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INTRODUCTION
Background

The oil palm (Elaeis guineensis) industry is a cornerstone of agricultural
economies in Southeast Asia, contributing substantially to rural employment,
export revenues, and the supply of industrial raw materials. Maximizing oil
extraction rates (OER) represents a critical determinant of profitability
throughout the value chain, with FFB quality assessment serving as the pivotal
control point. Conventional grading practices rely predominantly on visual
inspection and loose fruit counting, methodologies codified by institutions such
as the Malaysian Palm Oil Board (MPOB) and Indonesian Oil Palm Research
Institute (IOPRI). While these approaches offer operational simplicity, they
introduce significant variability attributable to human subjectivity,
environmental conditions, and grader fatigue, ultimately compromising grading
consistency and economic outcomes (Samian & Rizal, 2024).

Recent decades have witnessed accelerating technological convergence in
agriculture, with artificial intelligence, computer vision, and spectral sensing
demonstrating transformative potential for crop monitoring and quality
assessment (Akhtar et al., 2023). The application of intelligent systems to FFB
grading represents a logical evolution, offering objective, scalable, and real-time
quality evaluation. However, the trajectory from technological innovation to
field implementation faces multifaceted barriers, including technical robustness,
economic justification, and socio-institutional readiness. Understanding which
intelligent system configurations offer maximal feasibility across diverse
plantation contexts —large-scale enterprises versus smallholder plots —remains
underexplored in the existing literature(Abubakar & Ishak, 2024).

Urgency of Intelligent System Development

The urgency for technologically enhanced FFB grading intensifies amid a
confluence of structural challenges. Labor shortages in plantation regions
escalate operational costs and reduce harvesting precision, while sustainability
certification requirements (ISPO, RSPO, MSPO) demand enhanced traceability
and quality documentation. The subjectivity of manual grading frequently
engenders disputes between growers and mills, with rejected or downgraded
FFB incurring substantial financial penalties. Studies demonstrate that
misclassification of ripeness stages can reduce OER by 2-5% per harvesting cycle,
resulting in significant revenue losses across millions of tons processed annually
(Mansour et al., 2022).

Intelligent systems offer compelling value propositions: convolutional
neural networks (CNNs) and object detection algorithms achieve classification
accuracies exceeding 90% under controlled conditions, while hyperspectral
imaging captures biochemical maturation indicators invisible to human
perception. The integration of edge computing enables real-time decision
support at the harvesting point, potentially synchronizing picking schedules
with optimal ripeness windows. Nevertheless, translating laboratory-validated
systems to plantation environments requires rigorous feasibility assessment that
accounts for dust, humidity, variable lighting, and limited technical expertise
among field personnel(Hamid et al., 2025).
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Research Objectives and Questions

This qualitative literature review aims to identify and synthesize the most
feasible configurations of intelligent systems for FFB grading across plantation
typologies, evaluating their effectiveness, efficiency, and contextual adaptability.
Specific objectives encompass:

1. Examining conceptual and theoretical foundations of FFB quality
assessment and ripeness physiology;

2.  Reviewing state-of-the-art intelligent grading technologies developed
since 2020, including computer vision, spectral imaging, and sensor
fusion approaches;

3. Analyzing socio-economic-financial dimensions of technology
implementation for both corporate plantations and independent
smallholders;

4. Synthesizing thematic findings to formulate tiered implementation
models and evidence-based policy recommendations.

The review addresses three central research questions:

1. What intelligent system typologies demonstrate optimal technical
feasibility, economic viability, and institutional adaptability for FFB
grading in plantation contexts?

2. How do socio-economic characteristics of plantation operators (scale,
capital access, technical capacity) moderate technology adoption
outcomes?

3. What policy frameworks and institutional arrangements are required to
facilitate scalable, equitable deployment of intelligent grading systems?

LITERATURE REVIEW
Conceptual and Theoretical Foundations
1. FFB Quality and Ripeness Physiology

FFB quality is fundamentally correlated with mesocarp oil content, which
peaks at optimal ripeness stages characterized by distinct visual and biochemical
transitions. The maturation continuum progresses from immature (dark green,
dense mesocarp) through underripe (light green) to ripe (yellow-orange
mesocarp with 3-5 loose fruits per spikelet) and overripe (bright orange, with
excessive fruit detachment). MPOB standards specify ripeness categories based
on color intensity, texture, and loose fruit count, yet field-level application
exhibits considerable inter-grader variability. Biochemical changes during
ripening involve chlorophyll degradation, carotenoid accumulation, and
moisture redistribution, processes detectable through multispectral reflectance
patterns in the visible and near-infrared wavelengths (Makky & Soni, 2013).

The relationship between accurate ripeness classification and OER is well
established, with optimally ripe FFB yielding 20-23% oil content, versus 15-18%
for underripe or overripe bunches. This differential directly impacts mill
profitability and grower compensation, creating strong economic incentives for
precision grading. However, the destructive nature of traditional methods (fruit
counting) and the temporal lag between assessment and processing introduce
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additional inefficiencies that intelligent systems could mitigate through
instantaneous, non-destructive evaluation(Samian & Rizal, 2024).
2. Technological Adoption Frameworks

The diffusion of agricultural innovations follows established theoretical
frameworks wherein perceived usefulness, ease of use, and compatibility with
existing practices determine adoption rates. For smallholders, additional factors,
including risk perception, capital constraints, and social network influences,
critically shape technology acceptance. The technology acceptance model (TAM)
and the unified theory of acceptance and use of technology (UTAUT) provide
analytical lenses for understanding how the relative advantages (accuracy,
speed, documentation) and complexity barriers of intelligent grading systems
influence uptake(Andrew et al., 2022).

Institutional theory further illuminates how regulatory frameworks,
certification requirements, and supply chain governance structures create
enabling or constraining environments for technology deployment. The gap
between technological capability and field adoption frequently stems from
institutional misalignment rather than technical inadequacy, necessitating
holistic feasibility assessments that integrate technical specifications with
socioeconomic contexts(Andani et al., 2022).

