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Abstract
The escalating challenges of climate change, biodiversity loss, land degradation, and urban expansion have amplified the need 
for reliable, high-resolution, and timely environmental data. Geographic Information Systems (GIS) and Remote Sensing (RS) 
technologies have become indispensable tools for environmental monitoring, enabling the systematic collection, analysis, and 
visualization of spatial data across diverse ecosystems. This review synthesizes recent innovations in GIS and RS that are trans-
forming environmental surveillance and decision-making. Key developments include the integration of artificial intelligence 
(AI) and machine learning (ML) for enhanced image classification, cloud-based platforms like Google Earth Engine (GEE) for 
scalable analysis, and the increasing use of Unmanned Aerial Vehicles (UAVs) and hyperspectral sensors for high-resolution 
monitoring. Furthermore, the convergence of geospatial analytics with big data, the Internet of Things (IoT), and participatory 
approaches such as citizen science is expanding the accessibility and impact of environmental data. Case studies from Africa, 
Asia, and global initiatives highlight practical applications in land use change detection, water resource assessment, hazard risk 
mapping, urban heat island analysis, and biodiversity conservation. While the potential of these tools is vast, persistent challeng-
es include data interoperability, technical capacity gaps, policy integration barriers, and ethical concerns related to surveillance 
and data equity. This review calls for greater investment in open-source tools, interdisciplinary collaboration, and inclusive data 
governance to realize the full potential of GIS and RS in achieving environmental resilience and sustainability. Future directions 
emphasise real-time monitoring, ethical frameworks, and the democratisation of spatial intelligence.

Keywords: Geographic Information Systems (GIS), Remote Sensing (RS), Environmental Monitoring, Artificial Intelligence 
(AI), Sustainable Development

NOWE TRENDY W TECHNOLOGIACH GIS I TELEDETEKCJI  
W ZAKRESIE MONITOROWANIA ŚRODOWISKA: INNOWACJE, ZASTOSOWANIA  

I PRZYSZŁE KIERUNKI ROZWOJU

Abstrakt
Rosnące wyzwania związane ze zmianami klimatu, utratą bioróżnorodności, degradacją gleby i ekspansją miast zwiększyły 
zapotrzebowanie na wiarygodne, wysokiej rozdzielczości i aktualne dane środowiskowe. Technologie systemów informacji 
geograficznej (GIS) i teledetekcji (RS) stały się niezbędnymi narzędziami do monitorowania środowiska, umożliwiając syste-
matyczne gromadzenie, analizę i wizualizację danych przestrzennych w różnych ekosystemach. Niniejszy przegląd syntetyzuje 
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najnowsze innowacje w dziedzinie GIS i RS, które przekształcają nadzór nad środowiskiem i proces decyzyjny. Kluczowe osią-
gnięcia obejmują integrację sztucznej inteligencji (AI) i uczenia maszynowego (ML) w celu ulepszonej klasyfikacji obrazów, 
platformy chmurowe, takie jak Google Earth Engine (GEE), do skalowalnej analizy, oraz coraz częstsze wykorzystanie bezza-
łogowych statków powietrznych (UAV) i czujników hiperspektralnych do monitorowania o wysokiej rozdzielczości. Ponadto 
konwergencja analityki geoprzestrzennej z dużymi zbiorami danych, Internetem Rzeczy (IoT) i podejściami partycypacyjnymi, 
takimi jak nauka obywatelska, zwiększa dostępność i wpływ danych środowiskowych. Studia przypadków z Afryki, Azji i ini-
cjatyw globalnych podkreślają praktyczne zastosowania w wykrywaniu zmian w użytkowaniu gruntów, ocenie zasobów wod-
nych, mapowaniu ryzyka zagrożeń, analizie miejskich wysp ciepła i ochronie bioróżnorodności. Chociaż potencjał tych narzędzi 
jest ogromny, wciąż istnieją wyzwania, takie jak interoperacyjność danych, luki w zasobach technicznych, bariery w integracji 
polityki oraz kwestie etyczne związane z nadzorem i równością danych. Niniejszy przegląd wzywa do zwiększenia inwestycji 
w narzędzia open source, współpracy interdyscyplinarnej i inkluzywnego zarządzania danymi, aby w pełni wykorzystać po-
tencjał GIS i RS w osiąganiu odporności i zrównoważonego rozwoju środowiska. Przyszłe kierunki rozwoju kładą nacisk na 
monitorowanie w czasie rzeczywistym, ramy etyczne oraz demokratyzację inteligencji przestrzennej.

Słowa kluczowe: Systemy Informacji Geograficznej (GIS), teledetekcja (RS), monitoring środowiska, sztuczna inteligencja 
(AI), zrównoważony rozwój

1.	 INTRODUCTION

Environmental monitoring is essential for safeguard-
ing ecosystems, guiding sustainable development, and 
informing effective policy responses to both anthropo-
genic and natural environmental pressures. In a world 
increasingly threatened by climate change, deforesta-
tion, land degradation, water pollution, and rapid ur-
banization, the need for reliable, high-resolution, and 
timely environmental data has never been greater [1]. 
Monitoring environmental parameters helps detect ear-
ly warning signals, assess ecological vulnerability, and 
evaluate the effectiveness of conservation and mitiga-
tion measures [2].

Traditional methods of environmental monitoring, 
though vital for field validation, are often constrained 
by their labour-intensive nature, high costs, and limit-
ed spatial and temporal coverage [3, 4]. These limita-
tions have catalysed the widespread adoption of geospa-
tial technologies, particularly Geographic Information 
Systems (GIS) and Remote Sensing (RS), as scalable, 
cost-effective solutions to environmental data collection 
and analysis. RS technologies, through platforms such as 
satellites, drones, and aerial surveys, provide systematic 
and consistent multi-temporal and multispectral obser-
vations across broad and often inaccessible geographic 
areas [5]. When integrated with GIS, which enables the 
storage, manipulation, and visualization of spatial data, 
these technologies allow dynamic modelling of environ-
mental systems and spatial decision support [6, 7].

