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ABSTRACT

The integration of artificial intelligence (Al) in daily agribusiness operations represents a
transformative shift in modern agricultural management, particularly for tropical
smallholder farming systems. This study systematically reviews recent applications of Al
technologies in routine agribusiness activities and evaluates their operational feasibility for
tropical smallholder farming systems. Using a systematic literature review of studies
published between 2023-2025, this paper identifies four critical domains, we identify four
critical domains where Al demonstrates high impact: (1) IoT-enabled precision resource
management, (2) autonomous crop monitoring and intervention systems, (3) intelligent
farm decision support frameworks, and (4) market-aware supply chain optimization.
Evidence from reviewed empirical studies in tropical agriculture indicates that low-cost Al
solutions combining sensor networks, machine learning algorithms, and mobile
applications can achieve substantial improvements in resource efficiency (20-30% water
savings), productivity (15-20% yield increases), and profitability through optimized crop
selection. This research contributes to the growing body of knowledge by synthesizing
cutting-edge Al applications specifically contextualized for resource-constrained tropical
agribusiness environments, offering actionable insights for smallholder farmers,
agricultural extension services, and agribusiness policymakers in developing economies.

I. INTRODUCTION

The agricultural sector faces unprecedented challenges in the 21st century,
including climate variability, resource scarcity, population growth, and the need
for sustainable intensification (Syari et al.,, 2025). Simultaneously, artificial
intelligence (AI) has emerged as a transformative technology capable of
revolutionizing agricultural practices through data-driven decision-making,
automation, and optimization (Azizi, 2024). The convergence of Al with
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agribusiness operations, particularly in daily farm management activities,
represents a paradigm shift from traditional experience-based farming to
precision, intelligence-driven agricultural systems (Naveen & Adharsh, 2025).

In tropical developing regions such as Indonesia, where smallholder
farmers constitute the backbone of agricultural production, the adoption of Al
technologies presents both significant opportunities and unique challenges
(Hooda, 2025). Traditional agribusiness practices in these contexts are
characterized by limited access to advanced technologies, fragmented
landholdings, and resource constraints (Manikandababu et al., 2024). However,
recent technological advances have made Al-powered solutions increasingly
accessible through low-cost sensors, mobile computing, and cloud-based
analytics (Pero et al., 2024).

The novelty of this research lies in synthesizing empirical evidence on daily-
use Al applications tailored for tropical smallholder agribusiness contexts
specifically designed for tropical smallholder agribusiness contexts, rather than
capital-intensive industrial agriculture systems. While previous studies have
extensively documented Al capabilities in controlled agricultural environments
(Obeidat et al., 2024), there remains a critical gap in understanding how these
technologies can be effectively integrated into the routine operations of resource-
constrained tropical farming systems (Rajesh Kumar & Majid, 2023).

This study aims to:

1. The novelty of this research lies in synthesizing empirical evidence on
daily-use Al applications tailored for tropical smallholder agribusiness contexts,
suitable for daily agribusiness operations in tropical smallholder contexts

2. Evaluate the practical feasibility and impact of Al-driven systems on farm
productivity and resource efficiency

3. Synthesize evidence-based recommendations for Al adoption in
Indonesian agribusiness systems

4. Propose a conceptual framework for integrating Al technologies into
routine agricultural business management

Understanding Al integration in daily agribusiness operations is crucial for
several reasons. First, it addresses the pressing need for sustainable
intensification in tropical agriculture without proportional increases in resource
inputs (Shanthakumari et al., 2024). Second, it democratizes access to advanced
agricultural technologies for smallholder farmers who have historically been
excluded from precision agriculture innovations (Sharma et al., 2024). Third, it
provides empirical evidence for policymakers and agricultural development
agencies seeking to support digital transformation in the agricultural sector
(Zhang et al., 2023).

II. METHODOLOGY

A total of 86 articles were initially identified, of which 42 met the inclusion
criteria and were analyzed to identify recent Al applications in agribusiness. The
search strategy encompassed multiple academic databases, including SciSpace,
Google Scholar, ArXiv, and PubMed, focusing on publications from 2023 to 2025
to capture the most current innovations. Search terms included combinations of
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“artificial intelligence,” “machine learning,” “agribusiness,
“precision agriculture,” and “tropical agriculture.”

2.2 Inclusion Criteria

Studies were included if they: (1) described Al applications in agricultural
or agribusiness contexts, (2) provided empirical evidence or field validation, (3)
focused on practical daily operations rather than purely theoretical models, (4)
were published in peer-reviewed journals or reputable conference proceedings,
and (5) demonstrated relevance to smallholder or tropical farming systems.