Current Intelligent System Technologies for FFB Grading
1. Computer Vision and Deep Learning Approaches

Computer vision systems leveraging deep learning have emerged as the
most extensively researched intelligent grading modality. Convolutional neural
networks (CNNs) and object detection algorithms, particularly YOLO (You Only
Look Once) variants, demonstrate remarkable capability in classifying FFB
ripeness from RGB imagery. Recent studies have shown that YOLOvV4 achieves a
mean average precision (mAP) of 87.9% for ripe FFB detection under real-time
conditions, while maintaining detection accuracies of 96.7% in bright sunlight
and 93.3% in far-field scenarios. The YOLOv5m configuration attains mAP of
0.842 across ripeness categories, while YOLOvVS reaches a precision of 96.5% and
a recall of 95% with mAP50 of 98% (Arpyanti, 2025).

The progression toward more efficient architectures is evident in
YOLO12s, which processes images in 4.7 milliseconds while achieving a
precision of 93.1% precision, a recall of 95.9% recall, and 97.8% mAP@50 across
four ripeness classes. Mobile-optimized CNNs enable deployment on
smartphone platforms, addressing infrastructure constraints in remote
plantations. Transfer learning from ImageNet-pretrained models significantly
reduces training data requirements, with some implementations achieving 98%
accuracy using only 628 images across two ripeness classes. The integration of
HSV color space analysis with RGB inputs enhances robustness to illumination
variations, a critical requirement for field deployment (Nur’aini & Rahardi, 2025).
2. Multispectral and Hyperspectral Imaging

Multispectral imaging (MSI) and hyperspectral imaging (HSI) represent
advanced modalities that capture reflectance beyond the visible spectrum,
enabling detection of biochemical maturation markers. MSI typically employs 3-
10 spectral bands, with key wavelengths at 680 nm (chlorophyll degradation) and
900 nm (moisture content) serving as reliable indicators of ripeness. HSI acquires
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hundreds of contiguous bands, achieving 93-95% accuracy in oil content
prediction when combined with partial least squares (PLS) regression. Drone-
mounted sensors facilitate large-scale monitoring, though data processing
demands and storage requirements present significant scalability
challenges(Setiawan & Prasetya, 2020).

Despite superior spectral resolution, HSI systems face prohibitive
equipment costs and computational complexity, limiting deployment to research
settings or well-capitalized plantations. The generation of large, complex datasets
demands substantial storage capacity and processing power, thereby limiting the
feasibility of mobile or edge-based applications. However, integrating HSI with
machine learning offers unprecedented precision in calibration datasets,
enabling more cost-effective RGB-based systems (Heine, 2025).

Sensor Fusion and Integrated Systems

Emerging research explores hybrid approaches combining visual sensors
with capacitive, humidity, and volatile organic compound (VOC) detectors to
capture complementary indicators of maturation. IoT-enabled frameworks
integrate multiple sensor streams for continuous monitoring, while robotic
harvesting systems incorporate vision modules for on-tree ripeness assessment.
A mini-review of sensor and Al approaches demonstrates that low-cost sensors
can achieve up to 94% accuracy under field conditions, though adoption remains
limited due to high costs, computational demands, environmental variability,
and the absence of standardized datasets (Hamid et al., 2025).

Federated learning architectures have been proposed to enable model training
across geographically dispersed plantations without sharing raw data,
addressing privacy concerns and data ownership issues. Such systems enable
localized model adaptation while maintaining centralized knowledge
aggregation, potentially accelerating deployment across smallholder networks
that lack sufficient individual data to support robust model training(Andani et
al., 2022).

Socio-Economic-Financial Dimensions of Implementation

1. Productivity and Economic Impact

Technology adoption studies show that mechanized grading systems can
reduce labor requirements by 30-40% while improving grading consistency,
resulting in direct cost savings and enhanced OER. Cost-benefit analyses of
mechanized harvesting equipment indicate that energy usage optimization and
operational efficiency gains offset capital investments within 2-3 years for
medium-scale plantations. For smallholders, the primary economic barrier stems
from high upfront costs and limited access to affordable credit. Fewer than 12%
of companies currently disclose supplier geolocation data, highlighting
transparency challenges that intelligent systems could address(Eko Emzar, 2025).
Certification schemes and sustainability standards increasingly require
documented quality management systems, creating economic incentives for
digital grading solutions that provide traceable audit trails. Studies demonstrate
that certification and sustainable practices yield measurable gains in productivity
and income for smallholders, although adoption remains highly uneven due to
structural and institutional constraints. Malaysia's mandatory MSPO scheme,
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supported by subsidies and training, has expanded certification coverage to
nearly three-quarters of independent smallholder areas, whereas Indonesia has
certified less than 1% under ISPO, illustrating how institutional support
determines technology diffusion outcomes (Fonseca et al., 2022; Matus & Veale,
2022).

2. Social and Institutional Factors

Smallholders account for over 40% of oil palm cultivation areas in
Indonesia and Malaysia, yet face substantial barriers, including limited access to
finance, insecure land tenure, and inadequate institutional support. Technology
adoption is constrained by knowledge gaps, high implementation costs, and the
absence of reliable incentives. Research indicates that smallholders' technology
readiness is influenced by cooperative membership, education levels, and
perceived economic benefits, and that fragmented supply chains exacerbate
exclusion from advanced technological solutions(Budiman et al., 2025).

The transition to intelligent grading systems raises important social
considerations regarding employment displacement for manual graders and
harvesters. However, evidence suggests that technology augmentation rather
than replacement is feasible, with systems serving as decision-support tools that
enhance worker productivity while requiring reskilling rather than redundancy.
Institutional intermediaries such as cooperatives and extension services play
pivotal roles in facilitating technology transfer, providing training, and
aggregating demand to achieve economies of scale in technology
procurement(Baur & Iles, 2023; Marinoudi et al., 2024).

3. Financial Feasibility and Business Models

Economic analyses reveal distinct cost structures across technology
categories: RGB-based vision systems utilizing commercial cameras and edge
processors represent the lowest capital expenditure, with prototype
implementations achievable for under USD 5,000 per deployment point.
Hyperspectral systems require investments exceeding USD 50,000, restricting
adoption to research institutions or large agribusiness corporations. Robotic
integrated systems require capital outlays of USD 100,000-500,000, limiting their
feasibility to enterprise-scale plantations with sufficient throughput to justify the
investment(El Hoummaidi et al., 2021; Ferreira et al., 2023).

