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AB ST RACT  
 

The rapid advancement of artificial intelligence (AI) presents transformative opportunities for the management 
of invasive species, a critical threat to global biodiversity, ecosystems, and economies. This review explores the 
integration of AI technologies—such as machine learning, environmental DNA (eDNA) barcoding, and predictive 
modeling—into the detection, monitoring, and management of invasive species. AI-based methods have 
demonstrated superior capabilities in early detection, offering faster, more accurate identification of invasive 
species than traditional approaches. These technologies enable predictive modeling that can forecast the spread 
of invasions, thereby enhancing the effectiveness of early detection and rapid response (EDRR) strategies. 
Additionally, AI-driven decision support systems and automated monitoring tools optimize resource allocation, 
making management efforts more efficient and effective.Despite these advancements, the deployment of AI in 
invasive species management presents significant challenges, including data availability, algorithmic bias, ethical 
considerations, and the risk of over-reliance on AI at the expense of traditional ecological expertise. The 
successful integration of AI requires addressing these challenges through interdisciplinary collaboration, 
ensuring that AI serves as a complementary tool that enhances human decision-making rather than replacing it. 
Looking forward, the role of AI in invasive species management is expected to expand, driven by ongoing 
technological innovations and the increasing need for global coordination in combating biological invasions. 
Future developments may include more adaptive AI systems capable of real-time learning, integration with other 
emerging technologies such as drones and bioinformatics, and a greater emphasis on ethical considerations and 
equitable access to AI tools. This review highlights the potential of AI to revolutionize invasive species 
management while emphasizing the importance of responsible and ethical deployment to protect ecosystems 
and biodiversity.  
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INTRODUCTION 

 
 Invasive species are being increasingly 
acknowledged as a threat causing irreversible damage, 
to biodiversity, ecosystems and economies 
worldwide.These species are often brought in through 
trade, tourism or other human actions (Molnar et al., 

2008). Quickly adapt to new environments, 
outcompeting native species and disrupting local 
ecosystems (Wong & Candolin, 2015). The ecological 
effects are substantial leading to changes in community 
structures habitat degradation and even the extinction 
of species (Valiente‐Banuet et al., 2015). Economically 
invasive  species  cause  billions  of  dollars  in   damages  
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that impact agriculture, fisheries, forestry and water 
resources (Warziniack et al., 2021). For example, the 
economic toll of species in the United States is 
estimated to surpass $120 billion (Pimentel et al., 2005). 
Traditional methods like removal and chemical 
treatments have proven insufficient in managing 
species effectively as they tend to be reactive measures 
taken after invasions have spread widely.This makes 
eradication more challenging and costly (Venette et al., 
2021). 
 The shortcomings of these methods are especially 
evident with the increase in globalization that has 
enabled the movement of species across borders on an 
unprecedented scale (Rees, 2006). With ecosystems 
becoming more interconnected than before there is a 
pressing need for proactive strategies, for managing 
invasive species effectively (Meyerson et al., 2022). 
 Relying solely on surveys and manual identification 
methods is not just demanding in terms of labor and 
time. It also frequently falls short in spotting invasive 
species early on (Anthony, 2017). This delay, in 
detection gives species the opportunity to settle in 
expand and make future control measures more 
challenging (Reid et al., 2019). 
 
Importance of Early Detection and Management 
 The saying "prevention is better, than cure" holds 
when dealing with species management (Morodi, 
2016). Early detection and swift response strategies, 
known as EDRR are widely acknowledged as the 
methods to stop invasive species from establishing and 
spreading (Westbrooks et al., 2022). The idea behind 
EDRR is simple; by catching invasions on and taking 
action we can avoid the ecological and economic harm 
that comes with established invasive species 
populations (Martinez et al., 2020). This proactive 
approach differs greatly from reactive management 
strategies, which often involve resource intensive 
efforts to control or eliminate species that have already 
spread extensively (Early et al., 2016). 
 The effectiveness of EDRR strategies is well 
documented. For instance, successfully eradicating the 
longhorn beetle (Anoplophora glabripennis) from 
various urban areas in the United States was largely 
due, to detecting the beetle early on and swiftly 
mobilizing resources to remove infested trees before it 
could spread further (Haack et al., 2010). Nonetheless 
the success of EDRR strategies heavily relies on our 
ability to detect species promptly and accurately a 
challenge that has historically been quite significant (De 
Groot et al., 2020). 
 In today's evolving landscape it is crucial to detect 
issues early on (Antrop, 2005). Factors, like climate 
change, urbanization and human activities are 
reshaping ecosystems in a manner that could make 
them more vulnerable to invasions (Johnston et al., 
2017). The conventional detection techniques, mainly 
based on surveys and manual identification fall short in 
this scenario (Comtet et al., 2015). There is a pressing 

demand, for methods that offer precise data on the 
existence and expansion of invasive species (Martinez 
et al., 2020). 
 
