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Introduction
The global agricultural sector is undergoing a profound 

transformation driven by rapid technological advancement, evolving 
sustainability expectations, and increasing demand for traceable 
and responsibly produced commodities. As digitalization reshapes 
production systems worldwide, Artificial Intelligence (AI) has 
emerged as one of the most influential enabling technologies within 
modern agricultural ecosystems.1 AI-based systems, including 
machine learning, deep learning, predictive analytics, computer vision, 
and intelligent decision-support tools, are increasingly integrated 
into farming operations to improve productivity, optimize resource 
utilization, and strengthen environmental monitoring capabilities.2 
In parallel, global sustainability frameworks emphasize efficiency, 
transparency, and long-term resilience across agri-food supply chains, 
encouraging the adoption of data-driven management approaches.3

Among globally traded agricultural commodities, palm oil 
occupies a strategic position due to its multifunctional applications 
in food processing, oleochemicals, pharmaceuticals, cosmetics, and 
renewable energy industries.4 Its high yield per hectare relative to 
other vegetable oils makes it a resource-efficient crop in terms of 
land productivity, contributing significantly to rural livelihoods and 
national economies in producing regions.5 As international markets 
increasingly prioritize sustainability standards and digital traceability 

mechanisms, the palm oil sector has demonstrated growing 
engagement with technological innovation to strengthen operational 
performance and compliance systems.6 Within this transformation, AI 
represents a promising analytical infrastructure capable of enhancing 
both upstream production efficiency and downstream market 
intelligence.

Recent advancements in AI have enabled agricultural systems 
to move from reactive management to predictive and prescriptive 
decision-making models.7 Precision agriculture platforms now 
integrate satellite imagery, drone-based monitoring, soil sensors, 
and climate datasets with machine learning algorithms to forecast 
yields, detect crop stress, and optimize input allocation. In plantation-
based commodities such as oil palm, where production cycles are 
long and management decisions have multi-year implications, 
predictive accuracy and timely monitoring are particularly critical.8 
AI-supported analytics can help reduce uncertainty, improve harvest 
planning, and support sustainability verification by integrating data 
across operational layers.

At the environmental level, AI has expanded the capacity for 
spatial analysis and land-use assessment through high-resolution 
remote sensing combined with deep learning segmentation models. 
These capabilities allow for more accurate plantation mapping, 
change detection, and resource-use monitoring. When embedded 
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Abstract

As digital transformation advances across agricultural commodity systems, Artificial 
Intelligence (AI) has gained increasing attention as a strategic enabler of efficiency, 
transparency, and sustainability within palm oil production and marketing. Although 
scholarly contributions on AI in this sector have expanded in recent years, existing evidence 
remains dispersed across technical domains and lacks a comprehensive synthesis. This 
study systematically identifies and integrates peer-reviewed research examining AI-driven 
applications that support sustainability within the palm oil ecosystem. The research adopts 
a Systematic Literature Review (SLR) design supported by a transparent and replicable 
screening protocol. Relevant scientific papers were sourced entirely from Scopus using a 
systematic keyword-based search strategy. An initial publication-period filter (2020–2026) 
and open-access screening yielded a final corpus of 31 peer-reviewed articles. The analysis 
employed thematic synthesis and methodological mapping to classify technological 
approaches, application domains, and reported performance outcomes. Specifically, 
the review followed PRISMA-guided identification, screening, eligibility, and inclusion 
stages, and each article was coded according to AI technique, application domain, dataset 
characteristics, validation approach, and reported performance indicators such as accuracy, 
precision, recall, F1-score, RMSE, MAPE, and operational efficiency gains. The findings 
reveal five dominant clusters: precision agriculture and yield optimization, crop health 
monitoring, environmental performance assessment, supply chain traceability, and market 
intelligence. Across these domains, machine learning and deep learning models demonstrate 
improvements in predictive accuracy, resource optimization, monitoring reliability, logistics 
coordination, and market forecasting stability. The review concludes that AI serves as an 
enabling analytical infrastructure that supports productivity enhancement and sustainability 
governance within palm oil systems. Future research should prioritize integrated value-
chain modeling, longitudinal validation, and scalable interdisciplinary frameworks.
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within broader sustainability governance frameworks, AI-driven 
environmental analytics may support transparent reporting and 
adaptive management strategies.9 Importantly, these technological 
applications are increasingly viewed not as isolated tools but as 
components of integrated digital ecosystems linking production, 
certification, logistics, and market forecasting.

Beyond production systems, AI also plays a growing role in 
commodity marketing and price intelligence. Macroeconomic 
dynamics, policy developments, and cross-commodity interactions 
influence global palm oil markets. Advanced forecasting models 
that integrate machine learning with econometric techniques have 
demonstrated greater predictive stability than traditional time-series 
approaches.10 Furthermore, Natural Language Processing (NLP) 
enables sentiment analysis of market news and policy signals, 
offering additional explanatory variables for short-term price 
movement analysis. In downstream markets, consumer analytics and 
digital segmentation tools enhance responsiveness to demand for 
sustainability-certified products.11 These developments indicate that 
AI applications extend beyond agronomic optimization into broader 
commercial and strategic decision-making.

Despite the growing body of literature examining AI in agriculture 
and sustainability domains, existing research remains fragmented 
across disciplines, methodologies, and application areas. Studies 
often focus on specific technical models, such as yield prediction or 
disease detection, without situating findings within a comprehensive 
sustainability-production-marketing continuum. Moreover, the rapid 
evolution of AI techniques over the past five years has led to diverse 
experimental designs and validation approaches, making it difficult to 
assess collective progress and maturity within the palm oil context.12 
While numerous empirical contributions demonstrate performance 
improvements at the model level, there is limited consolidated analysis 
of how these advancements collectively contribute to sustainable 
production systems and market integration.

A systematic synthesis is therefore necessary to map the landscape 
of AI applications across the palm oil value chain and evaluate their 
methodological robustness, performance outcomes, and sustainability 
implications. Systematic Literature Review (SLR) methodology 
provides a transparent and replicable framework for identifying, 
screening, and synthesizing peer-reviewed studies based on predefined 
criteria. Unlike narrative reviews, SLR emphasizes structured 
selection processes, explicit inclusion and exclusion criteria, and 
systematic thematic coding, ensuring analytical transparency and 
reproducibility. Importantly, this study relies exclusively on secondary 
data derived from peer-reviewed academic publications and does not 
involve primary data collection methods such as interviews, focus 
group discussions, or field observations.

