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Abstract

Invasive Alien Plants (IAPs) pose significant threats to biodiversity, crop produc-
tivity, and ecosystem services within agroecosystems. Effective surveillance
and monitoring are critical for early detection and rapid management. This
review synthesizes recent advances and interdisciplinary innovations in IAP
monitoring, with a focus on their application in agricultural landscapes. Tra-
ditional methods, including field surveys, herbarium records, and farmer re-
ports, provide foundational data but suffer from limitations such as spatial
bias, high labor costs, and limited scalability. In response, emerging technolo-
gies such as remote sensing, Machine Learning (ML), Deep Learning (DL), cit-
izen science platforms, and smart-chip IoT systems are being integrated into
modern monitoring frameworks. Remote sensing coupled with ML enables au-
tomated detection across large areas, while citizen science applications expand
spatial coverage and public engagement. Smart sensors and AI-driven analyt-
ics offer continuous, real-time monitoring and risk assessment. Integrated sys-
tems, such as Early Detection and Rapid Response (EDRR) platforms, increas-
ingly combine these tools to support informed decision-making. Despite these
advances, challenges remain, including data quality issues, model generaliza-
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bility, interoperability across platforms, and socio-political barriers. This re-
view highlights key research gaps, including the need for standardized data
protocols, federated learning, and ethical frameworks for data use. It con-
cludes with strategic recommendations for future development: fostering in-
terdisciplinary collaboration, advancing scalable technologies, and aligning mon-
itoring systems with governance frameworks. Collectively, these efforts offer
a pathway toward more resilient, adaptive, and data-driven approaches to man-
aging IAPs in agroecosystems.
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1. Introduction

Invasive Alien Plants (IAPs) are non-native species that establish, proliferate, and
cause ecological, economic, or social harm in their new conquered environments.
In agro-ecosystems, IAPs pose serious threats by competing with crops for nutri-
ents, altering habitat quality, and disrupting ecosystem services such as pollina-
tion and soil fertility. Effective survey and monitoring frameworks are thus essen-
tial to prevent their establishment and mitigate their spread. Traditionally, IAP
surveillance has relied on field surveys conducted by experts and farmers, sup-
ported by herbarium records and participatory farmer reports. Although these
methods provide accurate local identification, they are often sporadic, costly, and
geographically constrained. This hampers early detection, especially in complex
agro-ecosystems with fragmented landscapes and rapidly shifting land-use pat-
terns. Recent scientific advances seek to address these limitations by integrating
innovative technologies into IAP monitoring. Remote sensing combined with Ma-
chine Learning (ML) and Deep Learning (DL) has emerged as a potent approach
for detecting and mapping invasive plants over large geographic scales with en-
hanced speed and accuracy. Zaka and Samat [1] conducted a comprehensive re-
view, highlighting that algorithms such as Random Forest (RF) and Support Vec-
tor Machine (SVM) consistently deliver high accuracy in distinguishing IAPs from
native vegetation [1] [2]. Indeed, RF and SVM handle high-dimensional, hetero-
geneous, and non-linear remote-sensing data efficiently, which makes them par-
ticularly effective for invasive species detection and classification. Moreover, stud-
ies employing satellite imagery (e.g., WorldView-3) in tandem with Object-Based
Image Analysis (OBIA) and SVM, RF, and XGBoost classifiers have achieved ro-
bust mapping outcomes in urban-agricultural interfaces [3].

According to [4], deep learning models applied to action-camera images, such
as those used to detect Solidago altissima L., have achieved around 89% accuracy,
showcasing high-throughput potential at low operational cost. Additionally, smart-
chip and camera systems mounted on vehicles are being trialed along transport

corridors to provide rapid roadside IAP surveillance [5].
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Citizen science initiatives have rapidly expanded through smartphone applica-
tions and web platforms, enabling the public to report sightings of IAPs. Plat-
forms, such as those examined by [6], EASIN [7] and iNaturalist [8], have gener-
ated extensive spatial and temporal datasets, often detecting new occurrences ear-
lier than traditional scientific surveys. However, ensuring data quality and expert
validation remains a persistent challenge. Despite these advancements, several bar-
riers continue to hinder progress: technical limitations like cloud cover, low spa-
tial or spectral resolution, and species misclassification reduce the effectiveness of
remote sensing [9]; machine learning and deep learning can struggle with com-
plex, unstructured data or when generalizing to new, unseen data [10]; and gov-
ernance issues, such as fragmented legal frameworks, inadequate funding, and weak
stakeholder coordination, impede the implementation of cohesive, integrated mon-
itoring systems [11].

