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ABSTRACT
GeoAI, the integration of advanced machine learning techniques with geospatial data, has rapidly
emerged as a critical tool in climate monitoring and environmental decision-making. Recent
developments demonstrate a shift from isolated analytical models toward integrated, multimodal
systems capable of processing multispectral, temporal, and sensor-based data for near-real-time
applications. Key advancements include spatio-temporal data fusion, self-supervised learning (SSL) for
low-label environments, operational deployment of monitoring systems, and the emergence of large
geospatial foundation models. These innovations have enabled impactful applications such as methane
emission detection, deforestation monitoring, wildfire prediction, and flood mapping. Despite this
progress, challenges remain in benchmarking, generalization across heterogeneous data sources,
uncertainty quantification, and equitable access to computational resources. Addressing these gaps is
essential to ensuring reliable, scalable GeoAI solutions in climate science. To systematically analyze
recent advancements in GeoAI for climate monitoring while identifying key methodological and
operational gaps, with a focus on improving benchmarking standards and ensuring reproducibility in
real-world applications. This review is constrained by the lack of standardized benchmarks and
consistent evaluation frameworks across studies, which limits the comparability, reproducibility, and
operational validation of GeoAI models.
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Multimodal data fusion and spatio-temporal modeling

Major Technical Advances and Themes

GeoAI, the application of modern machine learning methods
to geospatial data, has rapidly become central to climate
science and operational climate monitoring. Over the past
few years, the field has shifted from isolated, task-specific
models (e.g., building extraction or crop classification)
toward integrated systems that fuse multispectral and
temporal imagery, sensor networks, and domain knowledge
to produce near-real-time, decision-ready insights for
mitigation and adaptation [1]. Recent reviews and technical
initiatives document this acceleration and the emergence of
production systems that materially influence climate policy
and enforcement.

Climate monitoring problems require fusing data across
spectral bands, platforms, and timescales (e.g., optical &
thermal satellite imagery, hyperspectral imagery, SAR
imagery, air/ground sensors). Advances in spatio-temporal
fusion algorithms and architectures enable models to
combine irregularly sampled observations into coherent,
temporally consistent outputs for phenomena such as
wildfire progression, flood extent, or plume evolution. Recent
methodological work emphasizes explicit modeling of
modality-specific uncertainties (sensor noise, cloud gaps)
and proposes filters and fusion layers tailored for
multiresolution geospatial grids. These techniques improve
robustness when sensors disagree or when inputs are sparse
[2].

Self-supervised pretraining and few-shot adaptation

Label  scarcity  is  a  persistent  challenge  in  environmental 

monitoring. High-quality ground truth is expensive, rare, and
geographically biased. SSL approaches pretrain models on
large unlabeled earth-observation corpora and then fine-
tune for downstream tasks with far fewer labels. The remote-
sensing community has adapted contrastive and
reconstruction-style SSL objectives to multispectral imagery,
showing large gains in sample efficiency and geographic
transferability. These approaches are a foundational step
toward building “foundation” models for climate tasks [3].

Near-real-time detection and operationalization
GeoAI is moving from offline experiments to operational
monitoring: commercial platforms now detect methane
plumes, flag deforestation, and monitor active fires with sub-
daily cadence. Industry systems combine automated
detection with human analyst review and geospatial analytics
to produce alerts that are actionable for regulators and
responders [4]. This operationalization requires careful
pipeline engineering (tiling, change detection thresholds,
latency optimization) as much as algorithmic sophistication.
Real-world deployments have exposed critical engineering
requirements and failure modes not visible in static
benchmarks [5]. 

Large, foundation-style geospatial models (emerging)
Inspired by foundation models in language and vision, the
geospatial community and industry players are developing
large geospatial models (LGMs) trained on massive
multimodal location datasets [6]. These models aim to learn
transferable spatial representations that can be adapted to a
wide range of downstream climate tasks (e.g., land-cover
change, infrastructure risk, ecological mapping). Industry
announcements  indicate  practical  interest  and  early R&D 
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standards and curated benchmarks for climate-related tasks
are urgently needed. 

investment; academic work is beginning to explore
architectures and pretraining signals suitable for spatial
reasoning. LGMs raise both opportunity (transfer learning,
few-shot learning) and governance questions (data
provenance, compute costs) [5].