Applications of GIS and RS now span a wide range 
of environmental domains, including land use and land 

cover (LULC) change detection, biodiversity monitor-
ing, hydrology, air quality analysis, agricultural produc-
tivity assessment, and disaster risk reduction [8, 9, 10, 
11, 12]. Their utility has been magnified by recent ad-
vances in artificial intelligence (AI), machine learning 
(ML), and cloud computing, which have enabled near re-
al-time environmental monitoring, enhanced image clas-
sification, and predictive analytics [13, 14]. The growing 
availability of open-access datasets, such as those pro-
vided by NASA’s Landsat program and the European 
Space Agency’s Sentinel missions, has further democ-
ratized environmental analysis across institutional and 
geographical boundaries [15].

The integration of mobile-based GIS tools and drone 
technology has significantly expanded data collection 
capabilities, particularly in data-scarce or resource-con-
strained environments [16, 17]. Citizen science initia-
tives have also emerged as promising complementary 
approaches, enabling participatory data gathering and 
fostering public engagement in environmental stew-
ardship [18]. Nonetheless, technical and institutional 
challenges persist, including issues of data harmoniza-
tion, standardization, interoperability, and computation-
al limitations, as well as ethical concerns surrounding 
data privacy, consent, and equitable access [19].

The primary motivation for this review is to synthe-
size recent innovations in GIS and RS within the con-
text of environmental monitoring and to evaluate their 
contributions, limitations, and emerging trends critical-
ly. While the literature abounds with domain-specific 
case studies, there remains a gap in comprehensive in-
terdisciplinary assessments that integrate technological, 
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methodological, and policy perspectives. This review 
aims to address that gap by identifying current knowl-
edge frontiers, highlighting ongoing constraints, and 
proposing directions for future research and multi-sec-
toral collaboration. Ultimately, understanding and ex-
panding the role of GIS and RS technologies will be 
pivotal in tackling global environmental challenges and 
supporting the realization of international sustainabil-
ity goals.

1.1	 Methodology and Literature Selection

The literature review for this study was conducted 
through an extensive search across several academic 
databases, including Scopus, Web of Science, and Goo-
gle Scholar, covering the period from 2019 to 2024. 
The search strategy was designed to focus on key terms 
related to environmental monitoring and technological 
innovations, including "GIS," "remote sensing," "arti-
ficial intelligence," "IoT," "citizen science," and "open 
data." This search aimed to capture a comprehensive 
range of peer-reviewed studies, technical reports, and 
articles that explore the integration of advanced tech-
nologies in environmental monitoring. Only publica-
tions that specifically addressed the application of these 
technologies in monitoring and managing environmen-
tal concerns were included. At the same time, purely 
technical algorithmic papers and grey literature were 
excluded to maintain relevance to the central themes 
of the review.

Case studies were selected to ensure geographic 
diversity and thematic relevance, focusing on regions 
such as Africa and Asia, as well as global initiatives. 
The chosen studies addressed key environmental mon-
itoring domains, including land use/land cover change, 
hydrology, disaster risk assessment, urban heat islands, 
and biodiversity conservation. Preference was given 
to case studies with documented outcomes or lessons 
learned, which provided insights into the practical ap-
plication of GIS and remote sensing technologies.

This review primarily adopts a narrative synthesis 
approach, structured according to systematic review 
principles, and adheres to PRISMA guidelines to en-
sure transparency in the study selection process. While 
every effort was made to include relevant and recent lit-
erature, some limitations exist, such as language restric-
tions and potential publication bias, which may affect 
the overall comprehensiveness of the review. Nonethe-

less, the synthesis offers a comprehensive overview of 
emerging trends in environmental monitoring using GIS 
and remote sensing technologies.

2.	 INTEGRATION OF ARTIFICIAL 
INTELLIGENCE AND MACHINE 
LEARNING

One of the most transformative developments in 
geospatial technology is the incorporation of AI and ML 
into RS and GIS. These approaches, particularly super-
vised classifiers like Support Vector Machines (SVM), 
Random Forest (RF), and deep learning models such as 
Convolutional Neural Networks (CNNs), have signifi-
cantly enhanced the accuracy of image classification, 
object detection, and anomaly recognition in Earth ob-
servation data [19, 20, 21].

CNNs are particularly effective in handling high-res-
olution and multi-temporal imagery for detecting land 
cover changes, deforestation, floods, and urban expan-
sion [22]. These models reduce human bias and facil-
itate automated interpretation of large image datasets, 
making them suitable for applications like illegal min-
ing detection and shoreline monitoring [23]. The inte-
gration of platforms such as Google’s TensorFlow and 
ESRI’s ArcGIS Deep Learning Toolkit has democra-
tized access to deep learning tools, even in develop-
ing regions.

AI-driven automation is increasingly used in post-di-
saster rapid mapping, enabling faster decision-making 
during emergencies such as hurricanes, wildfires, and 
landslides [24].

2.1.	 Cloud-Based Geospatial Processing

The rise of cloud computing has addressed long- 
standing constraints related to data volume and compu-
tational overhead in GIS and RS workflows. Platforms 
like Google Earth Engine (GEE), Amazon Web Ser-
vices (AWS), and the Microsoft Planetary Computer 
offer global repositories of satellite data (e.g., MODIS, 
Sentinel, Landsat) alongside the tools to analyze them 
in-browser using JavaScript or Python [25].

GEE has revolutionized geospatial research by en-
abling rapid analysis of deforestation, drought impacts, 
air quality trends, and crop monitoring, without the need 
for downloading or pre-processing data locally [26]. 
Cloud-based processing promotes collaboration among 
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institutions and supports equitable access to computa-
tional resources in lower-income countries.

The integration of AI and automation in environ-
mental monitoring provides powerful tools for data 
analysis and decision-making. However, it is crucial 
to mitigate risks associated with algorithmic bias and 
overreliance on automated systems. One of the prima-
ry safeguards is algorithm transparency, where the as-
sumptions, data inputs, and decision-making processes 
of AI systems are documented and accessible. Regular 
audits of AI models should be conducted to ensure they 
work as intended and do not perpetuate biases. Incor-
porating diverse and representative datasets is anoth-
er crucial step in reducing bias in AI systems, ensuring 
that models are trained on comprehensive environmen-
tal data from various regions and contexts. Additionally, 
human expertise should be integrated into these systems 
through human-in-the-loop (HITL) processes, enabling 
expert oversight and intervention when necessary. This 
ensures that automated processes remain grounded in 
contextual knowledge and expertise, particularly when 
dealing with complex environmental issues.

