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Abstract 

Artificial Intelligence (AI) is rapidly transforming the landscape of geographical 

research by enhancing the efficiency, scale, and precision of spatial analysis. 

From land use classification and climate modeling to urban planning and disaster 

risk assessment, AI techniques such as machine learning (ML), deep learning 

(DL), computer vision, and natural language processing (NLP) are 

revolutionizing the way geographical data is processed and interpreted. The 

integration of AI with Geographic Information Systems (GIS), Remote Sensing 

(RS), and Big Data platforms has enabled researchers to extract meaningful 

patterns from vast, complex, and often heterogeneous datasets. 

This chapter provides a comprehensive overview of AI applications in 

geography, emphasizing both theoretical underpinnings and practical 

deployments. Key focus areas include land cover classification using 

convolutional neural networks (CNNs), spatial pattern detection via unsupervised 

learning, urban sprawl prediction using ensemble models, and integration of AI 

in climate change analysis and microclimate mapping. Furthermore, we discuss 

the challenges of interpretability, data bias, model generalization, and ethical 

considerations. Case studies from different regions illustrate the practical benefits 

and limitations of these applications. 

The chapter concludes by outlining future directions, advocating for hybrid 

models, real-time AI-GIS integration, and inclusive geospatial data governance to 

address emerging challenges. The findings aim to bridge the gap between 

technological advancement and spatial science, contributing significantly to the 

evolving paradigm of AI-powered geographic research. 

Keywords: Artificial Intelligence (AI), natural language processing (NLP), 

Geographic Information Systems (GIS), convolutional neural networks (CNNs) 

Introduction 

The discipline of geography has always relied on data-driven insights to 
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understand the Earth’s systems, human-environment interactions, and spatial 

phenomena. With the exponential growth in geospatial data, there is a pressing 

need for tools that can process and analyze such data efficiently. Artificial 

Intelligence (AI), particularly its subfields like machine learning (ML) and deep 

learning (DL), has emerged as a transformative force in this domain. 

Historically, geographical research employed statistical techniques, remote 

sensing imagery interpretation, and GIS modeling. While effective, these 

methods were often time-consuming, subjective, and limited in scalability. AI 

provides a paradigm shift—allowing for the automation of complex tasks, 

improved prediction accuracy, and real-time analytics. This is particularly 

relevant in an era defined by climate crises, urbanization, environmental 

degradation, and data deluge. 

The integration of AI into geography is not just technical but philosophical—AI 

is reshaping how geographical knowledge is created, validated, and applied. For 

instance, satellite images that once took days to classify can now be interpreted in 

minutes using deep learning models. Spatial trends, previously indiscernible, are 

now detectable through AI-based pattern recognition. 

This paper explores the multifaceted applications of AI in geography, 

categorizing them by thematic areas, tools used, and research outcomes. The 

study draws on peer-reviewed literature, case studies, and recent technological 

developments to evaluate the current landscape and future trajectory of AI-

geography convergence. 

Data Collection 

Data collection serves as the foundation of any geography research involving 

Artificial Intelligence. The quality, type, and scope of data directly influence the 

reliability and accuracy of AI-driven outcomes. In geographic studies, 

researchers employ a diverse range of datasets that capture both physical 

environmental features and human socio-economic dimensions. These datasets 

are collected through various technological and institutional sources, enabling 

comprehensive spatial and temporal analysis. 

One of the most critical data types in AI-enabled geography is satellite imagery, 

which provides consistent, large-scale observations of the Earth’s surface. 

Satellites like MODIS (Moderate Resolution Imaging Spectroradiometer) and 

Landsat, operated by NASA and the USGS, respectively, offer multispectral data 

ideal for long-term land use and environmental monitoring. MODIS, with its 

daily global coverage, is particularly valuable for tracking vegetation health, 

aerosol concentrations, and thermal patterns. Landsat, with over four decades of 

archived imagery, supports historical change detection and urban growth studies. 

Meanwhile, the European Sentinel satellites under the Copernicus Programme 
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deliver high-resolution optical and radar imagery, widely used in flood mapping, 

soil moisture estimation, and forest health analysis. 

Complementing satellite data are UAV (Unmanned Aerial Vehicle) or drone-

acquired images, which provide ultra-high-resolution spatial information, often at 

sub-meter scales. UAVs are used extensively for localized mapping applications, 

such as crop health assessment, urban rooftop surveys, and microclimatic studies. 

Their ability to capture site-specific details in real time makes them a valuable 

asset in precision agriculture, disaster response, and environmental auditing. 

Another critical dataset is LiDAR (Light Detection and Ranging), a remote 

sensing method that generates three-dimensional information by measuring the 

time it takes for laser pulses to return from the Earth's surface. LiDAR is 

especially effective in creating digital elevation models (DEMs), canopy height 

models, and detailed urban surface structures. In combination with AI models, 

LiDAR data enhances the accuracy of flood simulations, terrain classification, 

and structural feature extraction. 

In addition to physical data, socio-economic datasets are indispensable in studies 

of urbanization, population dynamics, and resource accessibility. These datasets 

are obtained from institutions such as the United Nations, national census 

bureaus, and humanitarian mapping initiatives like OpenStreetMap. They 

typically include information on population density, infrastructure, health 

facilities, income levels, and migration patterns. When combined with remote 

sensing data, socio-economic indicators enable AI models to explore spatial 

inequalities, urban sprawl, and vulnerability mapping. 

Climate models also constitute a vital category of data in geography research. 

Outputs from global circulation models (GCMs) and regional climate models 

(RCMs), including datasets from CMIP6 and CORDEX, provide long-term 

simulations of temperature, precipitation, and extreme weather events. These are 

used to train AI models for predictive analytics, such as forecasting drought risk, 

heatwaves, or shifting agro-climatic zones. 

The sources of these datasets are as diverse as the data themselves. NASA’s 

Earth Data, ESA’s Copernicus Open Access Hub, USGS Earth Explorer, and 

ISRO’s Bhuvan are primary repositories for satellite and aerial remote sensing 

data. For climate information, global portals like World Clim, NOAA, and CMIP 

archives are frequently used. OpenStreetMap and the United Nations Geospatial 

Information Section (UNGIS) provide open-access socio-economic and vector 

data, often in formats ready for integration into GIS platforms. 

