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ABSTRACT: 
The oil palm industry faces critical challenges, including severe labor 

shortages, time-sensitive quality degradation, and productivity gaps between 

large-scale plantations and smallholder operations. Automated ripeness 

detection systems powered by artificial intelligence and computer vision 

offer transformative solutions, yet their effective implementation depends on 

specific temporal and spatial contexts. This qualitative literature review 

synthesizes evidence from 2020 to 2026 to identify when and where 

automated Fresh Fruit Bunch (FFB) ripeness detection systems can be 

deployed most effectively. Employing thematic analysis of peer-reviewed 

literature, this study reveals that automated systems become strategically 

necessary during acute labor crises (workforce shortages of 12-15%), during 

digital supply chain transformation phases, and when processing delays 

exceed 24 hours for more than 30% of harvested FFB. Spatially, 

implementation demonstrates the highest efficacy at palm oil mills with 

throughput exceeding 100 FFB per hour, followed by large-scale plantations 

(>1,000 hectares) with adequate digital infrastructure, and smallholder 

cooperatives operating shared-machinery models with governmental 

support. The analysis identifies critical enablers, including AI model 

accuracy exceeding 90%, stable internet connectivity (>50 Mbps), access to 

electricity, and institutional capacity for technology adoption. Policy 

recommendations emphasize phased implementation, prioritizing mill-based 

grading stations, investing in infrastructure in plantation regions, and 

inclusive financing mechanisms to support smallholder participation. This 

research contributes actionable frameworks to help stakeholders navigate the 

intersection of agricultural automation, sustainability certification 

requirements, and economic viability in the world's largest vegetable oil 

sector. 
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Introduction 

Public-Private Partnerships (PPPs) have increasingly become an important 

governance mechanism for delivering infrastructure and public services 

across many countries. Governments often turn to PPPs as a strategic 

approach to address financial constraints, improve efficiency, and access 
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1. Introduction 
1.1 Background 

The oil palm (Elaeis guineensis) industry represents a cornerstone 

of agricultural economies in Southeast Asia, contributing 4.5% to 

Indonesia's GDP and 3.7% to Malaysia's GDP, while directly and 

indirectly employing over 16.2 million people. As the world's most 

productive vegetable oil crop, oil palm yields approximately 3.68-

4.56 tons per hectare annually, significantly surpassing alternative 

oil crops. Indonesia and Malaysia collectively account for 83% of 

global palm oil production, with Indonesia alone producing 46.5 

million metric tons in 2023. Beyond its economic significance, 

palm oil has diverse applications, ranging from food products and 

cosmetics to biodiesel, with domestic consumption in producing 

countries rising to 44% of total production (Statista Research 

Department, 2025). 

Determining optimal ripeness in Fresh Fruit Bunches (FFB) is a 

critical quality control step that profoundly influences downstream 

processing efficiency and product quality. Optimally ripe FFB 

yield Oil Extraction Rates (OER) ranging from 23.2% to 27.4%, 

with Free Fatty Acid (FFA) content maintained below 5%. 

Conversely, premature harvesting or overripe bunches result in 

substantial economic losses due to reduced OER and elevated FFA 

levels, which degrade the quality of Crude Palm Oil (CPO). 

Traditional manual grading methods, while widely practiced, 

suffer from inherent inconsistencies due to subjective human 

judgment, visual fatigue, and variation in grader expertise. These 

limitations become particularly pronounced in high-throughput 

processing environments, where rapid, accurate classification is 

essential (Hassan & Mohammad, 2005).  

The economic implications of grading errors extend throughout the 

value chain. Each 1% improvement in the national average OER 

translates into substantial revenue gains for producing nations, 

motivating regulatory bodies such as Malaysia's MPOB to enforce 

minimum OER thresholds of 18-23%. Furthermore, international 

sustainability certification schemes, including the Roundtable on 

Sustainable Palm Oil (RSPO) and Indonesian Sustainable Palm Oil 

(ISPO), mandate rigorous quality standards and traceability 

protocols, creating additional imperatives for reliable, documented 

grading processes (Córdoba et al., 2022; Reich & Musshoff, 2025; 

Scriven et al., 2026). 

1.2 Research Urgency 

Three converging crises underscore the urgent need for automated 

ripeness detection systems in the oil palm sector. First, the industry 

confronts an acute and worsening labor shortage. Malaysia 

experienced a 54,630-worker deficit in 2020-2021, a 6% increase 

from the previous year, resulting in an estimated RM10.46 billion 

in unharvested fruit losses within just five months of 2022. This 

labor crisis disproportionately affects harvesting operations, the 

most labor-intensive activity on plantations. Dependency on 

foreign migrant workers, exacerbated by pandemic-related border 

restrictions and changing migration patterns, has rendered 

traditional labor-intensive models increasingly unsustainable 

(Badgujar et al., 2024; Kean & Shyan, 2024).  

Second, palm oil production operates under severe temporal 

constraints, making timely quality assessment critical. FFB must 

reach processing mills within 24 hours of harvest to maintain 

quality, as FFA content increases by 0.1% per 24-hour delay; 

bruised fruit can experience FFA increases of 1-6% within 20 

minutes of damage. Processing delays exceeding 24 hours 

significantly degrade oil quality and reduce marketability. These 

time-critical dynamics create operational environments where 

rapid, accurate ripeness assessment directly impacts profitability 

and compliance with quality standards (Omotayo et al., 2025; 

Rangkuti et al., 2025).  

Third, significant productivity disparities persist between large-

scale industrial plantations and smallholder operations. 

Smallholders manage approximately 40% of Indonesia's oil palm 

plantation area, with 95% operating as independent farmers outside 

formal schemes. These smallholders consistently achieve lower 

yields and inferior-quality outputs compared to industrial estates, 

reflecting gaps in technical knowledge, access to inputs, and 

quality-control capabilities. Automated grading technologies offer 

potential pathways to narrow these productivity gaps through 

standardization and objective quality assessment (Judijanto, 2025e, 

2025c). 

1.3 Research Objectives 

This qualitative literature review addresses three primary 

objectives. First, it identifies the temporal contexts—the "when"—

in which automated FFB ripeness detection systems are most 

effective. This includes examining trigger conditions such as labor-

shortage thresholds, quality-degradation patterns, and phases of 

digital transformation in supply chain management. Second, it 

delineates the spatial and operational contexts—the "where"—

most conducive to successful implementation, encompassing 

plantation scale, infrastructure availability, geographical location, 

and organizational characteristics. Third, it synthesizes these 

findings into actionable policy recommendations for government 

agencies, industry stakeholders, and farmer cooperatives to guide 

strategic investment and the phased adoption of technology. 

By addressing these objectives, this research contributes 

frameworks for evidence-based decision-making at the intersection 

of agricultural automation, sustainability imperatives, and 

economic development in the global palm oil sector. 

2. Literature REVIEW 
2.1 Conceptual Foundation: Optimal FFB Ripeness and 

Economic Implications 

Oil palm FFB ripeness is categorized into distinct maturity stages 

based on the proportion of detached outer fruits, ranging from 

unripe (no detachment) to overripe (>90% detachment). Optimal 

ripeness, typically defined as 5-10 loose fruits per bunch, 

maximizes both oil content and quality parameters. This maturity 

stage corresponds to peak OER performance of 23.2-27.4%, 

significantly exceeding the regulatory minimum of 18% and 

approaching best-practice targets of 23% promoted by industry 

development programs (Jaya & Khairiah, 2025; Zaki et al., 2025). 

The relationship between ripeness and oil quality extends beyond 

extraction efficiency to encompass critical chemical properties. 

