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Introduction

Biological invasion is one of the direct drivers of 
global biodiversity decline. Biological invasions and 
natural disasters are similar phenomena with implicit 
causes, yet their occurrences remain unpredict-
able and uncontrollable (Ricciardi et  al. 2011). The 
Kunming-Montreal Global Biodiversity Framework 
has identified urgent action to significantly decrease 
invasive alien species impacts on biodiversity through 
pathway management, prevention, and reducing intro-
ductions by at least 50% (CBD 2023). Data pertain-
ing to biological invasions is imperative for inform-
ing and guiding the primary facets of management 
processes (Van Rees et al. 2022). Conventional field 
surveys are often associated with considerable time 
requirements, resource demands, and inherent geo-
graphic constraints. Pereira et  al. (2013) introduced 
six distinct classes of Essential Biodiversity Variables 
(EBVs): Genetic Composition, Species Populations, 
Species Traits, Community Composition, Ecosystem 
Structure, and Ecosystem Function. The Group on 
Earth Observations Biodiversity Observation Net-
work (GEO BON) has identified alien species occur-
rence, alien status of a species, and the impact that a 
species has on biodiversity as three essential variables 
for invasive species management (GEO-BON 2023).

Considering the increasing proliferation and ter-
ritorial expansion exhibited by invasive species, the 
imperative for the development and implementation 
of innovative solutions becomes essential. Remote 
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sensing technologies, such as satellite imagery and 
aerial surveys, offer a bird’s-eye view of critical 
habitats. The study conducted by Reddy (2021) pre-
sents a perspective on multiple facets of the role of 
remote sensing in biodiversity monitoring. Reddy 
et al. (2021) synthesized the current status of research 
and development in the use of remote sensing-ena-
bled essential biodiversity variables. A review by 
Müllerová et  al. (2023) highlights the value of inte-
grating remote sensing data across scales for better 
insights into invasion dynamics and drivers. It recom-
mends high-resolution satellite and UAV imagery for 
improved invasive species identification and captur-
ing ecological processes. Monitoring invasive species 
using remote sensing and the Geographic Informa-
tion System (GIS) involves collecting and analyz-
ing various essential variables to track the presence, 
spread, and impact of invasive species on ecosys-
tems. This review highlights the importance of con-
tinued research and innovation in the remote sensing 
of Earth observations for invasive species monitoring 
using the EBVs framework. Several EBVs play a piv-
otal role in providing valuable insights into the distri-
bution, impact, and management of invasive species.

Essential biodiversity variables

Species populations (EBV-1)

EBV-1 is fundamental for invasive species manage-
ment. It involves tracking the presence of species, 
identifying the extent of species infestations and 
their potential spread, and estimating species density, 
abundance, biomass and demographic characteris-
tics of populations. Satellite remote sensing data are 
supporting mainly the detection of canopy-dominant 
plant invasions. Utilizing suitable remote sensing data 
and EBV-1 (Species Presence and Distribution), dis-
tribution maps of invasive species can be produced. 
Multispectral, hyperspectral and LiDAR data provide 
valuable information about the spectral and structural 
characteristics of vegetation, aiding in the identifica-
tion of invasive species (Bolch et al. 2020).

The methods and approaches for invasive plant 
species mapping and monitoring varied across stud-
ies. Key methods include supervised and unsu-
pervised image classification, object-based image 
analysis, species distribution modeling, and change 