2.3 Analysis Framework

The identified Al applications were categorized into four primary domains
based on their operational function: (1) precision resource management, (2)
autonomous monitoring and intervention, (3) decision support systems, and (4)
supply chain optimization. Each domain was analyzed for technological
components, implementation requirements, demonstrated impacts, and
applicability to tropical smallholder contexts.

2.4 Conceptual Framework Development

Based on the literature synthesis, a conceptual framework was developed
to illustrate the integration pathways of Al technologies into daily agribusiness
operations, considering the specific constraints and opportunities of tropical
smallholder farming systems.

smart farming,”

ITI. RESULTS AND DISCUSSION.

IoT-Enabled Precision Resource Management

One of the most impactful Al applications in daily agribusiness operations
involves Internet of Things (IoT) sensor networks combined with machine
learning algorithms for real-time resource management. Several reviewed
studies report substantial benefits of Al adoption in tropical agricultural contexts
from these systems.

1. Smart Irrigation Systems

A pioneering study by Syari et al. (2025) implemented IoT-enabled smart
farming systems for spinach cultivation in tropical conditions. The system
integrated soil moisture sensors, microclimate monitors, and machine learning
algorithms to optimize irrigation scheduling. According to Syari et al. (2025), Al-
enabled irrigation reduced water consumption by 20.2%, harvest time reduced
from 34 to 29 days, and yield increased from 720g to 850g per plot. These
outcomes are particularly significant for smallholder farmers facing water
scarcity and seeking to maximize productivity within limited growing seasons.

The technological architecture of such systems typically comprises three
layers: (1) sensing layer with low-cost soil moisture, temperature, and humidity
sensors; (2) communication layer using wireless protocols (LoRa, WiFi, or cellular
networks); and (3) application layer featuring machine learning models
(commonly K-Nearest Neighbors, Support Vector Machines, or Decision Trees)
that process sensor data and trigger automated irrigation controllers (Azizi,
2024). Several studies reported that system costs ranged below USD 500 per
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hectare, making them potentially accessible to smallholder cooperatives and
progressive farmers in developing economies.

2. Intelligent Nutrient Management

Beyond irrigation, Al-driven soil nutrient advisory systems represent another
critical application for daily farm management. These systems utilize IoT sensors
to detect nitrogen, phosphorus, potassium (NPK) levels and soil moisture, then
deliver customized fertilization recommendations through mobile applications
(Naveen & Adharsh, 2025). The farmer-friendly interface of these apps enables
even less-educated farmers to receive and implement precise nutrient
management strategies, reducing fertilizer waste and environmental impact
while optimizing crop nutrition.

Table 1. Comparative Performance of Al-Driven Precision Resource Management Systems

Key Cost
Technology Performance Range Suitability for
System Type Components Indicators (USD) Smallholders
Smart IoT sensors +  20% water $300- High
Irrigation ML classifiers  savings, 18% 500/ ha
yield increase
Nutrient NPK sensors + 15-25% $200- Very High
Advisory mobile app fertilizer 400/ha
reduction
Integrated Multi- 30% input cost  $600- Medium
Resource parameter reduction 1000/ ha
Management  sensors +
cloud ML

Note. Compiled from Syari et al. (2025), Azizi (2024), and Naveen & Adharsh (2025).

Al Technology Adoption Trends in Tropical Agribusiness (2020-2025)
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Figure 1. Al Technology Adoption Trends in Tropical Agribusiness (2020-2025)

Autonomous Crop Monitoring and Intervention Systems
The second major domain of Al application involves autonomous monitoring
technologies that enable frequent, detailed crop surveillance without
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proportional increases in labor costs. Unmanned Aerial Vehicles (UAVs)
equipped with multispectral and hyperspectral sensors, combined with
computer vision algorithms, are transitioning from occasional survey tools to
near-daily operational assets (Hooda, 2025).

3.2.1 Drone-Based Multispectral Monitoring

Modern agricultural drones equipped with multispectral cameras can capture
vegetation indices (NDVI, NDRE, GNDVI) that reveal crop health status, nutrient
deficiencies, and water stress invisible to the naked eye. When integrated with
Al-powered image analysis, these systems generate actionable crop health maps
that guide targeted interventions. For tropical perennial crops like coffee, cocoa,
and fruit trees—which are economically vital in Indonesia—regular drone
monitoring enables early detection of diseases and pests, allowing timely
treatment before widespread damage occurs.

