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Abstract: This conceptual paper examines how plantation firms can convert artificial intelligence (AI) from a 

technical tool into a durable source of strategic advantage. It integrates three literatures that are usually treated 

separately: precision-agriculture AI, autonomous agricultural systems, and the resource-based view (RBV) of 

organisational AI capability. The synthesis suggests an important sequencing effect: AI-enabled decision-making is 

likely to mature faster than autonomous physical execution, particularly in complex, biologically variable tree-crop 

environments such as oil palm. A three-layer model is proposed, linking intelligent decision-making, autonomous 

operations, and strategic competitive advantage, and clarifying the organisational conditions under which each layer 

translates into the next. Durable performance gains are argued to depend not on AI technology in isolation but on 

complementary resources — reliable data infrastructure, workforce AI literacy, organisational learning routines, 

and governance mechanisms for data security and system reliability. Four testable propositions and a survey-based, 

multi-firm research design, adapted from established organisational-capability instruments, are developed for 

empirical testing in plantation settings. The paper contributes by reframing the plantation-AI debate from a 

technology-adoption question into a capability-building question, and by identifying the organisational conditions 

under which AI and automation may become difficult-to-imitate sources of competitive advantage rather than 

commodity inputs available to any competitor with capital. 
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1.   INTRODUCTION 

Background 

Plantation management is moving from a model dominated by accumulated human judgement toward one in which human 

expertise is increasingly augmented by data-intensive artificial intelligence. Sensors, satellite and drone imagery, machine-

learning models, and progressively autonomous machinery are being layered onto operations that were, until recently, 

coordinated largely through the tacit knowledge of estate managers, agronomists, and field supervisors. Yet the strategic 

consequences of this transition remain considerably less clear than its technical possibilities. Precision-agriculture studies 

largely ask what AI can predict or classify; robotics studies ask what machines can physically execute; and strategic-

management research asks how organisational AI capability affects firm performance. These three streams of scholarship 

rarely meet in the specific context of plantation agriculture, leaving a gap between what is technically demonstrable in a 

laboratory or pilot trial and what is organisationally sustainable at the scale of a working estate. 
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Purpose of the Study 

This paper asks a deliberately narrower and more actionable question than "should plantation firms adopt AI?" It asks: 

under what organisational conditions do AI-enabled decision-making and autonomous operations create durable 

competitive advantage for plantation firms, rather than a transient efficiency gain that competitors can quickly replicate? In 

pursuing this question, the paper contributes an integrated three-layer framework that explicitly separates analytical AI 

maturity from physical automation maturity, and it develops testable propositions together with an empirical research design 

suited to plantation contexts. 

Research Questions 

The paper is guided by two related questions: 

1.  How do AI-enabled decision-making and autonomous field operations differ in their pace of maturation, and what does 

this imply for how plantation firms should sequence investment? 

2.  What complementary organisational resources determine whether AI and automation translate into sustained 

competitive advantage rather than a commodity capability available to any well-capitalised competitor? 

Significance 

The significance of this study lies in shifting the plantation-AI conversation away from a narrow focus on algorithmic 

accuracy or machine specification, toward the organisational architecture required to convert technology into advantage. 

For plantation executives, the framework offers a basis for sequencing capital allocation between analytics, data 

infrastructure, workforce capability, and automation hardware. For technology vendors, it clarifies that the addressable 

value in plantation AI lies increasingly in implementation, training, and interoperability rather than in the software or 

machinery alone. For policymakers and industry bodies, it highlights the organisational and human-capital conditions — 

rather than the technology itself — that will determine whether the benefits of plantation AI are captured broadly or 

concentrated among a small number of well-resourced firms. 

2.   THEORETICAL FRAMEWORK AND LITERATURE REVIEW 

2.1 AI in Precision Agriculture 

AI in precision agriculture has progressed from rule-based expert systems and fuzzy logic to machine-learning and deep-

learning applications spanning disease detection, irrigation and soil management, pest and weed management, and yield 

prediction (Mat Pauzi et al., 2025). Reported classification accuracy can be high in controlled settings, but sustained real-

world deployment remains considerably less developed than the underlying algorithms suggest. For plantation firms, the 

managerial issue is therefore not predictive accuracy in isolation, but the reliability, integration, and governance of AI 

systems once they leave the pilot stage and are embedded into daily field operations across thousands of hectares, multiple 

estates, and a rotating field workforce. 