FFA content, the primary indicator of oil degradation, remains 

below 5% in properly graded, optimally ripe FFB processed within 

recommended timeframes. Elevated FFA levels compromise CPO 

market value, industrial processability, and compliance with 

international quality standards, including Indonesian National 

Standard SNI 290:2021. The economic consequences are 

substantial: a single percentage-point increase in FFA content can 
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reduce the CPO selling price by 2-3%, translating into millions of 

dollars in lost revenue for major producers (Zulkefli et al., 2017). 

Beyond individual quality metrics, FFB ripeness assessment is a 

critical control point for optimizing overall mill operations. 

Consistent receipt of properly graded fruit enables efficient 

production planning, reduces processing losses, and maintains 

stable product quality—factors increasingly important under 

sustainability certification requirements that demand documented 

quality management systems (Phoochinda, 2018; Reich & 

Musshoff, 2025). 

2.2 Theoretical Foundation: AI-Powered Ripeness Detection 

Technologies 

Contemporary automated ripeness detection leverages advances in 

deep learning and computer vision, particularly convolutional 

neural networks (CNNs) and real-time object detection 

architectures. The You Only Look Once (YOLO) family of models 

has emerged as dominant in agricultural applications due to 

exceptional speed-accuracy tradeoffs suitable for real-time 

deployment. Recent implementations demonstrate impressive 

performance metrics: YOLOv8 variants achieve 95.2-97% 

classification accuracy with mean Average Precision (mAP) 

exceeding 95.3% while maintaining real-time processing speeds of 

67-68 frames per second (Badgujar et al., 2024; Megantara & 

Utami, 2025; Suharjito et al., 2021). 

These models operate by learning hierarchical visual features from 

labeled training datasets, progressively extracting patterns from 

low-level edges and textures to high-level semantic representations 

of ripeness indicators such as color, surface characteristics, and 

fruit detachment patterns. Transfer learning approaches enable 

effective model training even with limited dataset sizes—a critical 

consideration for specialized agricultural applications—by 

leveraging pre-trained networks trained on large-scale image 

datasets and fine-tuning them on domain-specific palm oil imagery 

(Chang et al., 2024; Promboonruang & Boonrod, 2023; Rajakal et 

al., 2022; Rosbi, Omar, Khairuddin, Majeed, et al., 2024; Septiarini 

et al., 2021; Suharjito et al., 2025). 

Deployment architectures vary from cloud-based centralized 

processing to edge computing implementations that perform 

inference on resource-constrained devices near data sources. Edge 

computing approaches offer particular advantages in plantation 

environments with limited connectivity, enabling real-time 

decision-making with reduced latency and bandwidth 

requirements. IoT-enabled handheld devices integrated with edge 

processors achieve processing times of 2-4 seconds per FFB while 

incorporating GPS tracking and environmental monitoring 

capabilities (Noordin et al., 2025). 

Model robustness under variable field conditions represents a 

critical performance dimension. Recent studies demonstrate high 

accuracy across challenging scenarios: 96.7% under bright 

sunlight, 86.7% with leaf obstruction, and 83.3% under motion 

blur. This environmental adaptability distinguishes practical, 

deployment-ready systems from laboratory prototypes (Filippi, 

2026). 

2.3 Conditions Necessitating Automated Systems 

2.3.1 Time-Critical Supply Chain Constraints 

The oil palm supply chain operates under uniquely stringent 

temporal constraints that create strong incentives for automation. 

FFB quality degradation begins immediately post-harvest, with 

enzymatic processes rapidly increasing FFA content at rates of 

0.1% per 24-hour period under standard conditions. Bruised or 

damaged fruit experiences accelerated degradation, with FFA 

levels rising 1-6% within 20 minutes of physical trauma. These 

dynamics establish a critical 24-hour window from harvest to 

processing, beyond which quality deterioration imposes substantial 

economic penalties (Amertet et al., 2024; Krisdiarto & Sutiarso, 

2016; Rosbi, Omar, Khairuddin, P.P.A.Majeed, et al., 2024). 

Field observations confirm that processing delays exceeding 24 

hours result in measurable reductions in OER and increases in 

FFA, compromising product marketability. Under labor-shortage 

conditions, harvest backlogs often extend beyond optimal 

timeframes, compounding quality losses. Automated grading 

systems that accelerate throughput at mill reception points directly 

address this temporal pressure by reducing bottlenecks in quality 

assessment processes (Makky & Soni, 2013; Rosbi, Omar, 

Khairuddin, Majeed, et al., 2024; Septiarini et al., 2021). 

2.3.2 Labor Crisis in Plantation Operations 

The palm oil industry faces unprecedented labor shortages that 

threaten production sustainability. Malaysia's documented worker 

shortage of 54,630 in 2020-2021 resulted in a 3.6% decline in CPO 

production despite a stable planted area. The estimated RM10.46 

billion in unharvested fruit losses during early 2022 underscores 

the severity of this crisis. Labor shortages disproportionately affect 

harvesting—the most labor-intensive activity that requires skilled 

judgment to assess ripeness (Kean & Shyan, 2024). 

Beyond immediate production losses, labor scarcity drives wage 

inflation, eroding industry profitability. Mechanization and 

automation emerge as strategic responses to reduce labor 

dependency while potentially improving consistency and 

throughput. Industry leaders increasingly recognize that 

automation is transitioning from an optional efficiency 

enhancement to an existential necessity amid severe labor 

constraints (Amertet et al., 2024; Amirkadra, 2022). 

2.3.3 Productivity Gaps and Quality Standardization Needs 

Smallholder operations, which account for 40% of Indonesian 

palm oil production, consistently underperform industrial estates 

on both yield and quality metrics. This productivity gap reflects 

multiple factors, including limited access to technical knowledge, 

inconsistent agronomic practices, and inadequate quality control. 

Manual grading variability particularly affects smallholders 

lacking formalized training programs and quality monitoring 

systems (Judijanto, 2025e, 2025a; Syarifudin & Zareen, 2021; 

Ulum & Nursyamsiah, 2026). 

Automated grading offers potential to standardize quality 

assessment independent of operator skill variability. For 

smallholder cooperatives, shared access to automated systems 

through machinery-sharing arrangements could democratize 

access to precision agriculture technologies typically available 

only to large estates. Furthermore, sustainability certification 

schemes (RSPO, ISPO, MSPO) impose rigorous documentation 

and traceability requirements that automated digital systems 

inherently support through data logging and chain-of-custody 

tracking (Judijanto, 2025d; Mamabolo et al., 2025; Musim Mas, 

2025; Reich & Musshoff, 2025). 

2.4 Enabling Contexts for Effective Implementation 

2.4.1 Technological Maturity and Infrastructure Readiness 

Successful deployment requires sufficient technological maturity 
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across multiple dimensions. AI model accuracy must exceed 90% 

to justify fff replacement or augmentation of human graders, with 

recent implementations demonstrating 85-99% accuracy under 

varied operational conditions. Processing speed must support real-

time throughput requirements, typically 2-5 milliseconds per 

image for mill-based systems handling 100+ FFB per hour 

(Roseleena et al., 2011). 

Infrastructure prerequisites include a stable electricity supply and 

internet connectivity. Precision agriculture standards typically 

specify minimum broadband speeds of 50-100 Mbps for cloud-

integrated systems, though edge computing architectures reduce 

reliance on connectivity. Rural plantation areas frequently lack 

these infrastructure fundamentals, with electricity access below 

50% in some Sub-Saharan African palm-growing regions and 

inadequate mobile connectivity prevalent across Southeast Asian 

smallholder areas (Allynav, 2025; Mamabolo et al., 2025; 

Suharjito et al., 2021). 