The economic feasibility of drone monitoring has improved dramatically with
the emergence of drone service providers who offer per-hectare scanning
services, eliminating the need for individual farmers to invest in expensive
equipment (Pero et al., 2024). Smallholder cooperatives can collectively contract
drone services for periodic monitoring, with costs as low as $5-10 per hectare per
flight.

3.2.2 Computer Vision for Weed and Pest Management

Real-time object detection algorithms, particularly YOLO (You Only Look Once)
variants, have achieved remarkable accuracy in identifying and localizing weeds,
pests, and diseases from images (Manikandababu et al., 2024). These vision
systems can be deployed on ground-based agricultural robots or mounted on
tractors to enable precision spot-spraying, reducing herbicide use by up to 70%
compared to broadcast applications. For smallholder systems, smartphone-based
implementations of these algorithms offer a more accessible alternative, allowing
farmers to photograph suspected problems and receive instant Al-powered
diagnostic feedback.
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Performance Comparison: Traditional vs Al-Enabled Agribusiness
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Figure 2. Performance Comparison - Traditional vs AI-Enabled Agribusiness

Intelligent Farm Decision Support Systems

The third critical domain encompasses Al-driven decision support systems
(DSS) that assist farmers in complex operational and strategic decisions. These
systems integrate multiple data sources—including weather forecasts, soil
characteristics, market prices, and historical performance—to generate
optimized recommendations for crop selection, planting schedules, and resource
allocation (Shanthakumari et al., 2024).

3.3.1 Multi-Agent Farm Management Systems

Advanced farm management platforms are now employing multi-agent
architectures where specialized software agents handle different aspects of farm
operations (irrigation, fertilization, pest management) while communicating and
coordinating through standardized protocols (Obeidat et al., 2024). This
approach enables automated, integrated farm management where decisions in
one domain (e.g., irrigation timing) consider constraints and opportunities in
other domains (e.g., upcoming fertilization schedules or predicted rainfall).

For smallholder contexts, simplified versions of these systems can be
implemented through mobile applications that serve as the primary user
interface, with cloud-based Al agents handling the computational complexity.
This architecture allows resource-constrained farmers to benefit from
sophisticated optimization algorithms without requiring local computing
infrastructure.

3.3.2 Market-Aware Crop Recommendation Systems

A particularly innovative application of Al in agribusiness decision-making
involves crop recommendation systems that incorporate market demand and
price forecasts alongside traditional agronomic factors. Machine learning models

503



Budiasa, et al., 2025

analyze historical market data, current demand trends, seasonal patterns, and
projected supply to recommend crop choices that optimize expected profitability
while respecting soil and climate constraints (Shanthakumari et al., 2024).

Reviewed studies employing Random Forest algorithms reported
classification accuracies exceeding 95% in matching optimal crops to specific
farm conditions (Sharma et al., 2024). For Indonesian smallholders who often face
volatile market prices and uncertain demand, these systems provide valuable
guidance for planting decisions, potentially reducing the risk of overproduction
of low-value crops.

Table 2. Al-Driven Decision Support Systems for Agribusiness

Decision
System Support Implementatio Adoption
Category Al Techniques Function  n Platform Barriers
Multi-Agent Reinforcement Integrated Cloud + Technical
Systems Learning, farm Mobile App complexity
Agent automatio ,
Communicatio n connectivit
n y
Crop Random Optimal Mobile Data
Recommendatio Forest, Neural crop Application availability
n Networks selection , farmer
trust
Market Time Series Price SMS/App Market
Advisory Analysis, prediction, Notifications data access
Demand marketing
Forecasting timing
Weather-Based = Deep Planting & Mobile Forecast
Planning Learning, harvesting Dashboard accuracy
Ensemble schedules

Models
Note. Compiled from Obeidat et al. (2024), Sharma et al. (2024), and Shanthakumari et al. (2024).
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Figure 3. Cost-Benefit Analysis of Al Technology Adoption
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The fourth domain addresses Al applications in agricultural supply chains
and market linkages, which are critical for translating on-farm productivity gains
into improved farmer incomes (Zhang et al., 2023). While this area remains
relatively nascent compared to production-focused Al applications, emerging
systems demonstrate significant potential.

Al-powered image analysis systems can assess produce quality parameters
(size, color, blemishes, ripeness) objectively and consistently, supporting better
postharvest handling decisions and market grading. When integrated with
blockchain or digital ledger technologies, these systems enable transparent
traceability from farm to consumer, which is increasingly demanded by export
markets and conscious consumers (Bacco et al., 2023).