AI Techniques Applied 

The application of Artificial Intelligence in geography research is grounded in the 

ability of AI models to recognize patterns, classify complex datasets, and make 

predictions based on spatial and temporal trends. The choice of technique 
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depends largely on the nature of the data and the specific geographical questions 

being addressed. Broadly, AI methods in geography fall under the categories of 

supervised learning, unsupervised learning, deep learning, and reinforcement 

learning, each offering distinct advantages for spatial analysis. 

Supervised Vs. Unsupervised Classification And Clustering 

Supervised learning involves training algorithms on a labeled dataset, where the 

input features are paired with known outputs. This approach is widely used in 

tasks such as land use and land cover (LULC) classification, where training data 

is derived from manually labeled satellite images. Models such as Decision 

Trees, Random Forests, and Support Vector Machines (SVMs) are often 

employed to classify satellite pixels into categories such as urban, vegetation, 

water, or barren land. These models are particularly effective when high-quality 

training data is available and the features exhibit distinct patterns. In contrast, 

unsupervised learning does not rely on labeled outputs; instead, it groups data 

into clusters based on similarities. Techniques such as K-means and DBSCAN 

are valuable for detecting urban heat islands, identifying land degradation 

patterns, or exploring spatial disparities in socio-economic conditions without 

pre-defined classes. These methods are essential when labeled datasets are 

unavailable or when exploring previously unobserved spatial phenomena. 

CNNs For Spatial Image Recognition 

In recent years, Convolutional Neural Networks (CNNs) have become the 

cornerstone of AI-based image analysis in geography. CNNs are especially adept 

at recognizing spatial hierarchies in image data, making them ideal for satellite 

and aerial image classification. A CNN can automatically learn features such as 

edges, textures, and landform patterns from input imagery, eliminating the need 

for manual feature extraction. For instance, CNN architectures like U-Net and 

ResNet have been applied to Sentinel-2 or Landsat imagery for accurate 

delineation of built-up areas, vegetation cover, and water bodies. CNNs not only 

improve classification accuracy but also scale efficiently across large 

geographical extents, enabling researchers to perform automated mapping at 

regional or even global levels. 

LSTM For Spatio-Temporal Prediction. 

When dealing with time-series data, such as daily rainfall measurements or 

seasonal temperature variations, Long Short-Term Memory (LSTM) networks—a 

type of Recurrent Neural Network (RNN)—offer powerful tools for modeling 

temporal dynamics. LSTMs are designed to capture dependencies across time 

steps, which is crucial in understanding how environmental variables evolve. 

These models are used in forecasting applications such as predicting drought 

onset, monitoring glacier melt over time, or simulating monsoon patterns. 
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LSTMs excel in capturing long-term dependencies that simpler time-series 

models often fail to detect, thus providing more reliable predictions for policy 

and planning. 

Reinforcement Learning For Optimization (E.G., Urban Routing). 

Another promising frontier in AI geography applications is Reinforcement 

Learning (RL), where an agent learns optimal actions through interactions with 

an environment to maximize cumulative rewards. Though less commonly used 

than other methods, RL holds great potential for optimization problems in 

geography. For instance, it can be applied in urban routing algorithms to 

determine the most efficient paths for transportation or emergency response. RL 

has also been explored for land management strategies, where it can learn to 

allocate resources such as water or energy in a spatially optimal manner based on 

real-time environmental feedback. 

Each of these techniques contributes uniquely to the geographic research 

ecosystem. Supervised learning brings structure and precision to classification 

tasks; unsupervised learning fosters discovery in unlabeled data; deep learning 

models like CNNs and LSTMs offer state-of-the-art performance in image and 

temporal analysis; and reinforcement learning opens doors to intelligent decision-

making in complex spatial environments. By combining these approaches, 

researchers can build hybrid models that address multi-dimensional challenges in 

geography—ranging from mapping urban expansion to forecasting climate-

induced migration. The ongoing refinement of these methods, along with 

increasing data availability and computational power, continues to expand the 

potential of AI in spatial science. 

Tools and Platforms 

The implementation of Artificial Intelligence in geography research depends 

heavily on the integration of specialized software, programming libraries, and 

cloud-based platforms. These tools are essential for managing large geospatial 

datasets, training AI models, executing spatial analysis, and visualizing results 

efficiently and accurately. 

Among the most commonly used Geographic Information System (GIS) software 

is ArcGIS, a commercial platform developed by Esri. It is widely recognized for 

its comprehensive spatial analysis capabilities and is extensively used in both 

academic and professional settings. ArcGIS supports integration with Python 

through the ArcPy module, allowing users to automate workflows and 

incorporate machine learning models directly into spatial data processing tasks. 

This makes it particularly valuable for land cover classification, environmental 

zoning, and suitability modeling. 

In contrast to ArcGIS, QGIS (Quantum GIS) is an open-source alternative that 
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offers robust GIS functionality without licensing costs. Its flexibility and active 

plugin ecosystem enable the use of machine learning tools within the GIS 

environment. Through plugins like the Semi-Automatic Classification Plugin 

(SCP) and Processing Toolbox, QGIS can support AI-based image classification 

and clustering methods. It also seamlessly integrates with Python, making it a 

preferred platform for researchers and institutions with limited resources or a 

preference for open science tools. 

For remote sensing applications, the Sentinel Application Platform (SNAP), 

developed by the European Space Agency (ESA), is specifically designed to 

process and analyze data from Sentinel satellites. SNAP is essential for 

preprocessing steps such as radiometric correction, image mosaicking, and 

atmospheric calibration, which are prerequisites for accurate AI-based 

classification. Its modular architecture allows users to prepare satellite imagery 

before feeding it into deep learning models for land cover mapping, vegetation 

health assessment, and change detection. 

A powerful web-based platform that has become indispensable in geospatial AI is 

Google Earth Engine (GEE). GEE combines a multi-petabyte catalog of satellite 

imagery and geospatial datasets with cloud computing infrastructure. It provides 

APIs in both JavaScript and Python, enabling users to conduct large-scale spatial 

analysis and integrate machine learning models into their workflows. GEE 

supports random forests, classification trees, and integration with TensorFlow 

models, making it suitable for projects involving global land use monitoring, 

forest change detection, and urban growth analysis. Its ease of access and high 

computational capacity have democratized large-scale geospatial research. 