2.4.2 Operational Scale and Business Model Considerations 

Implementation context significantly influences viability and 

return on investment (ROI). Palm oil mills are optimal entry points 

due to centralized FFB reception from multiple plantations, high 

throughput that justifies capital investment, and existing 

infrastructure for power and connectivity. Mill-based grading 

stations processing 100+ FFB per hour achieve rapid ROI through 

improved accuracy and reduced labor costs for quality inspection 

(Makky & Soni, 2013; Septiarini et al., 2021). 

Large-scale plantations (>1,000 hectares) with centralized 

management and access to capital constitute secondary adoption 

targets. These operations possess technical capacity for system 

maintenance, infrastructure to support deployment, and sufficient 

scale to justify investment. Field-based implementations using IoT 

handheld devices offer mobility advantages for pre-harvest 

assessment and distributed grading across large estates (Yaakub et 

al., 2023)  

Smallholder access to automated technologies primarily occurs 

through cooperative or shared machinery models. Agricultural 

equipment cooperatives demonstrate 15%+ cost reductions 

through shared ownership among 5-20 farmers. Government 

subsidies and targeted financing schemes are essential for 

smallholder technology adoption, given the high initial costs of 

$10,000- $ 50,000 for advanced systems (Ahmad et al., 2023). 

2.4.3 Economic Viability and Return on Investment 

Cost-benefit analysis constitutes a critical determinant of adoption 

decisions. Basic IoT precision agriculture systems cost $1,500-

5,000, while advanced AI vision systems with edge computing 

range from $10,000-50,000. These upfront investments must be 

justified through measurable benefits, including labor cost 

reduction (20-30%), input optimization (20-30% savings), and 

yield improvements (10-15%) (Dhanasekar, 2025; Mamabolo et 

al., 2025). 

For palm oil mills, automated grading systems generate value 

through multiple pathways: reduced labor requirements for manual 

inspection, improved grading accuracy, which leads to optimized 

pricing for purchased FFB, minimized oil losses from misclassified 

fruit, and enhanced compliance documentation for certification 

schemes. Industry analyses suggest ROI periods of 2-5 years for 

mill-based implementations under typical operational conditions 

(Makky & Soni, 2013; Reich & Musshoff, 2025). 

Large plantations realize additional benefits through integration 

with farm management systems, enabling data-driven decision-

making for harvest scheduling, quality-based pricing, and 

traceability management. Smallholder cooperatives require longer 

ROI horizons (3-7 years) but benefit from government cost-sharing 

programs, premium access to certification, and collective 

bargaining power in markets increasingly demanding documented 

sustainable sourcing (Borer, 2025; Reich & Musshoff, 2025). 

3. Methodology 
3.1 Research Design: Qualitative Literature Review 

This study employs a qualitative literature review methodology 

distinguished from systematic review approaches by its 

interpretive, exploratory orientation toward theory building and 

contextual understanding rather than exhaustive coverage and 

meta-analytical aggregation. Qualitative reviews permit flexible, 

iterative engagement with literature to develop nuanced insights 

into complex phenomena—particularly appropriate for emerging 

technology adoption contexts where rigid inclusion protocols may 

exclude valuable contextual insights (Dahal, 2025; Felix, 2024). 

The framework draws on the principles of thematic analysis 

articulated by Braun and Clarke, emphasizing pattern 

identification, theme development, and interpretive synthesis 

across diverse evidence sources. This approach integrates technical 

performance studies, analyses of adoption barriers, case-study 

evidence, and policy documentation into coherent analytical 

narratives that address the research objectives (Kiger & Varpio, 

2020). 

3.2 Literature Search and Selection Strategy 

Literature searches targeted peer-reviewed academic journals, 

conference proceedings, and authoritative industry publications 

spanning January 2020 through December 2026. Database sources 

included Scopus, Web of Science, IEEE Xplore, ScienceDirect, 

PubMed, and Google Scholar. Search terms combined technical, 

contextual, and agricultural domains: "automated ripeness 

detection," "oil palm FFB," "fresh fruit bunches," "computer vision 

agriculture," "YOLO object detection," "precision agriculture 

adoption," "digital agriculture barriers," "smallholder 

mechanization," and "IoT smart farming." 

Inclusion criteria encompassed: (1) studies addressing AI/ML 

applications for fruit ripeness detection in agriculture; (2) research 

on oil palm cultivation, processing, or quality management; (3) 

analyses of precision agriculture technology adoption in 

developing countries; (4) examinations of agricultural 

mechanization and cooperative models; (5) publications since 2020 

to ensure currency. Exclusion criteria filtered out: (1) non-English 

publications without accessible translations; (2) purely theoretical 

models lacking empirical grounding; (3) studies on crops with 

fundamentally different ripeness assessment requirements. 

Initial searches yielded 127 potentially relevant publications. 

Screening based on title and abstract reduced this to 84 documents 

for full-text review. Final inclusion, following detailed assessment, 

comprised 68 sources, forming the core evidence base for the 

thematic analysis. 

3.3 Data Analysis Technique 

Analysis followed a six-phase thematic analysis framework. Phase 

1 (Familiarization) involved intensive reading of all included 

sources and recording preliminary observations on contexts, 

http://aditum.org/
http://aditum.org/


 

   
        5 | P a g e  

 

    International Journal of Business Research and Management                                                                                                                    Aditum Publishing –www.aditum.org 
 

 

Copyright © Loso Judijanto 

 

, Ph.D 

 

conditions, and outcomes. Phase 2 (Initial Coding) systematically 

coded content segments related to implementation contexts, 

technological capabilities, adoption barriers, and success factors. 

Phase 3 (Theme Identification) clustered codes into candidate 

themes, including "temporal triggers," "spatial contexts," 

"technological enablers," and "implementation barriers" (Dahal, 

2025; Delve, 2025). 

Phase 4 (Theme Review) refined and validated themes through 

iterative checking against original data sources, ensuring internal 

coherence and distinction between themes. Phase 5 (Theme 

Definition) articulated precise definitions and scope for each 

theme, developing sub-themes to capture nuanced variation. Phase 

6 (Synthesis) integrated themes into coherent analytical narratives 

that address the research questions about when and where 

automated systems achieve effective implementation. 

This qualitative analytical process enabled the identification of 

patterns, contextual dependencies, and contingent relationships 

that quantitative meta-analytical approaches would obscure, 

yielding actionable insights for diverse stakeholder contexts. 

4. Results 
4.1 Theme 1: Temporal Contexts—When Automated Systems 

Become Strategically Necessary 

4.1.1 Emergency Phase: Acute Labor Crisis 

Evidence consistently indicates that severe labor shortages are the 

primary temporal trigger for the adoption of urgent automation. 

The threshold condition emerges when workforce deficits exceed 

12-15% of operational requirements, a level at which traditional 

compensatory strategies (wage increases, recruitment 

intensification, overtime) prove insufficient or economically 

unsustainable. Malaysia's 54,630-worker shortage in 2020-2021, 

representing approximately 15% of sectoral labor needs, directly 

caused a 3.6% decline in production and RM10.46 billion in 

harvest losses (Amertet et al., 2024; Haryati et al., 2022; Siti-Dina 

et al., 2023). 

Under emergency conditions, automation transitions from long-

term strategic consideration to immediate operational necessity. 

The opportunity cost of delayed technology adoption escalates 

dramatically when production losses mount daily, and competitors 

maintain harvest efficiency, capturing market share. Emergency-

phase implementations typically prioritize the rapid deployment of 

proven technologies at critical bottlenecks—particularly in mill 

reception grading, where labor scarcity directly constrains 

throughput (Amertet et al., 2024; Makky & Soni, 2013; Septiarini 

et al., 2021; Zaki et al., 2025). 