Positioning this study within the evolving digital agriculture 
discourse, the present research examines how AI applications have 
been developed and deployed in sustainable palm oil production and 
marketing systems during the recent wave of digital transformation. 
By integrating insights across agronomic optimization, environmental 
monitoring, supply chain traceability, and market intelligence, the 
review aims to provide a consolidated analytical perspective that 
bridges technological innovation with sustainability performance 
outcomes. Rather than adopting a critical or adversarial stance toward 
the industry, this study maintains a neutral and evidence-based 
approach, recognizing the sector’s ongoing efforts to integrate data-
driven tools to enhance operational transparency and efficiency.

This study aims to comprehensively integrate peer-reviewed 
findings on the application of Artificial Intelligence in sustainable 

palm oil production and marketing, identify dominant technological 
patterns and performance outcomes, evaluate methodological trends, 
and highlight research gaps warranting further scholarly attention. 
Through a structured SLR framework, this study seeks to clarify 
how AI contributes to productivity enhancement, environmental 
monitoring, supply chain governance, and market forecasting within 
the palm oil ecosystem.

To guide the analytical focus of the review and structure the 
subsequent discussion, two research questions are formulated:

RQ1: How have Artificial Intelligence methodologies been applied 
across production, environmental, supply chain, and marketing 
dimensions of sustainable palm oil systems, and what measurable 
performance outcomes have been reported?

RQ2: What patterns of methodological maturity, integration, 
and research gaps emerge from the existing literature on AI-driven 
sustainability in palm oil production and marketing?

These research questions frame the synthesis presented in the 
subsequent sections and provide the analytical basis for discussion 
and conclusion. Employing a structured and transparent review 
methodology, the study strengthens scholarly understanding of digital 
transformation processes in sustainable palm oil systems, ensuring 
methodological consistency and a balanced analysis grounded in 
validated research.

Literature review
The rapid diffusion of Artificial Intelligence (AI) across 

agricultural systems has reshaped the analytical foundations of 
production management, environmental monitoring, and market 
intelligence. AI is broadly defined as a set of computational techniques 
enabling machines to perform tasks that traditionally require human 
intelligence, including pattern recognition, prediction, optimization, 
and decision support. Within agricultural contexts, AI encompasses 
machine learning algorithms, deep neural networks, computer vision, 
natural language processing, and intelligent optimization systems that 
transform raw data into actionable insights. The integration of AI into 
agricultural production systems has accelerated in response to the 
increasing availability of data from satellite imagery, sensor networks, 
digital farm records, and global commodity markets.

In sustainability-oriented agriculture, AI is increasingly positioned 
as an enabling technology that can enhance productivity and improve 
environmental performance indicators. The concept of sustainable 
production in plantation-based commodities refers to maintaining 
economic viability, minimizing ecological impact, and ensuring long-
term operational resilience through improved management practices. 
AI-driven analytics contribute to this objective by enabling precision 
resource allocation, predictive risk management, and continuous 
monitoring of environmental parameters. Rather than functioning as a 
standalone technological layer, AI is often embedded within broader 
digital ecosystems linking upstream production, midstream logistics, 
and downstream market coordination.

Artificial intelligence in agricultural production 
systems

The literature on AI in agricultural production demonstrates a 
strong emphasis on predictive modeling and decision optimization. 
Machine learning techniques such as Random Forest, Support Vector 
Machines (SVMs), Artificial Neural Networks (ANNs), and Gradient 
Boosting have been widely applied to crop yield prediction, irrigation 
scheduling, and fertilizer optimization.13 Studies consistently report 
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improvements in forecasting accuracy compared to traditional 
regression-based approaches, often achieving double-digit percentage 
gains in predictive performance.14 Deep learning architectures, 
particularly Convolutional Neural Networks (CNNs) and Long Short-
Term Memory (LSTM) models, have further advanced the temporal 
and spatial prediction capabilities of crop management systems.

In plantation crops with extended growth cycles, predictive 
accuracy is particularly valuable due to the time lag between 
agronomic intervention and measurable output. AI-supported 
yield forecasting enables plantation managers to align harvesting 
schedules, labor allocation, and logistics planning with anticipated 
production volumes. In addition, reinforcement learning frameworks 
have been explored for adaptive fertilizer management, in which 
algorithms iteratively optimize nutrient application strategies based 
on feedback loops involving yield outcomes and soil indicators.15 
These applications illustrate a shift from static decision-making to 
dynamic, data-responsive management models.

Computer vision has emerged as another prominent area of 
development within AI-enabled agriculture. Image-based diagnostics 
using CNN models allow automated detection of plant stress, nutrient 
deficiencies, and disease symptoms.16 Such systems reduce reliance 
on manual inspection and enhance early-warning capacity, thereby 
contributing to production stability and operational efficiency. In the 
context of oil palm cultivation, early detection of diseases such as 
basal stem rot through AI-assisted imaging has demonstrated high 
classification accuracy under controlled validation conditions.

Environmental monitoring and sustainability analytics

Environmental sustainability assessment has become an integral 
dimension of digital agriculture research. Remote sensing technologies 
integrated with AI classification algorithms enable high-resolution 
land-cover mapping and change detection. Deep learning segmentation 
models applied to satellite imagery can distinguish plantation areas 
from surrounding land types with higher precision than rule-based 
GIS techniques.17 These capabilities enhance transparency in land-use 
monitoring and support compliance with sustainability certification 
frameworks. AI-driven environmental analytics also extend to carbon 
stock estimation and lifecycle performance modeling. Regression-
based machine learning frameworks have been used to estimate 
biomass and carbon sequestration levels with lower estimation error 
than conventional field-based extrapolation methods.18 Furthermore, 
digital twin simulations have been introduced in some agricultural 
systems to model resource consumption, emissions intensity, and 
operational scenarios under different management strategies. Although 
still emerging, such approaches indicate a convergence between AI, 
environmental accounting, and sustainability governance. Importantly, 
the literature increasingly frames AI as a tool that complements rather 
than replaces existing sustainability mechanisms. By enhancing data 
accuracy and monitoring frequency, AI can strengthen evidence-
based reporting without altering core agronomic practices.19 This 
positioning reinforces a neutral and constructive interpretation of 
technological integration within established agricultural systems.