2.2.	 Unmanned Aerial Vehicles (Uavs) and Drones

Unmanned Aerial Vehicles (UAVs), or drones, are 
reshaping field-based environmental data collection by 
offering centimetre-level resolution, flexible deploy-
ment, and multi-sensor configurations (e.g., RGB, ther-
mal, multispectral). These capabilities are particularly 
beneficial in wetlands, coral reefs, agricultural zones, 
and wildlife reserves [27].

In precision agriculture, UAVs equipped with NDVI- 
-calibrated sensors can assess crop stress and yield po-
tential in near real-time [28]. Coastal management 
agencies use drones to monitor sediment transport and  
shoreline erosion with much higher temporal resolution  
than satellites [27]. UAV data, integrated into GIS plat-
forms, improve spatial accuracy and allow 3D reconstruc-
tions using photogrammetry and Structure-from-Motion 
(SfM) techniques [29].

2.3. Hyperspectral and Thermal Remote Sensing

Unlike multispectral sensors, hyperspectral imaging 
collects data across hundreds of contiguous and nar-
row spectral bands, allowing for much finer discrim-
ination of surface materials and vegetation traits [30]. 

This increased spectral resolution enables the identi-
fication of subtle differences in material composition 
that would be indistinguishable in broader-band mul-
tispectral data. Applications of hyperspectral imagery 
include precise mapping of soil salinity, heavy metal 
contamination, mineral content, and vegetation stress 
due to drought or disease [31]. Similarly, thermal infra-
red (TIR) sensors, such as those aboard ECOSTRESS 
and Landsat 8’s TIRS, are vital for detecting tempera-
ture anomalies. These anomalies support urban heat is-
land analysis, wildfire detection, and groundwater dis-
charge monitoring [32].

2.4.	 Big Data Analytics and the Internet  
of Things (IoT)

The integration of Geographic Information Systems 
(GIS) with real-time sensor networks, often support-
ed by the Internet of Things (IoT), has revolutionized 
environmental monitoring. This convergence enables 
the continuous collection and transmission of data from 
field sensors, such as air quality monitors, river gauges, 
and soil moisture probes, directly into GIS platforms. 
These data streams facilitate real-time visualization and 
spatial analysis, enhancing decision-making through 
greater responsiveness and detail [33]. In agriculture, 
IoT systems combine UAV imagery with in-situ weather 
data and soil sensors to automate irrigation and optimize 
crop yields [34]. In urban settings, IoT networks enable 
dynamic monitoring of air pollution, noise, and traffic, 
informing spatial models for urban planning and health 
risk assessments [35]. Advanced tools like ArcGIS In-
sights and Kepler.gl support interactive dashboards and 
predictive analytics, with real-time alerts triggered when 
sensor data exceeds predefined thresholds. These tech-
nologies, powered by machine learning and AI algo-
rithms, enable adaptive environmental governance. 
However, clarification is needed on what datasets qual-
ify as big data, their relationship to IoT, and the neces-
sary post-processing steps for this data.

2.5.	 Open Source Tools and Citizen Science

The widespread availability of open-source GIS and 
RS tools has significantly reduced barriers to environ-
mental data analysis. Platforms such as QGIS, SNAP 
(Sentinel Application Platform), and OpenDroneMap 
offer advanced geospatial processing capabilities with-
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out the limitations of expensive proprietary software 
[36]. These tools empower researchers, students, and 
practitioners globally to conduct spatial analysis, im-
age classification, and mapping with greater flexibility. 
Participatory platforms like OpenStreetMap, iNatural-
ist, and Global Forest Watch incorporate user-generat-
ed data to complement satellite observations. In regions 
with limited formal monitoring infrastructure, these 
crowdsourced tools enable communities to report de-
forestation, illegal mining, wildlife sightings, and other 
environmental events, enhancing data richness and lo-
cal engagement [37].

While citizen science offers vast potential for crowd-
sourced environmental monitoring, ensuring the quality 
of the data is crucial for integration into formal systems. 
Protocols for ensuring data quality include multi-lev-
el validation mechanisms, such as cross-referencing 
crowd-sourced data with official data sources like sat-
ellite imagery or pre-existing environmental datasets. 
Automated checks and statistical methods, such as con-
sistency testing and anomaly detection, are employed to 
flag potential errors or outliers. Training and guidance 
for volunteers contribute to reducing human error. Ex-
pert validation or peer reviews may further supplement 
the data to enhance reliability. In the future, developing 
a standardized framework for data collection, ensuring 
the accuracy of time, location, and environmental con-
ditions, will be essential for the continued success of 
citizen science platforms.

2.6.	 Synthetic Aperture Radar (SAR) Data  
from UAVs

Synthetic Aperture Radar (SAR) has become a vi-
tal tool in environmental monitoring, particularly in sit-
uations where optical remote sensing is limited by per-
sistent cloud cover or the absence of sunlight. Unlike 
optical sensors, SAR uses microwave signals that can 
penetrate atmospheric conditions and operate effective-
ly day or night. Satellites such as Sentinel-1 and the up-
coming NASA-ISRO NISAR mission provide high-res-
olution SAR data, supporting applications in flood extent 
mapping, glacier movement tracking, and land subsid-
ence or deformation analysis [38]. Beyond disaster 
monitoring, SAR is highly effective for estimating for-
est biomass and analysing vegetation structure, offer-
ing critical insights for carbon stock assessment and 
forest conservation [39]. In polar and high-latitude re-

gions, SAR data also enables the monitoring of perma-
frost thaw and seasonal ground changes, crucial for un-
derstanding climate change impacts [40].