Time-series analysis of optical and radar imagery with GeoAI
enables near-real-time deforestation alerts, land-use
classification for carbon stock estimation, and tracking of
restoration efforts. Automated change detection reduces lag
between events and responses and can feed jurisdictional
carbon accounting systems, but it requires careful bias
mitigation to avoid systematic under- or overestimation in
certain geographies [9].

Key Challenges and Open Research Directions

Models must generalize across sensors, seasons, and regions;
methods that explicitly model sensor-specific noise and
spatio-temporal covariates are a pressing research need. 

Satellite-enabled methane detection combined with ML
analytics has become a flagship GeoAI climate application.
Commercial services and research groups use
hyperspectral/thermal sensors, along with automated plume
detection, to identify major point-source emitters and
estimate emission rates. These systems have already
uncovered long-duration leaks and drawn regulatory
attention; they also illustrate the interplay of algorithmic
detection, atmospheric transport modeling, and ground-
truthing [8].

Representative applications in climate monitoring

Training large models and maintaining operational
monitoring systems requires substantial resources; research
into efficient architectures, federated approaches, and
equitable data access can reduce the concentration of
capacity. 

Uncertainty propagation into decisions

GeoAI is now mission-critical for climate monitoring: it
delivers novel detection capabilities (e.g., methane leak
detection), improves situational awareness (e.g., fire and
flood), and supports long-term climate accounting (e.g.,
deforestation and coastal change). The most impactful near-
term research will combine (a) robust multimodal pretraining
and domain adaptation, (b) rigorous uncertainty
quantification tied to decision-relevant metrics, and (c)
reproducible benchmarks that reflect operational utility.
Simultaneously, governance research data provenance,
privacy, and equitable access to infrastructure must keep
pace with technical advances.

Sensor heterogeneity and domain shift
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Benchmarking and reproducibility

Existing task datasets are fragmented, and evaluation metrics
often  fail  to  capture  operational  relevance .  Community 

Because climate decisions can have large social and
economic impacts, research on calibrated uncertainty,
interpretable model outputs, and reproducible evaluation is
accelerating. Papers propose improved probabilistic output
models, spatial calibration techniques, and evaluation
frameworks that measure not only accuracy but operational
utility (e.g., downstream decision cost, false-negative risk in
disaster alerts). Standardized benchmarks and leaderboards
are still nascent but repeatedly called for in the literature [7].

Methane and greenhouse gas emissions

Deforestation, land-use change, and carbon accounting

Wildfire detection and fire-risk forecasting

ML models that combine thermal anomalies, vegetation
indices, and weather forecasts produce probabilistic fire-risk
maps and early alerts. The combination of rapid satellite
revisit, airborne sensors, and on-the-ground observations
allows GeoAI systems to both detect ignitions and forecast
smoke transport, improving situational awareness for
emergency services. Operationalization again highlights
latency, data gaps (cloud), and calibration issues [10]. 

Hydrological extremes: Floods and coastal inundation

High-resolution, near-real-time flood mapping integrates
SAR (cloud-penetrating) data, hydraulic models, and learned
segmentation networks to estimate inundation extent and
depth. GeoAI methods support rapid damage assessment and
inform adaptive infrastructure decisions, especially in data-
poor regions when paired with transfer-learning techniques
[11]. 

Moving from pixelwise predictions to decision-support
requires principled propagation of model uncertainty into
policy actions and economic cost models. 

Compute, equity and governance

Integration with domain science

Better coupling of data-driven GeoAI with physical process
models (e.g., atmospheric transport and hydrology) will
improve interpretability and credibility in science and policy
contexts [12].

Conclusion

Disclosure Statement

References
Moury RK, Islam MM. Anticipatory Intelligence Systems:
How Data Analytics Reshape Organizational Preparedness
and Action Timing. Acad J Interdiscip Stud. 2022;3(04):394-
428. https://doi.org/10.63125/rhwpgf86

1.