Emergence of AI as a Tool 
 In recent years, the emergence of artificial 
intelligence (AI) has revolutionized numerous fields, 
from healthcare and finance to transportation and 
communication (Siddiqui, 2023). The potential of AI to 
transform invasive species management is equally 
profound (Dauvergne, 2020). AI technologies, 
particularly those involving machine learning (ML), 
have demonstrated remarkable capabilities in 
processing vast amounts of data, identifying patterns, 
and making predictions with a level of accuracy and 
speed that far surpasses human capabilities (Górriz et 
al., 2020). These attributes make AI an invaluable tool in 
the early detection and management of invasive 
species (Lodge et al., 2016). 
 Machine learning, a subset of AI, involves the 
development of algorithms that can learn from and 
make predictions based on data (Sarker, 2021). In the 
context of invasive species management, ML 
algorithms can be trained to recognize specific features 
of invasive species—such as their appearance, 
behavior, or environmental impact—based on large 
datasets (da Silva et al., 2023). Once trained, these 
algorithms can be deployed in various applications, 
from image recognition and remote sensing to 
predictive modeling and decision support systems 
(Alibabaei et al., 2022). 
 The integration of AI into invasive species 
management offers several key advantages (Martinez 
et al., 2020). First, AI can significantly enhance the 
speed and accuracy of species identification, enabling 
the detection of invasive species in their early stages of 
establishment (Gonzalez et al., 2016). Second, AI-driven 
models can predict the spread of invasive species, 
providing critical information for prioritizing 
surveillance and management efforts (Chisom et al., 
2024). Third, AI can optimize the allocation of 
resources, ensuring that management efforts are both 
effective and cost-efficient (Guan et al., 2021). 
 As AI continues to advance, its potential 
applications in invasive species management are 
expanding (Dauvergne, 2020). From automated 
monitoring systems and decision support tools to real-
time simulations and scenario planning, AI is poised to 
play a central role in the future of invasive species 
management (van Rees et al., 2022). However, the 
successful integration of AI into this field will require 
careful consideration of several challenges, including 
data availability, algorithmic bias (Aldoseri et al., 2023), 
and the need for interdisciplinary collaboration 
(Whittlestone et al., 2019). 
 
The Role of AI in Early Detection of Invasive Species 
AI-based Detection Methods 
 AI-based detection methods are at the forefront of 
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modern invasive species management, offering 
unprecedented capabilities for identifying and 
monitoring these species across diverse environments 
(Lahoz-Monfort & Magrath, 2021). Among the most 
promising of these methods are Convolutional Neural 
Networks (CNNs), a class of deep learning models that 
have revolutionized the field of image recognition 
(Traore et al., 2018). CNNs are particularly well-suited to 
the task of identifying invasive species from images or 
video footage (Brodrick et al., 2019), as they are 
capable of learning and recognizing complex patterns 
and features that are indicative of specific species 
(Cohen & Lewis, 2020). 
 The application of CNNs in invasive species 
management has already yielded impressive results 
(Rakhmatulin et al., 2021). For instance, CNNs have 
been successfully used to identify invasive plant species 
in complex natural environments, such as dense forests 
or wetlands, where traditional methods of species 
identification are challenging (Lake et al., 2022). By 
analyzing thousands of labeled images, CNNs can learn 
to distinguish invasive species from native ones with a 
high degree of accuracy, even in cases where the visual 
differences are subtle (Kattenborn et al., 2021). This 
capability not only enhances the speed and accuracy of 
detection efforts but also reduces the need for 
extensive fieldwork, allowing for more efficient use of 
resources (Chalmers et al., 2019). 
 In addition to image recognition, AI-based 
detection methods are increasingly being applied to 
data from remote sensing technologies, such as 
satellite imagery and drone-based surveys (Argyrou & 
Agapiou, 2022). These technologies provide a broad 
overview of large and often inaccessible areas (Sharma 
et al., 2022), capturing data that can be analyzed by AI 
algorithms to detect changes in land cover, vegetation 
patterns, or other environmental indicators that may 
signal the presence of invasive species (Paliwal et al., 
2024). For example, AI-driven analysis of satellite 
imagery has been used to monitor the spread of 
invasive aquatic plants in large water bodies 
(Nininahazwe et al., 2023), enabling early intervention 
before these species can establish themselves and 
cause significant harm (Causevic et al., 2024). 
 The integration of AI with remote sensing is 
particularly valuable in regions where traditional survey 
methods are impractical or impossible (Chen et al., 
2023). In vast, remote, or otherwise inaccessible areas, 
AI-driven remote sensing can provide continuous, real-
time monitoring, allowing for the rapid detection of 
invasive species as soon as they begin to spread 
(Chisom et al., 2024). This capability is crucial for the 
timely implementation of EDRR strategies, which are 
most effective when applied at the earliest stages of an 
invasion (Adoyo et al., 2022). 
 