AI in supply chain traceability and governance

Beyond farm-level operations, AI has gained relevance in supply 
chain management and traceability systems. Sustainable palm oil 
production is closely linked to traceable sourcing, supplier compliance 
verification, and transparent reporting across multi-tier supply chains. 
Machine learning algorithms have been applied to anomaly detection 
in procurement data, identifying irregular transaction patterns and 

potential compliance risks.20 These systems leverage large transaction 
datasets to detect deviations from expected supply behaviors, thereby 
improving oversight efficiency.

Natural Language Processing (NLP) techniques have also been 
used to analyze sustainability reports, certification documents, and 
regulatory disclosures. Automated text classification models can 
categorize large volumes of documentation, identify inconsistencies, 
and extract thematic trends related to sustainability performance.21 
Such applications reduce manual processing time and enhance 
analytical consistency in compliance evaluation.

Optimization algorithms further support logistics planning and 
distribution management by identifying cost-efficient and energy-
efficient routing strategies. Predictive scheduling models integrate 
weather forecasts, transportation data, and historical shipment 
records to minimize delays and reduce fuel consumption.22 These 
developments suggest that AI contributes to operational transparency 
and efficiency across supply chain nodes, reinforcing sustainability 
objectives without disrupting established commercial frameworks.

Market intelligence and price forecasting

The application of AI in commodity marketing and price forecasting 
represents a growing field of inquiry. Traditional econometric models, 
such as Autoregressive Integrated Moving Average (ARIMA), have 
long been used for commodity price prediction. However, hybrid 
models combining machine learning with econometric structures have 
demonstrated enhanced predictive stability and reduced forecasting 
error.23 LSTM-based time-series models are particularly effective in 
capturing nonlinear dependencies and seasonal patterns in commodity 
price movements.24 Sentiment analysis using NLP techniques 
introduces an additional analytical layer by incorporating qualitative 
market signals into quantitative forecasting models. By analyzing 
news articles, policy announcements, and trade-related discourse, 
sentiment indices can serve as explanatory variables in short-term 
price fluctuation models.25 This integration reflects a broader shift 
toward data fusion strategies in commodity analytics.

Digital marketing analytics also benefits from AI-driven 
clustering and segmentation models. Consumer behavior analysis 
in sustainability-certified product markets can inform targeted 
communication strategies and product positioning.26 While research 
in this area remains less extensive compared to production-focused 
applications, available studies indicate meaningful potential for AI-
supported market responsiveness.

Methodological trends in AI–sustainability research

Across the literature, supervised learning remains the dominant 
methodological approach, followed by deep neural network 
architectures and hybrid ensemble models. Validation techniques 
frequently include k-fold cross-validation and train-test splits to 
ensure model generalizability. Dataset sizes vary considerably, 
ranging from small pilot image datasets to large-scale satellite-based 
spatial observations.27

A recurring pattern in the literature is the emphasis on model 
performance metrics such as accuracy, precision, recall, F1-score, Root 
Mean Square Error (RMSE), and Mean Absolute Percentage Error 
(MAPE).28 Comparative benchmarking against traditional statistical 
baselines is common, demonstrating incremental improvements in 
predictive capacity.29 However, cross-study comparability is often 
constrained by heterogeneous datasets, differing evaluation criteria, 
and context-specific variables.
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Another notable trend is the increasing integration of AI with 
complementary technologies such as Internet of Things (IoT) sensors, 
cloud computing platforms, and blockchain-based traceability 
systems.30 These integrations expand AI functionality from isolated 
predictive tools to interconnected decision-support ecosystems.

Although substantial progress has been made in applying AI to 
agricultural sustainability contexts, the literature reveals fragmentation 
across thematic domains. Many studies focus narrowly on technical 
model optimization without integrating environmental, supply chain, 
and marketing dimensions within a unified analytical framework. This 
segmentation limits the ability to assess cumulative sustainability 
impacts across the entire value chain.

Furthermore, the maturity level of AI deployment varies widely. 
Some studies report experimental validation under controlled 
conditions, while others describe pilot-scale implementations. 
Evidence of large-scale industrial adoption remains comparatively 
limited in published research. This gap underscores the importance 
of systematic synthesis in distinguishing conceptual innovation from 
operational scalability.

The geographic concentration of empirical research within major 
producing regions suggests contextual specificity that may influence 
generalizability. Climatic variability, regulatory environments, and 
data availability differ across regions, potentially affecting model 
performance and the feasibility of adoption. A structured literature 
review can therefore clarify methodological patterns, identify cross-
context consistencies, and highlight areas requiring broader empirical 
testing.

In summary, the existing body of scholarship demonstrates that AI 
applications span production optimization, environmental monitoring, 
supply chain governance, and market analytics within sustainable 
palm oil systems. Performance improvements are consistently 
reported at the model level, and technological integration continues to 
evolve through interdisciplinary convergence. Nevertheless, thematic 
fragmentation, varying maturity levels, and limited integrative 
synthesis justify the need for a systematic and comprehensive review. 
By consolidating dispersed evidence within a transparent analytical 
framework, this study helps clarify the current state of AI-driven 
sustainability innovation in palm oil production and marketing while 
maintaining a neutral, evidence-based academic perspective.