Complementing these software platforms are powerful programming libraries 

that form the core of AI model development. TensorFlow, developed by Google, 

is one of the most widely adopted deep learning frameworks used to build 

complex models such as Convolutional Neural Networks (CNNs) and Long 

Short-Term Memory (LSTM) networks. In geographic research, TensorFlow is 

utilized for tasks like satellite image classification, spatio-temporal forecasting, 

and anomaly detection. Its scalability and compatibility with both CPUs and 

GPUs make it suitable for high-performance modeling across diverse datasets. 

Another popular library is Scikit-learn, known for its simplicity and efficiency in 

implementing traditional machine learning algorithms. It is often used in 

geospatial studies for unsupervised classification, regression, and clustering 

techniques like K-means, support vector machines, and decision trees. Scikit-

learn is especially helpful during the initial exploratory stages of spatial data 

analysis, where model interpretability and ease of experimentation are critical. 

PyTorch, developed by Meta (Facebook), is a dynamic deep learning framework 

favored by researchers for its intuitive interface and flexibility. It supports a wide 

range of neural network architectures and is particularly useful for developing 
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customized AI models in geography, such as object detection in high-resolution 

satellite imagery or spatio-temporal modeling of climate data. PyTorch’s 

ecosystem includes TorchVision, which simplifies the preprocessing of visual 

data, and supports seamless integration with other spatial libraries. 

To manage the massive computational demands of AI in geography, cloud 

computing platforms play a pivotal role. AWS SageMaker, part of Amazon Web 

Services, offers a fully managed environment for building, training, and 

deploying machine learning models. Researchers can use SageMaker to process 

terabytes of geospatial data, train deep learning models on distributed GPU 

clusters, and deploy them for real-time inference. Its scalability and support for 

automation make it ideal for large-scale environmental monitoring and predictive 

modeling. 

Similarly, Google AI Platform enables researchers to train and serve models 

using TensorFlow or Scikit-learn, with tight integration into other Google Cloud 

services such as BigQuery and Earth Engine. This makes it highly efficient for 

conducting end-to-end geospatial AI analysis, from data ingestion and model 

training to deployment and visualization. The platform supports distributed 

computing and large-scale data handling, which are essential for tasks like global 

land cover mapping or multi-decade climate modeling. 

Together, these platforms and tools create a robust digital infrastructure for 

executing complex geospatial AI tasks. They allow researchers to transition 

smoothly from data preprocessing and model building to visualization and 

policy-oriented decision-making. Their interoperability ensures that geography 

researchers can adapt rapidly to new datasets, evolving modeling techniques, and 

computational requirements, ultimately pushing the boundaries of what is 

possible in spatial science. 

Applications in Geography Research  

Remote Sensing and Land Use Classification 

Remote sensing is one of the most impactful domains within geography where 

Artificial Intelligence (AI), particularly deep learning, has transformed traditional 

analytical methods. Through the use of satellite imagery and aerial data, 

geographers can now detect, map, and analyze land use and land cover (LULC) 

patterns with unprecedented accuracy and speed. AI models, especially 

Convolutional Neural Networks (CNNs), are at the forefront of these 

advancements. 

CNNs have revolutionized spatial image recognition by enabling machines to 

automatically detect and learn patterns in high-dimensional image data. Unlike 

traditional remote sensing classification techniques that rely on manually selected 

spectral indices or threshold values, CNNs can extract multi-level spatial features 
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directly from raw satellite images. This allows for more nuanced classification of 

complex terrains, heterogeneous landscapes, and transitional land cover zones. In 

land cover mapping tasks, CNNs have been successfully applied to classify 

vegetation, water bodies, built-up areas, barren land, and agricultural fields using 

multispectral imagery from satellites like Sentinel-2 and Landsat 8. These models 

analyze not only pixel intensity but also spatial context—such as texture, shape, 

and neighborhood patterns—enhancing classification accuracy even in 

fragmented landscapes. 

One compelling application of AI in remote sensing is the use of vegetation 

indices such as the Normalized Difference Vegetation Index (NDVI) in 

combination with CNNs to detect and map drought-prone areas. NDVI is a 

widely used indicator of vegetation health derived from the red and near-infrared 

bands of satellite imagery. Traditionally, NDVI-based assessments required 

manual thresholding and statistical modeling to interpret drought severity. With 

AI, however, CNNs can be trained to learn drought signatures from labeled 

NDVI time-series data and classify regions based on vegetation stress levels. This 

allows for early detection of crop failure and water scarcity, which is critical for 

timely intervention in drought-prone regions. 

For instance, in semi-arid regions of India and Sub-Saharan Africa, researchers 

have trained CNNs on seasonal NDVI datasets along with ground-truth 

agricultural data to generate real-time drought maps. These maps provide local 

authorities and farmers with actionable insights, such as the onset of drought 

conditions, spatial extent of vegetation stress, and forecasted risk levels for future 

weeks. Additionally, UAV imagery, when combined with AI models, offers 

ultra-high-resolution land cover classifications that can validate or refine 

satellite-derived maps at a finer scale. 

Another powerful use case lies in urban-rural land transition analysis, where 

CNNs are deployed to monitor the spatial growth of cities and the conversion of 

agricultural land to built-up areas. This is particularly useful in fast-growing 

urban corridors of Asia and Africa, where rapid land transformation often 

outpaces traditional surveying methods. CNN models can be trained on time-

series satellite data to detect and quantify urban sprawl, illegal land 

encroachments, or deforestation trends along the urban fringe. 

The automation potential of AI-based classification extends to operational land 

monitoring platforms. Environmental agencies and planning departments are 

increasingly adopting AI tools to produce periodic land cover maps, assess 

environmental degradation, or monitor compliance with land use regulations. 

These systems, powered by AI models and remote sensing inputs, allow for near-

real-time updates and consistent classification outputs, reducing both human bias 

and labor-intensive efforts. 
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Despite these advancements, several challenges remain. CNNs require large 

volumes of labeled training data, which may not be available in all regions or 

across all land cover types. There are also concerns around model 

transferability—CNNs trained on one geographic region or sensor type may not 

generalize well to others without retraining or fine-tuning. Additionally, 

explainability remains a concern, as deep models often operate as “black boxes,” 

making it difficult to interpret why certain areas are classified in a specific way. 