Environmental DNA (eDNA) Barcoding 
 Environmental DNA (eDNA) barcoding represents a 
revolutionary approach to species detection, 

leveraging the power of AI to analyze genetic material 
collected from environmental samples, such as water, 
soil, or air (Stefanni et al., 2022). Unlike traditional 
methods of species identification, which often rely on 
visual or auditory cues, eDNA barcoding can detect the 
presence of species based on the genetic material they 
leave behind in the environment (Kyle, 2023). This 
method is particularly useful for detecting species that 
are difficult to observe directly, such as those that are 
rare, cryptic, or present in low densities (Beng & 
Corlett, 2020). 
 The application of AI to eDNA barcoding has 
significantly enhanced the sensitivity and efficiency of 
this method (Zhang et al., 2023). AI algorithms can 
process and analyze the vast amounts of genetic data 
generated by eDNA sampling, identifying the presence 
of invasive species with a level of accuracy and speed 
that would be impossible for humans to achieve 
(Demertzis & Iliadis, 2017). For example, AI-enhanced 
eDNA barcoding has been used to detect the American 
bullfrog (Lithobates catesbeianus), an invasive species 
in Europe, at densities that would be undetectable 
using traditional survey methods (Dejean et al., 2012). 
This capability is critical for the early detection of 
invasive species, as it allows for the identification of 
invasions before they become widespread and difficult 
to manage (Hulme, 2006). 
 Moreover, eDNA barcoding, when combined with 
AI, offers the ability to detect multiple species 
simultaneously, providing a comprehensive picture of 
the biodiversity within an ecosystem (Zhang et al., 
2023). This multi-species detection capability is 
particularly valuable in complex ecosystems where 
multiple invasive species may be present. By identifying 
all of the species in an environment, including both 
native and invasive ones, eDNA barcoding can inform 
more targeted and effective management strategies 
(Zhang et al., 2023). 
 In addition to its applications in detecting invasive 
species, eDNA barcoding can also be used to monitor 
the effectiveness of management efforts (Morisette et 
al., 2021). By analyzing eDNA samples before and after 
the implementation of control measures, AI algorithms 
can provide insights into the impact of these measures 
on the target species and the broader ecosystem 
(Norros et al., 2022). This feedback loop is essential for 
refining management strategies and ensuring that they 
are both effective and sustainable (Dauvergne, 2020). 
 
Predictive Modeling for Invasive Species Spread 
 Predictive modeling is one of the most powerful 
applications of AI in invasive species management, 
providing the ability to forecast the spread of invasive 
species based on a wide range of ecological and 
environmental factors (Stohlgren & Schnase, 2006). AI-
driven predictive models can analyze vast datasets, 
including climate data, habitat suitability, human 
activity, and species behavior (Levy & Shahar, 2024), to 
generate accurate predictions about where and when 
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an invasive species is likely to spread. These predictions 
are invaluable for prioritizing surveillance efforts, 
allocating resources, and implementing targeted 
management interventions (Ditria et al., 2022). 
 Among the most advanced AI techniques used in 
predictive modeling are Long Short-Term Memory 
(LSTM) networks, a type of recurrent neural network 
that is particularly well suited to analyzing time series 
data (Sahoo et al., 2019). LSTM networks can learn 
from sequential data, such as the progression of an 
invasion over time, to make predictions about future 
trends (Garcia-Moreno et al., 2024). This capability is 
critical in the context of invasive species management, 
where understanding the dynamics of species spread is 
essential for effective intervention (Hulme, 2006). For 
example, LSTM models have been used to predict the 
spread of invasive insects, such as the emerald ash 
borer (Agrilus planipennis), across North American 
forests (Valicharla et al., 2023). These predictions 
enable forest managers to implement control measures 
in high-risk areas before the insect can cause extensive 
damage (Nahrung et al., 2023). 
 Another important aspect of predictive modeling 
is the integration of geospatial analysis with AI 
(VoPham et al., 2018). Geospatial models can map 
potential invasion routes and identify high-risk areas 
based on environmental variables such as 
temperature, precipitation, land use, and proximity to 
transportation corridors (Thomas et al., 2017). When 
combined with AI, these models can analyze complex 
spatial data to predict the spread of invasive species 
across landscapes, providing a critical tool for 
regional and national management efforts (Yang et 
al., 2022). 
 For example, AI-driven geospatial models have 
been used to predict the spread of invasive aquatic 
plants in the Great Lakes (Escobar et al., 2018), a region 
particularly vulnerable to biological invasions due to its 
extensive network of interconnected waterways and 
high levels of maritime traffic (Keller et al., 2011). These 
models have helped managers identify areas most at 
risk of invasion and prioritize surveillance and 
intervention efforts accordingly, leading to more 
effective management outcomes (Cuthbert et al., 
2022). 
 The use of AI in predictive modeling also allows for 
the simulation of different management scenarios, 
providing valuable insights into the potential outcomes 
of various strategies (Ortiz-Barrios et al., 2023). By 
simulating the spread of an invasive species under 
different conditions—such as varying levels of human 
intervention, changes in climate, or the introduction of 
biological control agents—managers can explore the 
potential effectiveness of different approaches and 
make more informed decisions. This capability is 
particularly important in complex and dynamic 
environments where the impacts of management 
actions can be difficult to predict (Lodge et al., 2016) 
(Venette et al., 2021). 