This review aims to investigate the state-of-the-art of innovations in IAP sur-
veying and monitoring within agro-ecosystems, evaluate their strengths and weak-
nesses, and identify gaps ripe for future research. We will specifically assess re-
mote sensing-ML/DL integration, real-time vehicle- and citizen science-based de-

tection, data governance structures, and emerging smart-chip/IoT applications.

2. Overview of Traditional Surveying and Monitoring
Methods

2.1 Ground-Based Field Surveys

Field surveys conducted by experts employ systematic sampling techniques, such
as quadrats, transects, and plot-based methods, to document the presence, abun-
dance, and spatial distribution of plant species within agroecosystems [12] [13].
These methodologies provide high-resolution data, enabling precise species iden-
tification and the collection of detailed trait-based metrics, such as biomass, seed
mass, and specific leaf area. A notable example is a recent study in the oasis agroe-
cosystems of Xinjiang (China) where researchers deployed over 600 plots using a
combination of 20 x 20 m and 1 m quadrats to catalog 62 alien plant species. The
study successfully linked plant functional traits to invasion risk, achieving high
predictive performance (AUC = 0.981) [14]. The key advantage of such surveys
lies in their accuracy and depth of ecological insight, particularly for rare or mor-
phologically similar species that may evade automated detection methods. How-
ever, these surveys are highly labor- and cost-intensive. Comparative analyses,
such as those performed for garlic mustard (A/iaria petiolata (M. Bieb.) Cavara &
Grande), have shown that while random sampling provides comprehensive eco-
logical data, simpler roadside transects can detect similar prevalence levels using
only a quarter of the required person-hours [15]. Thus, while expert-led field sur-
veys remain a gold standard for ecological assessments, their scalability and effi-

ciency continue to pose significant operational challenges.

2.2. Herbarium & Floristic Records

Specimens collected, pressed, and stored in herbaria provide historical and taxo-
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nomic context for IAP occurrence, allowing frequency and range analyses over
time [16]. While invaluable for retrospective studies, they suffer from spatial bias;
most collections cluster near accessible areas and do not facilitate real-time mon-

itoring.

2.3. Farmer Reports & Participatory Monitoring

Farmer-based observations and local surveys feed into early detection systems,
especially in resource-limited contexts. Integrated methods like mixed surveys,
ecological, household, and focus groups form a large part (17%) of IAP studies
examining human-plant interactions [17]. These approaches facilitate stakeholder
engagement and wider coverage, but may lack taxonomic precision and con-

sistency.

2.4. Traditional Geospatial Techniques

Given major threats represented by biological invasions, both in man-made and
natural ecosystems, efforts are made to avoid invasions, eradicate, and/or control
established invaders. It has long been recognized that Geographical Information
Systems (GIS) could contribute to this through mapping actual invader spread or
areas at risk of invasion. GIS could also be used as a synthesizing tool for the un-
dertaken IAP management actions [18]. GIS is primarily a spatial analysis and vis-
ualization framework, while modern technologies such as UAVs, hyperspectral
sensors, and machine learning provide new data inputs that enhance GIS-based
mapping and decision-making. GIS mapping, while powerful, has limitations re-
lated to data accuracy, complexity, cost, and expertise required for processing high-
resolution imagery. Furthermore, GIS limitations in invasive plant mapping are
particularly due to challenges in accurately identifying and differentiating species,

especially when they are hidden or mixed within vegetation canopies [19] [20].

2.5. Limitations of Traditional Methods

A US Forest Service review emphasizes that inventory methods must align with
explicit land-use goals; misalignment leads to underused or irrelevant data [12].
Further, remote sensing studies note that coarse spatial and spectral resolutions
hinder early detection, particularly for understory or low-density invaders [21].
Table 1 summarizes the advantages and limitations of the commonly used meth-
ods to survey and monitor IAP. Despite their limitations, traditional methods
(Table 1) form the baseline for new approaches: they supply ground-truth data
crucial for calibrating remote sensing models and validating citizen science obser-

vations.