2.7.	 Environmental Decision Support Systems 
(EDSS)

Modern GIS tools are increasingly evolving into 
comprehensive Environmental Decision Support Sys-
tems (EDSS), combining spatial databases with analyt-
ical models, simulations, and multi-criteria evaluation 
techniques. These systems enable planners and poli-
cymakers to assess complex environmental challenges 
through spatially informed perspectives. A core compo-
nent of this evolution is GIS-based Multi-Criteria Deci-
sion Analysis (MCDA), which facilitates informed de-
cision-making in contexts such as land-use planning, 
flood risk zoning, conservation prioritisation, and iden-
tifying optimal sites for renewable energy infrastruc-
ture [41, 42]. EDSS platforms typically present inter-
active dashboards, geovisualizations, and risk scenario 
maps that guide users in understanding trade-offs, allo-
cating resources, and adapting strategies in response to 
climate variability and socio-environmental constraints 
[43]. By integrating spatial science with participatory 
planning, EDSS tools enhance transparency, account-
ability, and the overall effectiveness of environmental 
governance.

2.8.	 Time-Series and Change Detection Analytics

Environmental monitoring increasingly depends on 
time-series analysis to detect gradual and abrupt chang-
es in land surface conditions over time. Techniques such 
as Breaks For Additive Season and Trend (BFAST), 
TIMESAT, and LandTrendr are widely used for ana-
lysing large temporal datasets, particularly from remote 
sensing archives like MODIS and Landsat [44]. These 
tools help identify trends in vegetation health, land deg-
radation, phenological shifts, and ecosystem recovery 
following disturbances such as wildfires, droughts, or 
logging. They also support the detection of abrupt land-
use transitions, including urban encroachment, agricul-
tural expansion, and deforestation. Increasingly, these 
time-series models are being deployed on cloud-based 
platforms such as GEE, enabling scalable, real-time ap-
plications across large geographic extents with reduced 
computational constraints [45]. Time-series analysis en-
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hances early warning systems, supports evidence-based 
environmental policymaking, and plays a crucial role in 
tracking progress toward global sustainability targets.

2.9. 3D and Augmented Reality (AR) Visualization

Three-dimensional GIS modelling and Augmented 
Reality (AR) applications offer immersive and intuitive 
platforms for stakeholder engagement and education-
al outreach. Tools like ArcGIS CityEngine, CesiumJS,  
and BlenderGIS enable dynamic 3D representations 
of terrain, infrastructure, and environmental process-
es [46, 47].

AR platforms overlay spatial data onto physical 
landscapes, enhancing participatory planning, environ-
mental interpretation, and classroom education [46].

The innovations outlined here are transforming GIS 
and RS into intelligent, agile systems for environmen-
tal monitoring and management. Whether through AI- 
driven image analysis, real-time IoT integration, or cit-
izen-led mapping efforts, these technologies offer pro-
found opportunities to enhance resilience, improve gov-
ernance, and advance environmental justice. Future 
efforts should prioritize data interoperability, ethical use 
frameworks, and inclusive capacity-building to ensure 
the benefits of these advancements are equitably shared.

3.	 APPLICATION DOMAINS OF GIS 
AND RS FOR ENVIRONMENTAL 
MONITORING

The increasing availability of high-resolution spatial 
data and advances in geospatial analytics have signifi-
cantly transformed environmental monitoring and de-
cision-making. GIS and RS have become indispensable 
for understanding spatial patterns, detecting environ-
mental changes, and modelling future scenarios across 
various ecological domains. 

3.1. Land Use and Land Cover (LULC) Change 
Detection

LULC change analysis is fundamental to under-
standing human-induced transformations of ecosys-
tems. Satellite RS enables consistent temporal and spa-
tial tracking of land dynamics, mainly through data 
from platforms such as Landsat, MODIS, and Senti-
nel-2 [48]. These datasets, when processed using GIS, 

have provided critical insights into urban sprawl, agri-
cultural expansion, forest degradation, and desertifica-
tion [49].

Traditional pixel-based classification methods are in-
creasingly being supplemented with Object-Based Im-
age Analysis (OBIA) and machine learning algorithms, 
including RF, SVM, and CNNs to enhance classification 
accuracy [50]. Time-series approaches such as BFAST 
(Breaks for Additive Season and Trend) and LandTrendr 
allow the detection of disturbances and recovery phases 
in vegetation and land surfaces over decades [51].

LULC monitoring supports applications in urban 
planning [52], agricultural policy [53], and conserva-
tion planning [54]. It also contributes to carbon account-
ing and environmental scenario modelling under chang-
ing climate and land policy regimes [55].

3.2. Water Quality and Hydrological Monitoring

Water bodies are highly dynamic systems influ-
enced by anthropogenic pressures and natural variabil-
ity. RS has emerged as a key technique for observing 
water quality variables such as turbidity, chlorophyll-a, 
total suspended solids, and algal blooms, using sen-
sors such as Sentinel-2 MSI, Landsat OLI, and MODIS  
Aqua [56, 57].

Indices like NDWI (Normalized Difference Water 
Index), TSI (Trophic State Index), and SDD (Secchi 
Disk Depth) are commonly derived from satellite im-
agery to assess water health [58]. GIS-based watershed 
modelling tools such as SWAT and HEC-HMS support 
simulations of runoff, nutrient loading, and hydrologi-
cal responses [59].

Integrating RS with IoT sensors has enhanced re-
al-time hydrological monitoring. In estuarine and coast-
al zones, SAR and altimetry data are used to detect 
shoreline retreat, sediment plumes, and saltwater intru-
sion. Water managers increasingly rely on such insights 
for policy development around pollution control, cli-
mate adaptation, and sustainable allocation [60].

3.3. Disaster Risk Assessment: Floods, Droughts, 
and Hazards

Natural hazards such as floods, droughts, landslides, 
and wildfires are escalating in frequency and intensity 
due to climate change. GIS and RS are essential in as-
sessing risk, issuing early warnings, and guiding disas-
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ter response and recovery efforts. Flood events are effec-
tively mapped using SAR sensors such as Sentinel-1 and 
RADARSAT, which can penetrate cloud cover [61, 62]. 
These datasets are integrated into GIS to delineate flood 
extents, depth, and risk zones. RS-based indices such as 
NDVI and VCI, along with soil moisture products from 
SMAP and CHIRPS, support drought risk analysis [63].