detection analysis. Historically, remote sensing has 
played a vital role in the mapping and monitoring of 
invasive plant species. Rouse et  al. (1975) mapped 
the distribution of water hyacinth (Eichhornia cras-
sipes) using aerial color infrared photographs; these 
maps were then utilized in herbicide application man-
agement. Dai et al. (2020) mapped the spatial extent 
of understorey Mikania micrantha using Landsat 8 
imagery in the Chitwan National Park, Nepal, this 
study also developed a spectral library to understand 
the distribution of invasive species. Andrew and 
Ustin (2008) utilized HyMap hyperspectral data to 
map the distribution pattern of pepperweed (Lepid-
ium latifolium) in parts of California. Kandwal et al. 
(2009) attempted to use Landsat-based vegetation 
indices to extract Lantana camara patches. Several 
spectral indices were analyzed for discriminating L. 
camara. The study found SAVI (Soil Adjusted Veg-
etation Index) and Perpendicular Vegetation Index-3 
are most favourable in distinguishing populations of 
L. camara. Bradley and Mustard (2006) mapped and 
modelled the population extent of cheatgrass (Bromus 
tectorum) using Landsat MSS, TM and ETM + with 
the application of various landscape variables in the 
Great Basin in United States. The study by Kimothi 
et  al. (2010) evaluated the utility of IRS LISS-IV 
(multi-spectral, 5.8 m), and LISS-IV plus Cartosat-1 
merged data for mapping L. camara in a local land-
scape of Rajaji National Park in Uttarakhand. Kimo-
thi and Dasari (2010) analyzed data from LISS III, 
LISS IV, Cartosat-1 and a fused image of LISS IV 
and Cartosat-1 to map L. camara. Niphadkar et  al. 
(2017) compared a pixel-based and object-based clas-
sification method for mapping the L. camara in tropi-
cal mixed forests in the Biligirirangan hills, Western 
Ghats. Reddy et al. (2017) prepared the first map of 
the level of alien plant invasion across vegetation 
types of India.

Ingole et al. (2018) used multispectral satellite data 
for mapping Salvinia molesta in reservoir “Tumaria”, 
in Uttarakhand. Landsat-7 (ETM+) and Landsat-8 
(OLI) for the period April 2013 to May 2015 revealed 
that the waterbody was free from Salvinia molesta 
until June 2013 and for the first time appeared dur-
ing September 2013. It covered 42% of the water 
spread area and subsequently covered 92% of the 
area until October 2013. Khare et al. (2018) assessed 
plant species diversity in areas affected by L. camara 
in the deciduous forests of western Himalaya using 
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spectral heterogeneity information. The spread of L. 
camara was precisely mapped by Pléiades -1A data, 
followed by comparing Pléiades -1A, RapidEye, and 
Landsat-8 OLI assessed plant species diversities in 
invaded areas. Kattenborn et  al. (2019) have devel-
oped a spatial approach for three different species: 
Pinus radiata, Ulex europaeus, and Acacia dealbata 
occurring in Chile, and developed semi-automatic 
cover mapping (MaxEnt) and upscaling to the Senti-
nel scale of 20 m. Khare et  al. (2019) aimed to test 
the potential of multiple very high-resolution mul-
tispectral and stereo imageries to quantify the area 
of L. camara. Arasumani et al. (2021) evaluated the 
accuracy of Sentinel-1 radar data, Sentinel-2 mul-
tispectral data, Airborne Visible-Infrared Imag-
ing Spectrometer-Next Generation data, and three 
machine learning classification algorithms to assess 
invasive tree species (Acacia spp., Eucalyptus spp., 
and Pinus spp.). Results indicate that AVIRIS-NG 
data in combination with SVM produced the highest 
classification accuracy (98.7%). Simpson et al. (2022) 
studied water hyacinth infestation in Kuttanad, India, 
using Dual-Pol Sentinel-1 SAR data. Kishore et  al. 
(2022) highlight the delineation of the distribution of 
L. camara and Chromolaena odorata in Mudumalai 
Tiger Reserve using very high-resolution airborne 
imaging spectroscopy images by evaluating the per-
formance of a Multiple Endmember Spectral Mixture 
Analysis (MESMA). AVIRIS-NG-based assessment 
has delineated the spatial distribution of L. camara 
and C. odorata in Mudumalai with an overall accu-
racy of 87% and 84% respectively. Researchers have 
made significant strides in developing machine learn-
ing algorithms and AI models for automated detection 
and classification of invasive species from remotely 
sensed data. Convolutional Neural Networks (CNNs) 
techniques are being used to extract features and pat-
terns from images, enabling more accurate and effi-
cient species identification.