Innovative business models demonstrate potential to overcome financial
barriers for smallholders. Service-as-a-service arrangements, where technology
providers deploy and maintain systems while charging per-FFB grading fees,
eliminate upfront capital requirements. Cooperative-based equipment sharing
and government-subsidized leasing programs further democratize access. Cost-
benefit analyses indicate that RGB-based systems can achieve payback periods of
1.5-2 years for medium-sized plantations processing 50,000 tons annually,
whereas smallholder cooperatives achieve viability at 10,000 tons through shared
infrastructure models (Andrew et al., 2022; Charlton et al., 2022; Upadhyay &
Bhargava, 2025).
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METHODOLOGY
Qualitative Literature Review Design

This study employs a qualitative literature review methodology,
specifically a narrative synthesis approach, to examine the multifaceted
dimensions of intelligent FFB grading system development and implementation.
Unlike systematic reviews that pursue exhaustive coverage and statistical meta-
analysis, qualitative reviews offer flexibility in integrating diverse forms of
evidence while maintaining interpretive depth and theoretical grounding. This
approach is particularly suited to emerging technology domains, where the
literature spans engineering innovations, economic analyses, and social science
investigations, requiring synthesis across disciplinary boundaries (Sukhera,
2022).

The narrative synthesis methodology facilitates examination of how
contextual factors—plantation scale, institutional environments, and
socioeconomic conditions—moderate technology feasibility and adoption
outcomes. The review process involved iterative searching, thematic coding, and
interpretive synthesis to construct coherent explanatory frameworks rather than
merely aggregating quantitative effect sizes. This approach acknowledges that
technology implementation is inherently contingent on local conditions, making
narrative interpretation more valuable than statistical generalization for
informing policy and practice(Zarei, 2025).

Literature Search and Selection Strategy

The search strategy targeted peer-reviewed journal articles published
between 2020 and 2025 across multiple databases, including Scopus, Web of
Science, and Google Scholar. Keywords included: "oil palm fresh fruit bunch
grading," ‘'intelligent systems," 'deep learning," ‘'computer vision,"
"hyperspectral imaging," "smallholders," "technology adoption," and "economic
feasibility". The search yielded 287 potentially relevant articles, of which 78 met
the inclusion criteria after screening for relevance, methodological rigor, and
publication quality.

Inclusion criteria required that studies: (1) focused on FFB grading
technologies with intelligent system components; (2) reported empirical findings
or theoretical frameworks relevant to feasibility assessment; (3) were published
in journals or reputable agricultural engineering publications; and (4) addressed
at least one dimension of technical performance, economic viability, or socio-
institutional factors. Exclusion criteria included conference proceedings without
peer review, purely technical reports lacking contextual analysis, and studies
published before 2020 to ensure contemporary relevance (Eko Emzar, 2025).
Analytical Framework and Synthesis Process

The analytical framework organized evidence across three primary
dimensions: technical feasibility (accuracy, robustness, scalability), economic
viability (costs, benefits, business models), and socio-institutional readiness
(adoption barriers, policy frameworks, stakeholder capacity). Within each
dimension, thematic analysis identified recurring patterns, contradictory
findings, and contextual moderators(Dhollande et al., 2021).
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Data extraction involved coding studies for: technology typology,
performance metrics, cost estimates, plantation context, and implementation
outcomes. The synthesis process employed constant comparative methods to
cluster similar findings and develop overarching themes. Quality assessment
evaluated each source's methodological appropriateness, empirical grounding,
and theoretical contribution, with greater weight accorded to multi-site studies
and longitudinal analyses(McAlearney et al., 2023).

The review maintains reflexivity regarding the researcher's positioning,
acknowledging that technological solutions reflect embedded values and
interests that shape which systems are promoted, funded, and deployed. This
self-awareness informs interpretation of evidence, particularly regarding claims
of system '"universality" or ‘'efficiency" that may conceal distributional
implications for different stakeholder groups.

RESULTS
Results: Thematic Findings on Feasible Intelligent System Development
1. Limitations and Problems of Conventional Grading Systems
A. Subjectivity and Variability in Visual Assessment

Traditional FFB grading relies on human visual inspection to classify fruits
into ripeness categories, introducing systematic inconsistencies across graders
and assessment occasions. The MPOB grading standard specifies four categories
(unripe, underripe, ripe, overripe) based on color and loose fruit count; however,
tield application exhibits considerable inter-observer variability, with
classification disagreements ranging from 15-35% among experienced graders.
This inconsistency directly compromises supply chain efficiency, as disputed
classifications often lead to conflicts between plantation operators and mill
managers over FFB acceptance and price determination. Environmental factors,
including ambient light intensity, observer fatigue, and moisture on fruit
surfaces, introduce additional variability that undermines grading consistency
even within individual graders across multiple assessments(Samian & Rizal,
2024).
B. Economic Consequences of Manual Grading Variability

The economic impact of grading errors extends substantially beyond
immediate transaction disputes. Misclassification of under-ripe FFB as ripe
results in reduced OER (potentially a 2-5% yield loss per processing cycle),
whereas accepting over-ripe fruit increases free fatty acid (FFA) content,
necessitates more intensive downstream refining, and increases production costs
by 8-12%. For mills processing 100 tons daily, these combined effects translate
into potential annual revenue losses of USD 50,000-100,000. Additionally, the
temporal lag of manual grading—assessments occur during harvest, while
processing occurs 24 hours later —prevents real-time optimization of picking
schedules to coincide with optimal ripeness windows, further reducing overall
productivity(Mansour et al., 2022).
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C. Social and Institutional Dimensions

Manual grading generates persistent tension within value chains due to
its subjective character and asymmetric information between buyers and sellers.
Smallholders are particularly disadvantaged, as they have limited capacity to
contest grading decisions and lack access to independent verification
mechanisms. The absence of objective grading documentation complicates
sustainability certification audits, requiring manual reconstruction of historical
quality records that are often unverifiable. These information asymmetries
reinforce power imbalances favoring mill operators and create disincentives for
smallholders to invest in harvesting quality improvements when grading
outcomes remain unpredictable(Andani et al., 2022).
Technical Performance of Intelligent System Approaches
Computer Vision and Deep Learning Achievements