GIS also facilitates earthquake and landslide risk as-
sessments by integrating data on fault lines, slope gra-
dients, land cover, and population exposure. In wildfire 
monitoring, thermal imagery from MODIS and VIIRS 
supports real-time fire detection and burn severity as-
sessments [64]. Post-disaster damage assessment, us-
ing high-resolution drone imagery and satellite data, 
enables rapid estimation of affected infrastructure and 
ecosystems. These technologies have become corner-
stones of emergency planning and risk-informed devel-
opment strategies [65].

3.4.	 Urban Heat Islands and Air Pollution

Urban Heat Islands (UHIs) are increasingly severe 
due to impervious surfaces, high population densities, 
and vegetation loss. RS of Land Surface Temperature 
(LST) using thermal infrared bands from Landsat TIRS, 
MODIS, and ECOSTRESS enables spatial modeling of 
urban heat hotspots. GIS overlays of LST with NDVI 
and LULC maps help quantify the cooling effects of ur-
ban vegetation and water bodies [66].

UHI assessments guide the design of cooling infra-
structure such as urban forests, green roofs, and reflec-
tive pavements. In terms of air quality, RS data from 
Sentinel-5P TROPOMI and MODIS Aerosol Optical 
Depth (AOD) products are used to monitor NO₂, SO₂, 
PM2.5, and ozone levels [67].

Coupling satellite observations with ground-based 
data in GIS enables the creation of spatiotemporal air 
quality maps that inform emission regulation, health 
advisories, and transportation planning. Recent trends 
also emphasize participatory sensing, where citizens 
contribute air quality data via mobile sensors and apps, 
which are integrated into open GIS dashboards.

3.5.	 Biodiversity and Habitat Monitoring

GIS and RS play critical roles in detecting biodiversi-
ty changes, evaluating habitat conditions, and informing 
conservation interventions. Satellite imagery is used to 

map vegetation types, monitor land degradation, and as-
sess habitat fragmentation. Vegetation indices like NDVI 
and EVI derived from Sentinel and MODIS help quan-
tify greenness and productivity [68].

Species Distribution Models (SDMs) integrate spe-
cies presence data from repositories like GBIF with 
environmental variables (e.g., LULC, elevation, tem-
perature) to predict habitat suitability using tools like 
MaxEnt or Biomod. These models facilitate the iden-
tification of conservation priorities and the zoning of 
protected areas. Lidar and SAR technologies are used 
to estimate forest biomass, canopy height, and structur-
al diversity [69]. RS has been instrumental in monitor-
ing coral reefs, mangroves, and alpine ecosystems un-
der threat from climate change and land conversion. GIS 
and RS also facilitate mapping of invasive species, mon-
itoring poaching patterns, and tracking migratory spe-
cies via GPS telemetry. These tools are integral to glob-
al biodiversity frameworks such as the Convention on 
Biological Diversity (CBD) and the Sustainable Devel-
opment Goals.

From land surface dynamics to species conservation 
and urban climate modelling, GIS and RS have become 
fundamental to environmental monitoring. These tools 
not only enhance the spatial and temporal resolution of 
ecological data but also support predictive modelling 
and evidence-based decision-making. As environmental 
challenges intensify globally, further democratising ac-
cess to geospatial data, investing in open-source tools, 
and integrating GIS and RS into planning and policy 
systems will be essential for achieving sustainable and 
climate-resilient futures.

The societal impact of open-source tools and da-
ta-sharing platforms can be measured through sever-
al indicators, including the increased frequency of use 
in decision-making, improvements in policy outcomes, 
and the enhanced involvement of local communities in 
environmental monitoring. For example, open data plat-
forms like Global Forest Watch have shown how acces-
sible, crowd-sourced data can influence policy changes 
aimed at reducing deforestation in tropical regions. The 
integration of open-source tools in disaster risk manage-
ment has led to improved preparedness and response 
times, as seen in the use of OpenStreetMap during nat-
ural disasters. These platforms also facilitate enhanced 
community engagement, enabling citizens to contribute 
to data collection and inform decision-making at local, 
regional, and national levels.
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4.	 CASE STUDIES AND REGIONAL 
INSIGHTS IN GIS AND RS FOR 
ENVIRONMENTAL MONITORING

The application of GIS and RS technologies in en-
vironmental monitoring has seen widespread adoption 
across different regions of the world. These tools have 
proven critical in addressing pressing ecological con-
cerns, including deforestation, climate-induced hazards, 
biodiversity loss, and resource management. 

4.1.	 Africa: Forest Monitoring and Climate 
Resilience

In Central Africa, the Congo Basin-home to the 
world’s second-largest tropical rainforest- has long been 
under threat from illegal logging, subsistence agricul-
ture, and mining. As a key carbon sink and biodiversity 
hotspot, the region’s environmental integrity is of glob-
al significance. The Central African Forest Observato-
ry (OFAC), in partnership with Global Forest Watch 
(GFW), has operationalized near real-time monitoring 
of forest cover using Landsat and Sentinel data pro-
cessed via GEE [70, 71]. These platforms use machine 
learning algorithms to detect forest loss and degrada-
tion, particularly in Democratic Republic of Congo and 
Cameroon.

Such data, when integrated with field observa-
tions and geospatial analysis, have enabled more effec-
tive policy enforcement and community-based forest 
management. While capacity-building efforts have in-
creased local technical knowledge, limitations persist 
due to unreliable internet infrastructure in rural moni-
toring stations and governance weaknesses that hinder 
enforcement [72].

In the Sahel region, drought remains a recurring 
challenge. AGRHYMET, a regional centre based in 
Niger, has adopted RS techniques such as MODIS-de-
rived Normalized Difference Vegetation Index (NDVI) 
and CHIRPS rainfall estimates to monitor vegetation 
health and drought severity [73]. GIS overlays of rain-
fall anomalies, soil moisture, and crop calendars inform 
regional food security early warning systems used by 
ECOWAS countries. Despite notable success in reduc-
ing agricultural losses and livestock mortality, data lim-
itations at micro scales and inadequate integration of 
local knowledge systems continue to restrict model ac-
curacy [74]. A recent experiment in Congo’s humid 

forest zone compared multispectral UAV imagery with 
Sentinel-1 SAR data for crop type classification. In-
cluding canopy‑height models, support‑vector‑machine 
classifiers achieved 94.78 % accuracy using UAV data 
versus 81.72 % with SAR imagery, while random‑for-
est models reached 93.84 % and 92.58 %, respectively 
[71]. The experiment demonstrates how high‑resolution 
UAV data can substantially improve classification ac-
curacy, although the cost and expertise required remain 
significant barriers. 

