing 

regional gaps in AI adoption or exploring the long-term 

sustainability impacts beyond immediate efficiency gains. 

This leaves a critical gap  in understanding how AI 

contributes not only to productivity/solutions but also to 

environmental protections and equitable development.   

This study is guided by the following questions:  

How do individuals involved in agriculture perceive the role 

of AI in enhancing sustainability,  

particularly in terms of yield, resource use, and 

environmental impact? 

What are the most commonly perceived benefits and barriers 

to adopting AI tools in precision farming? 

How does AI familiarity influence perceptions of its 

effectiveness and sustainability outcomes? 

Which AI tools are most preferred among respondents, and 

why? 

Based on these questions, the general hypothesis is:  

Greater familiarity with AI technologies is positively 

correlated with the perceived benefit of AI in increasing 

agricultural sustainability, especially through improved crop 

yield and resource efficiency.  

The main objectives of this study are to: 

Assess current perceptions of AI tools in agriculture, 

particularly regarding yield improvement, water 

conservation, and chemical reduction. 

Identify key barriers to the adoption of AI, such as cost, 

privacy, and accessibility, especially among small-scale or 

under-resourced farmers. 

Analyze the relationship between AI familiarity and 

perceived benefits using statistical methods. 
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Determine which AI tools are viewed as most valuable by 

users and why. 

Explore how AI adoption aligns with the broader goals of 

sustainable and equitable farming practices. 

II. LITERATURE REVIEW 

Artificial intelligence (AI) is increasingly recognized as a 

transformative force in modern agriculture, particularly in 

promoting sustainability. Recent research highlights several 

major applications and benefits of AI in this field.[6] 

AI models such as convolutional neural networks (CNNs) 

have been widely used for monitoring crop health through 

drone and satellite imagery. These models can detect 

stressors like drought, disease, and nutrient deficiencies 

earlier than traditional methods. (Nature, AI in agriculture) 

[7] 

AI-enabled systems help farmers reduce waste by applying 

water, fertilizer, and pesticides only where and when they’re 

needed. Machine learning algorithms analyze real-time data 

from soil sensors and weather forecasts to optimize irrigation 

schedules and crop treatment. This not only conserves 

resources but also reduces environmental harm. [8] 

Studies have shown that deep learning can distinguish 

between crops and weeds with high accuracy. AI-driven 

systems like John Deere’s See & Spray technology use real-

time object detection to target weeds individually, reducing 

herbicide use by over 90%.(See and Spray Technology) 

This study is grounded in precision agriculture theory, which 

emphasizes using advanced technologies (like AI, GIS, and 

IoT) to enhance decision-making on farms. It aligns with the 

Data-Driven Decision-Making (DDDM) framework, which 

argues that insights from big data can improve operational 

efficiency, reduce waste, and maximize sustainability. 

The model also incorporates Sustainable Agriculture theory, 

which promotes environmentally responsible practices that 

maintain productivity while protecting ecosystems. AI 

functions as the “intelligence layer” to integrate real-time 

feedback and enable adaptive management  

Despite rapid advancements, several research gaps remain, 

such as:  

Limited Research on Smallholder Farmers : Most studies 

focus on large-scale farms, overlooking how AI can be 

adapted for smaller, resource-constrained farmers in 

developing regions.[9] 

Lack of Real-World Implementation Studies: Much of the 

literature is theoretical or based on simulation. Fewer studies 

document actual farm-level deployments or outcomes across 

diverse climates and geographies. 

Ethical and Equity Considerations: Existing studies rarely 

examine issues like digital literacy, cost barriers, and ethical 

risks (e.g., surveillance or bias in algorithms). 

Integration with Traditional Practices: There is insufficient 

research on how AI tools can be integrated with Indigenous 

or local farming knowledge to preserve cultural practices. 

[10]. 

This study contributes by combining quantitative analysis 

with survey data, offering insights into societal perceptions. 

It also bridges the gap between innovation and accessibility 

by focusing on barriers like cost and literacy. Existing 

frameworks like Precision Agriculture Theory and 

Sustainable Agriculture Theory serve as foundations, while 

the study also builds upon the Data-Driven Decision-Making 

(DDDM) model, which emphasizes the role of big data in 

optimizing inputs and maximizing outcomes 

III. METHODOLOGY 

A. Survey Design and Distribution 

A Google Form survey was distributed to individuals 

interested or involved in agricultural technology. It collected 

data on AI familiarity, perceived benefits, perceived 

challenges, preferred tools, and demographics. 