Time-series analysis of remote sensing data reveals 
trends in species distribution and invasion hotspot 
identification. Becker et al. (2013) used Landsat time 
series data to map the understorey cover of Frangula 
alnus and Rhamnus cathartica, based on an extended 
green season compared to the forest canopy. Izadi 
et al. (2022) mapped the dominance and distribution 
of the dominant invasive species Prosopis juliflora 
using Landsat 8-OLI and MODIS NDVI data using 
time series analysis in southern Iran. The causative 

drivers of invasion and the fractional cover of invasive 
trees of genus Prosopis in the Afar region, Ethiopia 
was studied by Shiferaw et  al. (2019) using Landsat 
8 image with 17 other explanatory variables through 
random forest algorithm having a kappa accuracy of 
0.8. Phenology-based models focus on the timing of 
plant life cycle events (Liu et al. 2020), object-based 
image analysis (OBIA), Support vector machines 
analyses data providing the detailed distribution of 
plant invasion over an area and its impact on the land-
scape (Walsh et al. 2008; Gavier-Pizarro et al. 2012; 
Izadi et  al. 2022). Neural networks, ensemble mod-
els and ecological niche models improve robustness 
and predict the invasive species distribution precisely 
(Cord et al. 2010; Gavier-Pizarro et al. 2012). Ecolog-
ical understanding and validation of the models using 
field data augments the consistency of the results gen-
erated through the models.

Early detection of invasion hotspots allows for pro-
active management interventions to control invasions. 
The current research has gained advanced technology 
in identifying, monitoring, analysing and planning for 
the research problem through the application of dif-
ferent computational models viz., Species Distribu-
tion Models (SDMs) to predict the species based on 
environmental variables. These models integrate data 
on the presence or occurrence of species with climate 
or environmental variables derived from remote sens-
ing and forecasted data to find out where species are 
likely to be distributed (Satish et al. 2023). SDMs can 
be effectively combined with remote sensing data to 
enhance the accuracy and spatial resolution of pre-
dictions. For example, West et  al. (2016) conducted 
a study on predicting the presence of the invasive 
species Tamarisk (Tamarix spp.) using SDMs and 
remote sensing data. The authors utilized NDVI, 
SAVI, and tasseled cap transformations derived from 
an 8-month image stack of the Landsat 5 Thematic 
Mapper to distinguish tamarisk from native ripar-
ian vegetation. They took into account phenology to 
accurately identify the tamarisk. The study conducted 
by Ahmed et  al. (2021) employed SDMs together 
with twelve distinct Sentinel 2 multispectral derived 
indices to map the distribution of Mesquite (P. juli-
flora) in the lower Awash River basin in Ethiopia. 
This study identified that indices pertaining to veg-
etation, soil, biophysical factors, and water were par-
ticularly influential, among other factors. This study 
examined the utilization of Sentinel 2 for predicting 
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invasive species in multiple research studies. Reshi 
and Khuroo (2012) recommended a national alien 
invasive species information network for easier dis-
semination of information about invasive species. 
Saranya et  al. (2021) predicted the suitable habitats 
of invasive plant species C. odorata and L. camara, 
using maximum entropy (MaxEnt), random for-
est, surface range envelope, boosted regression tree 
analysis, classification tree analysis, and a general-
ized boosted model in the Eastern Ghats. Singh et al. 
(2021) modeled the bioclimatic suitability of P. juli-
flora in India using the MaxEnt model. Saranya et al. 
(2023) assessed the cumulative effects of multiple 
disturbance factors on plant diversity in the Similipal 
Biosphere Reserve. Ecological models simulate vari-
ous scenarios, such as climate change impact or man-
agement intervention, providing insights into poten-
tial future distribution. Combining satellite imagery 
with field surveys and environmental variables allows 
for precise range mapping and the identification of 
isolated populations.