3. Recent Innovations in Monitoring and Detection

3.1. Remote Sensing Technologies

Remote sensing platforms, satellite, Unmanned Aerial Vehicles (UAVs, mainly
drones), aerial, and Light Detection And Ranging (LiDAR), combined with Ma-
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chine Learning (ML), are transforming IAP monitoring in agro-ecosystems. A
comprehensive review by [1] confirmed the effectiveness of supervised classifi-
ers, e.g., Random Forest (RF) or Support Vector Machine (SVM), and weakly
supervised methods in detecting invasive plant species from multispectral and
hyperspectral data [2]. Satellite sensors (e.g., Sentinel 2) using vegetation indi-
ces, e.g., Normalized Difference Vegetation Index (NDVI) or red-edge bands,
yielded detection accuracies ranging from 76% - 92% when distinguishing IAP
from native vegetation [1]. UAV-based hyperspectral and LiDAR systems ena-
ble centimeter-level resolution, which is especially valuable for identifying early-
stage infestations across fragmented agricultural landscapes [1]. However, chal-
lenges remain, such as cloud cover, spectral similarity among co-occurring spe-
cies, and the need for extensive labeled training datasets, which limit broader
deployment. Advancements like semi-supervised learning, active learning, and
automated labeling are being pursued to address these obstacles and reduce de-

pendency on ground truthing.

Table 1. Traditional IAP surveying and monitoring methods.

Method Advantages Limitations Best Use Context Ref
L . . Time-consuming, labor- . .
. Accurate species identification; | ) Baseline studies;
Field Surveys . ] . intensive, costly, and . ] .
high-resolution trait and L . ecological trait analysis; ~ [21] [22]
(Quadrats, Transects) limited to small spatial o
abundance data model calibration
areas
Long-term monitoring;
Herbarium & Floristic =~ Historical tracking; taxonomic  Spatial and temporal bias; g . &
L . species richness and [23] [24]
Records validation lack of real-time data ]
spread analysis
Early detection in low-
Participatory Surveys Inclusive, low-cost, local . . U
) Data quality variable; resource areas;
(Farmer reports, ecological knowledge o . . . . [25] [26]
. . limited species expertise understanding socio-
Focus Groups) integration . .
ecological drivers
Input dependent; static; National planning;
Traditional Visual mapping; risk zoning; P P . P §
. . L . lacks real-time coarse-scale [27] [28]
GIS/Spatial Modeling  scenario simulations . o
adaptability prioritization
Skewed to linear habitats;  Rapid screening;
Roadside/Opportunist . . . p 8
Cost-effective; scalable; fast under-represents interior ~ complementary to [29] [30]

ic Sampling

landscape zones

structured sampling

3.2. Artificial Intelligence and Machine Learning

Machine learning and Deep Learning (DL) are essential for processing large-scale
remote sensing data efficiently. A 2024 review highlighted the use of RF, SVM,
Classification And Regression Trees (CART), XGBoost, and Convolutional Neu-
ral Networks (CNNG) in classifying IAPs, achieving up to >95% accuracy for some
species [2]. Deep learning models, especially CNNs, excel in feature extraction

from hyperspectral imagery, further enhancing classification capabilities across
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complex plant communities. Furthermore, DL-powered approaches have enabled
real-time species detection using action-cameras mounted on vehicles or UAVs,
with accuracies around 89% for one of Japan’s 100 worst invasive species So/idago
altissima L. These findings suggest that effective identification models can be pre-
pared using inexpensive cameras, and this may open possibilities for citizen sci-
ence in this field [4].

3.3. Citizen Science and Mobile Applications

Citizen science has emerged as a powerful, low-cost complement to technological
monitoring. Platforms such as iNaturalist, European Alien Species Information
Network (EASIN), and regional apps have demonstrated success in detecting IAPs
through public engagement [31]. For example, European LIFE medCLIFES vol-
unteers recorded thousands of invasive plant sightings with minimal training [32].
Australia’s Atlas of Living Australia developed a Biosecurity Alerts service that
delivered 99% of alerts via citizen-submitted observations [33]. Despite challenges
in data validation, new quality-control tools, such as expert-curated validation

and algorithmic anomaly detection, are enhancing reliability [34].

3.4. Smart-Chip/IoT Systems

Emerging Internet-of-Things (IoT) systems integrate Al-powered smart chips
and environmental sensors for continuous, in-situ monitoring. A new 2025 review
described IoT-based systems capable of detecting IAP presence, phenology, and
physiological stress via environmental variables, allowing real-time alerts and pre-
dictive management responses [35]. While still experimental, these systems prom-
ise high precision, decreased herbicide use, and less collateral damage, though

cost, environmental stability, and policy barriers must be addressed [36].

