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ABSTRACT 

Artificial intelligence (AI) has emerged as a transformative technology in modern 
agrotechnology, addressing critical challenges in food security and sustainable agriculture. 
This study examines recent innovations in AI applications for daily agricultural practices, 
focusing on practical implementations that enhance farmer decision-making and 
operational efficiency. Through a comprehensive analysis of current literature (2023-2025), 
we identify five key AI application domains: automated irrigation control, crop disease 
detection, yield prediction, precision farming systems, and explainable AI for crop 
recommendations. Deep learning techniques, particularly convolutional neural networks 
(CNNs) and hybrid models, demonstrate superior performance in image-based disease 
detection (>95% accuracy) and yield forecasting. Edge computing implementations enable 
real-time decision support even in connectivity-limited environments. The integration of 
Internet of Things (IoT) sensors with machine learning algorithms facilitates continuous 
monitoring and automated interventions, reducing labor requirements by 30-40% while 
improving resource efficiency. Key challenges include data quality, farmer trust, and 
infrastructure limitations in developing regions. This review synthesizes cutting-edge AI 
methodologies applicable to Indonesian agricultural contexts, particularly for smallholder 
farmers, and proposes a framework for sustainable AI adoption in tropical agrotechnology 
systems. The findings indicate that explainable AI and privacy-preserving federated 
learning represent critical pathways for widespread adoption, enabling farmers to 
understand and trust AI-driven recommendations while maintaining data sovereignty. 

 
 
I. INTRODUCTION 

 
The global agricultural sector faces unprecedented challenges in the 21st 

century, including climate variability, resource scarcity, population growth, and 
the imperative for sustainable food production systems (Delfani et al., 2024). 
Indonesia, as an agricultural nation with diverse agro-ecological zones, requires 
innovative technological solutions to enhance productivity while preserving 
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environmental integrity. Artificial intelligence (AI) has emerged as a paradigm-
shifting technology capable of addressing these multifaceted challenges through 
data-driven decision support, automation, and precision resource management 
(Njoku et al., 2024). 

Recent advances in AI technologies—particularly machine learning (ML), 
deep learning (DL), and computer vision—have enabled unprecedented 
capabilities in agricultural monitoring, prediction, and control systems (Blessing 
et al., 2024). These technologies transform traditional farming practices by 
providing real-time insights, predictive analytics, and automated interventions 
that were previously impossible or economically unfeasible. The convergence of 
AI with Internet of Things (IoT) sensors, satellite imagery, and edge computing 
creates comprehensive smart farming ecosystems that support farmers in daily 
operational decisions (Manikandababu et al., 2024). 

Despite significant technological progress, the adoption of AI in agriculture, 
particularly among smallholder farmers in developing countries, remains limited 
due to barriers such as infrastructure constraints, limited data availability, 
technical expertise, and farmer trust (Haidar et al., 2024). The gap between AI 
research and practical implementation necessitates a focus on accessible, 
explainable, and contextually appropriate solutions that align with farmers’ 
existing knowledge and operational constraints. 

This article examines the current state of AI applications in agrotechnology 
with emphasis on practical implementations suitable for daily agricultural 
operations. We analyze recent innovations (2023-2025) in five critical domains: 
automated irrigation management, crop disease detection and monitoring, yield 
prediction systems, precision agriculture platforms, and explainable AI for crop 
recommendations. The objective is to synthesize actionable insights relevant to 
Indonesian agricultural contexts, particularly for agrotechnology practitioners 
and smallholder farming communities in tropical environments. 

The significance of this research lies in bridging the gap between cutting-
edge AI research and practical agricultural applications, providing a roadmap 
for sustainable technology adoption that respects local knowledge, economic 
constraints, and environmental conditions. By examining both technological 
capabilities and implementation challenges, this work contributes to the 
development of farmer-centric AI solutions that enhance productivity, 
sustainability, and resilience in tropical agrotechnology systems. 
 
II. METHODOLOGY 

Research Design 
This study employs a systematic literature review methodology to examine 

recent advances in AI applications for agrotechnology. The review focuses on 
peer-reviewed publications from 2023 to 2025 to capture the most current 
innovations and implementations relevant to daily agricultural practices. 

