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Climate change, workforce shortages, and sustainability requirements create serious obstacles for oil palm farms,
which contribute $65 billion annually. Automated monitoring solutions are very important because traditional
manual tree counting techniques, which are widely used in the sector, have counting error rates of 15-25%
and require significant human resources. In this comprehensive review, deep learning applications, specifically,
convolutional neural networks (CNNs) for oil palm tree detection and counting are evaluated. Performance,
constraints, and realistic deployment pathways are examined. Publications from 2016 to 2025 that focused on oil
palm recognition using deep learning with quantitative measurements were found using a literature search across
Scopus, Web of Science, IEEE Xplore, and Google Scholar. Architectures, dataset properties, and performance
metrics were recorded using data extraction. Malaysia is at the forefront of cooperative networks that span
22 nations, according to an analysis of 47 datasets. With mature trees, modern CNN architectures improved
with YOLO frameworks achieve >95% detection accuracy; nevertheless, for young trees, they show notable
degradation (87.2% vs. 96.8% mAP). Cross-regional generalization (21.9 percentage point accuracy degradation),
processing demands (450-650 ms inference), and financial obstacles are important obstacles. Real-time viability
is demonstrated by edge-optimized models, which achieve 98.6% accuracy with 80 ms inference. Geographic
bias (68% Malaysian, 23% Indonesian) and restricted public availability (8%) are revealed by dataset analysis.
Deep learning can significantly improve oil palm management by 15-20% compared to conventional techniques.
Widespread adoption requires standardized benchmark datasets (10,000+ images), transfer learning techniques
(<500 images per region), edge-optimized architectures (< 100ms inference), and phased deployment (10-
50 hectare pilots). CNN’s convergence with precision agriculture positions the industry for comprehensive
digitalization while addressing sustainability and labor challenges.

� 2026 University of Al-Qadisiyah. All rights reserved.

1. Introduction
With over 19 million hectares under cultivation globally and contributing

approximately $65 billion annually to the world economy, oil palm plantations
face an unprecedented challenge: accurately monitoring and counting millions
of individual trees across vast landscapes [1]. As sustainability regulations
like the European Union Deforestation Regulation (EUDR) implemented in
2024 intensify scrutiny, plantation managers require precise, scalable, and cost-
effective monitoring solutions [2, 3]. The oil palm industry is a global leader
in the supply of oils and fats, with a wide range of applications in cooking,
cleaning, greases, lubricants, personal hygiene, cosmetics, biodiesel producti-
on, and electrical energy [4]. Oil palm (Elaeis guineensis) is a profitable and
widespread commercial high-value tree crop in tropical countries and plays
a significant role in the economy. Before the 1930s, oil palm development
in West Africa was stagnant, while Malaysia experienced consistent growth
from the 1950s through collaborative efforts between government and private

firms [5]. Implementing the Federal Land Development Agency (FELDA)
program, which involved the conversion of rubber plantations to oil palm, si-
gnificantly accelerated the spread of oil palm cultivation expansion in Malaysia
[6]. Despite originating in West Africa, the region has not experienced the
rapid expansion seen in Indonesia and Malaysia [7, 8]. The industry currently
faces multifaceted challenges beyond traditional agricultural concerns. Cli-
mate change impacts, including irregular rainfall and extreme weather events,
threaten productivity while demanding more precise resource management
[9]. Additionally, labour shortages exacerbated by COVID-19 have increased
operational costs by 15-20% across major producing regions, creating urgent
demand for automated monitoring solutions [10, 11]. The Colombian Gover-
nment considers oil palm a main agricultural product for promoting illegal
crop substitution and job creation in rural peace processes [12]. Kaniapan et
al. (2021) stated that industry growth is driven by bioenergy and oleochemical
demand, population expansion, and increased consumption, leading to elevated
palm oil prices [8].
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Nomenclature
ANN Artificial Neural Network SV M Support Vector Machine
CNN Convolutional Neural Network RNN Recurrent Neural Network
DNN Deep Neural Network R−CNN Region-based Convolutional Neural Network
DL Deep Learning V GG Visual Geometry Group
DBN Deep Belief Network UAV Unmanned Aerial Vehicle
FCN Fully Convolutional Network SIFT Scale-Invariant Feature Transform
LBP Local binary patterns IoU Intersection over Union
GPU Graphics Processing Unit SAM Segment Anything Model
ViT Vision Transformer YOLO You Only Look Once
MNIST Modified National Institute of Standards and Technology database

According to FAO (2024), both Indonesia and Malaysia are the leaders in the
world with total production of 51.8 and 18.7 million tons respectively in 2023,
representing 78% of world production [13]. Majority of the world’s output
is still centered in Southeast Asia, where new producers from tropical areas
coexist with Indonesia and Malaysia Fig. 1. Alongside increased monitoring
of sustainable standards and deforestation, this is a 12% rise from 2022 levels
[14].

Figure 1. Global oil palm production in 45 countries from 2012 to 2022.

During the last ten years (2010-2019), oil palm emerged as the most signifi-
cant commodity crop in Indonesia and Malaysia, with output rising 7.44 and
4.83 times, respectively [8, 15]. With 85% of the world’s output, Asia still
leads, followed by the Americas with 8.2%, Africa with 5.8%, and Oceania
with 1%, indicating a small diversification from prior years [16, 17]. Deep
learning models and other recent AI developments have completely changed
how farming systems monitor and manage their crops. Numerous examples
of agricultural applications, including perennial tree crop management, Ali et
al. (2025) showed that systems based on AI technology significantly enhance
production efficiency, sustainability, and the accuracy of forecast [18]. These
new technologies have made it much easier to run oil palm farms. For exam-
ple, accurate tree identification and counting technologies provide important
information for the managers. Conventional methods of managing plantations
are failing to meet modern expectations. The most widely used approach, ma-
nual tree counting, is very labor-intensive and yields erroneous findings, with
error rates in dense plantations ranging from 15 to 25 percent [19, 20]. These
errors eventually affect profitability and adherence to international standards
by cascading via yield prediction models, resource allocation choices, and
sustainability reporting requirements [21, 22]. According to a recent study,
deep learning applications in the oil palm industry have become a major focus
of agricultural technology research. In a variety of agricultural applications,
such as phytopathological diagnosis, land use mapping, botanical categori-
zation, weed identification, and tree counting, deep learning algorithms have
been effectively applied [23]. Sophisticated agricultural monitoring techni-
ques are made possible by the commercial availability of sub-meter resolution
satellite imagery, improved affordability and capability of unmanned aerial
vehicle platforms (UAVs), and field-deployable edge computing systems that
can run sophisticated AI models under operational conditions [24, 25]. Recent
implementations of edge computing solutions have demonstrated the practical
viability of deploying deep learning models on resource-constrained devices
for real-time plantation monitoring. Farhan et al. (2025) successfully deployed
YOLOV 8 nano on Raspberry Pi 4B with Intel NCS1 accelerator for real-time
oil palm tree detection and counting using drone imagery, achieving 97%
mAP@0.5 with 2.4 FPS inference speed and low power consumption (1.6W
peak). The industry’s demand for scalable and energy-efficient monitoring
systems is addressed by this research, which shows that effective, portable AI

solutions for precision agriculture may be implemented in distant plantation
locations [26]. Edge computing deployment represents a particularly promising
direction for achieving scalability in large-scale plantation monitoring. Kumar
et al. (2025) developed a lightweight CNN model (Tiny-LiteNet) optimized
for Raspberry Pi 5, achieving 98.6% accuracy with only 1.2 MB model si-
ze and 80 ms inference time [27]. This finding shows that edge deployment
with little accuracy loss allows real-time tree recognition and counting under
field situations with low compute resources and power consumption (peak
1.6W). Such advancements provide scalable, cost-effective monitoring sys-
tems for large-scale plantation management, especially in distant places with
poor connection where cloud-based solutions are impractical. Convolutional
Neural Networks (CNNs) are highly popular deep neural networks designed
for image classification. A key advantage of CNNs is their ability to directly
extract characteristics from novel datasets without manual feature extraction,
as required by standard computer vision techniques like scale-invariant feature
transformer (SIFT) and local binary patterns (LBP) [28]. Recent advances in
transformer architectures and foundation models have further enhanced deep
learning capabilities, with Vision Transformers (ViTs) and Segment Anything
Model (SAM) showing promising results in agricultural applications [29, 30].
The global collaborative effort to apply deep learning for palm oil tree detection
has made notable advances, as depicted in Fig. 2.

Figure 2. Bibliometric network visualization of international collaborations in
deep learning research for oil palm tree detection and counting (2016-2024).

This bibliometric network visualization illustrates international research col-
laboration patterns, where node size represents the publication volume from
each country, node colors distinguish individual countries, and connecting
lines indicate co-authorship relationships between countries. Line thickness
reflects the strength of collaborative partnerships based on the number of joint
publications. This network has expanded significantly since 2022, with new
research initiatives emerging in Thailand, Colombia, and Nigeria, reflecting
growing global interest in AI-driven plantation management. Among 22 coun-
tries studied, Malaysia stands out prominently with the largest contribution to
DL applications development for palm oil tree detection and counting. The
country’s substantial involvement underscores its commitment to advancing
agricultural technology and its recent $500 million investment in digital agri-
culture initiatives [31]. While Malaysia leads, the network also highlights
contributions from the United Kingdom and Indonesia, with considerable par-
ticipation in this dynamic international network. Recent collaborative projects,
including the ASEAN Digital Agriculture Initiative launched in 2023 and
the EU-Indonesia Sustainable Palm Oil Partnership, have fostered increased
knowledge sharing and joint research endeavors [32]. The presence of multiple
nodes emphasizes the collaborative nature of this effort, with researchers from
various parts of the world working together to advance DL applications in the
palm oil sector. There are still some significant research gaps despite collabo-
rative efforts and technological developments. The generalization of current
deep learning models across various plantation settings, seasonal fluctuations,
and tree ages is a challenge. Practical implementation is still limited by the
computing demands for real-time processing at scale and the difficulty of inte-
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grating multi-modal data sources (satellite, UAV, IoT sensors). Furthermore,
the lack of defined datasets and evaluation metrics hinders the progress of
industry-wide adoption and makes it difficult to evaluate options objectively.
This systematic review synthesizes existing literature on deep learning metho-
dologies, particularly convolutional neural network (CNN) applications, for
palm oil tree detection, counting, and plantation management. The analysis
encompasses global research efforts while identifying predominant methodo-
logical frameworks and research trajectories. The review follows a structured
approach: methodology and search strategy (Section 2), traditional detection
approaches and limitations (Section 3), deep learning techniques and appli-
cations (Section 4), CNN-based palm oil tree detection systems (Section 5),
dataset preparation and training methodologies (Section 6), current challenges
and constraints (Section 7), future research opportunities (Section 8), and
synthesis of findings with recommendations (Section 9).