Comparative Analysis of AI-based Detection vs. 
Traditional Methods 
 The integration of AI into invasive species 
detection offers several distinct advantages over 
traditional methods, which are often labor-intensive, 
time-consuming, and limited in scope (Rakhmatulin et 
al., 2021). Traditional methods, such as manual surveys 
and visual inspections, rely heavily on human expertise 
and can be prone to errors, particularly in challenging 
environments where species are difficult to detect 
(Beijbom et al., 2015). In contrast, AI-based methods 
can process and analyze vast amounts of data quickly 
and accurately, enabling the detection of invasive 
species in real-time and across large areas (Sharma et 
al., 2023). 
 One of the key strengths of AI-based detection is 
its scalability. While traditional methods are typically 
constrained by the availability of personnel and 
resources (Gudala et al., 2019), AI systems can be 
deployed across multiple locations simultaneously, 
providing continuous monitoring and detection 
capabilities (Alshamrani, 2022). For example, AI-driven 
drones equipped with image recognition algorithms 
can survey large areas of forest or coastline, identifying 
invasive species with a high degree of accuracy and 
transmitting data in real-time to central management 
hubs (Mohan et al., 2021). This scalability is particularly 
important in remote or inaccessible regions where 
traditional survey methods are impractical (Opitz & 
Herrmann, 2018). 
 Another advantage of AI-based detection is its 
ability to improve over time (Viscaino et al., 2021). 
Machine learning models, such as CNNs and LSTMs, are 
designed to learn from data, meaning that their 
accuracy and effectiveness can increase as they are 
exposed to more information (Agga et al., 2022). This 
iterative learning process allows AI systems to adapt to 
new environments, species, and conditions, continually 
refining their detection capabilities (Høye et al., 2021). 
In contrast, traditional methods often require extensive 
retraining or recalibration when applied to new 
contexts (Knoll et al., 2020). 
 However, the implementation of AI-based 
detection methods also presents challenges, 
particularly related to data quality and algorithmic bias 
(Aldoseri et al., 2023). AI models rely on large datasets 
for training, and the accuracy of their predictions is 
heavily influenced by the quality of the data they are 
trained on (Liang et al., 2022). If the training data is 
biased or unrepresentative, the AI model may produce 
skewed results, leading to incorrect or suboptimal 
management decisions (Chen et al., 2023). Addressing 
these challenges requires careful attention to data 
collection and curation, as well as ongoing validation 
and testing of AI models to ensure their reliability 
(Liang et al., 2022). 
 Despite these challenges, the benefits of AI in 
invasive species detection are substantial (Darling & 
Blum, 2007). By enhancing the speed, accuracy, and 
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scalability of detection efforts, AI offers a powerful tool 
for improving the effectiveness of early detection and 
rapid response strategies (Gudala et al., 2019). As these 
technologies continue to evolve, they have the 
potential to fundamentally change the way we manage 
invasive species, making it possible to detect and 
respond to invasions before they cause significant 
harm (Martinez et al., 2020). 
 
AI-driven Management Strategies for Invasive Species 
Automated Monitoring Systems 
 AI-driven automated monitoring systems represent 
a significant advancement in the management of 
invasive species, providing continuous, real-time 
surveillance capabilities that were previously 
unattainable (Chisom et al., 2024). These systems 
leverage a combination of sensors, cameras, and AI 
algorithms to monitor ecosystems for the presence of 
invasive species, automatically identifying and 
reporting any detections (Martinez et al., 2020). This 
approach reduces the need for manual monitoring, 
freeing up resources and personnel for other critical 
tasks (Duflou et al., 2012). 
 One of the key benefits of automated monitoring 
systems is their ability to operate continuously, 
providing round-the-clock surveillance that is not 
limited by human availability or weather conditions 
(Chan et al., 2012). For example, AI-powered camera 
traps can be deployed in forests, wetlands, or other 
sensitive habitats, capturing images of passing wildlife 
and analyzing them in real-time to detect the presence 
of invasive species (Høye et al., 2023). When an invasive 
species is detected, the system can automatically 
trigger an alert, notifying managers and enabling a 
rapid response (Martinez et al., 2020). 
 The integration of AI with the Internet of Things 
(IoT) further enhances the capabilities of automated 
monitoring systems (Pramanik et al., 2018). IoT devices, 
such as sensors and cameras, can be networked 
together to create a comprehensive monitoring system 
that covers large areas and multiple environments 
(Abdul-Qawy et al., 2015). These devices can 
communicate with each other and with central 
management hubs, providing a continuous flow of data 
that can be analyzed in real-time by AI algorithms 
(Singh et al., 2020). This level of connectivity allows for 
more precise and coordinated management efforts, as 
managers can quickly respond to detections and adjust 
their strategies based on the latest information 
(Moynihan, 2008). 
 Automated monitoring systems are also highly 
scalable, making them suitable for use in a wide range 
of environments, from urban areas to remote 
wilderness (Fascista, 2022). In urban environments, AI-
driven monitoring systems can be used to detect 
invasive species in parks, gardens, and other green 
spaces, helping to prevent the spread of these species 
into natural areas (Prodanovic et al., 2024). In remote 
or inaccessible regions, automated systems can provide 

critical surveillance capabilities where traditional 
monitoring methods are impractical or impossible 
(Belwafi et al., 2022). 
 