Nonetheless, the integration of AI with remote sensing marks a paradigm shift in 

geographic analysis. The ability of CNNs to classify land cover types with high 

accuracy, combined with traditional geospatial indices like NDVI, enables 

timely, scalable, and cost-effective monitoring of environmental changes. These 

tools are proving indispensable not only for academic research but also for 

practical applications in agriculture, forestry, urban planning, and disaster 

management. 

Urban Geography and Smart Cities 

The rapid pace of urbanization in the 21st century presents both unprecedented 

challenges and opportunities for spatial science. Urban geography, traditionally 

focused on mapping, planning, and managing cities, has been transformed by the 

integration of Artificial Intelligence (AI). As cities grow increasingly complex, 

AI offers tools to analyze vast and dynamic urban datasets, enabling predictive 

modeling, real-time monitoring, and more responsive governance. Smart cities, in 

particular, are emerging as technologically augmented urban spaces where AI 

supports data-driven decisions for infrastructure, mobility, land use, and 

environmental management. 

AI For Traffic Flow Prediction And Land Use Optimization 

A core application of AI in urban settings lies in the prediction of traffic flow and 

transportation optimization. With the rise of GPS-enabled mobile devices, traffic 

sensors, and vehicular telemetry, massive amounts of real-time mobility data are 

available for analysis. AI models, including time-series prediction algorithms and 

deep learning frameworks such as Long Short-Term Memory (LSTM) networks, 

are applied to forecast traffic congestion based on historical trends, weather 

conditions, and special events. These models allow traffic management centers to 

preemptively adjust signal timings, reroute vehicles, and reduce delays. 

Furthermore, reinforcement learning has been employed to develop adaptive 

traffic signal control systems, capable of optimizing vehicle flow in dynamic 

urban environments. These intelligent systems are already operational in cities 

like Singapore and Amsterdam, where they contribute to reduced travel time and 

fuel consumption. 
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Land Use Optimization  

Beyond mobility, land use optimization is another vital domain where AI is 

reshaping urban spatial planning. Machine learning algorithms are used to assess 

spatial data such as land value, population density, zoning regulations, and 

infrastructure availability to propose the most efficient land allocation strategies. 

Support Vector Machines (SVM), Random Forests, and Multi-Layer Perceptrons 

(MLPs) are among the supervised learning models employed for this purpose. 

These models evaluate various layers of spatial data to identify underutilized or 

misallocated land parcels and suggest optimal uses—such as transforming vacant 

plots into parks, high-demand housing, or commercial hubs. In some cases, 

geospatial AI systems incorporate environmental impact indicators and socio-

economic metrics, ensuring that land use planning is aligned with sustainability 

and equity goals. 

Urban Expansion Prediction Using Hybrid ML Models 

Perhaps one of the most promising areas in AI-enabled urban research is the 

prediction of urban expansion using hybrid machine learning models. Urban 

growth is a multifaceted process influenced by numerous interacting factors 

including economic development, population migration, infrastructure expansion, 

and land policy. Hybrid models that combine statistical regression with decision 

trees or integrate deep learning with cellular automata (CA) simulate the spatial 

dynamics of urban sprawl with greater accuracy than traditional models alone. 

For example, CA models can simulate how urban pixels transition over time 

based on neighborhood rules, while deep learning models can learn complex 

patterns from remote sensing data. When fused, these hybrid models enable 

planners to forecast not only the direction of urban growth but also the density, 

land use mix, and environmental footprint of future developments. This is 

especially valuable for fast-growing cities in Asia and Africa, where unplanned 

sprawl can lead to environmental degradation, traffic congestion, and socio-

economic fragmentation. 

AI is also being leveraged in urban risk management and climate resilience, 

particularly through the integration of predictive spatial modeling with Internet of 

Things (IoT) data. In smart city frameworks, sensors monitor air quality, flood 

levels, noise, and temperature in real time. AI models process these data streams 

to trigger alerts, visualize trends, and guide emergency responses. In megacities 

vulnerable to climate change, such as Mumbai or Jakarta, such systems help 

forecast urban heat islands, identify flood-prone zones, and monitor building 

stress levels. 

Overall, AI is making urban geography more intelligent, anticipatory, and 

inclusive. From optimizing transportation and land use to managing climate 

impacts and predicting future cityscapes, AI equips urban planners with tools to 
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design smarter cities that are efficient, resilient, and citizen-centric. The 

integration of hybrid machine learning models and deep learning frameworks in 

urban studies marks a significant shift toward proactive and sustainable urban 

governance. 

Environmental Monitoring and Climate Change 

Environmental monitoring has entered a new era with the integration of Artificial 

Intelligence, allowing geographers to analyze, predict, and respond to complex 

climate-related phenomena more effectively than ever before. As the impacts of 

climate change intensify across the globe, the need for timely and accurate spatial 

data has grown significantly. AI technologies—particularly those involving 

machine learning, deep learning, and predictive analytics—now play a pivotal 

role in understanding environmental dynamics and preparing for climate-induced 

risks. 

Predictive analytics for rainfall, temperature shifts, drought zones 

A central application of AI in this domain is the use of predictive analytics to 

model and forecast rainfall patterns, temperature shifts, and drought-prone zones. 

Traditional statistical methods for climate modeling often fall short in capturing 

non-linear relationships and high-dimensional interactions present in climatic 

datasets. AI, particularly through algorithms like Support Vector Machines 

(SVM), Gradient Boosting Machines (GBM), and Long Short-Term Memory 

(LSTM) networks, enables more robust forecasting of climate variables. For 

example, LSTM models trained on long-term meteorological records can capture 

sequential dependencies in rainfall and temperature data, making them ideal for 

monsoon prediction or seasonal drought forecasting. These models can integrate 

inputs from multiple sources—including satellite observations, in-situ sensors, 

and climate reanalysis datasets—yielding outputs that are both granular and 

scalable. 

In several parts of the world, such AI models have already demonstrated success. 

For instance, in drought-prone areas of India and sub-Saharan Africa, machine 

learning techniques have been used to forecast water scarcity based on soil 

moisture indices, evapotranspiration rates, and NDVI time series. The outputs are 

often presented as spatial risk maps, helping policymakers allocate water 

resources, plan agricultural cycles, and implement drought mitigation strategies 

more effectively. Similarly, in urban environments, AI is used to model heat 

waves and air quality fluctuations by correlating temperature trends with land 

surface properties, population density, and vegetation cover. 