4.2.	 Asia: Disaster Preparedness and Urban 
Climate Management

Bangladesh’s geographical position in the Ganges- 
-Brahmaputra delta makes it acutely vulnerable to sea-
sonal floods. The Bangladesh Water Development Board 
(BWDB), in collaboration with NASA and JAXA, uti-
lises SAR data from Sentinel-1 and ALOS satellites to 
map flood extents, supported by hydrological models 
such as HEC-RAS [75]. These spatial tools are inte-
grated into GIS-based flood risk maps, which under-
pin the Flood Forecasting and Warning Centre’s pub-
lic alert systems.

Community-level alerts delivered via SMS and mo-
bile apps have improved lead times by up to five days, 
enabling pre-emptive evacuations and reducing mortal-
ity. However, persistent cloud cover during the monsoon 
season can hinder the reliability of optical RS data, while 
poor infrastructure in low-income areas limits the im-
plementation of evacuation plans [76]. Rapid urbaniza-
tion in India has exacerbated the UHI effect in cities 
like Ahmedabad, Delhi, and Hyderabad. GIS and RS 
applications using MODIS and Landsat thermal bands 
have been used to map LST variations and their cor-
relation with green cover and built-up areas. Ahmed-
abad’s Heat Action Plan, developed in partnership with 
the Natural Resources Defense Council, utilizes these 
data to guide adaptation strategies including the instal-
lation of cooling shelters, green roofs, and early warn-
ing systems [76]. Community‑level alerts delivered via 
SMS and mobile apps have improved lead times by up 
to five days” by noting that the Bangladesh system’s de-
terministic flood forecasts now extend from 3 to 5 days, 
which has reduced disaster mortality and property loss. 
State that Ahmedabad’s Heat Action Plan prevents more 
than 1,000 deaths annually and yields benefit‑to‑cost ra-
tios exceeding 50 to 1 [76]. Practical adaptation mea-
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sures such as reflective roof coatings and community 
outreach are important.

In north Khuzestan (Iran), a Dempster–Shafer mod-
el integrating remote‑sensing layers and well data pro-
duced a groundwater‑potential map with 86 % accuracy. 
Sensitivity analysis showed that lithology, soil type and 
slope were the dominant predictors [24]. This example 
illustrates both the predictive power and limitations of 
GIS/RS for water‑resource assessment.

The integration of RS data into public health plan-
ning has demonstrated measurable reductions in heat- 
-related illnesses. Nonetheless, there remains a gap in 
neighbourhood-level thermal monitoring and limited 
collaboration between planners, public health experts, 
and urban designers.

4.3. Global Programs: Scalable and Open Access 
Platforms

One of the most comprehensive global initiatives 
in this space is SERVIR, a joint program of NASA and 
USAID operating through regional hubs in Africa, Asia, 
and Latin America. SERVIR leverages freely available 
satellite data to support climate resilience, agriculture, 
land use monitoring, and disaster management. SER-
VIR West Africa developed a flood monitoring tool for 
Burkina Faso using GPM rainfall data, terrain models, 
and land use maps [77]. Meanwhile, SERVIR Mekong 
supports mangrove ecosystem mapping using Senti-
nel-2 imagery and participatory validation. These ef-
forts are notable for their emphasis on capacity build-
ing, with hundreds of local scientists trained in GEE and 
open-source spatial tools. While tool co-design with lo-
cal ministries enhances relevance, uptake remains slow 
in contexts lacking formal geospatial mandates or pol-
icy frameworks.

The Group on Earth Observations Biodiversity Ob-
servation Network (GEO BON) exemplifies the use 
of RS in biodiversity conservation. GEO BON pro-
motes the development of Essential Biodiversity Vari-
ables (EBVs), such as habitat extent and phenology, de-
rived from satellite data and species occurrence records 
like those from GBIF [78]. Projects under this umbrel-
la have mapped migratory bird corridors in East Africa 
and deforestation impacts on Amazonian biodiversity.

GEO BON outputs inform the CBD and are in-
creasingly integrated into the Intergovernmental Sci-
ence-Policy Platform on Biodiversity and Ecosystem 

Services (IPBES) assessments. However, implementing 
EBVs in freshwater and marine systems remains techni-
cally complex due to spatial resolution constraints and 
a lack of global data standards.

4.4.	 Synthesis and Cross-Cutting Themes

The above case studies reveal recurring themes that 
determine the success or limitations of GIS and RS de-
ployments for environmental monitoring. First, local-
ization and cultural adaptation of models are crucial; 
tools must be aligned with the specific ecological, insti-
tutional, and governance contexts in which they are ap-
plied. Second, investments in data infrastructure, partic-
ularly in high-speed internet, cloud computing access, 
and data storage, are crucial for enabling real-time mon-
itoring, especially in the Global South [79]. When dis-
cussing urban heat-island analysis, the Mashhad case 
study is incorporated. Note that Landsat-derived data 
show land-surface temperature increased from 35.85°C 
in 1988 to 41.97°C in 2017, while NDVI values de-
clined, signalling urbanisation and vegetation loss [64]. 
It highlights how such long-term RS data underpin ur-
ban climate adaptation.

Sustainability hinges on local capacity development. 
Without ongoing training and institutional support, even 
the most sophisticated geospatial tools risk being un-
derutilized or misinterpreted. Moreover, embedding 
spatial tools into formal policy cycles, through man-
dates, budget allocations, and legal frameworks- great-
ly enhances their practical impact [13].

Lastly, open access and equity are essential to de-
mocratising environmental data. Open-source software, 
such as QGIS, and open data portals, like Global For-
est Watch, enable civil society, academic institutions, 
and local governments to participate meaningfully in 
environmental governance. These inclusive approach-
es are vital to addressing disparities in access to geospa-
tial technologies and promoting environmental justice.