However, it must be acknowledged that fully integrated, end-to-end Al
platforms managing daily logistics, dynamic pricing, and aggregated
smallholder marketing remain largely aspirational rather than operational in
most tropical developing contexts. The evidence base consists primarily of pilot

projects and conceptual frameworks rather than scaled implementations.
Technology Readiness Assessment for Tropical Smallholder Context
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Figure 4. Technology Readiness Assessment for Tropical Smallholder Context

Challenges and Limitations

Despite the promising potential of Al in agribusiness, several challenges
constrain widespread adoption in tropical smallholder contexts:

Infrastructure Limitations. Many rural areas lack reliable internet connectivity
and stable electricity supply, which are prerequisites for IoT sensors and cloud-
based Al systems (Rajesh Kumar & Majid, 2023). Solar-powered sensors and
offline-capable mobile applications can partially address these constraints.

Data Availability and Quality. Machine learning models require substantial
training data, which may be scarce for specific tropical crops and local conditions
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(Pero et al., 2024). Transfer learning approaches and collaborative data collection
initiatives can help overcome this limitation.

Digital Literacy and Trust. Many smallholder farmers have limited experience
with digital technologies and may be skeptical of Al-generated recommendations
that contradict traditional practices (Sharma et al., 2024). Gradual introduction
through trusted extension agents and demonstration farms can build confidence.
Economic Viability. While Al technologies are becoming more affordable, initial
investment costs remain significant relative to smallholder incomes (Azizi, 2024).
Innovative financing mechanisms, government subsidies, and service-based
business models are needed to bridge this gap.

Maintenance and Technical Support. Sophisticated Al systems require ongoing
maintenance, calibration, and technical support that may not be readily available
in remote rural areas (Rajesh Kumar & Majid, 2023). Developing local technical
capacity and remote troubleshooting capabilities is essential for sustainability.

IV. CONCLUSION AND RECOMMENDATIONS

This comprehensive analysis of Al integration in daily agribusiness
operations reveals a transformative potential for tropical smallholder farming
systems. Four critical domains— precision resource management, autonomous
monitoring, intelligent decision support, and supply chain optimization—
demonstrate practical applications that can substantially improve productivity,
resource efficiency, and profitability.

Field evidence from recent implementations (2023-2025) shows that
accessible Al solutions combining low-cost IoT sensors, machine learning
algorithms, and mobile applications can achieve:

* 20-30% reductions in water and fertilizer use

* 15-20% increases in crop yields

* Significant improvements in pest and disease management

* More profitable crop selection and market timing

For Indonesian agribusiness contexts, particularly in Bali and other tropical
regions, these technologies offer pathways to sustainable intensification without
proportional increases in environmental impact. The key to successful adoption
lies in ensuring the affordability, usability, and contextual appropriateness of Al
solutions.

4.1 Recommendations

Based on this research, we propose the following recommendations for
stakeholders:

For Farmers and Farmer Organizations:

 Start with simple, proven Al applications like smart irrigation and mobile
crop advisory apps

* Form cooperatives to share costs of drone services and sensor networks

* Participate in digital literacy training programs to build confidence with
Al technologies

For Agricultural Extension Services:

* Integrate Al tools into extension programs and demonstration farms
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* Provide training and ongoing technical support for Al adoption

* Facilitate data collection and sharing to improve Al model accuracy

For Policymakers and Development Agencies:

* Invest in rural digital infrastructure (connectivity, electricity)

* Develop subsidy programs or innovative financing mechanisms for Al
technology adoption

* Support research and development of Al solutions tailored to local crops
and conditions

* Create regulatory frameworks that ensure data privacy and farmer rights

For Technology Providers and Researchers:

* Design Al solutions with smallholder constraints and capabilities in mind

* Prioritize affordability, simplicity, and offline functionality

* Conduct more field trials in diverse tropical agricultural contexts

* Develop open-source platforms and collaborative data initiatives

4.2 Future Research Directions

Several areas warrant further investigation:

1. Long-term impact studies of Al adoption on farm profitability and
sustainability

2. Comparative analyses of different Al implementation models (individual
vs. cooperative vs. service-based)

3. Development of Al systems specifically optimized for Indonesian tropical
crops (rice, cocoa, coffee, palm oil, tropical fruits)

4. Integration of traditional ecological knowledge with Al-driven
recommendations

5. Socio-economic factors influencing Al adoption and sustained use among
smallholders

The integration of artificial intelligence into daily agribusiness operations
represents not merely a technological upgrade but a fundamental transformation
in how farming knowledge is generated, shared, and applied. For tropical
smallholder systems in Indonesia and similar contexts, this transformation offers
unprecedented opportunities to enhance productivity, sustainability, and farmer
livelihoods in an era of climate change and resource constraints.
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