Decision Support Systems 
 Decision support systems (DSS) powered by AI are 
transforming the way managers make decisions about 
invasive species control and eradication (Filip, 2008). 
These systems integrate a wide range of data sources, 
including environmental conditions, species behavior, 
and historical management outcomes, to provide 
actionable insights and recommendations (Baldin et al., 
2021). By analyzing complex datasets, AI-driven DSS can 
identify the most effective strategies for controlling 
invasive species, optimizing resource allocation and 
improving management outcomes (Lévy, 2024). 
 AI-based DSS are particularly valuable in situations 
where managers must make decisions quickly and with 
incomplete information (Gupta et al., 2022). For 
example, in the early stages of an invasion, managers 
may need to decide where to allocate resources for 
surveillance and control efforts (Hulme, 2006). AI-
driven DSS can analyze data from multiple sources, 
such as remote sensing, eDNA barcoding (Dogan et al., 
2024), and field surveys, to identify high-risk areas and 
recommend the most effective use of resources 
(Majeed & Hwang, 2021). This ability to rapidly 
synthesize information and generate actionable 
insights is critical for the success of early detection and 
rapid response strategies (Mårtensson et al., 2013). 
 In addition to providing real-time 
recommendations, AI-based DSS can also be used to 
evaluate the potential outcomes of different 
management strategies (Gupta et al., 2022). By 
simulating various scenarios, these systems can help 
managers assess the risks and benefits of different 
approaches, allowing them to choose the strategy that 
is most likely to succeed (Haimes, 2011). For example, 
an AI-driven DSS might simulate the impact of 
introducing a biological control agent to a specific area, 
taking into account factors such as climate, habitat 
suitability, and the potential for non-target effects 
(Halubanza, 2024). This level of analysis enables 
managers to make more informed decisions, reducing 
the likelihood of unintended consequences and 
improving the overall effectiveness of management 
efforts (Werner & Asch, 2005). 
 The integration of AI into DSS also facilitates 
adaptive management, a dynamic approach to 
managing invasive species that involves continuously 
monitoring outcomes and adjusting strategies as 
needed (Ditria et al., 2022). By providing real-time 
feedback on the effectiveness of management actions, 
AI-driven DSS enable managers to adapt their 
strategies in response to changing conditions, ensuring 
that resources are used as efficiently as possible 
(Anumandla, 2018). This adaptive approach is 
particularly important in the context of invasive species 
management, where the success of control efforts can 
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depend on rapidly changing environmental conditions 
and species behavior (Pyšek & Richardson, 2010). 
 
Simulation and Scenario Planning 
 Simulation and scenario planning are critical 
components of AI-driven management strategies, 
providing managers with the tools they need to 
anticipate and prepare for potential future challenges 
(Skulimowski & Bañuls, 2021). AI-based simulation 
models can replicate the dynamics of invasive species 
spread under different conditions, allowing managers 
to explore the potential outcomes of various 
management strategies before they are implemented 
in the field (Martinez et al., 2020). This capability is 
particularly valuable in complex and dynamic 
environments where the impacts of management 
actions can be difficult to predict (Hasegan et al., 2018). 
 For example, AI-driven simulation models can be 
used to assess the potential impact of climate change 
on the spread of invasive species (Ali et al., 2024). By 
incorporating climate data into predictive models, 
managers can simulate how changes in temperature, 
precipitation, and other environmental variables might 
affect the distribution and behavior of invasive species 
(Finch et al., 2021). These simulations can help identify 
areas that are likely to become more vulnerable to 
invasions in the future, enabling proactive 
management efforts to mitigate the risk (van Rees et 
al., 2022). 
 Scenario planning with AI also allows managers to 
evaluate the trade-offs between different management 
strategies (Miller et al., 2023). For instance, a scenario 
might explore the potential outcomes of focusing 
resources on early detection versus investing in long-
term control measures (Miller & Waller, 2003). By 
simulating these scenarios, managers can gain insights 
into the relative effectiveness of different approaches, 
helping them make more informed decisions about 
how to allocate resources (Groves & Lempert, 2007). 
 The ability to simulate different scenarios and 
explore their potential outcomes is particularly 
important in the context of invasive species 
management, where the consequences of decisions 
can be far-reaching and difficult to reverse (Pyšek & 
Richardson, 2010). By using AI to model the potential 
impacts of different strategies, managers can identify 
the most effective approaches for preventing and 
controlling invasions, reducing the likelihood of costly 
mistakes and improving the overall effectiveness of 
their efforts (Ish et al., 2021). 
 
Challenges and Ethical Considerations 
 While the use of AI in invasive species management 
offers many benefits, it also raises significant 
challenges and ethical considerations that must be 
carefully addressed to ensure that these technologies 
are used responsibly and effectively (Stahl, 2021). One 
of the primary challenges is the potential for 
algorithmic bias, which can arise if the AI models are 