Methodology
This study employed a Systematic Literature Review (SLR) 

methodology, structured in accordance with the PRISMA protocol, 
to ensure transparency, traceability, and methodological rigor in 
synthesizing existing scholarship on artificial intelligence applications 
in sustainable palm oil production and marketing systems. The review 
design was explicitly developed to identify, filter, and consolidate 
peer-reviewed academic publications addressing the intersection of 
artificial intelligence technologies and sustainability-oriented practices 
across upstream and downstream palm oil activities. The SLR process 
followed four sequential phases: identification, screening, eligibility, 
and inclusion, guided by predefined inclusion and exclusion criteria 
that covered database sources, keyword configurations, publication 
timeframe, and accessibility status. All procedures were conducted 
using a standardized, replicable protocol that encompassed search 
string formulation, systematic filtering, eligibility verification, 
structured data extraction, and thematic synthesis. This section focuses 
exclusively on the operational implementation of the review process 
rather than theoretical discussions concerning artificial intelligence 
models or sustainability paradigms. In operational terms, the SLR 
employed six sequential procedures: (1) database identification in 

Scopus; (2) formulation and refinement of Boolean search strings; 
(3) application of inclusion and exclusion criteria covering topic 
relevance, publication years 2020–2026, document accessibility, 
and peer-reviewed status; (4) title, abstract, and full-text screening; 
(5) structured data extraction; and (6) thematic and methodological 
synthesis. The extracted data fields included publication year, study 
objective, AI method, data source, sustainability dimension, validation 
technique, and reported empirical outcomes.

Figure 1 presents the PRISMA-based workflow adopted in this 
review, illustrating the progressive refinement of records across the 
four methodological stages. The literature search was conducted 
exclusively in the Scopus database to ensure coverage of high-
quality, peer-reviewed research across the domains of technology, 
agricultural systems, supply chain management, and sustainability. In 
the identification stage, an initial broad search using the keywords 
“palm oil” AND “technology” yielded 2,406 records. To enhance 
thematic precision and align the dataset more closely to examine 
artificial intelligence applications in sustainable palm oil production 
and marketing, a refined Boolean search string was implemented: 
(“artificial intelligence” OR “machine learning” OR “deep learning” 
OR “data analytics” OR “intelligent system”) AND (“palm oil” OR 
“oil palm”) AND (“sustainability” OR “sustainable development” 
OR “environmental sustainability”) AND (“production” OR 
“cultivation” OR “yield” OR “harvesting” OR “supply chain” OR 
“marketing” OR “market prediction”). As a result of this filtering 
stage, 2,345 records were excluded for not meeting the defined review 
criteria, leaving 61 studies for further assessment.

During the screening phase, a publication-year restriction was 
applied to capture recent developments in the implementation 
of artificial intelligence, limiting the scope of analysis to articles 
published between 2020 and 2026. By applying the defined time 
limitation, three studies were omitted for falling outside the required 
years, leaving a total of 58 records. The eligibility phase introduced an 
accessibility criterion, restricting inclusion to publications available in 
Open Access or Open Archive formats to ensure full-text availability 
and analytical transparency. At this stage, 27 articles were removed 
due to limited access, resulting in a final corpus of 31 peer-reviewed 
articles that satisfied all inclusion requirements. Throughout the review 
process, bibliographic data were systematically organized and curated 
using Mendeley Desktop to maintain consistency, avoid duplication, 
and support structured referencing. Consistent with the SLR 
framework, this research relies exclusively on secondary data derived 
from peer-reviewed academic publications and does not incorporate 
primary data collection methods such as interviews, surveys, focus 
group discussions, or field observations. The resulting methodological 
structure provides a transparent, auditable, and fully replicable 
foundation for synthesizing scholarly evidence on the application of 
artificial intelligence technologies to enhance production efficiency, 
sustainability performance, and market-oriented decision support in 
the palm oil sector. To answer the concern regarding performance 
outcomes, this review treated performance as a study-level empirical 
result reported by the original articles and grouped these results into 
five categories: classification performance (e.g., accuracy, precision, 
recall, F1-score), predictive performance (e.g., RMSE, MAPE, 
R-squared), optimization performance (e.g., input reduction, yield 
improvement, routing efficiency), processing performance (e.g., time 
savings, detection speed), and governance-related performance (e.g., 
traceability verification efficiency, anomaly-detection reliability). 
Because the reviewed studies used heterogeneous datasets and 
experimental settings, the synthesis emphasizes directional and 
comparative patterns rather than direct statistical aggregation across 
all studies.
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Figure 1 Systematic Literature Review Process Based on the PRISMA Protocol.

Results
Based on a PRISMA-guided Systematic Literature Review of 31 

peer-reviewed articles published between 2020 and 2026 and retrieved 
exclusively from the Scopus database, this study identifies five 
dominant and interrelated thematic clusters concerning the application 
of Artificial Intelligence (AI) in sustainable palm oil production 
and marketing systems. These themes are: (1) AI-driven precision 
agriculture and yield optimization; (2) intelligent pest, disease, and 
crop health monitoring; (3) land-use assessment and environmental 
sustainability performance monitoring; (4) AI-enabled supply chain 
traceability and transparency; and (5) predictive analytics, market 
intelligence, and digital marketing optimization.

An analysis of thematic distribution indicates that AI-driven 
precision agriculture and yield optimization constitute the most 
extensively represented theme, appearing in approximately 42% of 
the reviewed studies. This is followed by land-use and environmental 
sustainability monitoring (26%), supply chain traceability and 

transparency (19%), and predictive analytics for marketing and price 
modeling (13%). Notably, 51% of the reviewed articles address 
more than one thematic cluster, reflecting the integrative and cross-
functional character of AI systems that simultaneously influence 
agronomic, environmental, logistical, and commercial dimensions of 
sustainability.

The predominance of production-oriented themes reflects the 
operational centrality of plantation management within palm oil 
systems and the measurable nature of agronomic performance 
indicators such as yield forecasting, input optimization, and harvest 
scheduling. AI applications in these areas frequently employ machine 
learning algorithms, deep learning architectures, and remote sensing 
integration to enhance decision accuracy and resource efficiency. The 
significant representation of environmental monitoring themes further 
indicates growing scholarly emphasis on data-driven approaches 
to land-use management, deforestation risk assessment, emissions 
estimation, and ecological performance evaluation. These applications 
commonly integrate satellite imagery, geospatial analytics, and 
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intelligent classification models to support sustainability verification 
and compliance-oriented reporting.

Although supply chain traceability and transparency appear less 
frequently than upstream production themes, their presence across 
nearly one-fifth of the corpus underscores the increasing relevance 
of AI in enhancing data visibility across multi-actor networks. 
AI-based traceability models, often combined with blockchain 
infrastructure or intelligent verification systems, are conceptualized as 
enabling mechanisms to improve information reliability, certification 
processes, and sustainability documentation within complex palm oil 
supply chains.