Yinnian LI. Development of hyperspectral imaging remote
sensing technology. National Remote Sensing Bulletin.
2021;25(1):439-459. https://dx.doi.org/10.11834/jrs.20210283

2.

Chen D, Chen Y, Li Y, Mao F, He Y, Xue H. Self-supervised
learning for few-shot image classification. In: ICASSP 2021-
2021 IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP) 2021; Toronto, ON, Canada.
IEEE; p.1745-1749. 
https://doi.org/10.1109/ICASSP39728.2021.9413783

3.

Coleman AM. Multi-formalism Modeling for Disaster
Response (Doctoral dissertation, The University of Utah).

4.

Lee S, Jang D, Jeong J, Ryu ES. Motion-constrained tile set
based 360-degree video streaming using saliency map
prediction. InProceedings of the 29th ACM Workshop on
Network and Operating Systems Support for Digital Audio
and Video 2019; p. 20-24. 
https://doi.org/10.1145/3304112.3325614

5.

https://doi.org/10.61577/ohmr.2025.100009
https://doi.org/10.61577/jgi.2025.1000011
https://doi.org/10.63125/rhwpgf86
https://dx.doi.org/10.11834/jrs.20210283
https://doi.org/10.1109/ICASSP39728.2021.9413783
https://doi.org/10.1145/3304112.3325614


JOURNAL OF GEOSCIENCES INSIGHTS
2025, VOL. 3, ISSUE 3

Han D, Stroulia E. Hgrid: A data model for large geospatial
data sets in hbase. In2013 IEEE sixth international
conference on cloud computing 2013; Santa Clara, CA, USA.
IEEE; p. 910-917. https://doi.org/10.1109/CLOUD.2013.78

6.

 J. Geosci. Insights., 2025, 3, 1-3 © Reseapro Journals 2025
https://doi.org/10.61577/jgi.2025.1000011

3

Paullada A. Considerations for the social impact of natural
language processing. University of Washington; 2021.

7.

Wang G, Xia X, Liu S, Zhang L, Zhang S, Wang J, et al. Intense
methane ebullition from urban inland waters and its
significant contribution to greenhouse gas emissions. Water
Res. 2021;189:116654. 
https://doi.org/10.1016/j.watres.2020.116654

8.

Houghton RA, House JI, Pongratz J, Van Der Werf GR, Defries
RS, Hansen MC, et al. Carbon emissions from land use and
land-cover change. Biogeosciences. 2012;9(12):5125-5142. 
https://doi.org/10.5194/bg-9-5125-2012

9.

Salehi M, Rusu LI, Lynar T, Phan A. Dynamic and robust
wildfire risk prediction system: an unsupervised approach.
InProceedings of the 22nd ACM SIGKDD international
conference on knowledge discovery and data mining 2016; p.
245-254. https://doi.org/10.1145/2939672.2939685

10.

Karamouz M, Razmi A, Nazif S, Zahmatkesh Z. Integration of
inland and coastal storms for flood hazard assessment using
a distributed hydrologic model. Environ. Earth Sci.
2017;76(11):395. https://doi.org/10.1007/s12665-017-6722-6

11.

Stevens R, Taylor V, Nichols J, Maccabe AB, Yelick K, Brown
D. Ai for science: Report on the department of energy (doe)
town halls on artificial intelligence (ai) for science. Argonne
National Laboratory (ANL), Argonne, IL (United States); 2020.
https://doi.org/10.2172/1604756

12.

https://doi.org/10.1109/CLOUD.2013.78
https://doi.org/10.61577/ohmr.2025.100009
https://doi.org/10.61577/jgi.2025.1000011
https://doi.org/10.1016/j.watres.2020.116654
https://doi.org/10.1016/j.watres.2020.116654
https://doi.org/10.5194/bg-9-5125-2012
https://doi.org/10.5194/bg-9-5125-2012
https://doi.org/10.1145/2939672.2939685
https://doi.org/10.1145/2939672.2939685
https://doi.org/10.1007/s12665-017-6722-6
https://doi.org/10.1007/s12665-017-6722-6
https://doi.org/10.2172/1604756
https://doi.org/10.2172/1604756