trained on unrepresentative or biased data (Ferrara, 
2023). For example, if an AI system used for species 
detection is trained primarily on data from certain 
regions or environments, it may not perform well when 
applied to different contexts (Wäldchen & Mäder, 
2018). This could lead to misidentification of species, 
underestimation of invasion risks, or inappropriate 
management recommendations (Clarke et al., 2021). 
 To mitigate the risk of algorithmic bias, it is crucial 
to ensure that the training data used for AI models is 
diverse, representative, and of high quality (Ferrara, 
2023). This requires careful data collection and 
curation, as well as ongoing validation and testing of AI 
models to ensure that they perform accurately across 
different environments and species (Alves et al., 2021). 
Moreover, transparency in the development and 
deployment of AI systems is essential (Felzmann et al., 
2020). Stakeholders, including ecologists, policymakers, 
and the public, should have access to information 
about how AI models are trained, what data they use, 
and how their predictions are generated. This 
transparency is key to building trust in AI systems and 
ensuring that their outputs are reliable and 
interpretable (Shin, 2023). 
 Another significant challenge is the potential for 
over-reliance on AI systems, which could lead to a 
reduction in human oversight and critical thinking in 
decision-making processes (Zhai et al., 2024). While AI 
can process and analyze data at scales and speeds 
beyond human capability, it lacks the contextual 
understanding and judgment that experienced human 
managers bring to the table (Tambe et al., 2019). There 
is a risk that AI-generated recommendations could be 
followed too rigidly, without considering the broader 
ecological, social, and ethical implications (Dirgová 
Luptáková et al., 2023). 
 To address this challenge, it is important to 
integrate AI into a broader decision-making framework 
that includes human expertise and judgment. AI should 
be seen as a tool that supports, rather than replaces, 
human decision-making (Jarrahi, 2018). In practice, this 
means using AI-generated insights as one component 
of a comprehensive management strategy that also 
takes into account local knowledge, ecological 
principles, and stakeholder values (Díaz-Rodríguez et 
al., 2023). By fostering a collaborative approach that 
combines the strengths of AI with human expertise, we 
can ensure that management decisions are both 
scientifically sound and contextually appropriate (Ala-
Pietilä & Smuha, 2021). 
 Ethical considerations also play a critical role in the 
use of AI for invasive species management (Stahl, 
2021). One ethical concern is the potential impact of AI-
driven management actions on non-target species and 
ecosystems (Coghlan & Parker, 2023). For example, AI 
models might recommend the use of chemical 
treatments or biological control agents to manage 
invasive species, but these interventions could have 
unintended consequences for native species or 
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ecosystem functions (Demirel & Kumral, 2021). It is 
essential to carefully evaluate the potential risks and 
benefits of management actions, and to consider 
alternative approaches that minimize harm to non-
target species and ecosystems (Biondi et al., 2012). 
 Moreover, the use of AI in invasive species 
management raises questions about the distribution of 
resources and benefits (Hilbeck et al., 2008). For 
instance, the development and deployment of AI 
technologies may be more feasible in wealthier regions 
with access to advanced computing resources and 
expertise, potentially exacerbating existing inequalities 
in conservation efforts (Dauvergne, 2020). Ensuring 
that the benefits of AI are accessible to all regions, 
including those with limited resources, is an important 
ethical consideration (Morley et al., 2020). This could 
involve capacity-building initiatives, knowledge sharing, 
and the development of low-cost, scalable AI solutions 
that can be deployed in a variety of contexts (Sey & 
Mudongo, 2021). 
 Finally, there is the issue of data privacy and 
security, particularly when AI systems rely on data 
collected from public or private lands (Gupta et al., 
2020). It is important to establish clear guidelines for 
data collection, storage, and use, ensuring that the 
privacy rights of individuals and communities are 
respected (Ohmann et al., 2017). This includes obtaining 
informed consent for data collection, implementing 
secure data storage practices, and ensuring that data is 
used in ways that align with the values and interests of 
local communities (Wong et al., 2022). 
 
Applications and Case Studies 
Success Stories 
 The application of AI in invasive species 
management has already led to several notable success 
stories, demonstrating the potential of these 
technologies to transform how we detect and manage 
biological invasions (Martinez et al., 2020). One such 
success story comes from the use of AI-driven image 
recognition systems to monitor invasive plant species 
in protected areas (Isabelle & Westerlund, 2022). In one 
national park, AI-powered drones equipped with 
cameras and machine learning algorithms were 
deployed to survey large tracts of land, identifying 
invasive plants with high accuracy (Buchelt et al., 2024). 
The data collected by these drones enabled park 
managers to rapidly target and remove invasive 
species, preventing them from spreading further and 
reducing the overall impact on the ecosystem (Jiménez 
López & Mulero-Pázmány, 2019). 
 Another significant success has been the use of AI-
enhanced eDNA barcoding to monitor aquatic invasive 
species (Palvi, 2023). In one case, researchers used 
eDNA sampling combined with AI algorithms to detect 
the presence of invasive zebra mussels (Dreissena 
polymorpha) in a series of lakes (Darling & Mahon, 
2011). The AI system was able to identify the mussels at 
extremely low densities, well before they could 

establish large populations (Galloway et al., 2022). This 
early detection allowed for the implementation of rapid 
response measures, including the use of targeted 
chemical treatments and physical barriers, which 
successfully eradicated the mussels from the affected 
lakes (Bae & Park, 2014). 
 In addition to these examples, AI has been 
instrumental in improving the effectiveness of 
biological control programs (Nega, 2014). For instance, 
AI-driven predictive models have been used to optimize 
the release of biological control agents, such as 
predatory insects or pathogens, to combat invasive 
species (Lantschner et al., 2019). By simulating different 
release strategies and environmental conditions, these 
models have helped researchers identify the most 
effective approaches, leading to successful control of 
invasive pests in agricultural and natural ecosystems 
(Way & Van Emden, 2000). 
 These success stories highlight the transformative 
potential of AI in invasive species management. By 
enhancing the speed, accuracy, and scalability of 
detection and control efforts, AI is helping to protect 
ecosystems from the devastating impacts of invasive 
species (Martinez et al., 2020). As these technologies 
continue to evolve, they are likely to play an 
increasingly important role in conservation and 
biodiversity protection efforts around the world 
(Shivaprakash et al., 2022). 
 