5.	 CHALLENGES AND LIMITATIONS  
IN THE APPLICATION OF GIS AND RS 
FOR ENVIRONMENTAL MONITORING

Despite the remarkable advancements in GIS and 
RS technologies, several challenges continue to lim-
it their optimal application in environmental monitor-
ing, particularly in developing countries. These limita-
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tions are not merely technical but are embedded within 
broader concerns relating to data governance, institu-
tional readiness, cross-sectoral coordination, and sys-
temic infrastructural weaknesses. As environmental 
pressures escalate due to climate change, biodiversity 
loss, and land degradation, addressing these challenges 
has become increasingly urgent [13, 80].

One of the most persistent obstacles is the issue of 
data availability and quality. While the availability of 
open-access satellite data through platforms such as 
Landsat, Sentinel, and MODIS has greatly enhanced 
global spatial coverage, limitations remain in terms of 
resolution, revisit frequency, and sensor-specific con-
straints. In many low- and middle-income regions, na-
tional spatial databases are often poorly maintained, 
outdated, or incomplete [81]. Inconsistencies in data 
collection methods further compromise comparability 
and longitudinal monitoring. Moreover, ground truth 
data, which is critical for calibrating and validating sat-
ellite observations, is often lacking or unreliable, par-
ticularly in remote or conflict-affected areas [82]. As 
a result, the accuracy and credibility of RS-based en-
vironmental assessments are frequently constrained by 
the inability to align satellite-derived insights with on-
the-ground realities.

Another critical barrier is the lack of technical ex-
pertise and institutional capacity to analyse and inter-
pret spatial data. Although platforms such as GEE and 
QGIS have lowered technical entry barriers, meaning-
ful application of GIS and RS still requires specialised 
knowledge in image processing, geostatistics, and en-
vironmental modelling [83, 84]. In many regions, espe-
cially in sub-Saharan Africa and parts of Southeast Asia, 
there is a pronounced shortage of trained professionals 
across governmental and research institutions. Training 
programs, where they exist, are often ad hoc and lack 
continuity due to limited institutional funding and high 
staff turnover. Consequently, many GIS and RS tools 
are underutilized or misapplied, undermining long-term 
sustainability and institutional memory.

Policy integration represents another layer of com-
plexity. Although the utility of geospatial technologies 
in environmental planning is widely acknowledged, their 
incorporation into formal policy frameworks remains 
limited. In numerous countries, spatial data generated by 
research institutions or pilot projects does not systemat-
ically inform decision-making processes due to bureau-
cratic inertia, lack of awareness, or absence of mandates 

for geospatial evidence use [85, 86]. Environmental 
ministries and urban planning agencies may operate 
without synchronized geospatial platforms, leading to 
fragmented strategies for land-use regulation, climate 
adaptation, or disaster risk reduction. Institutionalizing 
GIS and RS into national frameworks, such as Environ-
mental Impact Assessments (EIAs), zoning regulations, 
and early warning systems, requires targeted reforms, 
inter-agency collaboration, and political will [87].

A further technical challenge is interoperability and 
data integration. Effective environmental monitoring 
often necessitates the fusion of diverse data types-in-
cluding satellite imagery, meteorological data, biodiver-
sity records, and socioeconomic statistics, across differ-
ent spatial and temporal scales. However, the integration 
of such heterogeneous datasets is frequently obstructed 
by incompatibilities in file formats, coordinate systems, 
and metadata standards [88]. Many agencies continue to 
operate in silos, using proprietary software and isolat-
ed databases, which impedes collaborative analysis and 
decision-making. The lack of open standards and clear 
documentation further exacerbates these issues, limit-
ing the potential of GIS as a unified platform for envi-
ronmental intelligence.

The integration of open-source tools and platforms 
in policy frameworks has been documented to improve 
decision-making processes and policy outcomes. For 
example, governments in several regions have lever-
aged open-source platforms, such as Google Earth En-
gine and Sentinel Hub, for more informed urban plan-
ning, environmental management, and climate resilience 
strategies. Citizen science platforms such as iNatural-
ist have contributed to biodiversity conservation efforts 
by providing data that directly influence conservation 
policies. The documented improvements in these cases 
illustrate the potential for open data to enhance trans-
parency, accountability, and the effectiveness of poli-
cy interventions, leading to more sustainable outcomes.

Compounding these challenges is the rapid pace of 
technological change, which introduces risks of obso-
lescence for institutions lacking the financial or human 
resources to adapt. New sensors, platforms, and process-
ing algorithms are emerging rapidly, placing pressure on 
users to upgrade their hardware, software, and skills. For 
under-resourced agencies, this cycle often leads to de-
pendence on outdated tools or external consultants. Si-
multaneously, ethical concerns regarding surveillance, 
data privacy, and geospatial inequality have gained 
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prominence. The increasing resolution of RS platforms 
enables monitoring of private or sensitive spaces, rais-
ing questions about consent, representation, and the ap-
propriate use of spatial intelligence [89]. Furthermore, 
the digital divide continues to marginalize communities 
and institutions without reliable access to internet infra-
structure or cloud-based platforms.

6.	 FUTURE DIRECTIONS 
AND RECOMMENDATIONS

As the 21st century environmental challenges inten-
sify, driven by climate change, population growth, and 
ecosystem degradation, the future of environmental mon-
itoring increasingly depends on how GIS and RS evolve 
and adapt. To maximize their potential, the next genera-
tion of geospatial technologies must move toward more 
responsive, inclusive, accessible, and ethically ground-
ed systems. This section outlines key strategic direc-
tions and actionable recommendations to guide the fu-
ture of GIS and RS in environmental surveillance.

One of the most promising frontiers lies in real-time 
environmental monitoring. Traditionally, RS and GIS 
have provided periodic snapshots of environmental con-
ditions. However, with the advent of cloud computing, 
low-Earth orbit constellations (e.g., PlanetScope, Sen-
tinel-1 and -2), and IoT sensors, it is now feasible to 
move from static observation to near real-time analysis. 
This capability is critical for early warning systems in 
disaster-prone regions, where delays in data processing 
can mean the difference between a proactive response 
and human loss. Real-time systems are already being 
applied in flood forecasting [90], wildfire detection, and 
urban air quality mapping. Future efforts should focus 
on scaling these applications through infrastructure in-
vestment and automated data pipelines, especially in 
underserved regions.