Species traits (EBV-2)

Remote sensing technologies can capture certain 
traits, such as canopy structure, distinctive growth 
forms, leaf color, leaf morphology, leaf longevity, 
leaf onset, leaf offset, length of growing season, leaf 
type, leaf arrangements, flower characteristics, tim-
ing of flowering, prolific seed production, vegetative 
reproduction, tolerance to environmental stressors, 
and monitoring changes in biomass and growth rate, 
which can aid in the identification and tracking of 
invasive species over large geographic areas (Kissling 
et al. 2018). Bradley (2014) has reviewed the mapping 
of plant invasive species using spectral classification 
and phenological observations at different resolutions 
of satellite data. Phenology based identification of 
plant invasions indicates diverse phenological events 
compared to native plant species. Phenological obser-
vations for different vegetation communities using 
MODIS data with vegetation indices in parts of New 
England, northeastern United States and southeastern 
Canada have been reported by Zhang et  al. (2003). 
Spatial variability analysis and phenology study on 
six different phenological events for 29 perennial spe-
cies in the Mediterranean region have been recorded 
by (Gordo and Sanz 2009). Joshi et al. (2006) mapped 
seed-producing sites of C. odorata, that invaded the 

understorey forests of Nepal through the applica-
tion of Landsat ETM+ satellite imagery and neural 
networks. Hyperspectral and very high-resolution 
remote sensing techniques can directly measure plant 
traits like leaf N content, chlorophyll absorption, scat-
tering, and reflectance, as well as differences in leaf 
water absorption (Homolová et  al. 2013; Niphadkar 
and Nagendra 2016). Niphadkar and Nagendra (2016) 
reviewed scientific research that uses plant functional 
traits for the mapping of invasive plant species. Inva-
sive species often thrive in disturbed habitats, such as 
roadsides, construction sites, and agricultural fields. 
Their association with these areas can be a character-
istic trait. The geographic range and distribution of 
invasive species, along with their historical records, 
can be important traits for mapping and monitoring 
efforts. Mielczarek et  al. (2022) assessed the use of 
dual-wavelength Airborne Laser Scanning (ALS) 
in categorizing the stages of the invasion by Acer 
negundo through sequential additive modeling.

Community composition (EBV-3)

EBV-3 examines the composition of species within 
communities. Monitoring changes in community 
composition due to invasive species is vital for under-
standing their impact on native biodiversity. Remote 
sensing helps monitor shifts in species composition 
and diversity within ecosystems affected by invasive 
species. Multitemporal remote sensing data enable 
the assessment of changes in community composi-
tion due to biological invasions across land cover 
types. The study by Khanna et  al. (2012) utilized 
multitemporal airborne HyMap spectrometry data to 
monitor the changes in plant communities by analyz-
ing the distribution of E. crassipes detection in the 
Sacramento-San Joaquin Delta. This investigation 
observed that over time, E. crassipes decreased by 
control interventions while submerged aquatic plant 
cover increased, and vice versa. Vanderlinder et  al. 
(2013) employed high-resolution aerial multispec-
tral data over an 18-year period to quantify and ana-
lyze changes in vegetation during the study period. 
The research reveals the potential replacement of 
native wetland vegetation (Schoenoplectus mariti-
mus) with invasive species (Phragmites and Typha). 
Pasha et  al. (2014) conducted a study in the Great 
Rann of Kachchh to map the extent of invasive colo-
nies, patchiness, coalescence, and rate of spread of P. 
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juliflora. This study has shown an increment of 42.9% 
of the area under Prosopis extent and cover in the 
Great Rann of Kachchh from 1977 to 2011. The study 
by Pasha et  al. (2015) has reported a rapid invasion 
of P. juliflora using multi-temporal satellite images 
from 1977 to 2011 in the Wild Ass sanctuary of Little 
Rann of Kachchh. Gong et al. (2021) employed multi-
season Sentinel 2 and Landsat 8 imagery to delineate 
the community composition of both native and inva-
sive plant species in the Yellow River Delta, China. 
They noted that there are critical times to extract the 
Spartina alterniflora community (in October) and the 
Phragmites australis community (in May). Red edge 
bands significantly aided in the accurate mapping of 
these communities, according to the study. This inves-
tigation highlighted how the maps can be utilized for 
the eradication of S. alterniflora and restoration of 
this ecosystem. Pasha and Reddy (2023) modelled the 
invasion trends of P. juliflora in Kachchh Biosphere 
Reserve using space time pattern mining techniques.