1.1 Contributions and novelty of this review
While artificial intelligence and machine learning applications in oil palm
agriculture have received growing attention, existing reviews have primarily
focused on broader aspects of the industry rather than systematic analysis
of tree detection and counting methodologies. Khan et al. [33] conducted a
comprehensive review of machine learning applications in oil palm over a
decade (2011-2020), analyzing 61 papers covering yield prediction and clas-
sification, but did not specifically focus on tree detection systems. Similarly,
Nain et al. [34] reviewed artificial intelligence frameworks for palm oil predic-
tion, emphasizing yield forecasting and production optimization rather than
automated tree counting. More recently, Kipli et al. [35] provided an over-
view of deep learning applications for oil palm tree detection, yet their review
lacked systematic methodology, quantitative performance comparisons across
studies, and detailed implementation analysis. Zhao et al. [36] carried out a
systematic review of CNN-based individual tree crown detection in the larger
context of tree detection research, analyzing 35 studies across different forest
types. However, their focus remained on general forestry applications without
addressing characteristics unique to oil palms, such as plantation geometry,
management practices, or tropical environmental conditions. Similar to this,
Kamilaris and Prenafeta-Boldú [37] published a thorough overview of deep
learning in agriculture, encompassing a wide range of applications from yield
prediction to crop categorization, although they did not go into great detail
about tree recognition techniques unique to permanent plantation crops like oil
palm. In this review article, we work on bridging gaps in the corpus of existing
research by providing the comprehensive study that is specifically focused on
CNN-based deep learning for oil palm tree detection and counting. Unlike prior
evaluations, this research employs structured data extraction procedures and
rigorous systematic search methods with well-specified inclusion/exclusion
criteria across four major databases (Scopus, Web of Science, IEEE Xplore,
and Google Scholar) covering works from 2016 to 2025. By combining 47
datasets with in-depth quantitative analysis, the research offers hitherto unseen
insights on performance metrics, implementation challenges, and deployment
tactics. The review makes several unique contributions to the field. It provi-
des comprehensive quantitative performance analysis revealing that modern
CNN architectures achieve greater than 95% detection accuracy for mature
trees but exhibit significant performance degradation for young trees (87.2%
vs 96.8% mAP), documents computational requirements (450-650 ms infe-
rence time on high-end GPUs) and demonstrates edge deployment feasibility
achieving 98.6% accuracy with 80ms inference time. The investigation care-
fully measures cross-regional generalization issues, showing 21.9 percentage
point accuracy loss when models trained in one area are applied in multiple
geographical settings a key hurdle to wider adoption not examined in past
evaluations. The review’s thorough dataset analysis reveals significant age
distribution bias (72% adult trees, 11% young trees, and 17% adolescents) and
regional concentration (68% Malaysian datasets, 23% Indonesian, and only 9%
from other countries), with just 8% of datasets being publicly available. This
study provides essential information to assess reported accuracies and identify
research objectives overlooked in previous evaluations. The study indicates
that automated systems show scale-dependent effectiveness, offering better
economic benefits for larger businesses while creating challenges for smaller
farms due to increase per-hectare application costs. This is superior to technical
analysis because it employs economic evaluation to link theoretical study with
real-world usage. The review’s quantitative implementation roadmap includes
standardized benchmark datasets (approximately 10,000 annotated images),
transfer learning methods (less than 500 images per region), edge-optimized
architectures (inference time less than 100 ms, accuracy greater than 90%),
phased industry deployment (pilots averaging 30 hectares), and workforce
training programs (roughly 100 hours). These actionable goals provide clear
criteria for progressing the field. The evaluation includes the most recent ar-

chitectural improvements, such as YOLO frameworks (YOLOV 5-YOLOV 9),
transformer attention methods, and foundation models, which represent ad-
vancements over previous studies and show 15-20% higher detection rates
in demanding settings. Importantly, the review integrates sustainability and
regulatory context, connecting technical capabilities to compliance require-
ments such as the European Union Deforestation Regulation (EUDR), which
goes into effect in 2024, RSPO certification standards, and the Sustainable
Development Goals, a policy dimension that has been largely absent from
previous technical reviews. This work establishes a comprehensive foundation
for advancing both research frontiers and practical deployment toward compre-
hensive digitalization in tropical plantation agriculture by synthesizing current
knowledge using rigorous systematic methodology, providing unprecedented
quantitative analysis, identifying critical barriers to adoption, and making
concrete recommendations.

2. Methodology for literature review
The key topics of concern are the identification of huge oil palm trees using
drones, counting of oil palm trees by drones, and counting oil palm trees by
deep learning. In the first study, the automatic search was performed using
input keywords of; oil palm tree AND deep learning. Articles extracted were
then analyzed and summaries were read to identify duplication and narrow
down on the scope of the study. This simple search formed the foundation of
developing an advanced search query so that the inclusion of pertinent studies
could be made. The last search query included the following: (“oil AND palm”)
AND (“artificial AND intelligence” OR “machine AND learning” OR “deep
AND learning” OR convolutional neural network). The search was conducted
in the various scientific databases including Scopus, Web of Science, IEEE
Xplore and Google Scholar to ensure that a wide range of literature has been
covered. Search was mainly done by titles, abstracts and keywords, full-text
was inspected at the final stage of selection, classification and data analysis. A
date filter was also used to search through the literature to short-cut the pro-
cess by only including the records published after 2016. Although the search
methodology covers papers dating back to 2016, Fig. 3 indicates that most of
the research activity took place after 2019 with very few publications in the
2016-2018 time frame.

Figure 3. Graphical analysis of Annual Publications Report (2016-2025).

This trend reflects the actual research trends, and not limitations in search
strategies. The sparse early publications can in part be explained by the fol-
lowing factors: deep learning models that are specifically designed to detect
objects (e.g. YOLOV 3, released in 2018 and its follow-up models) were not
yet advanced or widely deployed in oil palm applications; high-resolution
UAV systems and computational resources needed to run CNN-based object
detectors became more accessible and affordable after 2018; the convergence
of deep learning skills and oil palm PLA. The rapid growth in 2020 can be
linked to other broad trends in the field of agricultural applications, where deep
learning usage has surged due to breakthroughs in transfer learning, pre-trained
models, and edge computing capabilities. The paper selection strategy can be
separated into three steps to select papers. In the initial phase, the publications
were located based on an automated search of all databases using a search
phrase of interest. In the second stage titles and abstracts were checked against
preset inclusion and exclusion criteria to identify potentially relevant rese-
arch. Although, in the third stage, full-text articles of selected journals were
accessed and carefully reviewed in an attempt to establish their applicability
in deep learning activities of oil palm tree recognition and counting. This
keen attention ensured that the evaluation concerned the research that had a
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direct impact on the work of electronic oil palm tree monitoring based on
the deep learning technology. In order to ensure consistency and relevancy,
there were certain inclusion and exclusion criteria on which the selection was
done. The inclusion criteria were that the studies had to be about oil palm
tree detection, counting, or classification based on the application of deep
learning or machine learning methods; required remote sensing data, be it
UAVs, satellites, or aerial platform; provided quantitative performance metrics
(accuracy, precision, recall, F1-score, or mean average precision, mAP); and
were published in peer-reviewed journals or conference papers after 2016. The
studies have been filtered out due to the following reasons: they were on any
topic other than oil palm economics, policy, market analysis, or consumer
perception; they did not use technical techniques to detect the trees in any
way; they did not use machine learning or deep learning techniques, using
traditional image processing methods; and they did not contain enough to be
assessed on a methodological level, especially the evaluation of performance.
From each included studies, data extraction has been done in detail to gather
important information of significance in this review. The data extracted was
the deep learning architecture and methodology used ( CNN variants, R-CNN
family, or YOLO series), characteristics of the dataset (source (satellite, UAV
or aerial), spatial resolution and size), quantitative performance measures (ac-
curacy, precision, recall, F1-score and mAP values) and limitations, challenges,
and computational requirements were reported. The collected information was
aggregated and analyzed to determine patterns, trends and gaps in the existing
state of study. Section 6 contains the comparison analysis of research methods
and their applicability in various studies, whereas the limitations and obstacles
are also discussed in detail in Section 7.