This distinction matters because precision-agriculture research tends to report performance under favourable conditions — 

curated datasets, controlled lighting, homogeneous plots — that do not fully anticipate the heterogeneity of a working 

plantation, where soil type, drainage, cultivar age, canopy density, and microclimate vary from block to block. Firms that 

treat published accuracy figures as directly transferable to their own operations risk under-investing in the local validation, 

retraining, and data-governance work needed to make AI outputs operationally trustworthy. 

2.2 Autonomous Machinery and the Limits of Physical Automation 

Autonomous machinery translates AI-generated decisions into physical action in the field, and it is here that the gap between 

technical demonstration and operational maturity is widest. Agricultural robots must function under variable terrain, 

lighting, biological material, and connectivity conditions that are substantially less structured than the controlled 

environment of a factory floor (Vougioukas, 2019). Systems-level integration of robotics, AI, and big data remains 

incomplete across the sector as a whole (Gackstetter et al., 2023). In oil palm specifically, component technologies for 

robotic harvesting — including ripeness detection, cutting mechanisms, and climbing or reach systems — have advanced 

considerably, but fully integrated systems capable of matching human performance across the full range of field conditions 

encountered on a commercial estate remain under development (Teoh & Lai, 2024). 
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This asymmetry between decision-support maturity and physical-execution maturity is central to the framework proposed 

in this paper. It implies that plantation firms pursuing a single, undifferentiated "AI strategy" risk misallocating capital: 

analytics and decision-support systems may already be capable of generating measurable value, while autonomous field 

machinery for the same operation may still be several product generations away from reliable, unsupervised deployment. 

2.3 The Resource-Based View and Organisational AI Capability 

The resource-based view (RBV) holds that sustained competitive advantage arises not from any resource per se, but from 

resources that are valuable, rare, difficult to imitate, and organisationally embedded (Barney, 1991). Applied to AI, this has 

an important implication that is frequently overlooked in technology-adoption literature: commercially available algorithms 

or machines are, almost by definition, not rare. A competitor with sufficient capital can purchase the same sensors, licence 

the same software, and acquire similar machinery. Durable advantage, if it exists at all, must therefore come from something 

other than the technology artefact itself. 

Mikalef and Gupta (2021) show that organisational AI capability is best understood as a bundle combining tangible 

resources (data, infrastructure, computing capacity), human skills (technical and managerial), and intangible organisational 

resources (culture, structure, coordination). Chen et al. (2022) similarly find, in the context of e-commerce firms, that AI 

capability influences performance primarily through organisational and decision-making mechanisms rather than through 

the technology's technical sophistication alone. Plantation agriculture provides a distinctive and under-studied setting in 

which to test these relationships, characterised by dispersed multi-estate operations, biological uncertainty that data cannot 

fully resolve, variable rural connectivity, and a large, field-intensive workforce whose cooperation is a precondition for any 

data-driven system to function. 

3.   TOWARD A CONCEPTUAL MODEL OF AI-ENABLED PLANTATION STRATEGY 

The proposed framework separates plantation AI transformation into three analytically distinct but interconnected layers. 

Layer 1 — Intelligent decision-making. AI-enabled analysis of crop, soil, weather, pest, disease, and yield data, producing 

recommendations or forecasts that inform human decisions on fertiliser application, irrigation scheduling, harvest timing, 

pest intervention, and resource allocation across blocks and estates. 

Layer 2 — Autonomous operations. The translation of digital decisions into field action through autonomous or semi-

autonomous machinery — self-driving evacuation and fertiliser-application vehicles, drone-based spraying and monitoring, 

and, prospectively, robotic harvesting systems. 

Layer 3 — Strategic competitive advantage. The conversion of technological capability, in either or both of the preceding 

layers, into superior and sustained organisational performance, mediated by complementary resources that are difficult for 

competitors to reproduce quickly. 

3.1 Sequential but Not Deterministic 

The central theoretical claim of the framework is that plantation AI transformation is sequential but not deterministic. 