4.1.2 Transformation Phase: Quality Certification and Supply 

Chain Digitalization 

A second temporal window emerges during periods of 

sustainability certification adoption and supply chain digitalization 

initiatives. Implementing RSPO, ISPO, or MSPO certification 

schemes imposes rigorous requirements for documented quality 

management systems, traceability, and auditable processes. These 

requirements align naturally with automated grading technologies 

that inherently generate digital records, timestamps, and chain-of-

custody documentation (Comyns & D’Antone, 2025; Reich & 

Musshoff, 2025; Rodthong et al., 2023). 

Companies pursuing certification or upgrading existing 

certifications to newer standards (e.g., RSPO P&C 2024) face 

compliance deadlines, creating an urgent need to implement. 

Indonesia's ISPO mandatory deadline for smallholders (November 

2025) exemplifies regulatory-driven adoption windows. Similarly, 

corporate commitments to traceability-to-plantation and No 

Deforestation, Peat, Exploitation (NDPE) pledges require supply 

chain transparency infrastructure that is supported by automated 

digital grading (Reich & Musshoff, 2025; Rojas & Krisanda, 

2025). 

The European Union Deforestation Regulation (EUDR), which 

requires GPS-level traceability for commodities entering EU 

markets, creates additional temporal pressure to adopt integrated 

digital systems. Palm oil exporters targeting European markets 

must establish compliant traceability by regulatory deadlines, 

making technology adoption time-sensitive rather than 

discretionary (Rojas & Krisanda, 2025).  

4.1.3 Optimization Phase: Continuous Improvement and Data-

Driven Management 

For organizations with stable operations and existing digital 

infrastructure, adopting automation reflects a strategic pursuit of 

continuous improvement and data-driven optimization. This phase 

characterizes mature plantations and mills seeking incremental 

efficiency gains, improvements in quality consistency, and 

competitive differentiation through superior product 

quality(Amertet et al., 2024; Bland et al., 2023). 

Optimization-phase implementations emphasize integration with 

broader precision agriculture ecosystems, linking ripeness 

detection with harvest scheduling algorithms, predictive 

maintenance systems, and integrated farm management platforms. 

The focus shifts from replacing manual processes to enhancing 

decision-making through data analytics, machine-learning insights, 

and real-time optimization (Badgujar et al., 2024; Chang et al., 

2024; Judijanto, 2025b; Mamabolo et al., 2025). 

This temporal context enables more deliberate technology 

selection, pilot testing, and phased rollout than emergency 

implementations do. Organizations can prioritize advanced 

features like multi-parameter quality assessment, predictive quality 

modeling, and integration with blockchain-based traceability 

systems (TraceX, 2024; Zaki et al., 2025). 

4.2 Theme 2: Spatial Contexts—Where Implementation 

Achieves Optimal Effectiveness 

4.2.1 Palm Oil Mills and Centralized Grading Stations 

Mills emerge as the highest-priority spatial context for 

implementing automated grading. These facilities serve as 

aggregation points that receive FFB from multiple plantations and 

smallholder suppliers, creating centralized, high-volume 

throughput ideally suited to automated systems. Daily FFB 

reception volumes of 100-500+ tons translate to processing 

requirements exceeding manual grading capacity while justifying 

capital investment in automated infrastructure (Roseleena et al., 

2011).  

Mill-based systems typically employ conveyor-integrated 

inspection chambers with controlled lighting, fixed camera 

positioning, and standardized presentation of fruit bunches for 

consistent imaging. These controlled environments maximize AI 

model performance by reducing environmental variability that 

challenges field-based systems. Processing times of 2-4 seconds 

per FFB enable throughput maintenance without operational 

bottlenecks (Roseleena et al., 2011). 
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Case evidence from Indonesia and Malaysia demonstrates 

successful mill-based implementations achieving 95-99% grading 

accuracy while reducing labor requirements for quality inspection 

by 40-60%. Mills benefit additionally from existing electrical 

infrastructure, internet connectivity, and technical personnel 

capable of system maintenance—prerequisites often absent in 

remote plantation locations (Makky & Soni, 2013; Septiarini et al., 

2021).  

4.2.2 Large-Scale Industrial Plantations 

Plantations exceeding 1,000 hectares with centralized management 

constitute secondary-priority implementation contexts. These 

estates possess capital resources for technology investment, 

management capacity for change implementation, and sufficient 

scale to justify ROI over 2-5-year horizons. Large plantations 

typically feature better infrastructure than smallholder areas, 

including electricity access, communication networks, and access 

roads that support equipment deployment (Lestari et al., 2025). 

Field-based implementations using IoT-enabled handheld devices 

or vehicle-mounted systems offer mobility advantages for pre-

harvest ripeness assessment, enabling optimized harvest 

scheduling and selective picking strategies. Real-time field grading 

enables immediate quality-based sorting, reducing the transport of 

unripe or overripe fruit to mills and optimizing logistics efficiency 

(Noordin et al., 2025).  

Integration with existing plantation management systems enhances 

value realization. GPS-tagged quality data enables spatial quality 

mapping, identification of blocks requiring agronomic 

intervention, and correlation analysis between growing conditions 

and fruit quality. These data-driven insights support precision 

agriculture strategies that large estates are increasingly adopting 

(Anavision, 2023; Mamabolo et al., 2025; Zaki et al., 2025). 

4.2.3 Smallholder Cooperatives via Shared Machinery Models 

Smallholder access to automated grading technologies depends 

critically on collective action through cooperatives and shared 

machinery arrangements. Individual smallholders (typically 

farming 2-10 hectares) cannot justify $10,000-50,000 system 

investments given limited annual production volumes. However, 

cooperatives aggregating 10-50 members achieve sufficient 

collective scale to rationalize shared equipment investment (Jelsma 

et al., 2017; Judijanto, 2025a, 2026; Syarifudin & Zareen, 2021; 

Witjaksono et al., 2024). 

Agricultural machinery cooperatives demonstrate proven viability 

across diverse crops and regions, typically comprising 5-20 

farmers sharing ownership and operational costs. For palm oil 

smallholders, cooperative-owned mobile grading systems could 

serve multiple farms on a rotational schedule or operate at 

cooperative collection points where members deliver harvested 

FFB (Miranda, 2024). 

Economic modeling indicates cooperatives reduce per-farmer costs 

by 15-40% compared to individual ownership through shared 

capital expenditure, maintenance pooling, and collective operator 

training. Government subsidy programs and targeted agricultural 

financing schemes are essential to the adoption of smallholder 

cooperatives. Indonesia's experience with Independent 

Smallholder Development Schemes (such as Musim Mas' IPODS 

program) demonstrates that structured training, certification 

support, and access to equipment enable smallholders to meet 

quality standards comparable to those of large estates (Ma et al., 

2025; Reich & Musshoff, 2025). 

Case evidence shows RSPO-certified smallholder cooperatives 

accessing premium markets and earning $1.2 million+ in additional 

revenue through certification credits—economic benefits that 

incentivize technology investments supporting certification 

compliance. Cooperative models align with sustainability 

certification requirements by providing organizational structures 

for documentation, training, and compliance monitoring that 

individual smallholders struggle to maintain independently (Degli 

Innocenti & Oosterveer, 2020; Emzar, 2025; Reich & Musshoff, 

2025). 

4.3 Theme 3: Critical Enablers for Effective Implementation 

4.3.1 Technological Performance Thresholds 

Evidence indicates minimum performance thresholds that 

automated systems must exceed to justify adoption. Classification 

accuracy must reach 90-95% to match or surpass skilled human 

graders, with recent AI implementations demonstrating 95-99% 

accuracy under controlled conditions. Importantly, systems must 

maintain robust performance across operational variability, 

including varying lighting conditions (from bright sun to shade), 

environmental factors (rain, dust), and fruit presentation 

angles(Adriyansyah et al., 2025).  