Ecosystem structure (EBV-4)

EBV-4 focuses on the physical and biological struc-
ture of ecosystems. Monitoring changes in ecosystem 
structure due to invasive species is essential to assess-
ing their impact. Remote sensing reveals changes in 
vegetation structure and composition, helping iden-
tify shifts caused by invasive species’ presence, which 
are often indicators of invasive species impacts. By 
analyzing landscape features, vegetation types, and 
environmental conditions, remote sensing helps 
identify areas susceptible to invasion. Asner et  al. 
(2008) investigated the three-dimensional structure of 
Hawaiian rain forests that were altered by five inva-
sive species (Falcataria moluccana, Fraxinus uhdei, 
Hedychium gardnerianum, Morella faya, and Psid-
ium cattleianum) using airborne remote sensing. The 
findings of this study indicate that a diverse range of 
alien plant species, each exhibiting a unique growth 
form or functional type, are significantly altering the 
fundamental three-dimensional structure of native 
Hawaiian rainforests. The study by Yang et al. (2022) 
analyzed the relationship between landscape patterns 
(compositional and structural heterogeneity) and 
Asian long-horned beetle (ALB) populations using 
a multivariable linear regression model and a linear 
mixed model.

Ecosystem function (EBV-5)

EBV-5 evaluates the processes and functions that 
ecosystems perform. Invasive species can alter these 
functions, making this EBV critical for understand-
ing their ecological impact. Remote sensing can aid 
in tracking changes in ecosystem functions, such as 
water flow, nutrient cycling, and carbon storage, 
influenced by invasive species. A study by Große-
Stoltenberg et al. (2018) assessed the impact of Aca-
cia longifolia in a Mediterranean dune ecosystem. A. 
longifolia was mapped using spectral indices from 
hyperspectral images as well as LiDAR data using 
Random Forest. The Near-Infrared Vegetation Index, 
which is related to GPP (Gross Primary Productivity), 
increased linearly and significantly with increasing 
species extent and is responsible for changing ecosys-
tem productivity.

Genetic composition (EBV-6)

EBV-6 assesses the genetic diversity within species 
populations. Monitoring genetic changes in invasive 
species can help understand their adaptability and 
potential for hybridization. While remote sensing 
does not measure genetic composition, it can assist 
in identifying areas where hybridization or genetic 
changes may be occurring by tracking habitat altera-
tions (Hoban et al. 2022).

Spatial decision support system development

Developing a Spatial Decision Support System that 
integrates EBVs, remote sensing data, and GIS is 
required for informed decision-making. It involves 
a systematic approach that integrates spatial data, 
ecological knowledge, and decision-making tools. 
The system should be flexible and adaptable to 
changing conservation needs. The three stages of 
invasive species management include pre-invasion, 
during invasion, and post-invasion. Each stage of 
monitoring has unique information requirements 
on species inventories, invasibility, introduction, 
establishment, naturalization, spread, persistence, 
dominance, range extension, environmental impact, 
ecological modeling, planning, and restoration, 
including priorities that correspond to their spatial 
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and species priorities (Fig.  1). The four stages of 
development for national observation and monitor-
ing systems are required to prepare a national list 
of invasive alien species, establish priority sites, 
assess the area occupied by species using UAVs 
and high spatial resolution and hyperspectral data, 
and establish a network of long-term monitoring 
sites involving ecological studies, remote sensing, 
and web-based information systems (Latombe et al. 
2017). Remote sensing data can inform risk assess-
ment by identifying areas vulnerable to invasion. 
This helps prioritize management efforts and allo-
cate resources effectively. Designing an easy-to-use 
web interface that allows users to input parameters, 
view maps, and access information on management 
strategies would be the first step in Decision Sup-
port System Development. To provide a comprehen-
sive and effective Spatial Decision Support System 
for the management of biological invasions, high-
quality geospatial data is fundamental, including 
satellite imagery, aerial photographs, and environ-
mental data. GIS-based integration of remote sens-
ing data assists in delineating management zones 
where eradication, control, and restoration efforts 
are prioritized.