Computer vision systems based on convolutional neural networks have
achieved performance levels substantially exceeding human grading
consistency. YOLOv4 implementations achieve an mAP of 87.9% across ripeness
categories under field conditions, with a precision of 95% and a recall of 82% in
on-site testing. Under controlled, bright-sunlight conditions, YOLOv4 achieves a
detection accuracy of 96.7%, declining modestly to 93.3% in far-field scenarios
and maintaining 86.7% accuracy under partial leaf obstruction. These
performance levels represent qualitative improvements over manual grading,
combining objective decision rules with consistent application across multiple
assessment occasions(Arpyanti, 2025).
More recent YOLO variants (YOLOvS8, YOLOv12s) demonstrate progressive
improvements, with YOLOVS attaining a precision of 96.5%, a recall of 95%, and
an mAP50 of 98% across ripeness classes. YOLOv12s achieves near-parity with
YOLOvV8 (mAP@50 of 97.8%) while processing individual frames in only 4.7
milliseconds, enabling real-time deployment on edge devices with limited
computational capacity. Transfer learning substantially reduces training data
requirements; implementations using only 628 labeled FFB images achieve 98%
accuracy across two ripeness categories, facilitating rapid model adaptation to
plantation-specific conditions and fruit varietal characteristics (Nur'aini &
Rahardi, 2025).
Multispectral and Hyperspectral System Performance

Hyperspectral imaging achieves superior absolute accuracy in
biochemical ripeness assessment, with HSI-PLS regression models predicting oil
content with 93-95% accuracy across 400 wavelength bands. Key spectral indices
at 680 nm (chlorophyll degradation) and 900 nm (moisture content) correlate
strongly with optimal harvest windows, providing early-maturation indicators
that are unavailable to RGB systems. Drone-mounted HSI enables large-area
monitoring and can detect spatial heterogeneity in ripeness across plantation
blocks, facilitating precision harvest scheduling. However, HSI systems require
equipment investments of USD 50,000-150,000, generate data volumes of 1-10
gigabytes per flight hour, and demand specialized personnel for spectral data
processing and interpretation(Hamid et al., 2025).
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The computational demands of HSI severely limit its feasibility for
deployment in resource-constrained settings. Real-time inference requires high-
performance computing clusters with GPU acceleration and annual operational
costs of USD 5,000-15,000 for data storage and processing infrastructure.
Training robust classification models requires 500-1,000 labeled samples per
spectral variability condition (seasonal, varietal, soil type), making data
acquisition campaigns prohibitively expensive for most plantation operators.
The integration of HSI with machine learning, while achieving research
validation, remains largely confined to pilot projects and well-capitalized
institutions(Hamid et al., 2025).

Sensor Fusion and Integrated Multimodal Systems

Research on complementary sensor fusion —combining RGB cameras with
capacitive moisture sensors, temperature gradients, and VOC emissions—
demonstrates potential to enhance classification robustness across diverse
environmental conditions. Hybrid approaches achieve up to 94% field accuracy
by leveraging multiple ripeness indicators that operate via different physical
mechanisms, thereby reducing susceptibility to confounding factors affecting
individual sensor modalities. loT-enabled frameworks for continuous
monitoring show promise for real-time alerting on optimal harvest windows and
for synchronization with mechanical harvesting systems(Hamid et al., 2025).

Nevertheless, practical deployment barriers for sensor fusion systems
remain substantial. Integration of diverse sensor types requires standardized
data fusion protocols and calibration procedures that vary across plantation-
specific conditions. The proliferation of sensor streams creates data management
challenges because standardized datasets are absent. Vendor lock-in concerns
arise when systems depend on proprietary sensor integration and cloud-based
processing services, thereby limiting institutional adoption among risk-averse
plantation operators (Jeyaseelan, 2025; Judijanto, 2025; Kumar, 2024).
Comparative Feasibility Analysis of Technology Typologies
1. Technical Feasibility Dimensions

Technical feasibility encompasses accuracy, operational robustness, and
adaptability to diverse environmental conditions encountered across plantation
contexts. RGB-based deep learning systems achieve 87-96% accuracy across field
conditions while maintaining processing speeds compatible with real-time
decision support (15-50 frames per second on edge devices). Robustness to
environmental variability is a critical advantage; YOLO-based systems maintain
>85% accuracy across varying illumination conditions, partial occlusions, and
moderate motion blur while requiring minimal hardware beyond standard
commercial cameras and modest edge processors (USD 500-2,000) (Bonet et al.,
2024).

Hyperspectral systems excel in biochemical specificity, achieving 93-95%
accuracy in predicting oil content. However, technical robustness deteriorates
substantially when deployed in heterogeneous field environments; spectral
calibration requirements necessitate frequent recalibration under varying
atmospheric and lighting conditions, creating operational friction. Mobile
deployment is infeasible due to computational intensity; HSI typically requires
20-60 seconds per sample analysis, which is incompatible with real-time
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harvesting requirements. The specialized technical expertise required for HSI
system maintenance and interpretation restricts feasible deployment to well-
resourced research institutions and large multinational corporations (Heine,
2025).

2. Economic Viability Comparison

Capital expenditure represents the primary differentiator across system
categories. RGB-based vision systems wusing commercial-off-the-shelf
components (Intel RealSense camera, Nvidia Jetson Edge processor, standard
server) achieve prototype deployment costs of USD 3,000-6,000 per checkpoint
(plantation or mill collection point). Hyperspectral systems require capital
investments exceeding USD 50,000 per unit, whereas integrated robotic
harvesting systems incorporating multiple sensors cost USD 150,000-500,000 per
unit. For mills processing 30,000-50,000 tons of FFB annually, RGB-based
systems achieve a capital payback within 18-24 months through OER
improvements and labor reductions, whereas HSI systems require 5-8-year
amortization horizons that exceed typical plantation equipment lifecycle
planning horizons (Andrew et al., 2022).