Processing speed constitutes a second critical threshold. Real-time 

applications require inference times under 100 milliseconds per 

image to support continuous throughput, with state-of-the-art 

YOLO models achieving 4.7-68 milliseconds on standard 

hardware. Mill grading stations handling 100+ FFB hourly require 

systems capable of sustained high-speed operation without 

performance degradation (Badgujar et al., 2024; Nur’aini & 

Rahardi, 2025).  

System reliability and uptime determine operational viability. 

Agricultural environments impose harsh conditions—heat, 

humidity, vibration, dust—that challenge electronic equipment. 

Successful implementations employ industrial-grade components, 

protective enclosures, and redundant systems to maintain >95% 

uptime during harvest seasons (Beerepoot et al., 2023). 

4.3.2 Digital Infrastructure Prerequisites 

Infrastructure availability fundamentally constrains deployment 

feasibility. Access to electricity is the most basic prerequisite, yet 

rural plantation areas in developing countries frequently lack 

reliable power. Even where grid connections exist, voltage 

instability and frequent outages necessitate backup systems or 

solar-hybrid solutions, adding 15-30% to deployment costs 

(Manzoor et al., 2025). 

Internet connectivity requirements vary by architecture. Cloud-

based systems require sustained broadband speeds (50-100+ Mbps) 

for real-time data transmission and model inference, a requirement 

rarely met in remote plantation areas. Edge computing 

architectures reduce reliance on network connectivity by 

performing on-device inference, requiring only periodic, low-

bandwidth connections for data upload and model updates. This 

architectural choice proves critical for plantations in areas with 

limited mobile coverage or cost-prohibitive satellite internet (Gong 

et al., 2025). 

Integration infrastructure, including farm management software, 

GPS systems, and IoT sensor networks, enhances the value of 

automated grading but requires technical expertise for deployment 

and maintenance. Large estates and mills typically possess this 
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capacity; smallholder cooperatives require external technical 

support through government extension services or private sector 

partnerships (Soehartono, 2025). 

4.3.3 Institutional and Human Capacity 

Organizational readiness proves equally important as technological 

capability. Successful implementations require management's 

commitment to innovation, a willingness to invest in training, and 

a cultural acceptance of technology-mediated decision-making. 

Organizations with prior experience in precision agriculture 

achieve higher adoption rates and faster ROI than those attempting 

abrupt transitions from traditional practices (Mamabolo et al., 

2025; Manic et al., 2025; Srivastava, 2023). 

Human capacity for system operation and maintenance determines 

long-term sustainability. While automated systems reduce manual 

grading labor, they create a need for technical operators, data 

managers, and maintenance technicians. Training programs must 

develop competencies in equipment operation, troubleshooting, 

data interpretation, and basic preventive maintenance (Odume, 

2024).  

External support ecosystems, including equipment vendors 

providing after-sales service, technical consultants offering 

implementation support, and financial institutions providing 

equipment financing, significantly influence the success of 

adoption. Regions with established precision agriculture supplier 

networks exhibit higher rates of technology diffusion than those 

without such support structures (Bland et al., 2023; Mamabolo et 

al., 2025). 

4.4 Theme 4: Implementation Barriers and Mitigation 

Strategies 

4.4.1 Barriers in Smallholder and Low-Middle Income 

Country Contexts 

Infrastructure deficits constitute the primary barrier in low- and 

middle-income countries (LMICs). Electricity access below 50% 

in Sub-Saharan African palm regions and inconsistent power 

quality in Indonesian outer islands directly preclude the use of grid-

dependent systems. Poor mobile network coverage in rural areas 

limits the deployment and maintenance of connectivity-dependent 

implementations, while inadequate road infrastructure increases 

these costs (Fox & Signe, 2022). 

Financial constraints create adoption barriers despite positive long-

term ROI. Initial capital requirements of $10,000-$50,000 exceed 

the resources of individual smallholders and pose challenges even 

for cooperative-scale financing. Commercial agricultural lenders 

often lack products suited to technology financing, while 

government subsidy programs remain limited in scale and 

bureaucratic in access (Ahmad et al., 2023). 

Knowledge and capacity gaps reflect low digital literacy rates 

among aging farmer populations, limited exposure to precision 

agriculture concepts, and weak extension service systems. Training 

programs must address not only operational skills but also 

conceptual understanding of technology benefits, data 

interpretation, and integration with existing practices (Mamabolo 

et al., 2025; Manzoor et al., 2025). 

Cultural and behavioral resistance manifests as skepticism toward 

"black box" AI systems, preference for familiar manual methods, 

and risk aversion regarding unproven technologies. Successful 

adoption programs emphasize demonstration projects, peer 

learning through farmer-to-farmer exchanges, and participatory 

technology adaptation that incorporates farmer feedback (Mhlanga 

& Ndhlovu, 2023).  

4.4.2 Technical and Operational Challenges 

Environmental variability continues to pose technical challenges 

despite model improvements. Extreme lighting conditions (harsh 

midday sun, deep shade), weather events (heavy rain, fog), and 

physical obstructions (palm fronds, equipment positioning) can 

degrade detection accuracy. Robust systems require extensive 

training across diverse environmental conditions and may 

incorporate adaptive lighting or multispectral imaging to maintain 

performance (Badgujar et al., 2024; Chang et al., 2024; Megantara 

& Utami, 2025).  

System maintenance and technical support requirements often 

exceed organizational capacity, particularly for smallholder 

cooperatives lacking technical personnel. Equipment failures 

during critical harvest periods impose severe costs, creating a need 

for rapid-response support contracts with equipment suppliers or 

regional service networks. Preventive maintenance protocols, 

remote diagnostics, and spare parts availability prove essential for 

sustained operations (Manzoor et al., 2025). 

Data management challenges include storage capacity for high-

volume image data, data security and privacy concerns, and 

integration with existing farm management systems using 

incompatible data formats. Standardization of data protocols and 

interoperability frameworks remains underdeveloped in 

agricultural technology sectors, complicating multi-vendor system 

integration (Borer, 2025). 

4.4.3 Business Model Sustainability 

Achieving sustainable business models requires careful alignment 

of costs, benefits, and financial structures. Capital-intensive 

ownership models suit large estates with access to investment 

capital but prove prohibitive for smallholders. Alternative models, 

including Robots-as-a-Service (RaaS), equipment leasing, or 

cooperative shared ownership, distribute costs and risks more 

favorably (KAUST, 2025; Manic et al., 2025). 

Revenue models must account for value realization pathways. 

Direct labor cost savings provide readily quantifiable benefits, 

while quality improvements, access to certification premiums, and 

supply chain efficiency gains yield benefits that take longer to 

materialize. Financing structures must accommodate these varying 

benefit timelines with appropriate payback periods and flexible 

terms (Patil & Banchhor, 2025). 

Scalability and replicability determine whether pilot successes 

translate to widespread adoption. Technologies demonstrating 

effectiveness in controlled mill environments may require 

substantial adaptation for field deployment. Similarly, systems 

optimized for large-scale industrial contexts may not translate 

directly to smallholder cooperative settings without modification. 

Successful adoption pathways emphasize context-appropriate 

technology selection and participatory adaptation processes 

(Yaakub et al., 2023). 

5. Discussion And Analysis 
5.1 Synthesis: When Automated Systems Become Strategic 

Imperatives 

5.1.1 Critical Thresholds for Implementation 

The evidence reveals quantifiable threshold conditions that signal 

the strategic necessity of adopting automated grading. Labor 
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shortage ratios exceeding 12-15% of operational requirements 

represent inflection points where automation transitions from an 

optional efficiency enhancement to an operational imperative. At 

this threshold, production losses from unharvested fruit, quality 

degradation from delayed processing, and wage inflation from 

competitive labor recruitment exceed the costs of automation 

investments within compressed timeframes (Amertet et al., 2024; 

Dharmapalan & Latieff, 2024).  