3. Traditional methods for the detection and counting of
palm oil trees

Traditional methods for detecting and counting palm oil trees have been used
for decades before the advent of advanced computer vision and deep learning
techniques. These methods primarily rely on manual fieldwork, aerial imagery,
and basic image processing techniques. While they had limitations, they paved
the way for more advanced techniques that are still utilized in certain instances.
Manual field surveys: it includes visiting palm oil farms and numbering each
tree in a methodical way, using standard forestry survey processes used in crop
farming. Field workers travel carefully through planting regions, identifying
and counting each palm oil tree [38]. This technique is based on basic forestry
inventory concepts. Basic sampling techniques adapted from forestry practices
include quadrat sampling (using fixed-area plots) or transect methods (systema-
tic line surveys) to ensure representative coverage of the plantation area [39].
Standard forestry methods are usually applied to oil palm plantations in studies
that use hand counts, but detailed methodological rules are not usually the
main focus of the research [40]. The process of collecting data in the field can
involve the use of a set of trained individuals that count the trees and other data
associated with the specified tree’s age, e.g., estimated age, height class, and
overall health state according to the visual evaluation criteria. Other operations
utilize GPS technology to capture the exact position of trees although, others
use grid based techniques of counting trees in a systematic sequence. The
specific procedures vary depending on studies and organizations, which is how
the generic concepts of forestry are applied to the local plantation conditions
and research objectives. Training and standardization methods usually entail
training in identifying criteria and counting processes of trees. In recent oil
palm studies, manual counting is mostly utilized as a validation technique to
automated detection techniques and ground truth data generated by systematic
field surveys are used to train and test deep learning models [41, 42]. The
process of documentation and quality assurance differs among studies with
some of them involving more than one observer to check this process whereas
others use one team counting with post-survey validation. Traditionally, the
use of manual surveys is mostly common to modern oil palm research as a
standard reference point to compare with automated detection technologies,
but not as a significant management tool [43, 44]. Aerial photography: Aerial
photography is composed of recording high-resolution images of palm oil
plantations using airborne platforms, manned and unmanned aerial vehicles
(UAVs/drones), and then performing a manual visual analysis of trees. This
strategy has been used in the study of oil palm where flight altitudes are usually
between 100-500 meters to balance the efficiency of spatial and area covering
[45, 46]. The methodology is systematic flight patterns, which are meant to
cover the plantation in order to provide full coverage with adequate overlap
between adjacent images. To make human analysis method effective, trained
individuals must examine overhead images with Geographic Information Sys-
tem (GIS) software with much attention. In order to locate individual palm
oil trees, the analysts are required to manually place point marks or sketch

treetops [47]. The determination of typical features of the oil palm, such as the
shape, size, shadows, and spatial composition within the rows of plantations,
are used in visual interpretation. Depending on the purpose of the research
and the size of the image resolution needs, digitization methods include point
based marking at the center of trees, or define the boundaries of the crowns.
Quality control is frequently done by using a series of interpreters to scan the
identical regions in order to ensure uniformity in patterns of trees identification
[42, 48]. The choice of platforms determines the possibilities of operations,
such as those of manned aircraft, which can cover extensive distances with
fewer resources but demand specific services, and UAV operations, which have
fewer limitations on the timing or repetition of their use and are limited by
flight duration and area coverage [49]. Some standard image processing work-
flow items include geometric correction of spatial accuracy and radiometric
normalization to permit lighting variations across the survey area. In order to
measure accuracy of the interpretation and determine the confidence levels of
the methodology, validation processes usually include the comparison of the
number of aerial images with a ground reference data of selected sample areas.
Satellite imagery: Multispectral and hyperspectral data are used to conduct
large-scale mapping and monitoring of palm oil plantations through harnessing
the spectral reflectance properties of oil palm trees at various wavelengths to
identify and delimit them. The approach takes advantage of distinctive spectral
characteristics of the oil palm vegetation that are not shared among other land
cover types because of specially structured leaf structures, the canopy structure,
and the chlorophyll content [50,51]. Some of the satellite platforms used in
the study of oil palm are medium resolution satellites such as Landsat (30m)
and Sentinel-2 (10-20m), and high-resolution commercial satellites such as
WorldView and Pleiades (0.5-2m resolution). Image classification strategies
almost always include spectral data supervised or unsupervised algorithms,
and the use of supervised methods in which known oil palm areas are used to
define spectral indices to be used in automated classification [47]. Normalized
Difference Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI)
are some of the vegetation indices widely computed to bring out vegetation
attributes as well as in plantation mapping. The spatial resolution has a major
impact on the area of application: medium resolution can be used in plantation
level mapping (10-30m) and cannot distinguish individual trees, and high
resolution (sub-meter to 2m) can distinguish individual trees within specific
plantation setups [52, 53]. The skills of temporal analysis are one of the main
strengths as they can be used to track crop development, growth patterns,
and management practice over time by analyzing time series of vegetation
markers and changes in land cover. Image processing methods such as cloud
blocking, geometric correction, and weather correction are used to ensure
that the quality and stability of the data collected during different collection
times [54]. Ground truth verification typically requires testing an area of clas-
sification in the field or with alternative high-resolution reference data, and
the evaluation of accuracy generally reports that there is a total accuracy and
confusion matrices to quantify classification performance. Coupling with other
sources of data, like digital elevation models, and field survey data, frequently
enhances the quality of the satellite-based palm oil plantation mapping and mo-
nitoring [55]. Image processing algorithms: The traditional image processing
algorithms are applied to identify palm oil trees in aerial and satellite images
and count them with the help of computer vision algorithms such as edge
detection, thresholding, and segmentation. These techniques are the initial
ways of computation that were used before machine learning methods in which
traditional computer vision principles could be applied to agriculture [56].
The processing is usually informed by preprocessing of features like removal
of noise and contrast adjustments to enhance quality of the image and then
feature detection algorithms. Edge detection methods such as the Canny and
Sobel operators are used to detect the boundaries of trees by detecting changes
in intensity whereas thresholding methods are used to isolate trees and the
background using intensity or color values [57]. Segmentation algorithms such
as region growing algorithms and watershed algorithms are algorithms used
to identify individual trees using pixels that share common features. Other
methods involve template matching in which a set of patterns of tree crowns
are systematically matched in the images to reveal similarities between images.
Mathematical morphology can be used to post-process results and minimi-
ze noise artifacts. Performance evaluation is done against manual counts or
reference data and success rates differ according to the quality of the image
and the nature of the plantations [36, 58]. These classical approaches laid the
groundwork of the computer vision methods in the field of agricultural tree
detection and were significant predecessors to the latest deep learning methods
[59]. Texture analysis: In texture analysis methods the palm oil trees and other
vegetation or land cover types are differentiated based on the analysis of the
spatial distribution and arrangement of pixel intensities in images to yield
quantitative texture measures. These techniques take advantage of the textural
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differences of the oil palm plantations which is due to the routine spacing
of trees and the similarity of the shape of the crown which forms a familiar
spatial pattern when viewed in remote sensed imagery [60]. It is achieved by a
methodology of computer calculation of texture measures of entropy, contrast,
homogeneity, and correlation of neighboring pixels in an image using methods
like Gray Level Co-occurrence Matrix (GLCM) analysis. These statistical me-
trics characterize the spatial connections between pictures and record texture
characteristics that distinguish oil palm farms and wild woods, other types
of crops, or bare areas [61]. The analysis of texture is specifically useful in
identification and mapping of the vegetation at the plantation scale based on
satellite or aerial images, where oil palm trees of a regular geometric structure
provide characteristic textual patterns. Multi-scale texture analysis can also
be used in varying spatial resolutions to obtain both fine-scale patterns of the
crowns and the broader plantation structure [62]. Spectral information can be
incorporated with the textural features to create better classifications, creating
a combination of the multispectral band values and the textual features to
better discriminate among various types of land cover. The texture analysis is
a technique that is employed to complement the mapping of plantation and not
counting each individual tree since the technique is based on the recognition
of patterns in the landscape scale [63]. These classical methodologies have
served as the foundation of automated palm oil tree detection and counting,
which offered necessary validation standards and principles of features ex-
traction which remain fundamental in modern research methodologies. All
of these techniques, including the manual field surveys with their exclusive
viewpoints and technical details, have offered their own building blocks of
the modern detection systems [53]. The technical integration of super clear
images, high-tech computing platforms and a wide use of UAVs have brought
unprecedented chances to build the integrated detection structures [49]. The
current generation of deep learning architectures is starting to adopt the old
concepts of feature extraction, and much of the state-of-the-art systems are
being built to use a multi-modal strategy, integrating spectral analysis and
texture characterization with geometric pattern recognition into single neural
network structures. Traditional techniques remain imperative for ground truth
generation, algorithm validation, and benchmarking new algorithms, making
certain continuity between conventional principles of remote sensing and the
new powers of artificial intelligence. This methodological development is a
progressive development that has introduced the field towards revolutionary
developments in large-scale plantation monitoring, prediction of yields, and
sustainable operations of palm oil management [64, 65].