4. Interdisciplinary and Integrated Monitoring Systems

Innovative monitoring of Potentially Invasive Alien Plants within agro ecosystems
is increasingly being approached through interdisciplinary frameworks that com-
bine remote sensing, citizen science, IoT, and ecological expertise, enabling great
opportunity for invasion biologists, resource managers and policy makers to de-
velop predictive models for invasion risk analysis as well as early detection strate-
gies [37]. An even more innovative frontier is offered by the use of Unmanned
Aerial Vehicles (UAVs) that are capable of low flying and acquiring RGB, multi-
spectral, and hyperspectral images at higher resolution than satellite data [38].

4.1. Fusion of Technologies

Projects like Biodiversa+’s CamAlien exemplify cross-disciplinary integration,
mounting cameras on vehicles to collect thousands of roadside images processed
using Pl@ntNet’s deep learning apps. This approach supports harmonized, large-
scale monitoring across Europe; expert review of low-confidence images enhances

quality under FAIR data protocols [39]-[41]. Similarly, smart chip IoT platforms
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embed micro sensors in the field to track environmental conditions (e.g., soil, hu-
midity, phenology), alerting on IAP presence and physiological stress. These sys-

tems integrate Al edge-processing for real-time analytics and decision automation.

4.2. Early Warning & Decision Support

Integrated systems now frame Early Detection & Rapid Response (EDRR) work-
flows: 1) detection via RS + IoT + public reports; 2) validation through expert
assessments; 3) rapid management via mobile/AI tools. They align with national
regulatory priorities, as documented in U.S. federal EDRR capacity reviews [42].
Advanced Al modules like convolutional neural networks are merging data streams,
satellite, UAV, and in-situ sensors to automatically generate risk maps and trigger
alerts. Frameworks used in pest detection (e.g., locust, bark beetle) are now being

adapted for plant invasions in agroecosystems.

4.3. Stakeholder Engagement & Data Governance

Successful integration requires strong stakeholder networks: scientists, farmers,
extension agents, citizens, and policymakers. Platforms such as eBird, iNaturalist,
and EASIN exemplify effective data-sharing ecosystems [43]. Governance is aided
by standardized data pipelines (image, sensor, report), centralizing datasets in
FAIR-aligned archives like Electronic Research Data Archive (ERDA) and Global
Biodiversity Information Facility (GBIF). EU projects stress protocol harmoniza-

tion across borders and long-term institutional collaboration [39] [40].

4.4. Benefits and Challenges

Interdisciplinary and integrated monitoring systems for IAPs offer a transforma-
tive approach by combining technologies such as remote sensing, IoT devices, cit-
izen science platforms, and artificial intelligence into cohesive Early Detection and
Rapid Response (EDRR) frameworks (Figure 1). These systems provide multiple
benefits: they enhance comprehensiveness by integrating data from various plat-
forms which provide latency reduction in IAP detection; ensure scalability, as citi-
zen science and IoT tools can function across diverse geographical and ecological
contexts; increase resilience which enable swift coordinated responses to new in-
vasions; and offer flexibility, as such systems can often be applied retrospectively,
even without prior planning [44]. Furthermore, Proactive risk management in-
volves identifying potential risks before they occur and taking preventive actions
to minimize their impact. It is a forward-looking strategy that focuses on prevent-
ing risks rather than reacting to them after they have happened [45]. However,
several challenges hinder their implementation. Technical interoperability remains
a major barrier, as aligning datasets from satellites, sensors, camera networks, and
crowd-sourced observations requires robust integration frameworks [46]. Cost and
scalability concerns arise from the infrastructure needed for large-scale IoT and
camera deployments, which require long-term investment and maintenance. Pol-