Decision intelligence can advance considerably without equivalent progress in autonomous execution — a firm may have 

sophisticated yield-forecasting and disease-risk models while still relying entirely on manual harvesting and evacuation. 

Conversely, neither layer automatically produces sustained advantage on its own. A firm can adopt state-of-the-art analytics 

or purchase the most advanced autonomous vehicles available and still fail to outperform competitors, if the surrounding 

organisational resources needed to operationalise that technology are absent. 

Competitive advantage, in other words, emerges only when technology is combined with complementary, firm-specific 

resources that are difficult for competitors to reproduce — reliable and well-governed data pipelines built up over years of 

operation, a field workforce trained and motivated to act on AI-generated recommendations, and management routines that 

translate model outputs into consistent, timely field decisions. This distinction sharpens the paper's contribution relative to 

technology-centred reviews of precision agriculture: it explains why two plantation firms using ostensibly similar AI tools 

may realise materially different operational and strategic outcomes, and it locates the source of that difference in 

organisational capability rather than in the technology procured. 

about:blank
about:blank
about:blank


International Journal of Management and Commerce Innovations  ISSN 2348-7585 (Online) 
Vol. 14, Issue 2, pp: (48-53), Month: October 2026 - March 2027, Available at: www.researchpublish.com 

 

Page | 51  

Research Publish Journals 

3.2 Propositions 

P1. Complementary organisational resources positively moderate the performance gains associated with AI-based decision 

support — that is, the same analytics platform will generate larger measurable gains in firms with stronger data governance, 

workforce capability, and management routines than in firms that adopt the technology without these complements. 

P2. In the near term, data-and-analytics capability is more strongly associated with plantation competitive advantage than 

the scale of autonomous machinery deployment, reflecting the earlier maturity of decision-support technology relative to 

physical automation in tree-crop environments. 

P3. Field-staff capability to interpret and act on AI recommendations strengthens the translation of decision support into 

operational outcomes; where field staff distrust, misunderstand, or routinely override AI recommendations without a 

structured feedback mechanism, the performance benefit of the underlying model is substantially attenuated regardless of 

its technical accuracy. 

P4. Data-security and system-reliability governance strengthens the relationship between AI adoption and realised 

performance, because operational trust in AI-generated recommendations depends on staff confidence that the underlying 

systems are dependable, auditable, and resilient to outages or data-integrity failures. 

Taken together, these propositions imply that the marginal return on a given unit of AI investment is not a fixed technical 

parameter but a function of the organisational context into which the technology is introduced — a claim that is, in principle, 

directly testable using the research design proposed in Section 4. 

4.   PROPOSED RESEARCH DESIGN FOR EMPIRICAL TESTING 

A survey-based, multi-firm design is proposed, adapting the AI-capability instrument of Mikalef and Gupta (2021) to 

plantation operations. Respondents should include estate managers and agronomy, engineering, and technology leads across 

firms and estates with differing levels of AI and automation maturity, so that variation in both the independent and 

moderating constructs can be captured. Southeast Asian oil palm provides a logical initial setting given the concentration 

of both plantation scale and automation investment in the region, while later studies could test the generalisability of the 

framework across rubber, cocoa, and other perennial tree crops with different biological and operational characteristics. 

TABLE I: PROPOSED CONSTRUCTS AND MEASURES FOR EMPIRICAL TESTING 

Layer Construct Recommended measure Source 

Intelligent 

decision-making 

Scope of AI use across operational 

decisions 

Usage inventory, adapted Mat Pauzi et al. (2025) 

Autonomous 

operations 

Scale and scope of autonomous/semi-

autonomous equipment 

Deployment inventory Teoh & Lai (2024) 

AI capability Tangible, human-skill, and intangible 

resources 

AI Capability Scale Mikalef & Gupta (2021) 

Strategic 

advantage 

Relative cost, yield consistency, and 

operational performance 

Firm-performance battery, 

adapted 

Barney (1991); Mikalef 

& Gupta (2021) 

Structural equation modelling can test the proposed direct, mediated, and moderated relationships summarised in the 

propositions above. Decision-making maturity and autonomous-operations maturity should be entered as separate 

constructs rather than collapsed into a single composite adoption index. This separation is methodologically necessary: it is 

the only way to test whether analytical capability produces strategic value earlier than physical automation, and whether 

complementary organisational resources explain variation in realised performance independently of the raw scale of 

technology deployment. Where feasible, the survey instrument should be supplemented with objective operational data — 

cost per hectare, yield per hectare, and equipment downtime — to reduce reliance on managerial self-report alone. 