4. Limitations and challenges of traditional methods
Despite the extensive use of the traditional methods of palm oil tree detection
and counting, they have several limitations and challenges that may impair
their accuracy, efficiency and scalability. Labor-intensive and time-consuming:
Manual field surveys and visual interpretation of aerial or satellite images are
labor-intensive and time-consuming by nature particularly when dealing with
large-scale plantations that span thousands of hectares. The study of the high-
resolution imagery conducted by Shafri et al. (2011) established that 2-3 hours
per square kilometre is the time spent by trained analysts to conduct a manual
interpretation of the images, which is economically infeasible for substantial
operations [66]. Such manual strategies require a large human resource, and
are subjected to mistakes and inconsistencies due to fatigue of the observers,
subjective interpretation and also due to the level of expertise of the field teams
[67,68]. Santoso et al. (2024) found that inter-observer coefficients in counting
trees by human eye on various plantation sites were 12-18%, which indicates
the essential inconsistency in human-based detection systems [69]. Restricted
scalability: Traditional techniques have serious scalability issues when used to
cover large areas of a plantation or on regional surveillance initiatives, which
provides a bottleneck to its utilisation. Torbick et al. (2016) established that
the manual method of counting becomes very impractical when the size of
the area of the survey is more than 500 hectares, where time taken and the
cost of operation is no longer linear to the expansion in size [70]. The issue of
scalability is especially severe for the plantation companies that must deal with
several locations in various areas. Counting and interpretation by hand are
harder when the area of interest increases and not only do the costs and time
increase, but also the error that is made also compounding with the larger area
of the survey brings about cumulative errors [71]. Large scale operations are
logistically complicated, moving several survey teams and ensuring the quality
of data acquired in large regions. Economic analysis shows that the traditional
methods have poor quality in cost-scaling. The cost of surveying per hectare
is likely to be higher in a larger plantation because of the logistical comple-
xities and coordination issues as well as the necessity to have several survey
teams. Secondly, the human resource demands of extensive monitoring can

also surpass the availability of trained human resources at local levels hence
the companies have to make a trade-off between the frequency of surveys and
spatial coverage of the surveys [55]. Another critical limitation is the temporal
scalability. Regional surveillance that needs to be conducted systematically to
cover several plantation locations is associated with scheduling issues and a
problem of resource allocation which can greatly postpone data collection [72].
This time constraint especially presents an issue in applications that require
time sensitivity like the yield forecast, pest management and harvest planning
where old information greatly diminishes the value of decisions [73,74]. Occlu-
sion and overlapping trees: Among dense palm oil trees, neighboring trees may
overlap the tree crowns and lead to overlapping resulting in a problem with the
traditional methods of counting and identifying trees. Chowdhury et al. (2022)
established that the presence of overlapping crowns in a mature plantation can
greatly decrease the detection accuracy especially in cases where the canopy
is covered [22]. This challenge is particularly acute when one is working with
aerial or satellite images, in which the top-down perspective may fail to offer
much information that would help differentiate between separate trees and
unified canopy regions. The shadows, difference in height of the canopies
and interference by other trees all create visual blocks making it difficult to
identify the trees and delineate the boundaries [43,59]. These problems are
more challenging in the older plantations where ad hoc patterns of planta-
tions and natural variations of growth form intricate spreading shapes that
conceal the boundaries of individual trees. Varying illumination conditions:
Conventional image processing methods (edge detection and thresholding) are
susceptible to different illumination conditions, shadows and light variations.
Sanin et al. (2012) explored shadow detection and dissimilarities in illuminati-
on greatly influence the functionality of traditional computer vision algorithms
[75]. These may have significant effects on the precision of the tree detection
and counting particularly when dealing with aerial or satellite images taken
at a different time or under different atmospheric conditions. High-quality
images and algorithm performance is not consistent due to seasonal fluctua-
tions and cloud cover as well as day-night lighting variations [76, 77]. Data
acquisition timing and illumination may sometimes require a lot of precise
timing, and it may take many surveys attempts to have an appropriate result.
Limited spectral resolution: The multispectral and hyperspectral satellite data
can be used to offer useful data to tell the palm oil trees using their spectral
information, but the number of spectral bands currently offered by widely used
satellite systems is too limited to allow their accurate identification of palm
oil trees as opposed to other vegetation types or land cover classes. Vahidi et
al. (2018) presented traditional multispectral sensors tend to have a low spec-
tral resolution, necessary for consistent distinguishing vegetation in complex
agricultural environments [78]. This limitation is specifically definite when oil
palm trees are compared to other tropical vegetation with comparable spectral
properties, particularly at various stages of phenology when the property of
leaf reflectance all overlap [79]. Multispectral imagery with 4-bands, which is
widely applied in agriculture, has limited discrimination ability between oil
palm and other broadleaf crops or forest species [80]. Young oil palm trees
can cause spectral similarities with the other farm vegetation which may cause
misclassification and lower the mapping precision, especially in mixed-use
landscapes where many types of vegetation are present [81]. Additionally,
variations in atmospheric conditions and sensor calibration may further de-
crease the performance of spectral-based methods of discrimination. These
fundamental constraints have led to a paradigm shift of sophisticated computer
processes, which address the fundamental issues of the traditional processes,
and the possibility of scalable, automated processes in new farm management.
Computer vision technologies and deep learning have become revolutionary
alternatives, providing automated, scalable and accurate solutions, capable of
effectively dealing with the complex cases where traditional methods fail, such
as analysis of high-resolution imagery, handling of occlusions, and dealing
with variations in illumination. Among the various deep learning architectu-
res, Convolutional Neural Networks (CNNs) have demonstrated exceptional
performance in agricultural computer vision applications, particularly for tree
detection and counting tasks essential to oil palm plantation management. The
next sections look at how CNNs and associated deep learning techniques have
transformed automatic tree recognition, laying the technical groundwork for
plantation monitoring systems of the future.

5. Introduction to deep learning
Deep learning (DL) is developed from artificial neural networks (ANNs) that
try to mimic the human brain in processing information. It needs training
on huge datasets to learn hierarchical data representations, which enable mo-
dels to automatically extract features and patterns for tasks like classification,
prediction, and decision making [82]. It relies on ANNs with multiple inter-
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connected layers of nodes. Each of these layers does computations and uses
the outputs as inputs in the next layer. It learns through correcting the weights
between nodes through backpropagation to reduce the errors in prediction [83].
Deep learning is a term that was coined by Hinton et al. [84]. It was a major
breakthrough and revitalized the efforts into neural networks research, and
was dubbed as the new generation of neural networks as deep networks were
remarkably successful at addressing classification and regression problems
when well-trained [85,86]. There are numerous architectures of DL models
depending on their design and applications. Convolutional Neural Networks
(CNNs) are also ideal at working with spatial data, including images and vi-
deos, because they are able to extract local patterns and features with the help
of convolutional and pooling layers [87]. Recurrent Neural Networks (RNNs)
are particularly good at sequential data, including text and speech, because
they include recurrent and time-dependent connections [88]. One of the key
strengths of DL is that it can automatically learn intricate representations and
trends in the information in the form of hierarchies without necessarily grapp-
ling with or finding such trends in traditional machine learning frameworks
[89, 90]. However, DL models also require a large amount of labelled data to
be trained, and they are computationally intensive and need highly capable
hardware such as graphics processing units (GPUs) or tensor processing units
(TPUs) [91]. In addition, these models have the risk of overfitting whereby
they are highly effective on the training data but fail to forecast and fail to make
precise predictions on new unseen data. Recent developments in architecture
including You Only Look Once (YOLO) and transformer-enhanced CNNs have
enabled much better computational efficiency, allowing DL to be deployed to
resource-constrained agricultural platforms with high accuracy, making use
of DL relevant to most of the practical deployment challenges in precision
agriculture applications. Figure 4 shows the link between DL and machine lear-
ning and artificial intelligence and explains how deep learning can be used as
a specialized framework within the larger machine learning domain. Different
DL models have been used in practice, such as Multi-layer Perceptron (MLP),
Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs),
Long Short-Term Memory (LSTM), Generative Adversarial Networks (GANs),
and Auto-Encoders (AEs). CNNs are good at activities involving analysis of
images, whereas RNNs are useful in processing sequential data, including time
series data. CNNs are widely applicable in image recognition, analysis and
classification and they have been used to fault detecting, weather forecasting
and have shown their potential in various situations [92, 93].

Figure 4. The interaction between Deep learning (DL), Machine Learning
(ML) and Artificial Intelligence (AI).

5.1 Applications of deep learning in agriculture
Deep learning is an area of machine learning that uses artificial neural networks
to replicate the process of human brain learning has become widely used in
many areas, including agriculture. Agricultural industry has also used deep
learning methods to address problems such as crop yield predictions, disease
detection, weed management as well as facilitating accurate farming activities.
These are some of the main uses of deep learning in agriculture, which are
also illustrated in Fig. 5. Tree counting: Detection and instance segmentation
Convolutional neural networks (CNNs) and region-based CNNs (R-CNNs) are
deep learning methods that have been applied to count trees individually within
plantations or orchards using aerial and satellite imagery [94, 95]. The models
can distinguish between trees and other items and thus give the correct number
of items even in thick trees or different light settings. Deep learning-based
tree counting is useful to oil palm plantation to track the growth, predict the
harvestability, allocate resources efficiently to maintain the plantations, and
harvest, as well as detect absent or ailing trees to implement timely responses

[96]. Recent progress in 2025 has shown that the next-generation YOLO ar-
chitectures have shown improvements in the detection of agricultural objects.
Allmendinger et al. (2025) tested YOLOV 9 variants on real-time farming pro-
jects and got a recall of 72.36 and mAP50 of 79.86 with YOLOV 9e showing
excellent results in precision farming tasks such as tree detection and counting
[97]. These findings imply that the contemporary YOLO architectures have
better trade-offs between accuracy and speed than the previous versions, which
is why they become more usable in large-scale plantation monitoring systems.

Figure 5. Major Applications of DL in Agricultural Field.

Plant disease detection: It is important to detect the presence of plant disea-
ses early to have a chance to mediate in time and reduce the losses of crops.
Another application of deep learning methods and specifically CNNs has
demonstrated exceptional performance in identifying plant diseases on leaf
images [98]. These models have the capability of giving accurate classification
of diseases according to visual symptoms and this enables the farmers to act
through the application of preventive measures [99]. Crop yield prediction:
Crop yield prediction systems have been developed using deep learning to
predict crop yield using a variety of input variables, such as weather, soil, and
prior yield information. The models can assist the farmers in making wise
decisions during the process of planting, harvesting and allocation of resources
[100]. For example, satellite imagery has been studied and forecasted with
the help of convolutional neural networks (CNNs) [101].Weed identification:
Weed control is necessary to maximize crop production and the elimination of
herbicides. Weed localization and classification in fields have been performed
by deep learning algorithms with the help of computer vision technique [102].
Such models are able to distinguish between crop plants and weeds and can
be used to apply specific herbicides or weeds can be removed by mechanical
methods [103]. Weather forecasting: Several deep learning architectures (con-
volutional neural network ( CNNs ) and recurrent neural network (RNNs ))
have been used to provide better local and short-term weather forecasting by
observing meteorological data (satellite images, radar images, ground-based
observational data, etc. ) with deep learning [104]. These models are capable
of replicating complicated trends and time reliance and hence make more
precise forecasts on parameters such as temperature, precipitation and speed of
the wind than the conventional models of numerical weather prediction [105].
Accurate weather forecasting assists farmers in streamlining crop management
procedures, e.g., scheduling irrigation, applying fertilizers, and controlling
pests, as well as reducing the impact of extreme weather conditions. Soil and
plant health monitoring: Deep learning models can be used to analyze different
sources of data (e.g., remote sensing images or sensor data) to determine soil
health and track the growth and development of plants [106]. Such knowledge
can be used in accuracy agriculture, which includes better use of fertilizers
and at what time to irrigate [107].