	GeoAI for climate monitoring – A mini review
	Ayusee Biswal and Supriya Mohanty
	Department of Agriculture, Agropolytechnic Centre OUAT, Rourkela, Odisha, India
	GeoAI, the integration of advanced machine learning techniques with geospatial data, has rapidly emerged as a critical tool in climate monitoring and environmental decision-making. Recent developments demonstrate a shift from isolated analytical models toward integrated, multimodal systems capable of processing multispectral, temporal, and sensor-based data for near-real-time applications. Key advancements include spatio-temporal data fusion, self-supervised learning (SSL) for low-label environments, operational deployment of monitoring systems, and the emergence of large geospatial foundation models. These innovations have enabled impactful applications such as methane emission detection, deforestation monitoring, wildfire prediction, and flood mapping. Despite this progress, challenges remain in benchmarking, generalization across heterogeneous data sources, uncertainty quantification, and equitable access to computational resources. Addressing these gaps is essential to ensuring reliable, scalable GeoAI solutions in climate science. To systematically analyze recent advancements in GeoAI for climate monitoring while identifying key methodological and operational gaps, with a focus on improving benchmarking standards and ensuring reproducibility in real-world applications. This review is constrained by the lack of standardized benchmarks and consistent evaluation frameworks across studies, which limits the comparability, reproducibility, and operational validation of GeoAI models.
	GeoAI; Climate monitoring; Spatio-temporal data fusion; Self-supervised learning; Remote sensing
	Received 25 July 2025; Revised 6 August 2025; Accepted 15 August 2025
	*Correspondence: Ms. Ayusee Biswal, Department of Agriculture, Agropolytechnic Centre OUAT, Rourkela, Odisha, India, e-mail: biswalayusee888@gmail.com ©2025 The Author(s). Published by Reseapro Journals. This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
	Disclosure Statement
	References
	JOURNAL OF GEOSCIENCES INSIGHTS 2025, VOL. 3, ISSUE 3
	6.
	Han D, Stroulia E. Hgrid: A data model for large geospatial data sets in hbase. In2013 IEEE sixth international conference on cloud computing 2013; Santa Clara, CA, USA. IEEE; p. 910-917. https://doi.org/10.1109/CLOUD.2013.78
	7.
	Paullada A. Considerations for the social impact of natural language processing. University of Washington; 2021.
	8.
	Wang G, Xia X, Liu S, Zhang L, Zhang S, Wang J, et al. Intense methane ebullition from urban inland waters and its significant contribution to greenhouse gas emissions. Water Res. 2021;189:116654.  https://doi.org/10.1016/j.watres.2020.116654
	9.
	Houghton RA, House JI, Pongratz J, Van Der Werf GR, Defries RS, Hansen MC, et al. Carbon emissions from land use and land-cover change. Biogeosciences. 2012;9(12):5125-5142.  https://doi.org/10.5194/bg-9-5125-2012
	10.
	Salehi M, Rusu LI, Lynar T, Phan A. Dynamic and robust wildfire risk prediction system: an unsupervised approach. InProceedings of the 22nd ACM SIGKDD international conference on knowledge discovery and data mining 2016; p. 245-254. https://doi.org/10.1145/2939672.2939685
	11.
	Karamouz M, Razmi A, Nazif S, Zahmatkesh Z. Integration of inland and coastal storms for flood hazard assessment using a distributed hydrologic model. Environ. Earth Sci. 2017;76(11):395. https://doi.org/10.1007/s12665-017-6722-6
	12.
	Stevens R, Taylor V, Nichols J, Maccabe AB, Yelick K, Brown D. Ai for science: Report on the department of energy (doe) town halls on artificial intelligence (ai) for science. Argonne National Laboratory (ANL), Argonne, IL (United States); 2020. https://doi.org/10.2172/1604756