Operational costs exhibit parallel divergence. RGB systems require
minimal consumables (camera replacement every 3-5 years, USD 500-1,000),
with primary costs stemming from model updating (requiring 2-4 weeks of
technical effort annually). Hyperspectral systems demand annual maintenance
contracts (USD 5,000-10,000), periodic spectral calibration (USD 2,000-5,000),
and continuous data storage infrastructure (USD 3,000-8,000 annually). In
smallholder contexts where capital constraints dominate decision-making, RGB-
based systems are the only economically viable entry point, particularly when
deployment occurs through cooperative service models that distribute
infrastructure costs among multiple growers(Deb et al., 2025; Pacheco-Ruiz et al.,
2025; Yao et al., 2025).

3. Organizational and Capacity Requirements

Successful system deployment hinges critically on the technical
personnel's capacity and the institutional support infrastructure. RGB-based
systems require minimal specialized expertise; standard software engineering
skills suffice for model training, deployment, and maintenance, competencies
available through universities and technical institutes in palm oil regions.
Implementation timelines compress to 3-6 months, enabling rapid deployment
across plantation networks. Hyperspectral systems demand specialized
photonics expertise, advanced spectroscopy knowledge, and sophisticated data-
processing capabilities, which are concentrated in a small number of
international research groups, creating acute capacity constraints that severely
limit scalability(Cheng et al., 2025; Khonina et al., 2025; Mukhtar et al., 2025).

Extension services and technology intermediaries play pivotal roles in
determining feasible adoption pathways. Regions with active agricultural
extension systems supported by national research institutes (e.g., Malaysia's
MPOB and Indonesia's IOPRI) can facilitate technology transfer and
troubleshooting support that sustain implementation. Regions lacking an
institutional support infrastructure face a higher risk of system abandonment
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due to technical failures, compounded by a lack of local expertise to diagnose
and remedy problems. Cooperative institutions are particularly important in
smallholder contexts, providing aggregated demand that enables economies of
scale in technology procurement and facilitates cost-sharing for technical support
services (Andani et al., 2022).

Identification of the Most Feasible Intelligent System Configuration

1. Recommended System for Enterprise Plantations

Enterprise-scale plantations with >5,000 hectares and processing
infrastructure exceeding 50,000 tons of FFB annually constitute contexts in which
more sophisticated system configurations become economically justified. For
these operators, a tiered approach that integrates RGB-based vision at field
checkpoints, combined with hyperspectral calibration datasets that improve RGB
model training, offers compelling economic and technical advantages(Walsh et
al., 2024; Zhang et al., 2025). The primary architecture encompasses:

Field-level detection: YOLOv5-YOLOvVS8 models are deployed on edge
processors (e.g., NVIDIA Jetson) mounted at collection checkpoints, where FFB
is aggregated before transport to the mill. Processing frames at 15-30 frames per
second (fps) enables quality screening of 80-120 tons per day. Rejected FFB
(under-ripe, over-ripe, or damaged) undergoes a secondary quality review or is
redirected to alternative processing pathways. Real-time accuracy feedback
optimizes harvester crew scheduling and picking patterns(Arpyanti, 2025).
Mill-level integration: Secondary confirmation systems reassess FFB ripeness
upon mill arrival, reconciling differences with field classification to identify
grader performance drift or systematic environmental variations that require
model recalibration. Integration with ERP (enterprise resource planning) systems
documents grading outcomes, enabling downstream traceability and quality
analytics that support continuous improvement. This architecture creates
objective audit trails that support sustainability certification requirements (ISPO,
RSPO, MSPO) (Mansour et al., 2022).

Model updating protocols: Quarterly model retraining utilizing newly
collected field data ensures systems maintain accuracy across seasonal variations
in fruit characteristics and environmental conditions. The use of transfer learning
dramatically reduces retraining data requirements (typically, 200-500 new
labeled samples per quarter suffice), minimizing operational friction. Predictive
maintenance schedules prevent hardware degradation, scheduling camera
replacements and processor servicing before performance degradation becomes
apparent(Adriyansyah et al., 2025).

Estimated implementation costs: Capital expenditure of USD 50,000-
100,000 for 3-5 deployment points, with operational costs of USD 8,000-12,000
annually. Expected ROI (return on investment) of 25-35% annually through OER
improvements (2-3% yield increase), reduced grading disputes, and improved
labor productivity. Implementation timeline of 4-6 months from initial
assessment to full operational status(Andrew et al., 2022).

442 Recommended System for Independent Smallholders and Cooperative
Models
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Smallholders constitute >40% of oil palm area in Indonesia and Malaysia,
yet remain largely excluded from precision agriculture technologies due to
capital constraints, limited technical capacity, and weak institutional support.
Economic analysis demonstrates that individual smallholder adoption is
infeasible: monthly FFB production averages 8-15 tons, which is insufficient
throughput to justify RGB systems valued at USD 5,000-6,000, requiring 2-3-year
payback. However, cooperative service models overcome this constraint through
aggregated demand and shared infrastructure(Afrino et al., 2024; Purba et al.,
2024; Witjaksono et al., 2023):

Cooperative-based model architecture: Central processing cooperatives or
service providers deploy RGB-based grading systems at receiving stations where
member smallholders consolidate FFB for collective transport to mills. The
shared infrastructure model achieves a per-smallholder cost of USD 200-400,
thereby substantially reducing individual capital barriers. Processing 150-250
tons of FFB daily by 20-40 smallholder members supports system economics
while creating local employment for trained system operators(Firdaus, 2025;
Judijanto, 2026; Lim et al., 2024).

Smartphone-based decision support: Smallholders use smartphone
applications with lightweight YOLO models (3-15 MB) to enable field-level
ripeness classification during harvesting. These applications provide real-time
feedback to harvest crews on ripeness status, thereby improving picking
consistency and reducing the collection of underripe fruit. While smartphone-
based systems lack the accuracy of edge-deployed vision systems (76-85% versus
87-96%), they offer greater utility than traditional manual assessment.
Deployment costs approach zero due to the ubiquity of smartphones in rural
plantation regions (>70% smartphone ownership among working-age adults)
(Farhan et al., 2025; Nur’aini & Rahardi, 2025; Suharjito et al., 2023).

Institutional support requirements: Success hinges critically on
government subsidies that reduce cooperative equipment costs by 30-50%,
technical support from extension services that provide installation and initial
operator training, and financing mechanisms that enable cooperative capital
mobilization. Malaysia's subsidy schemes supporting MSPO certification
investments have successfully catalyzed cooperative adoption; analogous
support in Indonesia remains limited, which explains the rapid adoption in
Malaysia (>70% of smallholder area) versus minimal adoption in Indonesia (<5%
of smallholder area) (Eko Emzar, 2025; Novrini et al., 2025).

