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Abstract
The ever-growing volume and complexity of environmental data presents

new challenges and opportunities in geosciences. Machine learning (ML) and
artificial intelligence (Al) provide a set of potent tools for analysing this data and
deriving insightful conclusions for environmental management, monitoring, and
research. The difficulties in analysing environmental data and how Al and ML
might help. The various deep learning models, including Convolutional Neural
Networks (CNNs), Recurrent Neural Networks (RNNs), Generative Adversarial
Networks (GANs), Graph Neural Networks (GNNs), Autoencoders and their
advantages and environmental applications were succinctly explained in this
work. A wide range of environmental domains, including water resource
management, urban planning, climate change studies, and weather forecasting, are
highlighted in Compelling Applications. This study investigates the use of deep
learning models in a range of environmental domains, such as anomaly detection,
air quality forecasting, climate data analysis, satellite image analysis, and
ecosystem monitoring. Conversely, it addresses the various deep learning
architectures and their advantages and disadvantages in handling environmental
challenges, including (CNNs, RNNs, GANs, GNNSs, and autoencoders) Attention
Mechanisms, and Transformers. This work also emphasises how Natural
Language Processing (NLP) methods can be used to analyse textual data
pertaining to environmental concerns. Lastly, it discusses the directions and
difficulties for incorporating Al and ML into the geosciences workflow for
datasets related to environmental and geographical phenomena.
Keywords: environmental sciences, GPU computing, earth observations, BIG
DATA processing, geoinformatics Al, geospatial artificial intelligence (GeoAl).
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