Predictive analytics and market intelligence represent the least 
dominant thematic cluster, yet they show growing interest in applying 
AI to price forecasting, demand estimation, sentiment analysis, 
and digital marketing optimization. The comparatively smaller 
representation of this theme suggests that AI-driven sustainability 
research in palm oil remains primarily production- and compliance-
focused, while downstream commercial intelligence is emerging as a 
developing frontier.

Collectively, these thematic patterns suggest that AI within 
sustainable palm oil systems is predominantly conceptualized as 
an enabling and performance-enhancing technology that supports 
incremental improvements in efficiency, monitoring accuracy, 
transparency, and market responsiveness. Rather than a disruptive 
restructuring mechanism, AI is portrayed in the literature as a 
scalable, data-centric tool that strengthens decision-making across 
interconnected stages of production and marketing. The following 
subsections provide a detailed synthesis of each thematic cluster 
based exclusively on the findings of the reviewed studies.

The synthesis of reported outcomes indicates that performance 
was measured differently across application domains but remained 
comparable in terms of functional contribution. Studies in production 
and crop monitoring primarily reported predictive and classification 
metrics; studies in environmental monitoring emphasized spatial 
accuracy and reduction in estimation error; supply-chain studies 
focused on anomaly detection and verification efficiency; and 
marketing studies emphasized forecasting stability and demand-
prediction accuracy. Accordingly, the present review interprets 
performance outcomes using domain-specific metric groups rather 
than a single, uniform indicator.

Precision agriculture and yield optimization

A significant portion of the reviewed studies examined AI-driven 
precision agriculture systems to improve yield forecasting, fertilizer 
optimization, and harvesting efficiency. Supervised machine learning 
models, including Random Forest, Support Vector Machines (SVM), 
and Gradient Boosting, were commonly employed to predict fresh 
fruit bunch (FFB) yields using climatic, soil, and historical production 
datasets.31,32 Reported prediction accuracies ranged between 85% and 
94%, with mean absolute percentage error (MAPE) values below 12% 
in optimized models.33

Deep learning-based time-series forecasting models demonstrated 
enhanced performance in seasonal yield prediction. Long Short-
Term Memory (LSTM) networks reduced forecasting error margins 
by approximately 18% compared to conventional regression-based 
approaches.34 Studies integrating multispectral drone imagery and AI 
classification models reported yield estimation deviations below 10% 
at the plantation scale.35

Fertilizer optimization models using reinforcement learning 
approaches showed potential input reductions of 12%-20% 
without compromising productivity.36 Decision-support dashboards 
integrating AI analytics were associated with reported improvements 
in operational planning efficiency of up to 25%.37 Collectively, these 
findings suggest that AI-supported precision agriculture contributes 
to resource optimization while maintaining production stability, 
reinforcing the industry’s ongoing digital modernization trajectory.38

Pest, disease, and crop health monitoring

AI-based crop health monitoring constituted another prominent 
research theme. Convolutional Neural Networks (CNNs) have been 
widely used to detect Ganoderma basal stem rot and other leaf-
level anomalies through image-based diagnostics.39 Classification 
accuracies ranged between 88% and 96% across different dataset 
sizes, with sensitivity values above 90% in controlled validation 
settings.40

Remote sensing integration using satellite-derived Normalized 
Difference Vegetation Index (NDVI) data, combined with machine-
learning clustering algorithms, enabled early stress detection up 
to three weeks prior to visible symptom manifestation.41 Early 
detection frameworks were reported to reduce potential yield 
losses by approximately 15%–23% when integrated into plantation 
management systems.42

AI-enabled mobile diagnostic applications demonstrated field-
level feasibility, with processing times below 5 seconds per image 
and offline deployment capabilities, supporting scalability in rural 
plantation contexts.43 The reviewed evidence indicates that AI-
enhanced monitoring systems improve responsiveness and reduce 
uncertainty in crop health management, contributing to long-term 
production resilience.44

Land-use assessment and environmental performance 
monitoring

Environmental sustainability assessment has emerged as a critical 
area in which AI tools are increasingly deployed. Studies combining 
satellite imagery, Geographic Information Systems (GIS), and deep 
learning segmentation models achieved land-cover classification 
accuracies exceeding 92% in distinguishing oil palm plantations 
from surrounding land types.45 Temporal change detection algorithms 
enabled deforestation monitoring, achieving detection precision 
above 89% in multi-year comparative datasets.46

Carbon stock estimation models that integrate AI regression 
frameworks have reported root mean square error (RMSE) reductions 
of 14% compared to traditional biomass estimation methods.47 
Lifecycle-based environmental performance simulations indicated 
that AI-supported resource management systems could reduce water 
consumption intensity by 8%–15% at the mill level.48

Digital twin modeling approaches were also identified in three 
studies, which simulated plantation-level emissions scenarios and 
optimized operational parameters to meet sustainability certification 
requirements. These AI-driven environmental monitoring systems 
demonstrate measurable analytical improvements in transparency 
and resource efficiency, supporting evidence-based sustainability 
management.49

Supply chain traceability and sustainability verification

19% of the reviewed literature addressed AI integration into 
supply chain traceability systems. Machine learning algorithms were 
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applied to detect anomalies in procurement data, achieving detection 
accuracies above 90%.50 Predictive risk-scoring models for supplier 
compliance achieved F1-scores between 0.84 and 0.91 in validation 
datasets.51

AI-powered traceability platforms that integrate blockchain-
compatible architectures have been reported to reduce verification 
processing time by approximately 30% compared to manual 
documentation workflows.52 Natural Language Processing (NLP) 
models were employed to analyze sustainability reports and detect 
inconsistencies across multi-tier supply chains, achieving text 
classification precision rates above 87%.53

Optimization algorithms for logistics planning indicated potential 
fuel consumption reductions of 9%–14% through route clustering 
and predictive scheduling.54 These results suggest that AI-enabled 
supply chain analytics enhance operational transparency and decision 
accuracy while supporting traceability objectives aligned with 
evolving sustainability standards.55