Regional and Global Case Studies 
 The application of AI in invasive species 
management is not limited to specific regions; rather, it 
has the potential to address invasive species challenges 
on a global scale (Martinez et al., 2020). However, the 
implementation and success of AI-driven approaches 
can vary significantly depending on regional factors, 
including the availability of data, technological 
infrastructure, and local expertise (Bachmann et al., 
2022). 
 In North America, for example, AI has been widely 
used to monitor and manage invasive species in both 
terrestrial and aquatic environments (Martinez et al., 
2020). One notable case is the use of AI-driven models 
to predict the spread of the emerald ash borer (Agrilus 
planipennis) across the United States and Canada 
(Økland et al., 2012). By analyzing data on climate, host 
tree distribution, and human activity, these models 
have provided valuable insights into the likely spread of 
this destructive insect, enabling more targeted and 
effective management efforts (Dukes et al., 2009). 
 In Europe, AI has been employed to monitor and 
control invasive species in a variety of ecosystems, 
including forests, wetlands, and coastal areas 
(Shivaprakash et al., 2022). For instance, AI-enhanced 
remote sensing technologies have been used to detect 
and map the spread of invasive plant species in 
Mediterranean ecosystems, where traditional survey 
methods are often hindered by rugged terrain and 
dense vegetation (Pal et al., 2023). These AI-driven 
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efforts have helped to identify high-risk areas and 
prioritize management actions, leading to more 
efficient use of resources and better conservation 
outcomes (Chisom et al., 2024). 
 In Asia and Africa, where resources for invasive 
species management are often more limited, AI-driven 
approaches have focused on leveraging existing 
technologies in innovative ways (Adebola & Ibeke, 
2023). For example, in parts of Asia, researchers have 
developed low-cost AI-powered smartphone apps that 
allow local communities to report sightings of invasive 
species, contributing to early detection and rapid 
response efforts (Dauvergne, 2020; Halubanza, 2024). 
In Africa, AI-driven predictive models have been used to 
assess the risk of invasive species spreading in 
response to climate change, helping to inform regional 
conservation strategies (Chisom et al., 2024). 
 On a global scale, AI is increasingly being used to 
address the challenges posed by marine invasive 
species, which can spread rapidly across international 
borders via shipping routes (Martinez et al., 2020). AI-
driven systems that analyze shipping data and 
environmental conditions have been developed to 
predict the likely introduction and spread of invasive 
species in marine environments (Sarantopoulos, 2024). 
These systems have been used to inform the 
development of international policies and regulations 
aimed at preventing the spread of invasive species 
through ballast water and hull fouling (Firestone & 
Corbett, 2005). 
 These regional and global case studies 
demonstrate the versatility and adaptability of AI in 
addressing the complex challenges posed by invasive 
species (Chamara et al., 2020). While the specific 
applications and outcomes may vary depending on 
regional contexts, the overarching theme is clear: AI 
has the potential to significantly enhance the 
effectiveness of invasive species management efforts 
around the world (Hagerty & Rubinov, 2019). 
 
Challenges and Future Directions 
Current Limitations 
 Despite the significant potential of AI in invasive 
species management, several limitations must be 
addressed to fully realize its benefits. One of the most 
pressing limitations is the availability and quality of data 
(Stahl, 2021). AI models require large amounts of high-
quality data to function effectively, but in many 
regions, particularly in the Global South, such data may 
be scarce or incomplete (Bachmann et al., 2022). This 
lack of data can limit the accuracy and applicability of AI 
models, particularly in regions where invasive species 
are a major threat but where resources for data 
collection and management are limited (Elith, 2017). 
 Another limitation is the computational cost 
associated with developing and deploying AI models. 
High-performance computing resources are often 
required to process the large datasets and complex 
algorithms that underpin AI-driven systems (Pyzer-

Knapp et al., 2022). For many organizations, particularly 
those with limited budgets, these costs can be 
prohibitive. Furthermore, the deployment of AI 
systems often requires specialized technical expertise, 
which may not be readily available in all regions 
(Dwivedi et al., 2021). 
 Interoperability is another challenge that must be 
addressed. AI-driven systems often rely on data from a 
variety of sources, including satellite imagery, remote 
sensors, and field surveys (Yue et al., 2022). Ensuring 
that these different data sources can be integrated and 
analyzed in a cohesive manner is essential for the 
effectiveness of AI models (Janssen et al., 2017). 
However, differences in data formats, standards, and 
protocols can create barriers to interoperability, 
limiting the ability of AI systems to function as intended 
(Rasheed, 2024). 
 