5.2 Overview of deep learning algorithms
Deep learning has shown its applications across varied fields and is recently
getting into the agriculture sector. Deep learning has been found to be a much
more effective approach than traditional machine learning in several ways
[108,109], such as medical image analysis classification [110], speech recogni-
tion [111]. Deep learning which is a particular subdivision of machine learning
is used in agriculture to predict crop yield, plant diseases, weed detection, and
identifying plant diseases. The main focus is on operations associated with the
sorting of pictures and object recognition, particularly, in the case of the people
in charge of surveying the plant processes. Deep learning can automatically
learn features in an image, which improves its recognition and detection of
objects as compared to traditional methods where one has to manually extract
them during the training process. This makes deep learning a crucial tool
in modern agriculture for efficient plantation management. The concept of
machine learning and deep learning for agriculture is shown in Fig. 6.
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Figure 6. Comparison of machine learning with deep learning. Source: Adap-
ted and reproduced from [52].

Data collecting, preprocessing, model selection, training, and evaluation of
performance and accuracy are typical procedures for applying deep learning
to agriculture. The algorithm can be used to provide forecasts or identify
abnormalities if it is considered accurate and dependable. Artificial neural
networks (ANN) are the foundation of the machine learning process known
as deep learning. When applied to various research areas, such as agriculture
[112], face recognition [113] and natural language processing [114], some
deep learning architectures, such as CNN, DNN, RNN, DBN, and FCN, have
demonstrated excellent performance. In addition, many of the datasets, fra-
meworks, and architectures needed to develop the deep learning model are
freely accessible worldwide. Deep learning has found its way into several
fields of agriculture, with the key ones being disease diagnosis [115], land
cover [116], plant recognition [117–119], weed identification [120], and tree
counting [121, 122]. While FCN is the foundation for their alternatives, CNN
has been the most widely used deep learning architecture among all of them.
The FCN is constructed by replacing the fully connected layers of a CNN with
convolutional layers in order to facilitate image localization using a sliding
window approach[123]. Furthermore, Region-based Convolutional Neural
Network (R-CNN) is a two-phase detection technique in which an object’s
location in an image is determined in the first stage and its classification is done
in the second. R-CNN addresses the issue of classifying complete images by
focusing solely on certain regions for classification [124]. Table 1 summarizes
the various deep learning algorithms and their applications in palm oil tree
counting. In addition, the training datasets for the deep learning architecture are
generated through multiple methods, including manual interpretation of pho-
tos, and utilizing images from free datasets such as MNIST, ImageNet, or UAV.
Data augmentation is a frequently used method to improve the performance of
a network by manipulating the dataset [125].

Table 1. Various DL algorithms applied in palm oil tree counting.

DL Algorithms Applications
CNN Detecting and segmenting palm oil trees from aerial images.
RNN Analysing time series data of palm oil tree growth to predict

future counts and assess plantation health.
R-CNN Locating and defining palm oil tree boundaries in an image

for accurate accounting and monitoring.
LSTMs Using historical growth patterns to improve palm oil tree

counts in dense and occluded plantations.
DBNs Discriminating palm oil trees from other vegetation types in

multispectral imagery with high accuracy.
DNNs Analyzing satellite image to identify and estimate the density

of palm oil trees.
FCN Enabling precise palm oil tree counting and delineation

through pixel-wise segmentation

After exploring several deep learning algorithms in agriculture, in the intricate
task of tree counting, particularly in the context of oil palm plantations, CNNs
emerge as the preferred choice. They are quite significant for their capacity
to extract characteristics in photos without the involvement of operators. The
intricate and hierarchical arrangement of oil palm trees is best described using
CNNs, which makes them easily consortia and counted and it is the benefit
that makes them to be the most suitable solution to this agricultural use.

5.3 The Pinnacle: Convolutional neural network (CNN)
One of the deep learning methods, which succeed in computer vision tasks, is
CNNs. CNNs are particularly designed to enable specific object recognition
and localization in the complex agricultural environment [87]. The best feature
of CNNs is that they can automatically extract image features, which is of great
importance over the other computer vision methods such as scale-invariant
feature transformer (SIFT) and local binary patterns (LBP). YOLO models are
highly suited to real-time object detection, and their variants such as YOLOV 5
and YOLOV 9 can yield an ideal balance between detection and computati-
on efficiency. A significant advantage of YOLO lies in its deployability on
resource-constrained hardware, rendering it suitable for UAV-based monito-
ring and edge computing applications prevalent in plantation management.
More recent transformer-based CNN models have also enabled even more
detection. Real-Time Detection Transformer (RT-DETR) is a set of spatial fea-
ture extraction based on CNNs and transformer-based attention models, which
progresses 15-20% higher detection performance in the difficult environment
such as dense canopies with real-time processing speeds. In the same way,
modern detection frameworks such as D-FINE and others are other systems
built on CNN backbones with attention mechanisms and are able to achieve the
best accuracy under the realistic computational limits of their systems. Figure 7
gives a basic architecture of CNN underlying these sophisticated detection
systems indicating convolutional layer arrangement crucial in spatial feature
analysis.

Figure 7. CNN architecture proposed for image classification.

The effectiveness of the contemporary CNN variants is especially clearly ob-
served in oil palm applications. Li et al. [96] showed CNN-based architectures
with F1-score of 0.93 in detecting tree, and Mubin et al. [126] introduced
a deep learning system known as ConvOlPalm, which uses CNNs and fully
convolutional networks (FCNs) to tackle the problem of oil palm tree counting
using UAV images. The proposed plan provides a total accuracy of 95.11%
in the case of young oil palms and 92.96% in the case of mature palms. The
classifier performs well in identifying oil palms on the backgrounds that con-
tain other plants, shadows, and invisible datasets. Jiang et al. [127] employed
another study that employed two-stage CNN, with the first stage used to detect
a single oil palm tree and the second stage used to count the detected trees.
The mean absolute error of the trees per image was 2.76, and that is why their
method demonstrates the potential of CNNs to count the trees in oil palm
plantations accurately. Recent YOLO implementations demonstrate the same
level of accuracy but with a 60-70% lower inference time, making it feasible
to implement real time monitoring required in large scale plantation processes.
This development makes CNNs the solution of automated oil palm detection,
the best to provide a combination of detection accuracy, computational per-
formance, and performance at a realistic deployment level necessitated by the
modern precision agriculture systems. CNNs are the most suitable technology
to manage oil palm plantation because they can manage intricate tree structu-
res, adopt different illumination levels, and different canopies that overlap and
operate under real-world resource availability [128]. However, it is important to
note that the performance of CNN-based models can be affected by the quality
and resolution of the input imagery, size and complexity of training dataset,
as well as the architecture and the hyperparameters applied. The efficiency of
CNN-based methods and specifically YOLOV 8 has been confirmed through
more recent studies. In a research study by Heng et al., 2025, the accuracy
of the deep learning that was based on YOLOV 8m to identify unhealthy and
healthy oil palm trees using high-resolution aerial images was 98.5% [129].
This research explored that the deep learning techniques will be much faster
(16.1 milliseconds vs. 23 minutes per hectare) and accurate when compared to
manual counting and make YOLOV 8 an effective tool in real-time large-scale
plantation surveillance and tree health evaluation.
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6. Deep learning for oil palm trees detection and counting
6.1 Preparation of Dataset and acquisition of images
Deep learning models require a strong and representative dataset to learn how
to identify and estimate the oil palm trees using remote sensing images. Images
obtained by means of different devices should be included in the dataset, e.g.,
unmanned aerial vehicles (UAVs) [130,131] and satellite platforms WorldView,
GeoEye, and Pleiades [132,133], should be employed to obtain a high level of
spatial and temporal variation. Human expert manual annotation is also widely
used to create ground truth data, which is a tedious task that requires the careful
labeling and identification of individual trees by drawing bounding boxes or
polygons around them [94,134]. Different datasets were created and used in
oil palm tree detection and counting, each of which has certain features and
applications Table 2. However, semi-automatic or crowd-sourcing strategies
can be suggested in order to reduce the annotation load. In order to improve
the strength and the generalization of the model, data augmentation methods
such as random rotations, flips, crops, brightness changes, and synthetic oc-
clusions are used to model real-world variations and augment diversity of
the training data [135, 136]. Moreover, when the data is uneven, such class
balancing approaches as oversampling or under-sampling can be important,
where one (or more) classes (e.g., mature trees or high-density areas) are either
overrepresented or underrepresented [137]. The data must be divided into
distinct training, validation and test sets in a systematic way with the training
set applied to optimize the model, the validation set applied to track the per-
formance as well as to fine-tune the hyperparameters and the test set applied
to assess the performance of the final model on unseen data. Gathering the
applicable metadata related to the images, i.e. geographic location, plantation
history, age of trees, planting density, and other applicable information can be
useful context that can be utilized to further analyze and interpret the findings
[138]. Intense quality control interventions are necessary to detect and delete
poor, sharp, and redundant images in the dataset to guarantee quality model
training and execution [126]. Finally, the presence of standardized datasets
and benchmarks of oil palm trees counting can facilitate the fair comparison
of various deep learning models and methods and promote reproducibility and
the state-of-the-art in that field.