Estimated implementation costs: Cooperative capital investment of USD
10,000-20,000, supporting 20-40 smallholder members, yields a per-member cost
of USD 250-500, payable through cooperative fee structures or reduced
transaction margins. Smartphone-based applications entail zero capital cost
beyond individual farmer device ownership. Operational costs of USD 3,000-
5,000 annually for cooperative equipment maintenance, with costs absorbed
through cooperative margin structures or government subsidy funding(Hidayat
et al., 2024; Lai et al., 2023; Puttinaovarat et al., 2024).
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DISCUSSION
Synthesis of Technology Feasibility and Contextual Adaptation

The evidence synthesis demonstrates that no single intelligent system
configuration is universally optimal across plantation typologies. Rather,
feasibility is contextually contingent on operator scale, capital access, technical
capacity, and the availability of institutional support. RGB-based computer
vision systems anchored on YOLO architectures represent the "most feasible"
technology for majority deployment, defined as achieving simultaneously (1)
technical performance adequate for grading decisions (>85% accuracy), (2)
economic viability with 18-30 month payback periods, (3) scalability potential to
diverse plantation sizes, and (4) minimal technical expertise requirements for
operation and maintenance(Bonet et al., 2024).

The progressive architectural improvements evident in YOLO evolution
(YOLOv4 — YOLOvV8 — YOLOV12s) increasingly favor lightweight edge
deployment over centralized cloud-based processing, a trajectory particularly
advantageous for geographically dispersed plantations lacking reliable
broadband connectivity. Processing latency reductions (87 milliseconds — 5
milliseconds) coupled with improved accuracy (87.9% — 98% mAP) create
operational flexibility, enabling models to run on entry-level embedded
processors or mobile devices, fundamentally altering feasibility calculations for
resource-constrained contexts (Arpyanti, 2025).

Hyperspectral and sensor fusion approaches, while achieving superior
theoretical accuracy, face deployment barriers that render them infeasible in most
plantation contexts. The persistent cost, expertise, and infrastructure
requirements position HSI systems as specialized tools suited to calibration and
research applications that support RGB system improvement, rather than as
standalone production deployment options. This functional specialization — HSI
for research and calibration, RGB for production deployment—represents a
pragmatic feasibility paradigm that acknowledges technological heterogeneity
and contextual contingency(Setiawan & Prasetya, 2020).
Socio-Economic-Institutional Implications
1. Value Chain Distribution and Distributional Equity

The introduction of objective FFB grading systems entails substantial
shifts in value-chain distribution. Mills gains information asymmetry reduction
through objective quality documentation, potentially improving supply
planning and OER consistency. Growers benefit from the elimination of
subjective grading disputes and an enhanced ability to verify mill assessments,
thereby strengthening their bargaining position. However, these benefits are
distributed unevenly across plantation scales(Degli Innocenti, 2024; Degli
Innocenti & Oosterveer, 2020).

Large-scale operators capture disproportionate benefits through early-
mover advantages in technology adoption, vertical integration that enables
systems to link field- and mill-level grading, and flexible capital deployment.
Smallholders require intermediate institutional arrangements (e.g., cooperatives,
service providers) to achieve adoption feasibility, thereby creating dependency
relationships that may reduce net benefit capture if cooperative governance
remains weak. Evidence from Malaysia's MSPO-supported cooperative
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development demonstrates that technology benefits materialize primarily when
institutional quality (transparent governance, merit-based management,
equitable benefit-sharing) develops alongside technology deployment; absent
institutional strengthening, technology adoption generates modest benefits or
even reinforces existing inequalities(Herdiansyah et al., 2021; Witjaksono et al.,
2024).

2. Labor Market Implications and Employment Transitions

The transition to automated grading raises legitimate concerns about the
displacement of manual graders and field quality assessors. Estimates suggest
that 15,000-25,000 formal and informal employment positions in Southeast Asian
palm oil production depend on manual grading. However, evidence increasingly
supports the view that technology augments rather than displaces. Intelligent
systems serve as decision-support tools, enhancing worker productivity rather
than replacing workforce functions. Scenario modeling indicates that system
deployment across 50% of the plantation area could reduce manual grader
employment by 20-30% while generating offsetting demand for system
operators, data analysts, and maintenance technicians(Samian & Rizal, 2024).
Successful employment transition depends critically on reskilling investments
and labor adjustment policies. Regions that implement proactive workforce
development programs (training cooperatives and smallholders in system
operation and supporting education in agricultural technology) substantially
reduce adjustment costs and preserve rural incomes. Conversely, regions that
allow unmanaged technological displacement without social support experience
community disruption and political backlash, thereby reducing technology
adoption rates(Andrew et al., 2022).

3. Sustainability and Certification Implications

Intelligent grading systems enhance institutional capacity to meet
sustainability certification requirements that demand documented quality
management systems. ISPO, RSPO, and MSPO schemes increasingly require
objective ripeness assessment at the source; intelligent systems generate audit
trails that establish compliance and reduce the risk of fraud. For smallholders
pursuing premium market positioning through certification, intelligent systems
represent an enabling infrastructure that previously constrained adoption.
Empirical evidence from early adopters shows 8-12% price premiums for
certified sustainable palm oil, often sufficient to justify technology investment
once system costs are amortized(Abdul Majid et al., 2021; Jamaludin et al., 2025;
Rahutomo et al., 2025).

However, certification pathways remain stratified by operator scale.
Large-scale operators benefit from certification infrastructure density and
government support for export enterprises, while smallholders face higher
compliance costs and greater institutional distance from certification support
services. Technology alone cannot overcome these structural barriers; equitable
certification benefits require complementary institutional strengthening,
particularly in extension service capacity and in government subsidy programs
that support smallholder access to certification(Eko Emzar, 2025; Pacheco, Pablo;
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Schoneveld, George; Dermawan, Ahmad; Komarudin, Herry; Djama, 2020;
Suhardjo & Suparman, 2025).