Potential Risks and Mitigation 
 The deployment of AI in invasive species 
management also presents potential risks that must be 
carefully managed. One such risk is the possibility of 
unintended consequences resulting from AI-generated 
recommendations (Rasheed, 2024). For example, if an 
AI model recommends the use of a particular chemical 
treatment to control an invasive species, there may be 
unforeseen impacts on non-target species or 
ecosystem functions (Demirel & Kumral, 2021). To 
mitigate these risks, it is essential to conduct thorough 
evaluations of AI-generated recommendations before 
they are implemented in the field. This includes 
considering the potential ecological, social, and ethical 
implications of management actions (Gupta et al., 
2022). Integrating robust ecological knowledge and 
stakeholder input into the decision-making process can 
help ensure that AI recommendations are both 
scientifically sound and socially acceptable (Mazzetti et 
al., 2022). 
 Another potential risk is the over-reliance on AI at 
the expense of traditional ecological expertise. While 
AI can process and analyze data at an unprecedented 
scale and speed, it should not replace the nuanced 
understanding that ecologists, conservationists, and 
local communities bring to invasive species 
management (Van Cauwenberghe, 2023). Human 
oversight is crucial to interpret AI outputs, adapt 
strategies based on real-world conditions, and address 
any unforeseen challenges that arise during 
implementation (Leslie, 2019). Therefore, AI should be 
viewed as a complementary tool that enhances, rather 
than replaces, traditional expertise and practices 
(Dwivedi et al., 2021). 
 Moreover, the ethical implications of AI 
deployment, particularly regarding data privacy and the 
equitable distribution of resources, must be carefully 
considered (Hagerty & Rubinov, 2019). The collection 
and use of environmental data often involve sensitive 
information about land use, biodiversity, and local 
communities (Haines-Young, 2009). Ensuring that data 
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is collected and used ethically, with the informed 
consent of affected communities and in ways that 
respect their rights and autonomy, is essential (Harding 
et al., 2012). Additionally, efforts should be made to 
ensure that the benefits of AI-driven technologies are 
shared equitably across different regions and 
communities, particularly those that may be 
disproportionately affected by invasive species (Collins, 
2024). 
 
Future Research Directions 
 The future of AI in invasive species management is 
promising, with numerous avenues for research and 
development that could further enhance its 
effectiveness (Martinez et al., 2020). One important 
area of research is the development of AI models that 
can function with smaller datasets or that can be 
trained on data from one region and successfully 
applied to another (Sun et al., 2022). This would 
significantly broaden the applicability of AI, particularly 
in regions where data availability is currently a limiting 
factor (Allam & Dhunny, 2019). 
 Another promising direction is the integration of AI 
with other emerging technologies, such as blockchain 
for data verification, drones for remote sensing, and 
bioinformatics for genetic analysis (Siripurapu et al., 
2023). For instance, combining AI with blockchain 
technology could improve the transparency and 
traceability of data used in invasive species 
management, ensuring that AI models are built on 
reliable and verifiable data sources (Chattu, 2021). 
Meanwhile, the integration of AI with drone 
technology could enhance real-time monitoring 
capabilities, particularly in remote or difficult-to-access 
areas (Rao et al., 2019). 
 Additionally, there is a need for interdisciplinary 
research that brings together ecologists, data 
scientists, policymakers, and social scientists to address 
the complex challenges of invasive species 
management (Vaz et al., 2017). Such collaborations 
could lead to the development of more holistic AI 
models that take into account not only ecological 
factors but also social, economic, and cultural 
considerations (Di Vaio et al., 2020). This 
interdisciplinary approach could also facilitate the 
development of AI systems that are more attuned to 
the needs and values of local communities, leading to 
more effective and equitable management strategies 
(Holzmeyer, 2021). 
 In the long term, the development of AI systems 
that can learn and adapt in real-time, responding 
dynamically to new data and changing environmental 
conditions, could revolutionize invasive species 
management (Xu et al., 2022). These adaptive AI 
systems could continuously refine their predictions and 
recommendations as new information becomes 
available, ensuring that management strategies remain 
effective in the face of rapidly changing ecological and 
climatic conditions (Chen et al., 2023). 

Conclusion 
 The advent of artificial intelligence (AI) marks a 
transformative era in the management of invasive 
species, offering unprecedented opportunities to 
enhance detection, prediction, and response strategies. 
Through the integration of machine learning, 
environmental DNA (eDNA) barcoding, and predictive 
modeling, AI has already begun to revolutionize how 
we approach the complex and dynamic challenges 
posed by invasive species. These technologies enable 
earlier and more accurate detection, allowing for rapid 
response efforts that are crucial in preventing the 
establishment and spread of invasive species. 
Moreover, AI-driven decision support systems and 
automated monitoring tools are optimizing the 
allocation of resources, making management 
interventions more efficient and effective. 
 Despite these advancements, the integration of AI 
into invasive species management is not without 
challenges. Issues such as data availability, algorithmic 
bias, ethical considerations, and the potential for over-
reliance on AI systems must be carefully addressed to 
ensure that these technologies are used responsibly 
and effectively. Importantly, AI should complement 
rather than replace the traditional ecological expertise 
and local knowledge that are essential for effective 
management. By fostering collaboration between AI 
specialists, ecologists, policymakers, and local 
communities, we can ensure that AI-driven solutions 
are scientifically sound, ethically grounded, and socially 
acceptable. 
 In summary, AI holds great promise for improving 
invasive species management, but its successful 
deployment requires careful consideration of both 
technological and human factors. As we move forward, 
it is imperative to maintain a balanced approach that 
leverages the strengths of AI while also respecting the 
wisdom and experience of those working on the front 
lines of conservation. 
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