Market intelligence, price forecasting, and digital 
marketing optimization

AI applications in marketing and price intelligence represented 
a growing yet comparatively underexplored domain within the 
reviewed corpus. Time-series forecasting models employing hybrid 
ARIMA-LSTM frameworks improved the accuracy of crude palm 
oil (CPO) price predictions by approximately 16% compared to 
standalone econometric models.56 Forecasting horizons of 30–90 
days have demonstrated stable predictive reliability, with R² values 
exceeding 0.88 in several studies.57

Sentiment analysis of commodity market news using NLP 
techniques revealed statistically significant correlations between 
sentiment polarity indices and short-term price fluctuations, explaining 
up to 22% of observed price variance in weekly datasets.58 AI-driven 
demand prediction tools applied to downstream consumer product 
markets reduced forecast error by 11%-19%.59

Digital marketing analytics leveraging clustering algorithms 
enabled consumer segmentation accuracy rates above 85%, supporting 
targeted communication strategies in sustainability-certified product 
lines.60 These findings indicate that AI contributes not only to upstream 
productivity but also to enhanced responsiveness and competitiveness 
in global commodity markets.46

Cross-thematic patterns and analytical synthesis

Across all themes, supervised learning approaches accounted for 
approximately 61% of methodological designs, unsupervised learning 
for 17%, deep neural networks for 48%, and hybrid AI frameworks 
for 29%. Dataset sizes varied considerably, ranging from fewer than 
1,000 labeled images in early-stage pilot studies to satellite-derived 
datasets with more than 50,000 spatial observations.

Model validation techniques were reported in 87% of studies, 
with k-fold cross-validation (k=5 or k=10) being the most frequently 
applied method. Approximately 71% of empirical studies compared 
AI models against traditional statistical baselines, consistently 
reporting performance improvements of 10%-25% depending on the 
application context.

Notably, integration across sustainability dimensions remains 
uneven. While environmental monitoring and production optimization 
are well represented, fewer studies provide integrated models 
combining environmental, economic, and market analytics within 
a single decision-support architecture. This indicates opportunities 

for future interdisciplinary modeling while affirming the substantive 
progress already achieved in individual application domains.

Aggregated findings suggest that AI deployment in sustainable 
palm oil systems yields measurable performance enhancements: yield 
prediction accuracy improvements of up to 20%, input efficiency gains 
averaging 15%, disease detection precision above 90%, traceability 
verification time reductions of approximately 30%, and price 
forecasting improvements exceeding 15% relative to conventional 
approaches. These quantitative outcomes demonstrate the operational 
relevance of AI integration while reinforcing the sector’s ongoing 
digital transformation.

Overall, the results derived from the 31 systematically selected 
studies confirm that artificial intelligence applications are increasingly 
embedded across production, environmental monitoring, supply chain 
governance, and marketing analytics within the palm oil ecosystem. 
The empirical evidence synthesized in this review indicates 
consistent methodological advancement, measurable performance 
improvements, and expanding interdisciplinary integration. The 
findings reflect a trajectory of technological adoption aimed at 
strengthening efficiency, transparency, and sustainability performance 
in the palm oil industry, presented here within a neutral, evidence-
based analytical framework grounded exclusively in peer-reviewed 
secondary data.

Discussion
This analysis synthesizes insights from the 31 peer-reviewed 

publications included in the SLR to address the two research questions 
presented earlier. The analysis is structured around (1) the distribution 
and measurable performance outcomes of AI applications across 
production, environmental, supply chain, and marketing dimensions 
(RQ1), and (2) the patterns of methodological maturity, integration, 
and remaining research gaps in AI-driven sustainability within 
palm oil systems (RQ2). The discussion is grounded exclusively in 
synthesized evidence from the selected literature and does not involve 
field observations or focus group discussions, consistent with the SLR 
design.

Addressing RQ1: application domains and measurable 
performance outcomes

AI in production and cultivation systems

The reviewed literature demonstrates that Artificial Intelligence 
(AI) methodologies have been most intensively applied in upstream 
production systems, particularly in yield estimation, crop health 
monitoring, harvesting optimization, and plantation management 
decision support. Approximately 45% of the included studies focus 
primarily on production-stage interventions, indicating a strong 
research concentration in precision agriculture applications within oil 
palm cultivation.61

Machine learning (ML) models such as Random Forest (RF), 
Support Vector Machines (SVM), Gradient Boosting, and Artificial 
Neural Networks (ANN) are widely utilized to predict fresh fruit 
bunch (FFB) yield and biomass accumulation using multispectral 
satellite imagery, UAV-based remote sensing, and climatic variables. 
Reported performance metrics indicate predictive accuracies ranging 
between 82% and 95% for yield estimation models when validated 
against ground-truth plantation data.62 In several studies, the use of 
deep learning-based convolutional neural networks (CNNs) for fruit 
detection and ripeness classification achieved precision rates above 
90%, contributing to improved harvesting timing and a reduction in 
post-harvest losses by an estimated 8–15%.
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In addition, AI-enabled disease detection systems using image-
based classification have reported detection accuracies exceeding 88% 
for early identification of Ganoderma basal stem rot and leaf nutrient 
deficiencies. These performance outcomes suggest measurable 
operational improvements in plantation management, particularly 
in enhancing yield predictability, optimizing labor allocation, and 
minimizing agronomic inefficiencies. Importantly, these applications 
are framed within sustainability-oriented objectives, such as resource 
efficiency, reduction of input waste, and productivity optimization 
without expansion of cultivated land area.63

Overall, AI implementation at the production stage demonstrates 
tangible quantitative outcomes, particularly in yield accuracy, 
reduction of manual inspection time (up to 40% in some digital 
monitoring cases), and enhanced decision-support reliability.

AI in environmental sustainability monitoring

The second cluster of studies (approximately 26% of the reviewed 
articles) focuses on environmental sustainability dimensions, including 
carbon emission estimation, land-use monitoring, deforestation 
detection, and lifecycle assessment modeling.64 In this domain, AI is 
commonly applied to remote sensing-based land-cover classification 
and predictive modeling of environmental indicators.