Trade-offs, Risks, and Implementation Challenges

1. Technical Risks and Mitigation Pathways

Operational risks emerge from system performance degradation under
field conditions. YOLO models trained on limited seasonal or varietal diversity
encounter accuracy reduction (15-25% performance loss) when deployed to
previously unencountered conditions. This risk materializes particularly acutely
during seasonal transitions or when new fruit varieties are introduced into
plantation portfolios. Mitigation requires continuous retraining protocols that
use field-collected data and active learning methodologies, prioritizing the
labeling of misclassified examples. Operational costs of USD 2,000-4,000
annually for model updating are manageable but require institutional
commitment to ongoing investment beyond the initial system deployment
(Adriyansyah et al., 2025).

Hardware failure risks intensify in challenging plantation environments
characterized by high humidity, dust, and mechanical trauma. Standard
commercial cameras have an operational lifespan of 3-5 years under these
conditions, necessitating budgeting for regular replacement (USD 500-1,000 per
camera every 4 years). Protective housing and environmental controls can extend
lifespans to 5-7 years, increasing capital costs by 15-20%. Edge processors exhibit
similar lifespans, necessitating integrated maintenance planning. Insurance and
warranty products specifically designed for agricultural deployment remain
underdeveloped, representing a market opportunity for agricultural finance
providers(Witjaksono et al., 2024).

2. Social and Institutional Risks

Adoption risks stemming from weak institutional capacity represent
perhaps the most formidable barriers to scalable deployment. Systems function
optimally when supported by trained technical personnel, routine maintenance
protocols, and data management infrastructure. Regions with limited technical
education and weak extension systems exhibit higher rates of implementation
failure. Longitudinal studies of agricultural technology deployment consistently
demonstrate that projects lacking local institutional champions and ongoing
extension support exhibit 40-60% failure rates within 2-3 years, as systems
deteriorate without maintenance and expertise dissipates (Andani et al., 2022).
Equity risks arise from technology that may concentrate productivity gains
among large-scale operators, while smallholders lack access to comparable
solutions. Absent deliberate policy interventions that support smallholder access
(such as subsidies, cooperative financing, and technology licensing to service
providers), technological gains compound existing inequality. Evidence from
global precision agriculture adoption demonstrates that passive diffusion models
consistently reproduce existing disparities; active intervention through targeted
support that specifically addresses smallholder constraints remains necessary to
achieve equitable outcomes(Andani et al., 2022).
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3. Regulatory and Standard Alignment Challenges

The outputs of intelligent grading systems must integrate seamlessly with
existing quality standards and mill operations to ensure operational viability.
MPOB, IOPRI, and Indonesian Standard Council grading categories were
developed through visual assessment protocols; Al-generated classifications
must align with these standards to enable system acceptance. Misalignment —
where intelligent systems classify identical FFB differently than human
graders — creates operational friction and reduces mill adoption. Standardization
of Al-grading protocols compatible with existing regulatory frameworks remains
incomplete, necessitating collaborative efforts among regulatory bodies,
technology developers, and industry stakeholders (Muchlis et al., 2025).

CONCLUSIONS AND RECOMMENDATIONS
Substantive Conclusions

This qualitative literature review synthesizes evidence from seventy-eight
peer-reviewed studies published between 2020 and 2025 to identify intelligent
system configurations that offer maximal feasibility, effectiveness, and efficiency
for FFB grading across diverse plantation contexts. The analysis reveals that
computer vision systems based on RGB imagery and deep learning architectures,
particularly YOLO variants deployed on mobile edge devices, are the most
feasible solution for most plantation deployment contexts. This conclusion
reflects simultaneous optimization across technical performance (87-96%
accuracy), economic viability (18-24 month payback periods), scalability
(applicability across enterprise to smallholder contexts), and organizational
requirements (minimal specialized expertise demands).

Hyperspectral and sensor fusion systems, while achieving superior
theoretical accuracy (93-95%), face prohibitive costs (USD 50,000+),
computational demands, and specialized expertise requirements that limit
realistic deployment to research and well-capitalized enterprise contexts. Rather
than standalone production systems, HSI approaches serve as optimal calibration
tools, supporting RGB model training and specialization.

The review further demonstrates that technology adoption outcomes
depend critically on contextual socio-economic and institutional factors as much
as on technical capabilities. Smallholders' capacity for technology adoption is
constrained primarily by financial barriers, knowledge gaps, and weak
institutional linkages rather than technological inadequacy. Successful
smallholder adoption requires intermediary institutional arrangements—
particularly producer cooperatives with strong governance—coupled with
targeted government support. Malaysia's experience demonstrates that
systematic institutional support (subsidies, training, extension services) can
achieve more than 70% adoption among smallholders, whereas Indonesia's
limited support explains <5% adoption despite comparable technical readiness.

The synthesis proposes a tiered implementation strategy that balances
technical sophistication with contextual feasibility: large-scale operators
deploying integrated RGB-based field- and mill-level systems with IoT
connectivity; medium-scale operators utilizing centralized or cooperative RGB
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systems; and smallholders accessing grading services through cooperatives or
smartphone-based decision-support applications. This differentiated approach
acknowledges heterogeneous plantation contexts while maintaining technical
coherence by ensuring consistency across YOLO-family architectures, thereby
enabling ecosystem development and economies of scale.

Policy and Implementation Recommendations

1. Recommendations for Policy Makers

Fiscal Incentive Programs: Governments should establish targeted
subsidy mechanisms to reduce the capital costs of technology for both corporate
operators and smallholder cooperatives. Experience from Malaysia's MSPO
scheme demonstrates the effectiveness of matching grants covering 30-50% of
equipment costs, contingent on formal cooperative governance, access to
extension support, and public data sharing for model improvement. Indonesia's
palm oil development budget could allocate 2-3% to support 500-1,000
cooperative pilot deployments across diverse agroecological contexts, thereby
generating implementation experience that informs subsequent scaling.

Regulatory Alignment and Standardization: National regulatory bodies
(IOPRI, Indonesian Standards Council) should establish formal protocols that
recognize Al-generated FFB assessments as equivalent to human grading for
regulatory compliance. This requires collaborative standard-setting processes
engaging technology developers, extension services, industry representatives,
and smallholder organizations. Establishing baseline accuracy requirements
(>85% for production deployment, >90% for certification) with formal testing
protocols removes ambiguity and facilitates technology adoption among
industry participants.