icy and governance obstacles, including data privacy regulations and coordination
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across sectors, often delay or constrain system rollout. Moreover, a lack of stand-
ardized protocols for data collection, validation, storage, and sharing limits the
comparability and usability of monitoring outputs [42] [47] [48]. Several case stud-
ies illustrate the potential of these systems in action: the CamAlien project in Eu-
rope uses highway-mounted cameras and Pl@ntNet-based processing to detect
IAPs in real-time, applying consistent protocols across multiple countries [41]; IoT
smart chip arrays in agricultural settings monitor phenological and stress markers
to identify early invasion cues [35] [49] and EDRR frameworks modeled after U.S.
federal programs integrate detection, verification, and intervention via mobile plat-
forms and Al setting a precedent for rapid and adaptive IAP management.
Figure 1 illustrates the interconnected components of an integrated monitoring
system designed for the detection and management of potentially IAPs in agroe-
cosystems. Each node represents a core method or technology, while dashed lines
depict the bidirectional flow of data and insights among components. Remote
sensing supplies large-scale imagery that feeds into machine learning algorithms,
enabling automated identification of invasive species across broad areas. Field
surveys provide critical ground-truth data that validate and refine these models,
improving their reliability and ecological accuracy. Citizen science platforms con-
tribute near-real-time, crowd-sourced observations that can enhance species dis-
tribution mapping and trigger early alerts. Meanwhile, IoT smart chips capture
continuous environmental data, including early plant stress signals, which can be
analyzed using Al-driven decision-support systems. The integration of these com-
ponents creates a synergistic, adaptive, and scalable monitoring network. This frame-
work not only improves early detection and response times but also supports more
effective, data-informed strategies for the long-term ecological management of

IAPs in dynamic agricultural landscapes.

Integrated Monitoring System for IAPs in Agro-ecosystems

———————— 4 = _~—__—~—
_________ ’ \\ e m————
_______ P \ S————
Remote Sensing e hN
’ A
,/ \\ -
4
N\,
4
g M/
N 2 -
loT Smart Chips

Monitoring Component Il Data/Technology Flow

Figure 1. Diagram of integrated monitoring system for potentially invasive alien plants
(IAPs) in agro-ecosystems.
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5. Challenges and Limitations

Despite rapid technological advancements in monitoring Potentially Invasive Al-
ien Plants (IAPs) in agro-ecosystems, several key challenges continue to limit ef-
fective and scalable implementation (Table 2). First, remote sensing technologies
such as high-resolution satellite and UAV imagery, while valuable, are costly and
often face coverage issues due to cloud interference or inaccessible terrain. Hyper-
spectral imaging holds promise for species differentiation but remains underused
because of its high cost and limited availability [50]. Machine learning applica-
tions further depend on large, well-labeled datasets, which are often lacking in
diverse agroecosystems. Without extensive ground-truthing, these models strug-
gle to generalize across landscapes and climates, reducing their reliability. More-
over, integrating data from multiple platforms, including satellites, IoT sensors,
UAVs, and citizen science tools, is technically challenging due to inconsistent data
formats, spatial and temporal resolutions, and a lack of unified metadata stand-
ards, all of which hinder interoperability and slow down coordinated response
efforts. Data quality is another concern, particularly in citizen science, where spe-
cies misidentification and uneven reporting lead to spatial bias. Although expert
validation helps, it is not always timely or sufficient [51] [52]. Similarly, field and
herbarium datasets often overrepresent easily accessible areas, leaving significant
detection gaps and skewing policy decisions [53] [54]. Finally, economic and or-
ganizational barriers persist. The implementation of IoT networks, drone fleets,
and data infrastructure demands substantial initial and ongoing investment, often
beyond the reach of low-resource regions. Without sustainable funding and cross-
sector collaboration, many promising technologies may remain confined to pilot

projects [55].

Table 2. Summary table of key challenges.

Domain Challenge Impact
. High cost, limited coverage, technical barriers to Reduced spatial-temporal resolution; incomplete
Remote Sensing DR
hyperspectral usage [55] monitoring
ML/DL Insufficient labeled data, low generalizability Model bias, poor detection across contexts
Data Integration Format inconsistencies and metadata variability Inefficient workflows, fragmented systems
Citizen Science Misidentification, uneven reporting False positives, spatial bias

Economic & Policy Investment needs, weak coordination

Sustainability issues, lack of coherent response
strategies

Ethics & Privacy Data privacy, IP rights Public mistrust, legal risks

6. Future Perspectives & Research Gaps

Several promising technologies and methodologies are emerging to enhance the
detection and management of IAPs in agroecosystems. Hyperspectral remote sens-