Deep learning architectures, particularly CNN and Long Short-
Term Memory (LSTM) networks, are applied to time-series satellite 
imagery to detect land-use changes with classification accuracies 
ranging from 85% to 94%. These models enable more precise mapping 
of plantation boundaries and differentiation between cultivated 
areas and natural forest cover. Importantly, such systems enhance 
transparency and traceability within sustainability compliance 
frameworks.65

Several studies integrate machine learning models into carbon 
footprint estimation and greenhouse gas (GHG) prediction frameworks. 
Regression-based ML models have reduced error margins in emission 
prediction by approximately 12–18% compared to conventional 
linear estimation techniques.66 Additionally, AI-enhanced lifecycle 
assessment tools improve data processing efficiency, reducing 
computational time by nearly 30% while maintaining comparable 
accuracy levels.

Environmental monitoring applications also extend to water 
management and soil quality assessment. Predictive models using 
sensor data demonstrate improved irrigation scheduling efficiency, 
reducing water consumption by 10–20% in simulated plantation 
environments.67 These results indicate that AI technologies contribute 
to environmental optimization efforts within palm oil systems while 
maintaining productivity goals.

AI in supply chain and traceability systems

Supply chain and traceability applications represent around 19% of 
the reviewed literature. In this dimension, AI methodologies are used 
to enhance logistics planning, inventory forecasting, fraud detection, 
and traceability verification systems. Predictive analytics and demand 
forecasting models based on machine learning algorithms achieve 
10%-25% higher forecasting accuracy than traditional econometric 
approaches. Reinforcement learning models applied to transportation 
routing have reduced logistics costs by approximately 8–12% through 
route optimization simulations.68

Moreover, AI-powered traceability systems, often integrated with 
blockchain frameworks, are designed to enhance transparency in palm 
oil supply chains. Classification algorithms applied to transaction 
and shipment data achieve anomaly-detection precision rates above 

85%, thereby improving compliance verification processes. These 
tools support sustainability certification mechanisms by improving 
data integrity and the consistency of traceability.69 Importantly, 
these supply chain applications are oriented toward operational 
efficiency and transparency rather than disruption. The measurable 
outcomes highlight improved forecasting reliability, reduced waste 
in distribution systems, and enhanced monitoring capabilities across 
multi-tier supply networks.

AI in marketing and market prediction

The smallest but emerging domain (approximately 10% of 
reviewed articles) addresses AI in marketing and market prediction. 
Studies in this cluster employ machine learning for price forecasting, 
demand estimation, and sentiment analysis related to sustainability-
oriented palm oil products.70 Time-series models, including LSTM 
and hybrid ARIMA-ML models, report reductions in forecasting 
error of 7–15% compared to standalone statistical models.71 
Sentiment analysis models applied to online data sources demonstrate 
classification accuracy above 80% in detecting consumer perception 
trends related to sustainable palm oil labeling.72

Although fewer in number, these studies indicate the expanding 
relevance of AI beyond upstream agricultural processes into market-
level decision-making. Performance outcomes are primarily measured 
by forecasting precision, reliability in predicting market volatility, and 
improved responsiveness to demand fluctuations.73

In summary, AI methodologies have been applied across four key 
dimensions of sustainable palm oil systems, with measurable outcomes 
primarily reflected in improved predictive accuracy, efficiency gains, 
cost reductions, and greater reliability in environmental monitoring. 
Production-stage applications show the highest methodological 
maturity and strongest quantitative performance indicators. 
Environmental and supply chain domains demonstrate growing 
sophistication, particularly in remote sensing and predictive analytics. 
Marketing applications remain comparatively emergent but show 
promising results in forecasting and consumer analytics.

Collectively, the reviewed evidence indicates that AI integration 
within sustainable palm oil systems is associated with measurable 
operational enhancements without fundamentally altering the 
industry’s structural characteristics. The reported outcomes are largely 
efficiency-driven and aligned with sustainability performance metrics 
rather than with disruptive structural change.

Addressing RQ2: methodological maturity, integration patterns, 
and research gaps

Methodological maturity

The literature reveals three identifiable stages of methodological 
maturity. First, early-stage applications rely primarily on standalone 
machine learning classification and regression models with limited 
integration into decision-support systems.74,75 Second, intermediate-
stage studies combine multiple data sources (remote sensing, IoT 
sensors, meteorological data) into hybrid ML frameworks.76 Third, 
advanced-stage applications integrate AI into automated monitoring 
platforms or digital twin systems for plantation management and 
supply chain modeling.77

However, only approximately 22% of the reviewed studies 
demonstrate full-system integration, in which AI outputs directly 
inform automated decision loops. Most applications remain decision-
support oriented rather than fully autonomous. Additionally, cross-
domain integration linking production, environmental, and market 
datasets within a unified AI architecture remains limited.
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Deep learning models have been increasingly prominent since 
2020, particularly CNN and LSTM architectures. Yet, transparency 
and explainability of AI models are rarely addressed explicitly. Fewer 
than 30% of studies incorporate model interpretability techniques 
such as SHAP or feature importance analysis.78

Integration across sustainability dimensions

The review indicates that research tends to treat production, 
environmental monitoring, supply chain management, and marketing 
as semi-independent analytical domains. Only a small subset of studies 
attempt integrated sustainability modeling. For instance, production-
yield prediction is often decoupled from downstream market demand 
modeling, despite their potential interdependence.

Similarly, environmental sustainability indicators are frequently 
assessed independently of supply chain optimization frameworks. 
This segmented approach suggests a structural research gap in holistic 
AI-driven sustainability modeling across the full palm oil value 
chain.79,80

Moreover, geographic concentration is notable. A majority 
of empirical datasets originate from Southeast Asia, particularly 
Indonesia and Malaysia, reflecting the region’s production dominance. 
While appropriate, this concentration indicates limited cross-regional 
comparative modeling.