Data Collection 
Literature search was conducted across multiple academic databases, 

including SciSpace, Google Scholar, and arXiv repositories. Search terms 
combined AI-related keywords (“artificial intelligence,” “machine learning,” 
“deep learning,” “neural networks”) with agricultural applications 
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(“agrotechnology,” “precision agriculture,” “smart farming,” “crop monitoring,” 
“disease detection,” “yield prediction”). The search strategy prioritized Scopus-
indexed journal articles to ensure quality and academic rigor. 

Inclusion and Exclusion Criteria 
Inclusion criteria: - Publications from 2023-2025 - Focus on practical AI 

applications in agriculture - Empirical studies with implementation results - 
Relevance to daily farming operations - Availability of full-text access 

Exclusion criteria: - Purely theoretical studies without implementation - 
Publications before 2023 - Non-agricultural AI applications - Studies without 
performance metrics - Inaccessible full texts. 

 
Table 1. Summary of Literature Search Results 

Database Initial Results After Filtering Final Selection 

SciSpace Full-Text 100 65 12 

Google Scholar 20 15 5 

arXiv 20 10 3 

Total 140 90 20 

The final selection of 20 papers represents the most relevant, high-quality studies 
addressing AI applications in daily agricultural operations, with demonstrated 
implementations and quantifiable outcomes. 

 
III. RESULTS AND DISCUSSION. 

 
AI-Driven Automated Irrigation Systems 
Modern irrigation management represents a critical application domain 

where AI delivers immediate practical value to farmers. Recent implementations 
demonstrate how machine learning models integrated with IoT sensors can 
automate irrigation decisions, reducing water consumption and labor 
requirements while optimizing crop water status. 

Blessing et al. (2024) developed an innovative offline irrigation control system 
that operates independently of internet connectivity—a crucial feature for remote 
agricultural areas. The system integrates local soil moisture sensors with on-
device machine learning models for rain prediction based on cloud image 
classification. The AI algorithm analyzes cloud patterns to forecast precipitation 
probability and automatically controls irrigation pumps, preventing unnecessary 
watering before rainfall events. Field trials demonstrated 35% reduction in water 
usage and the elimination of manual irrigation scheduling tasks. 

The architecture employs edge computing principles where all AI inference 
occurs locally on a low-cost embedded device, making the technology accessible 
to smallholder farmers without reliable internet access. This approach addresses 
a fundamental barrier to AI adoption in developing agricultural regions where 
connectivity infrastructure remains limited. 
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Table 2. Comparison of the Accuracy of Various Deep Learning Architectures for Plant Disease 
Detection 

System Type 
Water 
Savings 

Labor 
Reduction 

Connectivity 
Required 

Implementation 
Cost 

Traditional 
Timer 

Baseline Baseline None Low 

IoT-Cloud 
ML 

25-30% 20% High 
(continuous) 

High 

Edge AI 
(Offline) 

30-35% 40% None Medium 

Hybrid IoT-
Edge 

35-40% 35% Low (periodic) Medium-High 

 

Advanced implementations combine multiple sensor modalities—soil 
moisture, temperature, humidity, solar radiation—with weather forecast data 
and crop water requirement models. Manikandababu et al. (2024) demonstrated 
an IoT-ML system that integrates real-time sensor data with historical patterns to 
predict optimal irrigation timing and volume. The system achieved 92% 
prediction accuracy for irrigation needs and reduced water consumption by 28% 
compared to conventional scheduling methods. 

These systems exemplify how AI transforms routine agricultural tasks from 
reactive manual operations to proactive automated management, freeing farmers 
to focus on higher-level decision-making while ensuring optimal resource 
utilization. 

Deep Learning for Crop Disease Detection 
Early disease detection represents one of the most impactful applications of 

AI in agriculture, where computer vision and deep learning enable the 
identification of plant diseases before visible symptoms become widespread. 
This capability allows timely interventions that prevent significant yield losses 
and reduce pesticide usage. 

Convolutional Neural Networks (CNNs) have emerged as the dominant 
architecture for image-based disease detection, with recent implementations 
achieving accuracy rates exceeding 95% across multiple crop species. Basaligheh 
and Dhabliya (2023) developed a continuous monitoring system using field-
deployed cameras connected to CNN models trained on comprehensive disease 
image datasets. The system provides real-time alerts when disease symptoms are 
detected, enabling immediate farmer response. 