Processing delay thresholds provide a second critical indicator. 

When more than 30% of harvested FFB regularly exceeds 24-hour 

harvest-to-processing windows, quality losses compound to levels 

that automated grading efficiency gains can cost-effectively 

mitigate. This metric is particularly applicable to mills serving 

dispersed plantation areas where transport logistics introduce 

inherent delays, as well as to operations experiencing harvest-

season bottlenecks (Parveez et al., 2022). 

Productivity gap thresholds signal an automation opportunity when 

smallholder or plantation performance lags potential by 20%+ due 

to quality management deficiencies. At these performance 

differentials, standardization benefits from automated grading 

demonstrably impact profitability through improved OER, reduced 

FFA, and access to certification premium (Amertet et al., 2024; 

Ariyanto et al., 2020; Omotayo et al., 2025).  

5.1.2 Strategic Windows of Opportunity 

Beyond crisis-driven necessities, strategic windows create 

favorable timing for proactive adoption. Supply chain 

digitalization initiatives undertaken to meet sustainability 

certification requirements create natural integration points for 

automated grading as part of a comprehensive digital 

transformation. Organizations implementing RSPO P&C 2024, 

ISPO, or MSPO certification can leverage mandatory investments 

in traceability systems and quality documentation to support 

grading automation. (Amertet et al., 2024; Barus et al., 2024; Reich 

& Musshoff, 2025). 

Infrastructure development programs that extend broadband, 

improve electricity reliability, or enhance rural road networks open 

implementation possibilities previously constrained by 

infrastructure deficits. Government precision agriculture initiatives 

providing subsidies, training, or technical support create temporary 

windows of favorable economics for technology adoption (Hambly 

& Rajabiun, 2021; Kibinda et al., 2025; Mamabolo et al., 2025).  

Market access opportunities, including premium prices for 

certified sustainable palm oil, preferential trade agreements 

requiring documented traceability, or corporate sourcing 

commitments to NDPE-compliant suppliers, create incentive 

alignments favoring automation investments that support 

compliance documentation (Abazue et al., 2019; Amertet et al., 

2024; Emzar, 2025). 

5.1.3 Suboptimal Timing Scenarios 

Conversely, certain contexts signal suboptimal timing for 

automation adoption. Pre-infrastructure stabilization scenarios in 

which electricity, connectivity, or road access remains unreliable 

pose implementation risks and lead to elevated failure rates. 

Organizations should prioritize infrastructure prerequisites before 

deploying technology, or select robust edge computing 

architectures that are tolerant of infrastructure limitations(Amertet 

et al., 2024; Fox & Signe, 2022). 

Absent institutional readiness, including management 

commitment, technical capacity, and operational stability, 

automation investments frequently underperform expectations. 

Organizations experiencing financial distress, leadership 

transitions, or operational crises should defer technology adoption 

until stabilization allows for focused implementation (Amertet et 

al., 2024; Srivastava, 2023).  

Unrealistic ROI expectations that require payback periods of less 

than 2 years rarely align with the economics of automation in 

agricultural contexts, leading to the premature abandonment of 

viable technologies. Stakeholders must align expectations with 

realistic 3-7 year payback horizons typical of precision agriculture 

investments, supported by appropriate financing structures 

(Amertet et al., 2024; Mamabolo et al., 2025; Toha et al., 2025).  

5.2 Synthesis: Where Implementation Delivers Maximum 

Impact 

5.2.1 Implementation Priority Hierarchy 

The evidence supports a clear spatial priority hierarchy for phased 

implementation. Priority 1: Palm oil mills with daily throughput 

exceeding 100 FFB per hour represent optimal entry points, 

offering the highest ROI, the most controlled implementation 

environments, existing infrastructure, and centralized impact that 

benefits multiple upstream suppliers. Mill-based automation 

should anchor national and regional deployment strategies 

(Amertet et al., 2024; Makky & Soni, 2013; Omotayo et al., 2025; 

Septiarini et al., 2021).  

Priority 2: Large-scale plantations (>1,000 hectares) with 

adequate digital infrastructure constitute secondary 

implementation targets, where field-based mobile systems or 

collection-point grading demonstrate viability. These estates 

possess capital, technical capacity, and scale to justify investment 

while serving as demonstration sites for surrounding smallholder 

communities (Lestari et al., 2025). 

Priority 3: Smallholder cooperative clusters with 20+ member 

farmers and government/NGO support represent inclusive 

implementation pathways requiring deliberate support structures, 

including subsidized financing, intensive training programs, and 

ongoing technical assistance. While more complex than large-

estate implementations, cooperative models are essential for 

equitable access to technology and sustainable smallholder 

development (Miranda, 2024). 

5.2.2 Geographical and Socioeconomic Contexts 

Regional characteristics significantly influence the probability of 

successful implementation. High-priority regions feature: (1) 

internet connectivity exceeding 50 Mbps, enabling cloud-based 

systems or at minimum, intermittent connectivity for edge 

computing data synchronization; (2) acute labor shortages creating 

strong economic incentives; (3) active government precision 

agriculture programs providing subsidies or technical support; (4) 

proximity to palm oil mills willing to provide quality premiums for 

documented grading (Allynav, 2025; Mamabolo et al., 2025). 

Medium-priority regions have partial infrastructure (e.g., 

electricity but limited connectivity), in which edge computing 

architectures are viable or strong cooperative traditions facilitate 

shared machinery models. Lower-priority regions lacking basic 

infrastructure, experiencing political instability, or having 

fragmented farmer organizations require prerequisite investments 

in foundational infrastructure and institutional development before 

technology deployment proves viable(SNUC, 2025). 
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5.2.3 Organizational Readiness Characteristics 

Organizational attributes predict implementation success. High-

readiness organizations demonstrate: (1) leadership openness to 

innovation and technology adoption; (2) existing digital literacy 

and precision agriculture experience; (3) financial capacity for 

investment or access to appropriate financing; (4) technical 

personnel or partnerships for system operation and maintenance; 

(5) integration of quality management into organizational culture 

(Bland et al., 2023; Mamabolo et al., 2025). 

Medium-readiness organizations possess partial capabilities but 

require targeted capacity building in specific areas—technical 

training, management change processes, or financial restructuring 

to support technology investment. Low-readiness organizations 

require comprehensive institutional strengthening, potentially 

through multiyear partnership programs with government 

agencies, NGOs, or corporate sustainability initiatives, before 

technology adoption proves viable (Manzoor et al., 2025). 

5.3 Phased Implementation Model 

5.3.1 Phase 1: Mill-Based Proof-of-Concept (Years 1-2) 

The initial implementation should prioritize 5-10 palm oil mills 

that represent diverse regional contexts, throughput scales, and 

ownership structures (private, cooperative, government). Pilot 

objectives include validating technology performance under 

operational conditions, documenting ROI metrics, identifying 

operational challenges, and developing training curricula for 

operators and technicians.(Makky & Soni, 2013; Septiarini et al., 

2021). 

Phase 1 emphasizes learning, adaptation, and evidence generation 

for subsequent scaling. Success metrics encompass accuracy 

validation (>90% agreement with expert graders), throughput 

maintenance (no bottlenecks), system uptime (>95% during 

harvest seasons), and economic performance (labor cost reduction, 

quantified quality improvement). Documentation of 

implementation processes, maintenance protocols, and 

troubleshooting guides creates a knowledge base for Phase 2 

expansion (Beerepoot et al., 2023). 