Challenges and future directions

Despite the progress, challenges remain, including the 
need for improved accuracy in species identification, 
especially in complex ecosystems. The development 
of a standardized suite of EBVs for invasive alien spe-
cies management involves several challenges, includ-
ing the need for consistent data collection, validation, 
and integration into global biodiversity monitoring 
systems. The spatial, spectral, and temporal resolu-
tion of available data is insufficient to obtain accu-
rate results for all invasive plant species. Techniques 
like camera traps, acoustic monitoring, and UAVs 
equipped with thermal and hyperspectral sensors 
allow for field data collection. Hyperspectral remote 
sensing offers great potential to map invasive plants. 
The costs of data acquisition or reproducibility are 
expensive. The data can be analyzed using machine 
learning algorithms to automate species identifica-
tion and track population trends. The development 
of reliable remotely sensed EBVs requires a precise 
definition of their observation requirements, includ-
ing temporal frequency, spatial resolution, and the-
matic accuracy. Spectral confusion, where native and 
invasive species share similar spectral signatures, can 
lead to misclassification. Additionally, the accurate 

Fig. 1  Framework for invasive species management using remote sensing and GIS
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identification of invasive species with similar phenol-
ogy or spectral characteristics remains a challenge. 
An innovative approach to identifying occurrences of 
invasive species is the integration of remote sensing-
based data, in-situ field measurements, and a GIS. 
Artificial intelligence and machine learning algo-
rithms are being applied to enhance species identifi-
cation and mapping accuracy. Research efforts have 
focused on integrating data from multiple remote 
sensing platforms to improve invasive species map-
ping and monitoring.

Open-access satellite data and Earth Observation 
(EO) platforms, such as those provided by NASA, 
ESA (European Space Agency), and commercial 
entities like Google Earth Engine, have made EO 
data more accessible to researchers and conservation 
practitioners. Modern geospatial techniques can pro-
duce novel ways to view and predict. Predictive maps 
generated by ecological models assist in prioritizing 
areas for conservation, enabling efficient allocation of 
resources to mitigate invasive species impacts. Inter-
disciplinary strategies would provide better options in 
the management of invasive alien species. The impact 
of climate change on invasive species dynamics is an 
emerging research area that requires further inves-
tigation. Citizen science platforms and mobile apps 
encourage individuals to submit observations of inva-
sive species occurrences.

Conclusions

This review provides a synthesis of what is currently 
feasible in terms of remote sensing-based detection 
and monitoring of biological invasions. By combin-
ing standardized ecological measurements with high-
resolution remote sensing data, we can enhance our 
ability to monitor the impacts of invasive alien spe-
cies. The combination of EBVs with remote sensing 
enabled variables represents a powerful tool for inva-
sive alien species mapping and management. Earth 
observation strategies are revolutionizing manage-
ment efforts by providing valuable tools for mapping, 
monitoring, and managing invasive alien species. 
As technology continues to advance, the accuracy 
and applicability of spatial data for invasive species 
mapping are expected to increase, contributing to 
more effective strategies for invasive species control 
and ecosystem restoration. The integration of remote 

sensing and GIS into Invasive Species Decision Sup-
port Systems represents a promising path toward a 
more proactive and efficient approach to addressing 
this global challenge.
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