ing, particularly using UAV-mounted sensors, has shown high classification accu-

DOI: 10.4236/ajps.2026.174028

434 American Journal of Plant Sciences


https://doi.org/10.4236/ajps.2026.174028

N. Sayari et al.

racy for species such as Asclepias syriaca L., with machine learning models like
Support Vector Machine (SVM) and Artificial Neural Network (ANN) achieving
93% - 99.6% accuracy [56] [57]. However, future work must improve data pro-
cessing, including real-time dimensionality reduction techniques like Principal
Component Analysis (PCA). Smart-chip IoT systems, which embed micro-sensors
directly onto plants to monitor stress and phenological changes, offer in-situ mon-
itoring potential when paired with predictive AI [36] [49] [58] [59]. These tech-
nologies face challenges such as cost, sustainability, and the need for eco- friendly,
biodegradable components. Additionally, blockchain-integrated IoT architectures
(BEoT) present a novel yet largely conceptual approach to secure, tamper-proof
data sharing, with potential to strengthen citizen science and multi-stakeholder de-
cision systems [60]. On the data side, advances in deep learning for hyperspectral
data, including 1D/2D/3D CNNs, Generative Adversarial Networks (GANSs), and
autoencoders, show promise but still lack models tailored to IAP classification [61]
[62]. To address the data labeling bottleneck, semi- and self-supervised learning
techniques like weak supervision, transfer learning, and synthetic data generation
should be explored. Federated learning offers a way to enhance model robustness
across institutions while preserving data privacy, particularly for sensitive land-use
information. Integrated systems must evolve toward edge-to-cloud workflows that
combine data from remote sensing, UAVs, IoT devices, citizen inputs, and field
surveys, enabling near real-time alerts and interventions.

This requires adopting open, FAIR (Findable, Accessible, Interoperable, Reus-
able) data principles and interoperability standards, e.g., GBIF (Global Biodiver-
sity Information Facility) or EASIN, potentially backed by blockchain for data
provenance and trust. Furthermore, addressing governance and stakeholder di-
mensions is crucial. Participatory, socio-technical co-design with farmers, agen-
cies, and communities ensures more tailored and sustainable solutions. Clear reg-
ulatory roadmaps for IoT use, data sharing, and privacy protections will help fa-
cilitate technology uptake. Finally, the economic dimension must not be over-
looked; scalable deployment of UAVs and IoT systems will depend on cost-benefit
analyses, subsidies, and innovative public-private partnerships. Key research gaps
include large-scale trials of hyperspectral UAVs, real-time validation of smart-
chip sensors, pilot implementations of BEoT systems, development of federated
Al models, and the creation of interoperable, blockchain-enhanced monitoring
platforms aligned with national EDRR systems.

In practical terms, a BEoT architecture could, for example, maintain an immu-
table, time-stamped ledger of IAP management actions reported by IoT sprayer
units and field teams, including treatment location, herbicide dose, and follow-up
monitoring results. Such a tamper-resistant record would simplify regulatory re-
porting, support audits of eradication programs, and build trust among agencies
and landowners that control measures have actually been implemented as agreed,
especially when linked to citizen science observations and remote-sensing-based

verification layers [60].
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7. Conclusion and Recommendations

This review highlights how innovations in technology are transforming IAPs mon-
itoring in agro-ecosystems, providing new possibilities for early detection, rapid
response, and informed management. Remote sensing technologies—especially
when combined with UAVs and hyperspectral imaging—enable scalable, auto-
mated detection of invasive species across diverse landscapes [1]. Citizen science
platforms like iNaturalist and EASIN continue to play a crucial role in providing
real-time data in under-surveyed areas, though quality control and validation re-
main essential [51,52]. Smart-chip IoT sensors paired with AI open the door to
real-time, in-situ plant health monitoring, but their wider adoption still faces bar-
riers related to cost, infrastructure, and regulatory approval [63]. Interdisciplinary
and integrated monitoring systems, such as CamAlien and EDRR frameworks,
demonstrate the power of combining multiple data sources (remote sensing, citi-
zen science, IoT, field surveys) to deliver early alerts, risk maps, and decision sup-
port tools. Despite these advances, key limitations persist, including fragmented
data standards, privacy concerns, funding shortfalls, and limited coordination be-
tween stakeholders. To improve future IAP monitoring systems, we recommend
promoting edge-cloud technological integration, supporting FAIR-aligned open
data infrastructures, and empowering local communities through participatory
monitoring and training. Additionally, fostering public-private partnerships will
help scale technologies like smart-chip arrays and UAV platforms, while strong
policy frameworks are needed to address privacy, interoperability, and cross-bor-
der collaboration. Ultimately, the future of IAP surveillance lies not only in tech-
nical advancement but also in inclusive design, interdisciplinary collaboration,
and practical implementation. Building resilient agro-ecosystems requires bridg-
ing science, technology, and society to proactively manage the growing threat of

invasive species.
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