The ML-based irrigation recommendation system integrates data from soil 
moisture sensors, weather forecasts, crop type, and growth stages to produce 
optimal irrigation scheduling. The implementation of this system has shown 
water savings of up to 30-40% compared to conventional irrigation methods, 
without reducing crop productivity (Alsallakh et al., 2023). 
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Figure 1. Deep Learning Architecture for Crop Disease Detection 

 
The implementation of transfer learning—where models pre-trained on large 

general image datasets are fine-tuned for agricultural diseases—has dramatically 
reduced the data requirements for effective disease detection. This approach 
enables the development of accurate detection models even when disease image 
datasets are limited, a common constraint in agricultural AI applications (More, 
2023). 

Recent innovations focus on multi-disease detection systems capable of 
simultaneously identifying multiple pathologies from single images. Njoku et al. 
(2024) implemented a ResNet50-based system that detects 15 different diseases 
across three major crops (rice, corn, tomato) with an average precision of 94.7%. 
The system operates on edge devices installed in fields, providing immediate 
feedback without cloud connectivity requirements. 

A critical advancement is the integration of disease detection with 
environmental monitoring to predict disease risk before symptoms appear. By 
combining weather data, humidity patterns, and historical disease occurrence 
with ML models, farmers receive early warnings about favorable conditions for 
disease outbreaks, enabling preventive measures rather than reactive treatments 
(Delfani et al., 2024). 

Hybrid AI Models for Yield Prediction 
Accurate yield prediction enables better planning for harvest logistics, market 

allocation, and resource management. Recent AI implementations combine 
multiple data sources and modeling approaches to achieve unprecedented 
prediction accuracy at both field and regional scales. 

Hybrid architectures that integrate Artificial Neural Networks (ANNs) with 
CNNs leverage both structured data (weather, soil properties, management 
practices) and unstructured data (satellite imagery, drone photos) for 
comprehensive yield modeling. The hybrid ANN-CNN approach reported by 
More (2023) achieved R² = 0.89 for rice yield prediction, substantially 
outperforming traditional regression models (R² = 0.67). 
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Table 3. AI Model Performance for Crop Yield Prediction 

Model Type 
Accuracy 
(R²) 

Data 
Requirements 

Prediction 
Timing 

Spatial 
Resolution 

Linear 
Regression 

0.65-0.70 Low Pre-season Field-level 

Random 
Forest 

0.75-0.82 Medium Pre-season Field-level 

ANN 0.80-0.85 Medium Mid-season Field-level 

CNN 
(Imagery) 

0.83-0.88 High In-season Sub-field 

Hybrid ANN-
CNN 

0.87-0.92 High In-season Sub-field 

Multi-Task 
DL 

0.90-0.94 Very High In-season Pixel-level 

 

A breakthrough innovation is the Multi-Task Crop Yield Prediction Network 
(MT-CYP-Net), which simultaneously performs crop classification and yield 
estimation at the pixel level from satellite imagery. This multi-task learning 
approach achieves fine-grained yield maps even with sparse ground-truth 
measurements, addressing a major constraint in agricultural ML where labeled 
data is expensive to collect. 

 
 

 
Figure 2. Comparative Performance of AI Models for Yield Prediction 

 
Ensemble methods combining multiple ML algorithms (Random Forest, 

XGBoost, Gradient Boosting) have proven particularly robust for yield prediction 
under variable conditions. Bachu et al. (2024) demonstrated that ensemble 
approaches reduce prediction variance and maintain accuracy across different 
growing seasons and weather patterns, providing reliable forecasts for farmer 
decision-making. 

Integrated Precision Agriculture Platforms 



Pratiwi, et al., 2025 

558 
 

Comprehensive AI platforms integrate multiple functions—monitoring, 
prediction, recommendation, and control—into unified systems that support 
holistic farm management. These platforms represent the convergence of IoT 
sensing, edge computing, cloud analytics, and AI-driven decision support. 