Citizen science integration is another vital pathway 
to enhance the breadth, depth, and democratization of 
environmental monitoring. With the widespread use 
of smartphones, low-cost sensors, and mobile applica-
tions, ordinary citizens can now act as environmental 
data collectors. Initiatives such as iNaturalist and Open-
StreetMap demonstrate the power of public engagement 
in mapping biodiversity and land use [91]. This partici-
patory approach not only fills data gaps in inaccessible 
or under-sampled areas but also fosters public aware-
ness and environmental stewardship. However, to en-

sure data reliability and comparability, standardized 
protocols for data collection, validation, and integra-
tion must be developed. Collaborative frameworks be-
tween academic institutions, government agencies, and 
communities can strengthen the credibility and utility 
of citizen-contributed data.

As AI and automation become increasingly preva-
lent in environmental monitoring, it is essential to bal-
ance these technologies with human expertise. To mit-
igate the risks of algorithmic bias and overreliance on 
automated processes, several safeguards should be im-
plemented. These include ensuring the transparency of 
algorithms, incorporating diverse datasets, and conduct-
ing regular audits of AI systems. Moreover, the concept 
of HITL should be central to future AI workflows. In this 
approach, human experts would provide valuable over-
sight, ensuring that AI outputs are reviewed and inter-
preted in the broader environmental context. The col-
laboration between AI models and human expertise will 
enhance the robustness of decision-making, ensuring 
that automated systems support rather than replace hu-
man judgment in critical policy and environmental de-
cisions.

The increasing shift toward open-source tools and 
platforms is reshaping how geospatial data is accessed, 
processed, and shared. Software like QGIS, SNAP, and 
GEE has lowered the barriers to entry for many re-
searchers, students, and policy professionals. Open-ac-
cess datasets from sources such as the USGS, the Coper-
nicus Programme, and NASA MODIS have expanded 
the scope of environmental monitoring in both global 
and local contexts. Open-source ecosystems promote 
transparency, reproducibility, and innovation while re-
ducing reliance on expensive proprietary software. For 
future progress, sustained funding and development 
support are crucial to maintain the robustness, security, 
and interoperability of these tools. Furthermore, nation-
al governments should institutionalize the use of open 
data policies to ensure that publicly funded spatial infor-
mation is made accessible to all stakeholders.

Amid the rapid expansion of spatial technologies, 
ethics and sustainability must remain core principles 
guiding future applications. The growing ability to 
monitor populations, private lands, or politically sensi-
tive areas raises valid concerns about surveillance, con-
sent, and the potential for data misuse. It is crucial to 
develop and enforce ethical guidelines that govern the 
collection, use, sharing, and storage of geospatial data. 
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As highlighted by Spaans et al. [92], the ethical implica-
tions of spatial technologies extend beyond data priva-
cy to include issues of representation, bias, and the dig-
ital divide. Moreover, environmental monitoring must 
itself be environmentally sustainable. Energy-efficient 
data centres, low-impact drone deployments, and equi-
table global access should be factored into future sys-
tem designs. A forward-looking agenda for GIS and RS 
should also incorporate transdisciplinary collaboration. 
Environmental challenges are inherently complex and 
interlinked with social, economic, and political systems. 
Therefore, future monitoring frameworks should inte-
grate spatial science with social sciences, law, public 
health, and development planning. Cross-sectoral part-
nerships will enable more holistic approaches to sus-
tainability assessments and more impactful environ-
mental governance.

The future of GIS and RS for environmental mon-
itoring depends on several interwoven advancements: 
embracing real-time data streams, leveraging citizen 
participation, scaling open-source tools, and embed-
ding ethical safeguards. These strategies must be pur-
sued in tandem with investments in human capital, pol-
icy reform, and infrastructure development. By aligning 
technological innovation with inclusivity, accountabil-
ity, and ecological consciousness, GIS and RS can be-
come even more powerful allies in achieving the Sus-
tainable Development Goals (SDGs) and confronting 
the ecological challenges of our time.

7.	 CONCLUSION

This review has explored the evolving landscape of 
GIS and RS technologies, and their central position in 
modern environmental monitoring has been explained. 
Their application in environmental science, planning, 
and policy has enabled the transition from conventional, 
reactive approaches to proactive, evidence-based ones 
that are able to tackle some of the most pressing glob-
al issues like land degradation, water insecurity, biodi-
versity loss, and disaster risk. One of the key findings 
is the revolutionary potential of new technological in-
novations. Real-time monitoring through cloud com-
puting and IoT sensors has enhanced the accuracy and 
timeliness of environmental monitoring. Machine learn-
ing and artificial intelligence have significantly altered 
data analysis by increasing the accuracy and speed of 
image classification, land cover change detection, and 

hazard forecasting. Likewise, the development of open-
source geospatial software and greater access to satellite 
data have democratized access to spatial data, decreas-
ing the cost of geospatial analysis and its accessibility, 
especially for developing countries. At the same time, 
citizen science efforts and mobile phone technology 
are unlocking new potential for participatory environ-
mental governance and locally driven data generation. 
However, realizing the maximum potential of GIS and 
RS means overcoming system constraints. These are 
data inaccessibility, technical inadequacy, integration 
of policies, and interoperability constraints. Develop-
ment of advanced technologies is not sufficient; invest-
ment in education, the institutional environment, and 
ethics-based management of data must also be accord-
ed priority so that equitable and sustainable implemen-
tation is ensured to benefit everyone. Environmental 
monitoring in the future must become more responsive, 
interdisciplinary, and collaborative. Scientists, technol-
ogists, policymakers, and societies must work togeth-
er to co-design tools that are not merely scientifical-
ly sound, but also contextually applicable and socially 
equitable. More investment is needed in longitudinal 
studies, transboundary environmental monitoring, and 
the creation of globally harmonized protocols that fa-
cilitate data sharing and decision-making. In brief, GIS 
and Remote Sensing provide unprecedented possibili-
ties for changing how we monitor, analyse, and manage 
the environment. To harness these opportunities to their 
utmost, we need a global collective effort spanning in-
novation and inclusivity, and technology and policy, in 
a manner of ensuring spatial intelligence as the founda-
tion of sustainable development and ecological resilien-
cy for the coming decades.
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