UAV + AI For Microclimate Zone Mapping 

In addition to predictive analytics using satellite and ground-based climate data, 

the integration of Unmanned Aerial Vehicles (UAVs) with AI for microclimate 
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zone mapping is an emerging and powerful tool in geography research. UAVs 

equipped with thermal, multispectral, and LiDAR sensors collect ultra-high-

resolution data that can capture subtle variations in temperature, humidity, wind 

flow, and surface reflectance. This data is invaluable for identifying 

microclimatic conditions within urban neighborhoods, agricultural fields, or 

forest patches. 

Once collected, the data is processed using AI models—especially CNNs and 

clustering algorithms—to delineate distinct microclimatic zones. For example, 

CNNs can classify UAV-captured imagery into zones based on thermal 

signatures, while K-means clustering can identify heat hotspots and cooler 

corridors within city landscapes. In precision agriculture, such AI-powered 

microclimate mapping allows farmers to understand intra-field variability, 

optimize irrigation schedules, and apply fertilizers more efficiently. In urban 

studies, this approach reveals how built environments, vegetation, and water 

bodies interact to influence localized climate conditions. 

The integration of UAV data with AI also supports dynamic monitoring. 

Temporal drone flights enable researchers to observe how microclimatic patterns 

evolve throughout the day or across seasons. This is particularly useful in 

understanding the diurnal dynamics of urban heat islands, seasonal shifts in 

evapotranspiration, or the emergence of water stress in crops during growing 

seasons. Moreover, UAV-AI systems offer flexibility and scalability—being 

deployable in both remote rural landscapes and dense urban corridors without the 

need for permanent infrastructure. 

The combined use of predictive analytics and UAV-based AI modeling offers a 

comprehensive toolkit for environmental monitoring in the age of climate 

uncertainty. These approaches not only improve forecasting and risk assessment 

but also facilitate real-time, localized, and actionable insights for adaptation and 

mitigation planning. As climate change continues to alter ecosystems, resource 

availability, and human settlements, the role of AI in decoding environmental 

data and guiding resilient strategies will become increasingly vital. 

Disaster Risk Reduction 

The increasing frequency and intensity of natural disasters due to climate change 

and anthropogenic pressures have necessitated more accurate, timely, and 

scalable approaches to disaster management. Traditional early warning systems 

and manual hazard mapping are often limited in scope, reactive rather than 

proactive, and constrained by human processing capacity. Artificial Intelligence 

(AI), by contrast, enables dynamic and predictive disaster risk reduction (DRR) 

through real-time data processing, learning from historical patterns, and 

generating forecasts that support rapid decision-making. 
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AI-Enabled Early Warning Systems 

One of the most impactful applications of AI in this field is the development of 

AI-enabled early warning systems. These systems integrate various data 

streams—ranging from satellite imagery and meteorological inputs to sensor 

networks and historical event logs—to forecast disasters like floods, cyclones, 

landslides, and heatwaves. Machine learning models such as Random Forests, 

Support Vector Machines (SVM), and Deep Neural Networks (DNNs) are trained 

to recognize precursor conditions that typically precede a disaster event. For 

instance, rainfall intensity, river discharge levels, soil saturation, and terrain slope 

can be fed into AI models that predict the likelihood of flash flooding or 

landslides. These predictive outputs are then used to trigger real-time alerts that 

can be disseminated through public communication channels, helping to evacuate 

populations, protect infrastructure, and save lives. 

Flood Mapping Using DL With Sentinel Data 

A particularly effective use case is flood mapping using deep learning techniques 

with Sentinel satellite data. Floods are among the most damaging and recurrent 

disasters worldwide, especially in deltaic and monsoonal regions. Sentinel-1, 

with its radar-based all-weather, day-night imaging capabilities, provides timely 

data even during cloud-covered storm events. Deep learning models, especially 

Convolutional Neural Networks (CNNs) and U-Net architectures, have been 

trained on time-series radar imagery to identify inundated areas with high spatial 

precision. These models classify flooded versus non-flooded regions and can be 

run in near real-time to produce flood extent maps during and after heavy rainfall 

events. Emergency responders use this spatial intelligence to prioritize search-

and-rescue operations, direct resources to the most affected zones, and assess 

post-disaster damages for insurance and relief allocation. 

Forest Fire Risk Models Integrating Meteorological Data. 

In parallel, AI is increasingly used in forest fire risk modeling, where it integrates 

meteorological data with environmental and land use information to assess fire 

susceptibility. Inputs such as temperature, wind speed, humidity, vegetation type, 

and previous fire records are processed using AI algorithms like Random Forests, 

XGBoost, and even deep learning frameworks to generate dynamic fire risk 

maps. These models not only identify areas at risk but can also predict the 

potential spread of fire based on prevailing weather and fuel conditions. 

Governments and forestry departments use these predictions to pre-position 

firefighting teams, activate public alerts, and implement preventive measures 

such as controlled burns and firebreaks. In regions like California, Australia, and 

the Mediterranean, AI-based fire models are now integral to national disaster 

management strategies. 
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Moreover, AI systems are capable of learning and adapting over time, becoming 

more accurate with each disaster event they process. They also support scenario 

modeling, enabling planners to simulate “what-if” conditions under various 

climate or urban growth assumptions. This forward-looking capacity is 

particularly valuable in climate-sensitive regions where traditional disaster 

records may be sparse, outdated, or incomplete. 

Despite their immense potential, AI applications in DRR also raise important 

concerns about data availability, model transparency, and equity. Many AI 

models require high-resolution and real-time data, which may not be accessible in 

low-income or remote areas. There is also the risk of algorithmic bias if training 

data do not adequately represent all geographical or demographic contexts. 

Therefore, integrating AI into disaster risk reduction must go hand-in-hand with 

investments in open data infrastructure, capacity building, and community-based 

adaptation frameworks. 

Geodemographics and Social Geography 

The integration of Artificial Intelligence (AI) into geodemographic and social 

geography research is offering new pathways for analyzing population 

distribution, urbanization, inequality, and social development. Traditional 

methods of gathering demographic data—such as national censuses, household 

surveys, and field mapping—are resource-intensive and infrequently updated. In 

contrast, AI techniques enable the extraction of rich, near-real-time insights from 

remotely sensed data and unstructured datasets, making it possible to model 

population dynamics and social conditions with far greater spatial and temporal 

resolution. 