The AgroXAI system exemplifies next-generation precision agriculture 
platforms by incorporating explainable AI (XAI) principles into crop 
recommendation algorithms. The system not only suggests optimal crops based 
on soil properties, climate data, and market factors but also provides transparent 
explanations of why specific crops are recommended and what conditions would 
change the recommendations. This explainability feature addresses farmer trust 
issues that often hinder AI adoption, enabling users to validate recommendations 
against their local knowledge. 

 
Figure 3. Architecture of Integrated Precision Agriculture Platform 

Privacy-preserving federated learning approaches enable collaborative model 
development across multiple farms without sharing raw data. The hierarchical 
federated learning framework groups farms by crop type and growing season, 
trains specialized local models, and aggregates insights into regional models 
while maintaining data sovereignty. This approach is particularly relevant for 
agricultural cooperatives and extension services seeking to develop region-
specific recommendations without compromising individual farmer data 
privacy. 
IoT-DL pilot systems demonstrate end-to-end integration where field sensors 
continuously feed data to deep learning models that optimize irrigation 
scheduling, detect crop health anomalies, and provide near-term yield estimates. 
Blessing et al. (2024) reported that such integrated systems reduce farmer 
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decision time by 60% while improving resource use efficiency across multiple 
metrics (water, fertilizer, pesticide applications). 

 
Figure 4. Comparative Performance of AI Models for Yield Prediction 

Explainable AI and Trust-Aware Systems 
A critical barrier to AI adoption in agriculture is the “black box” nature of many 
ML models, where farmers receive recommendations without understanding the 
reasoning behind them. Recent research emphasizes explainable AI (XAI) 
methods that provide transparent, interpretable decision support aligned with 
farmer knowledge and constraints. 
The AgroXAI platform implements multiple explanation techniques, including 
LIME (Local Interpretable Model-agnostic Explanations), SHAP (Shapley 
Additive exPlanations), and counterfactual explanations. For a crop 
recommendation, the system shows: - Local explanation: Which specific features 
(soil pH, rainfall, temperature) most influenced this recommendation - Global 
explanation: Overall patterns in how the model makes decisions - 
Counterfactual: What would need to change for a different crop to be 
recommended. 
This multi-faceted explanation approach enables farmers to validate AI 
recommendations against their experiential knowledge and local conditions, 
building trust and facilitating appropriate adoption decisions. 
Trust-aware reinforcement learning represents an emerging paradigm that 
explicitly models farmer preferences and constraints within AI optimization 
algorithms. Recent work demonstrates systems that learn agricultural 
management policies (fertilization timing, irrigation schedules) while respecting 
socio-economic factors, risk tolerance, and traditional practices. This human-
centered AI approach produces recommendations that farmers are more likely to 
accept and implement. 
 

Table 4. Comparison of AI Explanation Methods for Agricultural Applications 

Method 
Explanatio
n Type 

Computation
al Cost 

Farmer 
Comprehensio
n Use Case 

LIME Local 
(instance) 

Medium High Individual 
decisions 

SHAP Local + 
Global 

High Medium Feature 
importance 
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Counterfactua
l 

Alternative 
scenarios 

Low Very High What-if 
analysis 

Rule 
extraction 

Global 
patterns 

Medium Very High General 
understandin
g 

Attention 
visualization 

Model 
internals 

Low Medium Image-based 
tasks 

 
 

Challenges and Implementation Barriers 
Despite significant technological advances, several challenges constrain 
widespread AI adoption in agriculture: 
Data Quality and Availability: Agricultural AI models require substantial 
training data representing diverse conditions, crops, and regions. Many 
developing countries lack comprehensive agricultural datasets, limiting model 
development and generalization. Data collection infrastructure, standardization 
protocols, and data sharing mechanisms remain underdeveloped. 
Infrastructure Limitations: Reliable internet connectivity, electricity access, and 
computing resources are prerequisites for many AI systems, but remain limited 
in rural agricultural areas. Edge computing and offline AI approaches partially 
address this challenge but require careful system design and higher upfront 
costs. 
Farmer Trust and Acceptance: Farmers often distrust AI recommendations that 
conflict with traditional knowledge or lack clear explanations. Building trust 
requires transparent, explainable systems that respect local expertise and 
demonstrate consistent performance over multiple growing seasons. 
Economic Viability: The cost-benefit ratio of AI implementations must be 
favorable for smallholder farmers with limited capital. Many current systems 
remain too expensive for widespread adoption, necessitating business models 
that reduce farmer costs through cooperatives, government subsidies, or service-
based approaches. 
Technical Capacity: Operating and maintaining AI systems requires technical 
skills that many farmers lack. User-friendly interfaces, extension service support, 
and capacity building programs are essential for sustainable adoption. 
Model Generalization: AI models trained in one region or crop system often 
perform poorly when applied to different contexts due to variations in climate, 
soil, varieties, and management practices. Developing adaptable, transferable 
models remains an active research challenge. 
 