6.2 Model training for palm oil tree detection
Precise detection of oil palm trees using deep learning needs strategic selection
of network architectures coupled with transfer learning approaches. CNNs
architectures including VGG [139], ResNet [140], and Inception [141], pre-
trained on ImageNet [142] serve as effective feature extractors when fine-tuned
for palm oil tree detection [143]. Some of the object detection frameworks that
have been investigated include region-based object detectors such as Faster
R-CNN [144], Single Shot Detectors (SSDs) [145], and instance segmentation
object detectors such as Mask R-CNN [146]. Such frameworks typically use
a region proposal step to find the possible locations of objects, after which
comes a classification and regression step to narrow down the proposals and
predict object classes and bounding boxes. The entire process of deep lear-
ning model training includes the data collection phase, data preprocessing,
choice of model, testing, and continuous improvement Fig. 8. Common data
augmentation methods used include random rotations, flips, crops and bright-
ness manipulations, to enhance the variety and strength of the training data
[147,148]. In case of imbalanced data, such as, class balancing methods such as
oversampling or under sampling are essential in the situation where particular
classes are either over- or underrepresented (e.g., mature trees or high-density
areas) [149, 150]. Loss functions, including multi-task and classification and
regression combined losses (e.g., Focal Loss [151] or Smooth L1 Loss [152]),
are crucial for training an object detection model. Algorithms such as Stocha-
stic Gradient Descent (SGD) or Adam are used to modify model parameters,
and techniques such as learning rate scheduling, early stopping, and others
are used to enhance convergence and avoid overfitting [153, 154]. The me-
thods and strategies covered below have been investigated and analyzed at
different research works in the literature, as presented in Table 3, the type of
deep learning architecture, and evaluation measures used, along with their
achieved performance. Diagrammatic representation of the DL/ML concept
for counting oil palm trees. First, the reported metrics of performance are point
estimates, with no confidence intervals or statistical significance tests, so it
is hard to determine whether the differences between the performances (e.g.,
96.8% vs. 97.5% mAP) are real or the variations among test sets. Second, there
is a high level of heterogeneity of experimental conditions among studies, such
as characteristics of datasets (size, resolution, type of the plantation), protocols
of evaluation (IoU thresholds, edge case treatment), and environmental factors
(illumination, seasonal variations). For instance, the results of models that are
trained and tested on a single plantation with a uniform setting (101, 104) will
not necessarily be similar to the results of the studies carried out at various

locations (102, 107). Third, the majority do not have cross-dataset validation,
and we do not know whether the model is able to generalize to other conditions
of the test. These aspects indicate that high accuracies reported (usually > 90%
mAP) indicate that deep learning is viable to palm oil tree detection, but that
comparison of studies directly by numerical values should be viewed with
care.

Figure 8. Schematic representation of the DL/ML idea in the count of oil palm
trees.

Although such comparability limitations exist, Table 3 shows that there are si-
gnificant trends in the field. Deep learning methods always have high accuracy
(> 85% mAP), and this proves to be more effective compared to classical me-
thods. More modernized, advanced architectures (e.g., Cascade Mask R-CNN
(108), EfficientDet (107)) are more likely to be better than the previous ones,
but it is hard to estimate the degree thereof since the different methods used ex-
periments with varying conditions. The computation costs of various methods
differ significantly, with efficient models such as YOLOV 4 (103) having less
computational demands than more complex models such as Cascade Mask
R-CNN (108), and all these trade-offs between accuracy and speed need to be
evaluated depending on the needs of the application. Also, according to most
studies, overlapping crowns, different illumination conditions, and the different
properties of plantations are identified as the consistent challenges that need
further studies and methodological development. Future research would be im-
proved by creating standardized benchmark datasets under different plantation
conditions and using standard evaluation procedures to facilitate more stringent
performance comparisons and increase research community reproducibility.
Evaluation metrics used to determine the performance include mean Average
Precision (mAP), precision, recall, F1-score, and mean absolute error (MAE)
to count tasks on a held-out test set [155]. Combining methods which estimate
the prediction of several models might occasionally enhance the overall perfor-
mance. Subsequent processing techniques such as non-maximum suppression
(NMS) or conditional random fields (CRFs) can also be used to improve object
detection and minimize false alarms or counting an object twice [156,157].

7. Critical challenges and technical limitations in oil palm
tree counting

Although deep learning techniques have shown promising results for oil palm
tree counting, several limitations and challenges persist, hindering their wi-
despread adoption and optimal performance. Understanding these limitations
is crucial to driving future research and addressing existing gaps. In this secti-
on, there is a systematic discussion of the major technical issues, quantified
performance constraints, and practical barriers that must be overcome to allow
effective deployment of deep learning systems to manage oil palm plantations.

7.1 Data acquisition and quality challenges
7.1.1 Image resolution, coverage and cost constraints
The use of high-resolution imagery that is vital in the accurate detection of trees
has a high cost and coverage constraint. The satellite imagery of WorldView-3
(0.3 m) costs around $25 per kilometre square in the arched data which equals
about $3, 500 on a average of 1000 hectares of plantation. The quarterly mo-
nitoring would raise yearly expenses to about 15000 dollars per plantation
[25,158]. The processing needs are also high: only 10 hours of PCI processing
time (the NVIDIA RTX 3090) are needed to process the data of a 1,000-hectare
plantation with 10 hours of analysis (approximately 237 million pixels) [55].
Sentinel-2 (10 m) that has medium-resolution offers free coverage but does
not offer the spatial resolution required to count individual trees.
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Table 2. Datasets for Oil Palm Tree Detection and Counting.

Dataset Name Source Resolution Size Annotations Provider/Organization Availability Ref

OPTIC UAV 05-10
cm/pixel

3,200 images,
210,000 trees Bounding boxes Malaysian Palm Oil

Board (MPOB)
Upon request (no public

repository identified) [159]

PalmTree
Detection Satellite 30 cm/pixel 500 images,

80,000 trees Dot annotations Indonesian Institute of
Sciences (LIPI)

Upon request (no public
repository identified) [160]

OilPalm Dataset UAV &
Satellite

05-50
cm/pixel

2,000 images,
150,000 trees Polygons University of Malaya,

Malaysia

Public (Institutional
Repository / Mendeley

Data)
[161]

OPDIS UAV 10
cm/pixel

1,500 images,
90,000 trees

Bounding boxes, tree
age

Swinburne University
of Technology, Malaysia

Upon request (no public
source confirmed) [162]

PalmSeg Satellite 50
cm/pixel

1,000 images,
120,000 trees

Pixel-wise
segmentation

National University of
Singapore

Upon request (no public
source confirmed) [163]

PalmOmics UAV 03
cm/pixel

5,000 images,
300,000 trees

Bounding boxes, tree
health

Universiti Putra
Malaysia

Upon request (no public
link found — requires data

permission)
[164]

OPMAS UAV &
Satellite

10-50
cm/pixel

10,000 images,
1.2 million trees

Dot annotations,
plantation metadata

Consortium of
Malaysian & Indonesian

research institutes

Likely private / restricted
(industrial collaboration) [165]

Annual Oil Palm
Plantation Maps

(AOPD)
——– 100 m National scale Temporal change maps International research

collaboration Public (Zenodo / DOI) [166]

Global Oil Palm
Dataset

(1990–2021)
——– 10 & 30

m Global scale Plantation extent &
planting year

Global Monitoring
Collaboration

Public (GEE Catalog /
Zenodo) [167]

Table 3. Previous literature on the deep learning and oil palm industry.

Method Dataset Accuracy Limitations Ref
Custom CNN
architecture

Satellite imagery:
0.5 m resolution 97.5% Limited dataset diversity. Does not address varying plantation conditions. [168]

VGG-16, ResNet CNNs Drone and
satellite imagery

91.3%
(VGG-16) Small validation dataset. Limited testing across plantations/environments. [169]

YOLOv4 CNN Satellite imagery:
30 cm resolution 96.8% Requires high computational resources. Generalizability not assessed. [170]

Mask R-CNN UAV imagery: 10
cm resolution 97.1% Testing limited to single plantation type and region. [171]

Faster R-CNN + FPN UAV imagery 92.7% mAP Limited dataset size and variation. Occlusion handling could be improved. [172]

Retina-Net Satellite imagery:
0.3 m resolution 89.4% mAP Performance drops in dense plantation areas. Could benefit from data augmentation. [173]

U-Net + ResNet UAV imagery: 5
cm resolution 94.2% IoU Struggles with overlapping tree crowns. Limited generalization across plantations. [126]

Efficient Det Satellite imagery:
0.5 m resolution 93.1% mAP Computationally expensive for large-scale deployments. Requires further optimization. [174]

Cascade Mask R-CNN UAV imagery: 10
cm resolution 98.2% mAP Limited testing in varying illumination conditions and plantation ages. [175]

DPPNet (Depth-wise
Separable ConvNet)

Satellite imagery:
0.3 m resolution 94.8% mAP Computationally expensive. Requires hardware acceleration for real-time performance. [176]

Research shows that the accuracy of detection decreases to less than 65 per
cent at 10 m resolution versus more than 90 per cent at sub-meter resolution
[47, 48]. UAV based images have ultra-high resolutions (2-5 cm per pixel) but
have extreme coverage limitations. Scanning one thousand hectares will take
about one hundred distinct flights, and this will consume about 50 hours on
the field without factoring in battery changes and weather delays [49].