Identified research gaps

Five major research gaps emerge from the SLR. First, longitudinal 
validation remains limited, as relatively few studies test AI models 
across multi-year production cycles or changing environmental 
conditions. Second, cross-domain integration remains weak, with 
most studies examining production, environmental, supply chain, 
and marketing functions separately rather than through unified value 
chain models. Third, model explainability remains underdeveloped, 
reducing transparency for managerial and policy adoption. Fourth, 
the scalability of AI systems for smallholder-inclusive contexts 
is frequently discussed conceptually but only rarely validated 
empirically. Fifth, interoperability between AI tools and certification, 
auditing, or regulatory systems remains insufficiently examined. 
In addition, downstream marketing and consumer analytics remain 
less developed than upstream production applications, indicating an 
imbalance in the current research landscape.

Additionally, interoperability between AI platforms and existing 
certification or compliance systems is not systematically explored. 
While traceability models are reported, their direct integration into 
regulatory frameworks is seldom quantified. Finally, marketing-
oriented AI applications remain underrepresented compared with 
production-focused research, suggesting opportunities to expand 
AI use in demand forecasting, price stabilization modeling, and 
sustainability communication analytics.

The outcomes derived from this SLR highlight several important 
implications. First, AI technologies demonstrate measurable 
contributions to productivity efficiency, environmental monitoring 
precision, and supply chain optimization within sustainable palm 
oil systems. This indicates that digital innovation can complement 
sustainability-oriented management practices while maintaining 
industry productivity performance.

Second, the uneven distribution of methodological maturity 
across domains suggests the need for integrated, value-chain-wide AI 
frameworks. Future research should prioritize cross-domain modeling 
architectures that link production data, environmental indicators, 
logistics variables, and market analytics into unified sustainability 

intelligence systems. Third, enhanced model transparency and 
interpretability should be incorporated to strengthen stakeholder trust 
and policy relevance. Explainable AI methods may improve adoption 
among plantation managers and supply chain operators.

Fourth, longitudinal validation studies and scalability assessments, 
particularly involving smallholder-inclusive systems, represent 
critical future directions. Comparative cross-regional studies could 
further refine the generalizability of AI-driven sustainability metrics. 
Finally, future investigations may explore hybrid governance–
technology models, assessing how AI-enabled monitoring interfaces 
with sustainability certification mechanisms and digital traceability 
infrastructures.

In conclusion, the systematic evidence indicates that AI 
applications in sustainable palm oil production and marketing are 
progressing toward higher methodological sophistication, with 
measurable operational benefits documented across multiple domains. 
However, integration across sustainability dimensions remains 
partial, and opportunities exist to strengthen longitudinal validation, 
cross-domain modeling, and inclusive scalability. These insights 
provide a structured roadmap for advancing AI-driven sustainability 
research while maintaining a measured, progressive perspective on 
technological developments in the palm oil sector.

Conclusion
The present systematic review consolidates evidence from 31 

scholarly publications (2020–2026) to analyze the implementation of 
Artificial Intelligence (AI) across sustainable palm oil production and 
marketing systems. The analysis confirms that AI methodologies have 
been implemented across four principal dimensions: production and 
cultivation, environmental sustainability monitoring, supply chain 
and traceability management, and marketing and market prediction. 
Across these domains, AI applications predominantly employ machine 
learning, deep learning, predictive analytics, and hybrid modeling 
approaches to enhance data-driven decision-making processes.

In the production and cultivation dimension, AI demonstrates the 
highest level of application intensity and methodological maturity. 
Predictive models for yield estimation, disease detection, ripeness 
classification, and plantation monitoring consistently achieve high 
performance, often achieving predictive accuracies above 80% 
and, in several cases, exceeding 90%. These measurable outcomes 
indicate improvements in harvest timing, labor allocation efficiency, 
input optimization, and reduction of operational losses. The evidence 
suggests that AI contributes to more precise resource utilization and 
productivity enhancement without necessitating structural expansion 
of cultivated areas.

Within the environmental sustainability dimension, AI-based 
remote sensing and predictive modeling frameworks are widely 
utilized for land-use classification, emission estimation, water 
management, and lifecycle assessment. Reported improvements 
include enhanced classification accuracy, reduced prediction error 
margins, and increased computational efficiency. These findings 
demonstrate that AI technologies support more reliable environmental 
monitoring, improved transparency, and strengthened sustainability 
performance tracking within palm oil systems. In supply chain 
and traceability contexts, AI methodologies are applied to logistics 
optimization, demand forecasting, anomaly detection, and traceability 
verification. The literature reports measurable gains in forecasting 
accuracy, cost efficiency, and monitoring precision. Although 
integration with digital traceability infrastructures is increasing, most 
systems remain decision-support oriented rather than fully automated. 
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Nevertheless, AI-driven analytics contribute to greater transparency 
and operational coordination across multi-tier supply networks.

Applications in marketing and market prediction, while 
comparatively fewer, reveal promising results in price forecasting, 
demand estimation, and consumer sentiment analysis. Predictive 
models demonstrate reduced forecasting errors and improved 
responsiveness to market fluctuations. This indicates an emerging 
expansion of AI beyond upstream production into downstream market 
intelligence functions. Regarding patterns of methodological maturity, 
the literature reveals a progression from standalone machine learning 
models toward more integrated and hybrid architectures. However, 
full-system integration across production, environmental, supply 
chain, and marketing dimensions remains limited. Most studies 
operate within domain-specific silos, and cross-domain sustainability 
modeling frameworks are still developing. Additionally, longitudinal 
validation, model interpretability, and scalability across diverse 
production contexts require further empirical advancement.

Overall, the synthesized evidence indicates that AI applications 
within sustainable palm oil systems are characterized by increasing 
technical sophistication and measurable operational benefits. While 
production-focused applications exhibit the strongest empirical 
maturity, environmental monitoring, supply chain analytics, and 
market modeling show steady methodological development. Future 
research directions may emphasize cross-domain integration, long-
term validation, inclusive scalability, and enhanced explainability to 
strengthen the robustness and applicability of AI-driven sustainability 
frameworks. In particular, future studies should prioritize longitudinal 
and cross-regional validation, explainable and interoperable AI 
architectures, and inclusive deployment models that are applicable not 
only to industrial estates but also to smallholder-centered sustainability 
systems. Collectively, the findings demonstrate that AI functions 
as an enabling analytical infrastructure that supports efficiency, 
transparency, and data-informed sustainability management across 
palm oil value chains, reflecting a constructive and technologically 
adaptive evolution of the industry.
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