AI in population density modeling 

A prominent application in this field is AI-based population density modeling, 

which is crucial for planning infrastructure, healthcare, education, and public 

services. In many low- and middle-income countries, especially in remote or 

conflict-affected areas, population data may be outdated or unreliable. AI offers a 

way to fill these data gaps by analyzing satellite imagery, built-up area patterns, 

road networks, vegetation cover, and other proxies for human settlement. 

Machine learning models such as Random Forests, Gradient Boosting Machines, 

and Convolutional Neural Networks (CNNs) are trained on available census data 

and then extrapolated to areas without coverage. These models identify 

settlement structures, estimate household sizes, and calculate population 

distribution at finer spatial resolutions. For instance, the WorldPop project and 

Facebook's High-Resolution Settlement Layer (HRSL) have used such techniques 

to produce gridded population datasets that are widely used by humanitarian 

agencies and development planners. 
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Mapping Economic Inequalities Using Satellite Data 

Beyond density estimation, AI also supports the mapping of economic 

inequalities using satellite nightlight data. Nightlight imagery, particularly from 

the Visible Infrared Imaging Radiometer Suite (VIIRS), captures artificial 

lighting on the Earth’s surface, which correlates strongly with economic activity, 

electricity access, and infrastructure development. Deep learning models have 

been used to analyze the intensity, distribution, and temporal changes in 

nightlight emissions to estimate poverty levels, wealth disparities, and economic 

growth at sub-national levels. These models can be trained on socio-economic 

indicators—such as household income, employment rates, and education levels—

collected through surveys, and then applied to nightlight data to predict 

conditions in unsurveyed regions. 

For example, in countries with limited fiscal and human resources for statistical 

surveys, AI has been used to generate poverty maps that guide resource 

allocation and policy intervention. In urban studies, researchers use AI models to 

compare nightlight patterns with zoning laws and census blocks to assess 

informal settlements and service accessibility. Moreover, temporal analysis of 

nightlight trends can reveal the pace of economic recovery after disasters or the 

effects of large infrastructure projects. 

AI is also being employed in the detection of social vulnerabilities by integrating 

demographic indicators with environmental and spatial datasets. For example, AI 

models can predict areas with high levels of health risk, food insecurity, or 

educational inequality by analyzing correlations between population density, land 

use, and access to essential services. These insights are invaluable for NGOs, city 

planners, and governments looking to implement targeted and equitable 

development programs. 

Case Studies  

The practical value of Artificial Intelligence (AI) in geography is best 

demonstrated through region-specific case studies that showcase how AI 

methodologies are tailored to address environmental, agricultural, and urban 

challenges. From smart farming to forest surveillance, and from climate 

resilience to spatial justice, the following global examples reflect the diverse 

potential of AI across geographies. 

India: AI for Crop Monitoring and Monsoon Prediction Using ISRO 

Datasets 

India’s dependence on agriculture and the monsoon system makes it a strategic 

landscape for deploying AI in geographic analysis. Researchers and government 

agencies utilize satellite data from ISRO’s platforms—such as the Indian 

National Satellite System (INSAT), CartoSat, and Resourcesat—to monitor 
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vegetation health, crop types, and water stress. Machine learning algorithms like 

Random Forests and Support Vector Machines are applied to multispectral 

imagery to classify crops and assess biomass. 

AI tools also integrate vegetation indices like NDVI (Normalized Difference 

Vegetation Index), EVI (Enhanced Vegetation Index), and LAI (Leaf Area Index) 

to detect pest infestations and irrigation deficiencies. These insights support 

precision farming initiatives, reduce input costs, and improve yield forecasting. 

Moreover, Long Short-Term Memory (LSTM) neural networks are trained on 

historical meteorological data from the Indian Meteorological Department (IMD) 

and ISRO satellites to enhance the prediction of monsoon rainfall. These 

forecasts guide drought preparedness, crop insurance decisions, and water 

resource planning across Indian states. 

Europe: Urban Heat Island Mapping Using Deep Learning and Copernicus 

Data 

Urban regions in Europe are increasingly vulnerable to climate extremes, 

particularly heatwaves exacerbated by the Urban Heat Island (UHI) effect. In 

cities like Paris, Milan, and Berlin, geographers employ AI to monitor thermal 

anomalies and design climate-resilient infrastructure. The Copernicus program, 

through Sentinel-2 and Sentinel-3 satellites, provides thermal and optical datasets 

for monitoring surface temperatures and vegetation distribution. 

Deep learning models, particularly Convolutional Neural Networks (CNNs), are 

used to classify urban land cover and generate high-resolution thermal maps. 

These AI-generated outputs help identify heat-vulnerable neighborhoods, such as 

densely built areas with low vegetation cover. Furthermore, by integrating 

socioeconomic data—such as income levels and demographic patterns—

researchers perform spatial vulnerability analysis to inform adaptive policies, 

including urban greening, reflective roofing, and climate shelter allocation. These 

initiatives are aligned with the European Green Deal and Smart Cities 

Framework. 

Africa: AI for Deforestation and Poaching Detection from UAV Data 

Africa’s forests and savannahs are facing mounting pressures from illegal logging 

and wildlife poaching. AI has emerged as a vital tool for conservationists in 

countries like Kenya, Tanzania, and the Democratic Republic of Congo. 

Unmanned Aerial Vehicles (UAVs) equipped with high-resolution RGB, thermal, 

and multispectral sensors are deployed over protected areas to collect imagery 

that AI models analyze for illegal activity. 

Object detection algorithms such as YOLO (You Only Look Once) and Faster R-

CNN process these UAV images in real time to identify poachers, vehicles, and 

endangered species. In combination with historical GIS layers and topographic 
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data, machine learning models predict deforestation hotspots and illegal intrusion 

routes. These predictive tools allow rangers to intervene proactively and optimize 

patrol routes. Additionally, AI supports wildlife tracking by analyzing GPS collar 

data, enabling better understanding of animal migration and habitat use. This 

fusion of remote sensing, AI, and conservation policy significantly enhances 

forest governance and biodiversity protection. 

Latin America: Land Degradation Assessment Using AI and Remote 

Sensing Fusion 

Latin American regions such as the Amazon Basin, the Gran Chaco, and the 

Andes face widespread environmental degradation due to deforestation, mining, 

and intensive agriculture. AI is being applied to assess land degradation through 

the fusion of remote sensing data from MODIS, Landsat, and Sentinel missions 

with ancillary data on soil, precipitation, and elevation. 