● 40 total responses (10 real, 30 simulated for model 

validation) 

● Multiple-choice and open-ended questions 

● Estimated completion time: 5–7 minutes 

 

B. Data Cleaning 

● Missing values removed using dropna() 

● Text fields converted to numeric using 

pd.to_numeric() 

● Outliers reviewed and filtered for accuracy 

 

C. Tools and Libraries 

All data processing was performed on Google Colab using: 

● pandas, numpy for data manipulation 

● matplotlib, seaborn for visualization 

● sklearn for clustering 

● scipy.stats for regression and correlation 

 

D. Statistical Methods 

● Linear Regression: linregress() measured the 

correlation between AI familiarity and perceived 

crop yield benefits. 

● Correlation Matrix: Explored relationships 

between familiarity, yield, sustainability, and 

efficiency. 

● K-Means Clustering: Grouped respondents into 

three clusters based on all variables. 
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E. Alternative Approaches for Robustness 

● Bootstrapping could be used to measure 

confidence intervals. 

● PCA for dimensionality reduction. 

● Random Forest regression for nonlinear insights. 

IV. RESULTS 

The analysis draws on survey responses collected to assess 

perceptions of AI in precision agriculture. Participants 

responded to key questions regarding their familiarity with 

AI tools, perceived benefits in farming (such as yield, water 

usage, and chemical reduction), and their primary concerns 

(e.g., cost and privacy). 

Data was visualized and simulated from original data using 

the regression plots, clustering analysis, and frequency 

distributions of AI tool preferences. The data was cleaned, 

converted into numerical format, and clustered using 

KMeans to identify common respondent profiles.  

 

Figure 1: Linear Regression - AI Familiarity vs. Yield 

Benefit 

A positive linear trend (r = 0.42, p < 0.05) was observed. 

Greater familiarity aligns with higher perceived yield 

benefits. 

The graph above illustrates the linear regression between AI 

familiarity and Perceived Yield benefit. There is a slight 

positive correlation, indicating that as familiarity with AI 

increases, respondents tend to perceive greater benefits in 

yield. The regression line shows an upward trend, with a 

positive slope.   

 

Figure 2: Correlation Matrix 

Strong correlation (0.52) between perceived sustainability 

and perceived yield benefit.Moderate correlation (0.42) with 

AI familiarity 

The next graph above presents the clustering of respondents 

into three groups based on their perceptions of AI.  The 

clusters suggest clear differentiation between participants 

who are skeptical, moderately optimistic, and highly 

optimistic about AI benefits in agriculture. 

 

Figure 3: Preferred AI Tools by Respondents 

The graph above displays results from the direct survey, 

summarizing  participant preferences for AI tools they 

believe would be most beneficial in farming. The Crop 

Disease Detector was the most preferred tool (75% of 

respondents), followed by Smart Irrigation (50%). This 

reflects a strong interest in disease prevention and efficient 

resource use, both of which are core goals in precision 

agriculture. 

Descriptive Statistics: 
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Table 1: Descriptive Statistics 

These statistics suggest a moderate level of AI familiarity 

and a generally positive outlook on AI's benefits for yield 

and chemical use reduction, though concerns around cost 

remain relatively high. 

V. DISCUSSION 

The results validate the hypothesis: higher AI familiarity 

tends to enhance belief in its benefits, particularly in yield 

improvement. Respondents preferred tools with tangible 

benefits, like disease detection and irrigation, suggesting a 

priority on visible, practical outcomes. 

Cost remains a significant barrier, consistent with FAO and 

Intellias reports [5]. Clustering showed that digital literacy 

influences optimism—less familiar individuals are less 

likely to trust AI solutions. 

This study reinforces previous findings from [7] and [8], 

showing alignment between perceptions and technical 

capabilities of AI tools. However, limitations such as small 

sample size and reliance on simulated data must be 

acknowledged. 

VI. CONCLUSION 

AI offers immense potential in precision agriculture to make 

farming more sustainable, efficient, and inclusive. This study 

showed a moderate positive correlation between AI 

familiarity and belief in its benefits. Tools like disease 

detectors and smart irrigation are widely appreciated, though 

cost and accessibility remain key issues. 

Key Findings: 

● AI familiarity improves positive perception of its 

role in sustainability 

● Disease detection and irrigation are top-priority 

tools 

● Cost and literacy are major barriers to adoption 

● Respondents form perceptual clusters indicating 

differing levels of trust and interest 

 

Future Research Suggestions: 

Larger, more diverse field studies 

Case studies on AI deployment in developing 

countries 

Ethical research on bias, data ownership, and 

blending AI with local practices 
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