5.3.2 Phase 2: Large-Scale Plantation Expansion (Years 2-4) 

Building on mill-based demonstrations, Phase 2 extends 

implementation to 20-30 large plantations with demonstrated 

readiness characteristics. This phase pilots field-based mobile 

systems and collection point grading, explores integration with 

farm management platforms, and develops data analytics 

applications for quality-based decision-making (Soehartono, 

2025). 

Phase 2 emphasizes integration and optimization, moving beyond 

standalone grading toward comprehensive precision agriculture 

ecosystems. Success metrics expand to include integration 

effectiveness, data utilization for agronomic decision-making, and 

demonstration effects on surrounding smallholder communities. 

Regional demonstration farms serve as training venues for 

smallholder cooperative members preparing to participate in Phase 

3 (Mamabolo et al., 2025; Odume, 2024).  

5.3.3 Phase 3: Inclusive Smallholder Cooperative Model (Years 

4-7) 

Phase 3 implements cooperative shared machinery models 

targeting 50-100 smallholder cooperatives (representing 1,000-

2,000 individual farmers). This phase requires intensive support, 

including subsidized financing (50-70% government cost-sharing), 

comprehensive training programs (technical operations, data 

interpretation, maintenance), and ongoing technical assistance 

through government extension services or private-sector 

partnerships (Mhlanga & Ndhlovu, 2023).  

Phase 3 emphasizes equity and sustainability. Success metrics 

include smallholder productivity improvements, certification 

achievement rates, income increases from quality premiums, and 

long-term cooperative financial sustainability. This phase tests the 

scalability of inclusive technology access models and generates 

evidence for national policy formulation on agricultural 

modernization (Ahmad et al., 2023; Omotayo et al., 2025; Reich & 

Musshoff, 2025). 

5.4 Policy Implications and Strategic Recommendations 

5.4.1 Government Policy Recommendations 

Infrastructure Investment: Prioritize broadband expansion and 

improvements in electricity reliability in palm oil-producing 

regions, recognizing digital infrastructure as agricultural 

productivity infrastructure. Public investment in shared-use 

connectivity and power solutions for rural areas generates 

economic returns through enhanced agricultural 

competitiveness(Judijanto, 2025b; Kanniah & Yu, 2024). 

Financial Instruments: Develop specialized agricultural 

technology financing products with 5-7 year repayment terms 

aligned with ROI timelines, subsidized interest rates (3-5% below 

commercial rates), and flexible collateral requirements 

accommodating cooperative borrowers. Establish cost-sharing 

grant programs that cover 50-70% of equipment costs for 

smallholder cooperatives that meet readiness criteria (Dhanasekar, 

2025). 

Capacity Building: Expand agricultural extension services to 

include precision agriculture technical specialists, establish 

regional training centers for equipment operation and maintenance, 

and develop certification programs for agricultural technology 

operators to create professional career pathways (Mamabolo et al., 

2025; Manzoor et al., 2025; Reich & Musshoff, 2025). 

Standards and Interoperability: Mandate data format standards 

for agricultural technology systems to enable cross-platform 

integration, establish quality assurance protocols for automated 

grading systems to ensure measurement accuracy and consistency, 

and integrate automated grading documentation into sustainability 

certification schemes as acceptable evidence (López Gómez et al., 

2023; Ningsih et al., 2025; Reich & Musshoff, 2025). 

5.4.2 Industry Stakeholder Recommendations 

Public-Private Partnerships: Palm oil mills and large estates 

should partner with government agencies and NGOs to establish 

demonstration projects accessible to smallholder communities, co-

invest in regional technical support infrastructure (service centers, 

spare parts supply chains), and participate in training program 

development leveraging operational expertise (Odume, 2024).  

Inclusive Business Models: Develop outgrower programs that 

incorporate access to automated grading technology as a 

component of comprehensive smallholder development initiatives; 

establish quality premium pricing structures that incentivize 

smallholder technology adoption and quality improvement; and 

provide technical assistance and facilitate financing for supplier 

cooperatives (Borer, 2025). 

Technology Development: Invest in R&D for tropical-climate-

hardened equipment variants, develop affordable edge computing 
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solutions appropriate for resource-constrained contexts, and create 

modular, scalable systems that enable incremental investment 

rather than requiring large upfront commitments (Amoussouhoui 

et al., 2024; Gong et al., 2025). 

5.4.3 Smallholder and Cooperative Recommendations 

Collective Action: Strengthen cooperative organizations to 

achieve the scale necessary for shared machinery investments, 

establish professional management and technical capacity within 

cooperative structures, and build financial reserves through 

commodity pooling and value-added activities to support 

technology investments (Kenkel & Long, 2007).  

Training Participation: Actively engage in government and 

industry-sponsored training programs on precision agriculture, 

develop internal training capacity for peer-to-peer knowledge 

transfer within cooperatives, and establish operating protocols 

ensuring equitable access to shared equipment among cooperative 

members (Barus et al., 2024; Irawan et al., 2024; Mamabolo et al., 

2025; Yusuf et al., 2021). 

Gradual Adoption: Pursue phased technology adoption beginning 

with accessible entry points (e.g., shared mill-based grading access 

through supply contracts), progressively advance to cooperative-

owned mobile equipment as financial capacity and technical 

competence develop, and integrate technology adoption within 

broader strategies for certification, market access, and productivity 

improvement (Ahmad et al., 2023; Reich & Musshoff, 2025). 

6. Conclusion 
6.1 Substantive Conclusions 

6.1.1 When: Optimal Timing for Implementation 

Automated FFB ripeness detection systems achieve optimal 

effectiveness when implemented during specific temporal 

windows characterized by urgent operational necessity or strategic 

opportunity. Critical threshold conditions include: (1) labor 

shortages exceeding 12-15% of workforce requirements, creating 

production losses that exceed automation costs; (2) processing 

delays beyond 24 hours affecting more than 30% of harvested FFB, 

causing quantifiable quality degradation; (3) productivity gaps 

exceeding 20% between actual and potential performance 

attributable to quality management deficiencies. 

Strategic opportunity windows emerge during: (1) sustainability 

certification implementation (RSPO, ISPO, MSPO), creating 

compliance requirements aligned with automated system 

capabilities; (2) supply chain digitalization and traceability 

initiatives driven by market access requirements or corporate 

NDPE commitments; (3) infrastructure development programs 

improving rural connectivity and electricity access that relax 

deployment constraints. 

Implementation timing should align with organizational readiness 

and avoid premature deployment before infrastructure 

stabilization, institutional capacity development, or operational 

crisis resolution. Realistic ROI expectations, recognizing 3-7 year 

payback horizons typical of precision agriculture investments, are 

essential for sustained commitment and investment sustainability. 

6.1.2 Where: Optimal Spatial and Organizational Contexts 

Spatial implementation priorities follow a clear hierarchy based on 

scale, infrastructure, and economic efficiency. Palm oil mills 

processing 100+ FFBs per hour represent the highest-priority 

contexts, offering centralized, high-volume throughput, controlled 

grading environments, existing infrastructure, and maximum ROI 

potential. Mill-based automation should anchor national 

deployment strategies given concentrated impact and favorable 

economics. 

Large-scale plantations exceeding 1,000 hectares with adequate 

digital infrastructure constitute secondary-priority contexts in 

which field-based mobile systems are viable, supported by capital 

resources, technical capacity, and scale that justify investment. 

These estates serve dual functions as production sites and 

demonstration platforms for surrounding communities. 

Smallholder cooperatives with 20+ members, government or 

NGO support programs, and established organizational capacity 

enable inclusive access to technology through shared machinery 

models, reducing per-farmer costs by 15-40%. While 

implementation complexity exceeds that of large-estate 

deployments, cooperative models are essential for equitable 

technology distribution and sustainable smallholder development 

aligned with social inclusion objectives. 