Convolutional Neural Networks (CNNs) and autoencoders are used to detect 

anomalies in land cover, track erosion patterns, and map biomass loss. In Brazil 

and Colombia, such models provide near-real-time degradation alerts, supporting 

enforcement of environmental protection laws. Additionally, supervised machine 

learning models assist in identifying areas suitable for agroforestry, conservation 

reforestation, or sustainable pasture management. These tools not only support 

national land-use policies but also guide international efforts under REDD+ 

(Reducing Emissions from Deforestation and Forest Degradation). 

Challenges and Limitations  

While Artificial Intelligence (AI) offers transformative potential in geographic 

research, its implementation is not without significant challenges and limitations. 

These issues span technical, ethical, infrastructural, and policy dimensions, and 

addressing them is essential for ensuring responsible, equitable, and effective 

application of AI in spatial sciences. 

Data quality and availability 

One of the most persistent challenges is data quality and availability. AI models, 

particularly those based on machine learning and deep learning, are highly data-

dependent. The accuracy and reliability of geographic AI applications rely 

heavily on the quality of input datasets. However, in many regions, especially in 

the Global South, geospatial data can be incomplete, outdated, noisy, or spatially 

biased. For instance, satellite imagery may be obstructed by cloud cover, while 

socio-economic datasets may be missing for rural or marginalized areas. These 

gaps limit the performance and generalizability of AI models, often resulting in 

skewed or misleading predictions. Moreover, the lack of labeled training data 

makes it difficult to apply supervised learning techniques effectively, particularly 
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for tasks like land cover classification or population density estimation. 

Computational resource demands 

A second major limitation concerns the computational demands associated with 

training deep learning models. Models such as Convolutional Neural Networks 

(CNNs), Long Short-Term Memory networks (LSTMs), and Generative 

Adversarial Networks (GANs) require vast computational resources, including 

powerful GPUs, large-scale memory, and high-speed storage systems. These 

requirements are often beyond the reach of academic institutions, public 

agencies, or researchers in resource-constrained settings. The high cost of cloud 

computing services for processing remote sensing data or running real-time 

analytics further exacerbates this issue, creating disparities in who can access and 

utilize advanced AI tools in geography. 

Black Box Nature Of Deep Learning 

Another critical concern is the “black box” nature of deep learning models, which 

poses serious interpretability issues. Unlike traditional statistical models or rule-

based GIS systems, deep learning algorithms operate through complex layers of 

abstraction that make it difficult to understand how inputs are transformed into 

outputs. This lack of transparency raises doubts about the validity of model 

predictions, especially in high-stakes contexts such as disaster forecasting, land 

use zoning, or social vulnerability mapping. Inability to explain AI-driven 

decisions undermines trust among policymakers, community stakeholders, and 

scientists, and can hinder the adoption of AI in public sector decision-making. 

Ethics 

Ethical concerns also loom large in the application of AI to geographic data. AI-

driven surveillance through satellite imagery, UAV footage, or smart city sensors 

raises important questions about privacy, consent, and the potential misuse of 

data. For example, real-time monitoring of human movement patterns, even if 

intended for public safety, may infringe on civil liberties if not properly 

regulated. Furthermore, the use of AI to predict socio-economic status or 

behavior based on environmental indicators runs the risk of reinforcing existing 

biases and contributing to discriminatory policies. Ensuring ethical AI requires 

robust frameworks for data governance, accountability, and human oversight. 

Cross-border data policy and standardization issues 

Lastly, there are cross-border data policy and standardization challenges. 

Geospatial data is increasingly global in nature, but policies regulating its 

collection, access, sharing, and use vary widely across countries and regions. 

While open-source platforms like Google Earth Engine or the Copernicus Open 

Access Hub have democratized data access to some extent, restrictions imposed 
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by national governments or data custodians can limit interoperability and 

scalability of AI models. Additionally, the lack of standardized metadata formats, 

classification schemes, and data validation protocols complicates the integration 

of multi-source datasets into unified AI frameworks. These inconsistencies hinder 

comparative studies, regional cooperation, and the development of global-scale 

environmental monitoring systems. 

Future Directions 

As Artificial Intelligence (AI) becomes more deeply embedded in geographic 

research and spatial decision-making, the next phase of development must 

address the critical need for transparency, inclusivity, interoperability, and 

education. Future directions in this field are likely to be shaped by innovations in 

model interpretability, sensor integration, open-source tools, participatory data 

ecosystems, and curriculum reform—all of which aim to enhance the impact and 

accessibility of AI in geography. 

Advancement of Explainable AI  

A key future priority is the advancement of Explainable AI (XAI) for geospatial 

models. While AI algorithms have achieved remarkable accuracy in land cover 

classification, urban modeling, and climate prediction, many of these models—

particularly deep learning architectures—function as opaque “black boxes.” This 

lack of interpretability limits trust and restricts the integration of AI results into 

critical decision-making processes. XAI research focuses on developing models 

that not only provide predictions but also offer understandable explanations for 

their outputs. In the geospatial context, this could involve highlighting which 

features or spatial variables (e.g., vegetation index, proximity to water bodies, 

elevation) most influenced a model's classification of an area as drought-prone or 

high-risk. Tools like SHAP (Shapley Additive Explanations) and LIME (Local 

Interpretable Model-agnostic Explanations) are being increasingly adapted for 

spatial data to enhance transparency and promote responsible AI use in 

environmental and urban governance. 

Integration of IoT and AI for real-time geographic monitoring 

Another transformative development on the horizon is the integration of Internet 

of Things (IoT) and AI for real-time geographic monitoring. The proliferation of 

environmental sensors, GPS-enabled devices, and remote sensing platforms has 

created an unprecedented stream of real-time spatial data. When combined with 

AI, this sensor network can enable dynamic mapping and forecasting. For 

instance, AI models can analyze temperature, humidity, and air quality data from 

urban IoT sensors to monitor urban heat islands in real time. In agriculture, soil 

moisture and nutrient sensors connected to AI systems can provide continuous 

feedback for irrigation and fertilization. This fusion of AI and IoT supports 
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adaptive management of cities, ecosystems, and resources, especially in response 

to climate variability and disaster risks. 