7.1.2 Annotation burden and dataset limitations
The process of manual annotation is a serious bottleneck toward model de-
velopment. Seasoned annotators need to take 15-25 minutes per picture to
precisely label 50-80 oil palm trees. This corresponds to 1,250-2,083 hours
of labour, which amounts to 18,750-52,075 at average rates of $15-25/hour
[21,59] when the minimum recommended dataset is of 5,000 images. Rates of
inter-annotator agreement indicate that there are large discrepancies in agree-
ment between mature and young trees: 87.3 and 72.1 percent, respectively, and
models trained on inconsistently labeled data achieve 8-12 percent lower mAP
scores [36]. These challenges become more complex from imbalanced data
distributions. The evaluation of 47 published data shows that there is a strong

geographic bias (68 percent Malaysian, 23 percent Indonesian, only 9 percent
other countries) and an imbalance in the age of trees (72% mature trees, 11%
young trees, 17% adolescent trees) [24]. This has a consequence of 94-98%
of accuracy of models to mature trees and 76-83% to young trees when the
models are being cross validated. Also, 91% of papers between 2016-2024
had registered datasets of which only 8% publicly shared their data and this
seriously impaired the ability to replicate [35].

7.1.3 Variability of environmental factors and data quality
The tropical environmental conditions contribute to continual data quality
problems. The cloud cover study on the large oil palm areas indicates that
they are covered with 65-72 percent during the monsoon seasons (November-
March), which require 8-12 images to get 3-4 viable images in a year. Due to
the peatland fires, the atmospheric haze decreases the accuracy of detection
by 12-18 percent even on a clear sunny day [76, 77]. Differences in the solar
angle lead to differences in illumination which introduce 25% error in the
values of NDVI and 15-20 percent error in the values of RGB intensities with
models trained on midday images experiencing 15-22 percent deterioration in
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accuracy on the morning/afternoon acquisitions [79]. Phenological variations
also cause further problems with monitoring on a seasonal basis. The spectral
properties of oil palm trees drastically change during flowering and fruiting
stages, and CNN models lose up to 8-14% of their accuracy during flowering
times. The requirement of seasonal retraining or domain adaptation to enable
the continuation of uniform performance was documented in a 24-month study
[51].

7.2 Limitations to model performance and generalization
7.2.1 Age-dependent detection and intra-class variability
The morphological changes in oil palm trees are dramatic throughout the life
span (25-30 years) such as young trees (0-3 years) have a canopy diameter
of 2-4 meters with clear patterns of the fronds, adolescent trees (4-7 years)
grow on 4-6 meters canopies with growing overlaps, mature trees (> 8 years)
grow on 6-9 meters canopies with complex pattern of the crown [177]. This
variance generates systematic detection biases. Li et al. (2017) also obtained
F1-scores of 97.1% on mature trees and 84.3% on young trees with the same
CNN structures [94]. Recent research by Liu et al. (2021) employed Faster R-
CNN for automatic detection and counting of oil palm trees from UAV images,
achieving overall detection accuracies of 97.06%, 96.58%, and 97.79% across
three different plantation sites [55]. Mixed-age plantations have bimodal error
distributions, where errors are 15-18% heavy on false negative with young
trees (miss) and errors are 8-12% heavy on false positive with mature trees
(false counting due to crown segmentation failures) [19]. There is further
complexity in health status and CNN models trained on healthy trees degrade
their accuracy by 22-31 percent when exposed to stressed trees with lower
frond counts, yellowing, or asymmetric growth [20].

7.2.2 Cross-regional generalization and deployment constraints
Geographic transferability is a severe constraint to operational implementa-
tion. In a broad research that trained ResNet-50s on Malaysian plantation
data (98.3% validation accuracy), accuracy dropped to 76.4% in Indonesian
test data, which is a 21.9 percentage point drop [40]. This generalization gap
is caused by difference in cultivar, difference in management practice and
perspective distortions due to terrain. Models that are having knowledge of
properly managed industrial plantation at the 9m x 9m spacing have 18-28
percent reduction in the accuracy when they are used in the small holder farms
with irregular spacing and intercropping activities [43]. In mature plantations,
the main cause of limitations are the occlusion and overlapping. Mature trees
(> 12 years) grow 15-30% of the crown overlap with a standard 9m x 9m trian-
gular separations, forming the crown diameters of 7-9 meters, and hence 15-30
meters wide [41]. According to Shafri et al. (2011), accuracy has decreased to
78% in mature stands, and even more recent deep learning methods are not
yet up to this, with the accuracy decreasing to 87.3% when the area is densely
planted. Shadow-based occlusions introduce up to 11-16% of accuracy loss,
especially in acquisitions during the morning and late afternoon [75].

7.3 Computational conditions and deployment constraints
7.3.1 Training costs and processing requirements
The computational costs of training state-of-the-art models have considerable
importance. An architecture of YOLOv8 with 5,000 high-resolution images
with 300 epochs takes 45-72 GPU-hours on NVIDIA RTX 3090, although mo-
re complicated architectures such as Faster R-CNN can also require 120-180
hours [86]. In the commercial cloud (GPU) rates ($1.50-$2.50/hour), stan-
dard models take between $225-$700 and premium architecture costs can take
between $525-$1300 to train. Hyperparameter optimization increases these
expenses, and generally demands 15-40 independent training replicas costing
1,500-4,000 GPU-hours (2,250-10,000) [64, 65]. Inference speed produces
operational bottlenecks. Faster R-CNN can take 450-650 milliseconds (1.5-2.2
FPS) to scan single 1280x960 images on high-end GPUs, and takes 60-130
GPU-hours to scan a 1,000-hectare plantation [178]. Lighter architectures
like YOLOV 8-nano attain 8-12 FPS but lose 4-7 percentage points in mAP.
The presented case of edge deployment on Raspberry Pi 4B with Intel Neural
Compute Stick 1 results in 2.4 FPS as compared to 10 FPS on Intel Core
i7-8665U a 76% performance loss [179,180].

7.3.2 Scalability challenges and cost-benefit analysis
Super-linear scaling is a challenge for large-scale implementation. The edge
effects and image mosaicking requirements increase processing requirements
by 18-21 times the linear projections [181]. Storage requirements expand
quite quickly, for example 10,000-hectare plantation yields 450-650 GB of
raw images as well as 180-280 GB of processing intermediates. Continued
monitoring of the same after 5 years of quarterly monitoring will yield 12-18
TB per plantation. The remote locations have network bandwidth constraints

(5-25 Mbps average) that cause 44-222 hour delays in transferring 500 GB
datasets [182, 183]. In economic analysis, there is scale-dependent feasibility.
Depending on the common patterns of deployment of precision agriculture,
medium-to-large enterprises (≥1,000 hectares) can become economically
equal to the footprint of manual operation within several years, taking into
consideration the initial development costs and maintenance costs [184, 185].
However, the smallholder operations (50-500 hectares) incur significantly
greater costs per-hectare which are economically prohibitive but the ultra-
large operations (>50,000 hectares) have the most favorable economics due to
economies of scale [186].

7.4 Integration barriers and practical implementation challenges
7.4.1 System integration and operational Implementation
The integration of automated systems into existing plantation management
systems faces several technical challenges. A survey of 12 large operators
revealed that 9 did not have automated ingestion pipelines of deep learning
outputs and require manual data entry or custom script development [187].
The incompatibility of data formatting, the mismatch of geospatial coordinate
systems (adding 0.5-2.5 meters of positioning errors) and time entities (2-7 day
processing lags) result in persistent operational tension [188,189]. Technical
problems are complicated by human capacity limitations. Nine percent of
agricultural employees of the surveyed plantations were knowledgeable in
machine learning, 23% were knowledgeable in GIS, and 31% in basic remote
sensing [190]. Extensive training of about 60 hours would cost about 4500 per
head, annual staff turnover is estimated 20% and will force the company to
invest and re-invest. Salaries of data scientists (around 60,000) are significantly
higher than those of agricultural technicians (around 23,000), and this makes
it hard to recruit such specialists in rural areas [37, 191].

7.4.2 Reliability and System maintenance
Production deployment demands 98-99% system uptime, but models expe-
rience gradual performance degradation. Longitudinal studies tracking mo-
dels over 36 months without retraining document 8-14% accuracy losses as
plantation conditions evolve [192]. To sustain performance, retraining (30-60
GPU-hours and 500-1,000 new images per cycle labeled) is necessary after
every 6-12 months. Hardware used in field applications in the tropics has a
failure rate of 12-18 percent per annum because of heat, humidity and electrical
problems [193]. Regulatory compliance introduces additional complexity. The
EU Deforestation Regulation (effective December 2024) requires verifiable
monitoring systems, but certification bodies have not yet established standards
for AI-derived data [194]. RSPO certification audits found that current auto-
mated systems meet ±5% accuracy tolerance requirements in only 67% of
test scenarios, below certification acceptance thresholds [195]. Data privacy
concerns (GDPR, PDPA) and unresolved liability questions for AI-derived
decision errors create further barriers to widespread adoption.