Geographic regions with the highest success probability feature 

reliable internet connectivity (>50 Mbps), acute labor shortages 

that create strong economic incentives, active government 

precision agriculture support programs, and proximity to mills 

offering quality premiums. Organizational readiness 

characteristics, including leadership innovation orientation, 

existing digital literacy, financial capacity or access to financing, 

and availability of technical personnel, predict implementation 

success. 

6.1.3 How: Effective Implementation Models 

Effective implementation follows a phased approach that 

sequences investments according to risk, learning, and capacity 

development. Phase 1 establishes mill-based proof-of-concept 

projects to validate technology performance, document ROI, and 

develop operational protocols to support subsequent scaling. Phase 

2 expands to large plantations, piloting field-based systems, 

integrating with farm management platforms, and deploying data 

analytics applications while serving demonstration functions. 

Phase 3 implements inclusive smallholder cooperative models 

with intensive support structures, including subsidized financing, 

comprehensive training, and ongoing technical assistance. 

Business model innovation proves essential for sustainable 

adoption. Capital-intensive ownership suits large estates; Robots-

as-a-Service and equipment leasing distribute costs favorably for 

cooperatives; government cost-sharing programs (50-70% 

subsidies) enable smallholder access. Integration with 

sustainability certification programs creates incentive alignment 

through premium pricing, market access, and compliance 

documentation benefits that augment direct operational gains. 

Technology selection must emphasize context-appropriate 

solutions: cloud-based systems for infrastructure-rich 

environments versus edge computing architectures tolerant of 

connectivity limitations; industrial-grade components for harsh 

field conditions; and modular designs that enable incremental 

investment rather than requiring large upfront commitments. 

6.2 Policy Recommendations 

6.2.1 Short-Term Policy Actions (1-2 Years) 

Governments should prioritize establishing pilot projects at 10-15 

palm oil mills representing diverse contexts, providing co-

financing (50% government, 50% private) to reduce 

http://aditum.org/
http://aditum.org/


 

   
        11 | P a g e  

 

    International Journal of Business Research and Management                                                                                                                    Aditum Publishing –www.aditum.org 
 

 

Copyright © Loso Judijanto 

 

, Ph.D 

 

implementation risk and accelerate learning. Financial incentive 

programs, including accelerated depreciation for agricultural 

technology investments, tax credits of 20-30% of equipment costs, 

and subsidized loan facilities (3-5% interest rates), should 

stimulate early adoption by large estates and progressive 

cooperatives. 

An immediate training program should develop operator 

certification curricula, establish regional training centers in major 

palm-producing areas, and deploy technical assistance programs to 

support implementation by early adopters. Regulatory frameworks 

should integrate automated grading documentation into 

sustainability certification schemes as acceptable evidence of 

compliance, establish quality-assurance protocols for system 

validation, and mandate data-format standards that enable 

interoperability. 

6.2.2 Medium-Term Policy Actions (3-5 Years) 

Infrastructure investment programs should systematically extend 

broadband connectivity (minimum 50 Mbps) to palm oil 

production regions, improve electricity reliability through grid 

enhancements or distributed renewable energy systems, and 

upgrade rural road networks to facilitate equipment deployment 

and maintenance access. Specialized financing institutions or 

dedicated credit lines within agricultural development banks 

should be established, with expertise in precision agriculture 

economics, appropriate collateral requirements for cooperative 

borrowers, and integration of technical assistance. 

Cooperative development programs should strengthen 

organizational governance, build financial management capacity, 

and establish equipment maintenance capabilities among 

smallholder organizations. Research and development support 

should fund the adaptation of commercial technologies to tropical 

agricultural conditions, the development of affordable edge 

computing solutions, and the pilot testing of innovative business 

models (E.g., RaaS and pay-per-use pricing). 

6.2.3 Long-Term Policy Actions (>5 Years) 

National agricultural digitalization strategies should integrate 

automated quality assessment as a core component, establish 

national agricultural data platforms that enable cross-sector 

integration and analytics, and create innovation ecosystems that 

link research institutions, technology providers, and agricultural 

enterprises. Extension service modernization should transition to 

precision agriculture-oriented technical support, develop digital 

advisory services complementing traditional field extension, and 

establish career pathways for agricultural technology specialists. 

Inclusive growth frameworks should ensure smallholder benefit-

sharing from productivity gains from automation, progressive 

technology access programs that prevent digital divides, and social 

protection programs that support workers displaced by automation 

transitions. International cooperation should facilitate technology 

transfer, joint R&D that addresses the needs of developing 

countries, and the harmonization of standards, thereby enabling 

cross-border technology deployment and data sharing. 

6.3 Research Limitations and Future Research Agenda 

6.3.1 Methodological Limitations 

This qualitative literature review, while providing comprehensive 

contextual insights, carries inherent limitations. Publication bias 

toward successful implementations may overestimate effectiveness 

while underrepresenting failed deployments and implementation 

challenges. Language restrictions to English-accessible 

publications potentially exclude valuable regional knowledge in 

Indonesian, Malay, or other languages. The 2020-2026 temporal 

focus, while ensuring currency, may exclude relevant historical 

lessons from earlier experiences with the adoption of precision 

agriculture. 

Reliance on secondary literature rather than primary field data 

limits the depth of understanding regarding implementation 

processes, organizational change dynamics, and user experiences. 

Variation in study quality, methodological rigor, and contextual 

specificity across reviewed sources creates heterogeneity, 

complicating synthesis. The rapidly evolving nature of AI 

technologies means current-generation performance benchmarks 

may quickly become outdated as new models emerge. 

6.3.2 Priority Research Needs 

Longitudinal implementation studies tracking 3-5 year technology 

adoption trajectories across diverse organizational contexts would 

provide crucial evidence on ROI realization, sustainability 

determinants, and long-term organizational impacts. Comparative 

effectiveness research systematically evaluating alternative 

implementation models (mill-based vs. field-based; cloud vs. edge 

computing; ownership vs. RaaS) under standardized conditions 

would guide context-appropriate technology selection. 

Economic impact assessments quantifying effects on smallholder 

incomes, employment patterns, gender dynamics, and regional 

development outcomes would inform equity-oriented policy 

design. Sociotechnical research examining human-technology 

interaction, organizational change processes, and farmer decision-

making regarding technology adoption would enhance 

implementation effectiveness. 

Technical research priorities include the development of 

multispectral imaging systems that achieve higher accuracy in 

challenging environmental conditions, the integration of ripeness 

detection with robotic harvesting to enable fully automated 

systems, and blockchain-based traceability systems that 

incorporate automated quality data to enable end-to-end supply 

chain transparency. 

6.3.3 Emerging Technology Frontiers 

Generative AI applications for synthetic training data could address 

the limited availability of datasets, which constrains model training 

for specialized crops and conditions. Fully autonomous harvesting 

robots integrating ripeness detection, selective cutting 

mechanisms, and tree-climbing capabilities represent frontier 

technologies that could transform the economics of palm oil 

production. Blockchain-based traceability platforms that 

incorporate automated quality-assessment data could revolutionize 

supply chain transparency and sustainability verification. 

Climate adaptation research should explore how automated 

systems support resilience by optimizing harvest timing in 

response to increasingly variable weather patterns, detecting early 

indicators of climate stress in fruit quality, and adapting agronomic 

practices using data-driven approaches. Cross-sectoral learning 

from automated quality assessment in other agricultural sectors 

(dates, cocoa, coffee) could accelerate the development of the palm 

oil system through technology transfer and adapted innovations. 

These research frontiers will shape the next generation of 

agricultural automation, progressively transforming palm oil 

production from labor-intensive manual operations toward data-
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driven, technology-enabled precision agriculture systems that 

enhance productivity, sustainability, and equitable value 

distribution throughout global supply chains. 
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