5.   DISCUSSION AND IMPLICATIONS 

5.1 Implications for Plantation Leaders 

The framework has a direct practical implication for capital allocation: plantation firms should not treat AI software, 

analytics, and autonomous machinery as a single, undifferentiated investment category. Their technical maturity, 

implementation requirements, and pathways to realised value differ substantially. In the near term, strengthening data 
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architecture, field-level adoption capability, analytics, and governance is likely to yield greater strategic returns than 

pursuing automation hardware for its own sake, particularly in operations — such as fresh-fruit-bunch harvesting in oil 

palm — where robotic execution remains technically immature. Leaders should also resist the temptation to benchmark 

investment decisions purely against competitors' equipment purchases; a rival's fleet of autonomous vehicles is a visible but 

potentially misleading signal of strategic progress if it is not matched by the data governance and workforce capability 

needed to use it effectively. 

5.2 Implications for Technology Vendors 

For vendors, the framework shifts the value proposition away from equipment or software supply and toward 

implementation capability, training, interoperability, and data governance support. A vendor that can demonstrably help a 

plantation firm build the complementary resources identified in Section 3 — rather than simply deliver a licensed model or 

a machine — is positioned to capture more durable value from the relationship, and to differentiate itself from competitors 

offering comparable underlying technology. 

5.3 Implications for Policymakers 

For policymakers and industry bodies, the framework highlights cybersecurity, workforce transition, digital infrastructure, 

interoperability standards, and access mechanisms for smaller producers as conditions of responsible and broadly shared 

AI diffusion. Left unaddressed, the resource-based logic developed here suggests that the benefits of plantation AI could 

concentrate among large, well-capitalised firms capable of building the necessary complementary resources, while 

smallholder-linked and mid-sized operations are left dependent on generic tools that were not calibrated to their conditions. 

6.   LIMITATIONS AND FUTURE RESEARCH 

This paper is conceptual and does not report new primary data; consequently, its propositions should be interpreted as 

theoretically grounded claims requiring empirical validation rather than established findings. The underlying AI-capability 

evidence is drawn mainly from non-agricultural sectors, and the proposed constructs may behave differently in dispersed 

plantation environments characterised by biological uncertainty, variable connectivity, and a field-intensive workforce 

whose daily routines differ substantially from office-based knowledge work. 

Future studies should validate the measurement model across firms and countries, distinguish estate-level from firm-level 

effects (since AI maturity and organisational capability may vary considerably between estates within the same corporate 

group), incorporate objective operational indicators alongside managerial perceptions, and use longitudinal designs to test 

whether the relative contribution of autonomous operations increases as robotics matures and the current sequencing gap 

between Layers 1 and 2 narrows. Research should also examine whether shared digital infrastructure, cooperative data 

platforms, and vendor-supported service models can enable smallholders to access meaningful AI capability without 

needing to replicate the internal resource base of large plantation firms — a question with direct relevance for equitable 

diffusion of these technologies across the sector. 

7.   CONCLUSION 

The strategic transformation of plantation management is not simply a movement from people to machines. It is a movement 

from predominantly tacit, individually held expertise toward organisational capability that combines human judgement, 

data, AI, and progressively autonomous execution. The three-layer framework developed in this paper clarifies that 

intelligent decision-making, autonomous operations, and competitive advantage are related but analytically distinct, and 

that progress in one layer does not automatically confer progress in the others. The decisive strategic question for a 

plantation firm is therefore not whether it adopts AI, but whether it develops the complementary organisational resources 

— data infrastructure, workforce capability, and governance routines — required to use AI reliably, repeatedly, and better 

than its competitors. Empirical testing of this framework, using the research design proposed here, can help establish when 

plantation AI becomes a genuine, durable strategic capability rather than a readily imitable technology investment available 

to any firm with sufficient capital. 
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