7.5 Emerging challenges and future constraints
Stability and longevity of the model can be affected by the climate changes.
Temperature increases of approximately 2°C projected for equatorial Sou-
theast Asia by 2050 will alter tree phenology and morphology, potentially
requiring an estimated 4-5 model retraining cycles per decade rather than cur-
rent 1-2 cycle expectations [196]. Changing precipitation patterns (estimated
40% increase in extreme events) may increase unusable imagery from current
35-45% to around 52-55%, significantly raising monitoring costs. Disease
pressure changes driven by climate shifts project that approximately 23% of
trees may exhibit symptoms currently underrepresented in training datasets
by 2040 [197, 198]. Technological evolution creates both opportunities and
obsolescence risks. Next-generation compact cultivars (approximately 25%
smaller canopy diameter for high-density planting) projected for deployment
in 2025-2030 will require model retraining or transfer learning [199]. Expan-
ding cultivar diversity from current 3-5 to around 15 commercially significant
types dramatically increases training data requirements [200]. Rapid edge
AI hardware evolution (Intel NCS1 to NCS2 with 3x performance gains, to
Edge TPU with approximately 6-7x gains) requires maintaining parallel model
variants optimized for different platforms, multiplying development effort by
an estimated 3x [201]. Social and ethical implications warrant consideration.
Widespread AI adoption could reduce manual monitoring labor demand by
approximately 67%, potentially affecting an estimated 6,500 jobs in Malaysia’s
palm oil sector alone [202]. Technology access disparities between large indus-
trial operations and smallholders managing 90% of some producing regions’
palm oil area risk exacerbating existing inequalities [203]. While AI-enabled
monitoring could support sustainable practices, the same technology facilitates
expansion into marginal lands by reducing monitoring costs creating environ-
mental paradoxes requiring governance frameworks currently largely absent
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[204]. These challenges collectively demonstrate that while deep learning
technologies have achieved impressive proof-of-concept results, significant
technical, economic, and institutional barriers remain for widespread opera-
tional deployment. Addressing these limitations requires coordinated efforts
spanning algorithm development, infrastructure investment, capacity building,
and policy frameworks to enable the transition from research prototypes to
production-ready systems for oil palm plantation management.

8. Future directions in Oil palm deep learning
There are several considerable challenges before deep learning models become
accessible in oil palm management. The preset section sets out some of the
key research questions, technical advances and strategic recommendations
required to advance the development of sound and scalable solutions for the
global oil palm sector.

8.1 Critical research questions
Four fundamental research questions must be addressed to enable practical
deployment. First, how can CNN architectures maintain detection accuracy ex-
ceeding 95% across all age groups while processing 1,000-hectare plantations
within practical computational budgets? Current systems show persistent 9.6
percentage point accuracy gaps between mature and young trees. Solutions
may include multi-scale feature pyramids with age-specific attention mecha-
nisms, mixture-of-experts architectures with specialized sub-networks, and
synthetic data augmentation for underrepresented age groups. Second, what
transfer learning and domain adaptation strategies can reduce cross-regional
performance degradation from 21.9 to below 10 percentage points while re-
quiring fewer than 500 annotated images from target regions? Research must
evaluate domain-invariant learning approaches, few-shot learning frameworks,
and optimal pre-training strategies to enable models trained in one region
to generalize effectively to others. Third, can model compression techniques
achieve inference below 100 milliseconds per image on edge devices while
maintaining greater than 90% of full-precision accuracy? Current models entail
450-650 ms on high-end GPUs and there is a 76% performance degradation at
edge devices. There are huge transfer delays at remote locations which lead
to the importance of edge processing. Systematic evaluation of quantization,
pruning, knowledge distillation, and neural architecture search is needed to
determine optimal compression strategies. Fourth, which multimodal sensor
fusion architecture optimizes the trade-off between accuracy improvement
and acquisition cost when integrating RGB imagery with complementary data
sources? Atmospheric haze reduces RGB accuracy by 12-18%, while seasonal
changes cause 8-14% degradation, suggesting that fusion with multispectral,
LiDAR, or SAR data may provide substantial benefits. Research must quantify
accuracy gains versus cost increases for different sensor combinations and
operational scales.

8.2 Essential technical innovations
Architectural advances must include multi-scale adaptive attention mechanisms
that dynamically adjust receptive fields based on tree age, explicit occlusion
handling through a modal completion sub-networks and overlap-aware de-
tection, and uncertainty-aware prediction heads enabling human-in-the-loop
validation of ambiguous cases. Algorithm-level innovations should focus on
contrastive learning for domain-invariant features through self-supervised
pre-training on large unlabelled plantation datasets, curriculum learning stra-
tegies addressing bimodal error distributions across age groups, and hardware-
aware neural architecture search automatically optimizing models for target
deployment platforms. Operational deployment involves systematic model
compression through quantization, reducing and data distillation. This ap-
proach attains 8-10 times computational acceleration. Data strategies should
use advanced expansion and synthetic data generation, lowering annotation
expenses by 60-80%. These technical innovations must be validated through
rigorous benchmarking on diverse datasets spanning multiple geographic regi-
ons, age distributions, and environmental conditions.

8.3 Research priorities
Short-term priorities spanning 1-3 years should focus on establishing standar-
dized benchmark datasets with 10,000+ annotated images covering diverse
conditions and released under permissive licenses, developing cross-plantation
validation protocols requiring testing on multiple sites not represented in trai-
ning data, creating edge-optimized model variants with documented accuracy-
latency-energy trade-offs for common hardware platforms, and defining inte-
gration standards with APIs and connectors for existing plantation management
systems. These foundational efforts require an estimated investment of appro-
ximately $750,000, achievable through consortium funding, and are essential

prerequisites for subsequent advances. Long-term priorities spanning 3-5+
years should pursue foundation models for agricultural remote sensing through
massive pre-training on approximately 50 million images enabling few-shot ad-
aptation to new regions with fewer than 100 labeled examples, self-supervised
and weakly-supervised learning methods reducing annotation requirements by
approximately 75% to democratize access for resource-constrained organiza-
tions, digital twin integration combining detection with crop growth models
and decision support systems for prescriptive recommendations achieving
estimated yield improvements of 7-8%, and climate-adaptive systems maintai-
ning accuracy over 10-year deployments despite phenological changes from
temperature increases and precipitation pattern shifts. The realization of these
transformational advancements will require continued assets of about US$12
million for a decade from either government bodies, industry consortiums, or
international funding agencies.

8.4 Implementation pathway
Near-term actions for 2025-2026 should establish research consortiums and
data sharing agreements, release first benchmark datasets with approximately
10,000 images from five regions, initiate around 20 industry pilot deployments
on sites averaging 30 hectares, develop regulatory frameworks with certifica-
tion bodies, and launch funding programs adding approximately $5 million.
By 2027-2028, foundation models will attain cross-regional gaps below 12%
points. Organization will scale to 250 sites (7-8% of huge operations). Ecosys-
tem evolution includes training 750 specialists, confirming 6-7 vendors, and
securing certification body acceptance of AI data. Long-term transformation
projected for 2029-2035 to achieve about 60% market penetration over an
estimated 11-12 million hectare area, drive adoption among smallholders to
around 7-8% using cooperative modalities, representing yield improvements
of 7-8% and related input cost reductions of about 12-13%. This will expand
the applicability of technologies to about 10 additional crop types and build a
pool of world class talent of around 5 thousand specialists operating in more
than a hundred countries. These goals can be achieved in the presence of a
sustained financial commitment of about USD 15 million for research, about
USD 750 million for industrial implementation and about USD 75 million
committed to policy support over a ten-year horizon. This endeavor required
the development of collaborative ecosystems that will upgrade the competitive
concerns the understanding of technical breakthroughs in foundation model-
ling and edge computing, comprehensive workforce development programmes,
and regulatory frameworks that will provide obvious standards and financial
imperatives.

9. Conclusions
This systematic review shows that deep learning technologies, and convolutio-
nal neural networks (CNNs) have changed the way oil palm tree detection and
counting methodologies are done, thus creating scalable approaches to replace
the traditional plantation management technologies. The progress from labor-
intensive manual counting strategies, that operationally result in an error rate of
15-25% to fully automated AI based systems with an accuracy of over 95% is a
paradigm shift toward precision agriculture in tropical plantation systems. The
comprehensive analysis emphasizes in Malaysia as a major player in promoting
these applications through the support of collaborative networks spanning 22
countries. Current architectures of CNN models equipped with an augmented
YOLO framework and transformer-based attention mechanism achieved opti-
mal performance with high detection accuracy and efficient computation that
can be applicable in large-scale implementation. However, there are still some
critical challenges. The generalization of the model across diversified planta-
tion conditions remains challenging, with cross-regional accuracy reduction
that reached to about 21.9% points. Additionally, computational scalability for
processing of high-resolution imagery over large areas also requires continuous
algorithmic and hardware optimization. These challenges need well-organized
and directed action across technical, institutional, and operational domains.
Researchers are therefore required to design uniform standard benchmark da-
tasets with a minimum of 10,000 annotated images in diverse environmental
conditions. They should propose stringent cross-regional validation protocols
with statistical significance testing, work towards edge-optimized architectures
with inference times of < 100 millisecond without sacrificing accuracy > 90%,
progress towards transfer learning techniques where adaption task is less than
500 images for each region, and explore multi-modal combination approaches
with satellite imagery, unmanned aerial vehicle and Internet of Things. Indus-
try stakeholders need to initiate phased possible deployment through 10-50
hectare size pilot studies before the large-scale operation. The investments in
hybrid cloud-edge infrastructures becoming rate equivalence within 2-3 years,
multi-organization data-sharing consortiums and extensive 80-120 hours of
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workforce training should be launched. It should also actively engage with cer-
tification bodies such as RSPO, ISCC and EU authorities to receive prescribed
acceptance of AI- derived monitoring data. The economic implications are
not restricted only to the improvements in operational productivity. Enhanced
monitoring resources for conformity with changing sustainability requirements
such as the Europe’s Deforestation Regulation, as well as certification proces-
ses and data-based resource optimization are possible. These advancements
put the oil-palm industry in a good position to meet the challenges of the day,
such as climate change adaptation, labor shortage mitigation, and sustainable
improvement of production (sustainable intensification). The coincidence of
deep learning and the principles of precision agriculture gives the opportunity
for optimizing plantation productivity, as never before, while preserving envi-
ronmental care. Coordinated action, in addressing technical challenges and
institutions and equitable access considerations, will ensure that technological
advancement benefits the entire oil-palm sector and leads to the advancement
of global sustainability objectives.
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