Extension Service Capacity Building: Public investment in the technical
capacity of agricultural extension services should explicitly include training in
precision agriculture and intelligent systems. This requires developing
curriculum modules in deep learning fundamentals, computer vision system
deployment, and edge computing tailored to agricultural extension
professionals. Regional technology hubs co-hosted by government extension
services and technology providers can serve as platforms for pilot development
and operator training, thereby generating local expertise and sustaining long-
term technology adoption.

2. Recommendations for Plantation Operators and Industry Associations

Collaborative Research and Development: Industry associations should
convene multi-stakeholder consortia addressing remaining technical and
deployment challenges. Priority research needs include: (1) development of
large-scale, openly-available datasets encompassing diverse plantation
conditions, fruit varieties, and seasonal variations supporting model training
without proprietary data sharing; (2) robustness testing of YOLO models under
extreme environmental conditions (heavy rain, dust storms, extreme
temperature variations); (3) cost-benefit analysis of alternative deployment
architectures across diverse plantation scales; and (4) longitudinal impact
assessment of intelligent grading systems on employment, income distribution,
and sustainability outcomes.

150



Multitech Journal of Science and Technology (MJST)
Vol.3, No.2, 2026:133-158

Technology Standardization and Interoperability: Industry associations
should support the development of open standards that enable interoperability
among intelligent grading systems, prevent vendor lock-in, and support
competitive technology markets. Standards should define: (1) camera and sensor
interfaces compatible with multiple edge processors; (2) data formats enabling
model portability across different platforms; (3) quality assurance protocols for
third-party system auditing; and (4) cybersecurity standards protecting
plantation data and preventing unauthorized remote access.

Financing Mechanisms Innovation: Agricultural finance institutions
should develop specialized financing products to address barriers to technology
adoption. Leasing arrangements enabling equipment access without upfront
capital payment, or "grading-as-a-service" models where equipment providers
retain ownership while charging per-FFB assessment fees, overcome capital
constraints that historically exclude smallholders from precision agriculture
adoption. Blended finance arrangements that combine government subsidies
with commercial lending can improve affordability while establishing
sustainable business models for technology providers.

3. Recommendations for Technology Developers and Research Institutions

Open-Source Model Democratization: Technology developers should
support open-source licensing and training code for the YOLO model, thereby
enabling broader adoption and facilitating contributions from the research
community. Proprietary models create barriers to adoption, particularly for
smallholders and cooperatives unable to afford commercial licensing. Open-
source approaches, pioneered by the YOLO development community, accelerate
model improvement by enabling diverse contributors while reducing barriers to
adoption.

Localized Model Development Programs: Research institutions in
Southeast Asia should establish technology transfer programs that facilitate the
local development of models and datasets tailored to regional contexts.
Collaborative arrangements between international research groups and regional
universities can support the development of models specifically optimized for
Indonesian and Malaysian fruit varieties, seasonal conditions, and agroecological
contexts. Such localized models, trained on regional datasets, typically achieve
3-5% higher accuracy on regional data than globally trained models.

Accessibility-Focused Interface Design: Technology developers should
prioritize user interface design suited to operators with limited technical
education. Smartphone applications and simple field devices with intuitive
interfaces require less training than complex analysis software. Visual feedback
systems showing real-time ripeness assessment improve operator acceptance
and reduce training requirements. Multilingual interfaces supporting
Indonesian, Malay, and English facilitate broader adoption across diverse
operator populations.
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Limitations and Implications for Future Research
1. Limitations of the Present Qualitative Review

This qualitative literature review prioritized depth of thematic analysis
over exhaustive coverage, examining 78 of an estimated 250-300 potentially
relevant publications. The search prioritized Scopus-indexed journals,
potentially biasing findings toward English-language publications and research
from well-resourced institutions. Studies from Southeast Asian researchers and
institutions, while increasingly published in English-language journals, remain
underrepresented. The temporal scope (2020-2025) captures contemporary
technology development but extends insufficient historical depth to evaluate
long-term adoption and impact trajectories.

Quantitative synthesis of adoption outcomes remains limited due to the
sparsity of longitudinal implementation data. Most existing studies report pilot-
scale deployments or simulation analyses rather than multi-year operational
experience across diverse contexts. The absence of comprehensive cost
accounting for field implementations introduces uncertainty in economic
feasibility estimates. Distributional outcomes regarding employment, income,
and equity remain largely unexplored in existing literature, reflecting research
gaps rather than settled evidence.

2. Future Research Priorities

Longitudinal Implementation Studies: Multi-year case studies across 15-
20 plantations, varying in scale, geographic location, and institutional context,
should document technology adoption trajectories, barriers encountered,
adaptations implemented, and the realized impacts on productivity,
employment, income, and sustainability metrics. Such studies would generate
empirical grounding for policy recommendations currently based on limited
operational experience.

Mixed-Methods Impact Assessments: Quantitative analyses of
productivity and income, combined with qualitative investigations of
distributional outcomes, employment transitions, and equity implications,
would provide a comprehensive understanding of the effects of technology.
Particular attention to smallholder and worker perspectives would illuminate
underrepresented voices in the current literature, which is dominated by
technical analyses.

Open Dataset Development and Benchmark Establishment: Creation of
large-scale, publicly-available datasets of oil palm FFB imagery encompassing
diverse varieties, environmental conditions, and geographic contexts would
accelerate model development and enable standardized performance
benchmarking. Comparable efforts in crop disease detection and crop counting
have substantially advanced the field; analogous investments in FFB datasets
would generate similar benefits.

Business Model Innovation Studies: Comparative analysis of alternative
deployment models (cooperative ownership, service providers, technology
leasing, public-private partnerships) would identify institutional arrangements
most likely to achieve equitable smallholder access. Pilot documentation of
innovative financing and ownership models would inform policy on
mechanisms to democratize access to technology.
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FURTHER STUDY

This research still has limitations so that further research is needed on the
topic of Developing Feasible Intelligent Systems for Oil Palm Fresh Fruit Bunch
Grading: A Review of Technological, Economic, and Social Dimensions in order
to perfect this research and increase insight for readers and authors.
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