IV. CONCLUSION AND RECOMMENDATIONS 

 
This comprehensive review of AI applications in agrotechnology reveals 

transformative potential for enhancing daily agricultural practices through 
intelligent automation, predictive analytics, and data-driven decision support. 
Key findings include: 

1. Practical AI implementations demonstrate measurable improvements in 
resource efficiency, with automated irrigation systems achieving 30-40% water 
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savings and 40% labor reduction while maintaining or improving crop 
performance. 

2. Deep learning techniques, particularly CNNs and hybrid models, achieve 
>95% accuracy in disease detection and R² >0.90 in yield prediction, providing 
reliable tools for farmer decision-making. 

3. Edge computing and offline AI solutions address connectivity constraints 
in rural areas, enabling real-time AI applications without continuous internet 
access—critical for developing agricultural regions. 

4. Explainable AI and trust-aware systems represent essential pathways for 
adoption, enabling farmers to understand, validate, and trust AI 
recommendations while respecting local knowledge and constraints. 

5. Privacy-preserving federated learning enables collaborative model 
development across farms without compromising data sovereignty, supporting 
cooperative agricultural systems. 

6. Implementation barriers—including data availability, infrastructure 
limitations, economic viability, and farmer trust—remain significant challenges 
requiring multifaceted solutions involving technology design, policy support, 
and capacity building. 

The evidence demonstrates that AI technologies are transitioning from 
research prototypes to practical tools capable of supporting daily agricultural 
operations. However, successful adoption requires farmer-centric design 
approaches that prioritize accessibility, explainability, and alignment with local 
agricultural contexts. 

Recommendations 
Based on the findings, we propose the following recommendations for 

advancing AI adoption in Indonesian agrotechnology: 
For Researchers and Developers: - Prioritize edge computing and offline AI 

architectures suitable for connectivity-limited environments - Integrate 
explainability features into all farmer-facing AI systems - Develop transfer 
learning approaches that enable model adaptation across diverse Indonesian 
agro-ecological zones - Create open agricultural datasets representing 
Indonesian crops, pests, diseases, and growing conditions - Design human-
centered AI systems that incorporate farmer knowledge and preferences. 

For Agricultural Extension Services: - Establish demonstration farms 
showcasing practical AI implementations with measurable outcomes - Develop 
training programs building farmer capacity in AI-assisted agriculture - Create 
support networks for troubleshooting and maintaining AI systems - Facilitate 
farmer cooperatives for shared AI infrastructure and data collaboration. 

For Policy Makers: - Invest in rural digital infrastructure (connectivity, 
electricity) enabling AI adoption - Provide subsidies or financing mechanisms 
reducing upfront costs of AI systems for smallholder farmers - Support 
development of regional agricultural data platforms with appropriate privacy 
protections - Establish standards and validation protocols for agricultural AI 
systems - Promote public-private partnerships, accelerating AI technology 
transfer to farming communities. 

For Future Research: - Conduct long-term field studies evaluating AI system 
performance across multiple growing seasons - Investigate economic impacts 
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and return-on-investment for different AI implementations - Develop context-
specific AI solutions for Indonesian tropical crops (rice, palm oil, cocoa, coffee) - 
Explore integration of traditional ecological knowledge with AI systems - Assess 
environmental sustainability impacts of AI-driven agricultural intensification. 

The convergence of artificial intelligence with agrotechnology offers 
unprecedented opportunities for addressing food security challenges while 
promoting sustainable agricultural practices. Realizing this potential requires 
coordinated efforts across research, extension, policy, and farming communities 
to develop and deploy AI solutions that are accessible, trustworthy, and 
contextually appropriate for diverse agricultural systems. 
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