Development of AI-GIS Open-Source Frameworks 

To democratize access and foster innovation, there is an urgent need for the 

development of AI-GIS open-source frameworks. Currently, many high-

performance geospatial AI tools are embedded in proprietary platforms, limiting 

accessibility for researchers and practitioners, particularly in developing regions. 

Open-source GIS platforms like QGIS and Google Earth Engine already offer 

some integration with machine learning libraries, but future frameworks must go 

further—offering modular, community-driven platforms that support deep 

learning, real-time visualization, and multi-scale spatial analysis. These platforms 

should include APIs for popular programming languages, comprehensive 

documentation, and plug-and-play tools for common geography tasks. Initiatives 

such as GeoAI libraries, AI4EO (AI for Earth Observation), and open-source 

satellite processing pipelines are early steps in this direction. 

Community-led AI Models  

Community-led AI models, grounded in participatory mapping and citizen 

science, represent another promising future direction. In many parts of the world, 

especially rural and marginalized areas, data collection by central agencies is 

sporadic or incomplete. Citizen science initiatives can fill these gaps by allowing 

local communities to contribute geotagged observations, photos, and feedback. 

These datasets can then be fed into AI models for more context-aware and locally 

relevant outcomes. For example, community observations of flooding events or 

land degradation can be combined with satellite imagery to train more accurate 

risk models. Furthermore, involving citizens in data labeling and validation helps 

build local ownership and promotes ethical AI use. Platforms like 

OpenStreetMap, Mapillary, and Earth Challenge exemplify this participatory 

approach and offer templates for future expansion. 

AI in Geospatial Education And Curriculum Development 

Lastly, the role of AI in geospatial education and curriculum development is 

becoming increasingly important. As AI tools become integral to geographic 

analysis, it is essential to equip the next generation of geographers, planners, and 

environmental scientists with interdisciplinary skills. Educational institutions 

must integrate AI literacy into geography and earth science programs, covering 

topics like machine learning algorithms, spatial data preprocessing, ethical AI, 

and real-world applications. Hands-on projects using open datasets and cloud-

based tools should be incorporated into classrooms, fostering innovation and 

critical thinking. Massive open online courses (MOOCs), AI-geography summer 

schools, and academic-industry partnerships can further support this shift, 
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ensuring that geospatial professionals are well-prepared for the data-driven 

future. 

Conclusion 

Artificial Intelligence has ushered in a new era in geography research, 

transforming how spatial data is collected, processed, analyzed, and interpreted. 

As this paper has shown, AI is not merely an add-on to traditional geographic 

methods—it is redefining the discipline itself. From high-resolution land use 

classification and predictive climate modeling to urban heat island detection, 

disaster risk forecasting, and social inequality mapping, AI offers powerful tools 

that enhance the speed, precision, and scope of geographic inquiry. 

Throughout the paper, various applications of AI across the subfields of physical, 

urban, and human geography have been explored. In environmental monitoring, 

AI facilitates real-time forecasting of rainfall, temperature, and drought patterns, 

enabling early interventions and adaptive resource management. In urban studies, 

AI-driven models provide insights into traffic flow, land use optimization, and 

smart city infrastructure planning. In disaster management, AI has been crucial in 

developing early warning systems, mapping flood zones, and predicting wildfire 

risks with high spatial accuracy. Additionally, AI’s integration with satellite 

imagery and remote sensing technologies has opened up new possibilities in 

biodiversity conservation, agricultural planning, and land degradation 

assessment. 

Case studies from India, Europe, Africa, and Latin America demonstrate that AI 

is not restricted by geography or discipline—it is flexible, scalable, and adaptable 

to diverse research contexts. Whether applied to monsoon forecasting in India, 

heat mapping in Europe, anti-poaching efforts in Africa, or land degradation 

detection in Latin America, AI tools are enabling geographers and policymakers 

to work with greater precision and efficiency than ever before. 

However, this progress is accompanied by significant challenges. Issues of data 

quality and availability, computational resource disparities, the interpretability of 

AI models, and ethical concerns around surveillance and privacy must be 

addressed. Furthermore, the global nature of geospatial data calls for international 

collaboration on data policy, standardization, and sharing. Without conscious 

effort to resolve these issues, the digital divide risks excluding under-resourced 

regions from the benefits of AI-enhanced geography. 

Looking forward, the future of AI in geography hinges on making it more 

explainable, equitable, and participatory. The advancement of explainable AI 

(XAI), integration with IoT for real-time spatial monitoring, development of 

open-source AI-GIS platforms, and incorporation of citizen science in AI training 

represent key steps toward inclusive innovation. Equally important is the need to 

embed AI education within geography curricula to equip the next generation of 
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geographers with the skills needed to lead this transformation responsibly. 

References  

1. Abadi, M., et al. (2016). TensorFlow: A system for large-scale machine 

learning. In Proceedings of the 12th USENIX Symposium on Operating 

Systems Design and Implementation (pp. 265–283). 

2. Ashraf, M., Anwar, S., & Umer, S. (2022). AI-driven flood prediction and 

mapping using Sentinel-1 data and deep learning. Remote Sensing 

Applications: Society and Environment, 25, 100683. 

https://doi.org/10.1016/j.rsase.2022.100683 

3. Chen, X., & Zhang, Y. (2020). Deep learning for remote sensing image 

classification: A review. Wiley Interdisciplinary Reviews: Data Mining and 

Knowledge Discovery, 10(5), e1324. https://doi.org/10.1002/widm.1324 

4. Doshi-Velez, F., & Kim, B. (2017). Towards a rigorous science of 

interpretable machine learning. arXiv preprint arXiv:1702.08608. 

https://arxiv.org/abs/1702.08608 

5. Gorelick, N., Hancher, M., Dixon, M., Ilyushchenko, S., Thau, D., & Moore, 

R. (2017). Google Earth Engine: Planetary-scale geospatial analysis for 

everyone. Remote Sensing of Environment, 202, 18–27. 

https://doi.org/10.1016/j.rse.2017.06.031 

6. Jean, N., Burke, M., Xie, M., Davis, W. M., Lobell, D. B., & Ermon, S. 

(2016). Combining satellite imagery and machine learning to predict poverty. 

Science, 353(6301), 790–794. https://doi.org/10.1126/science.aaf7894 

7. Li, X., Zhou, Y., Asrar, G. R., Imhoff, M., & Li, X. (2017). The surface urban 

heat island response to urban expansion: A panel analysis for the 

conterminous United States. Science of the Total Environment, 605–606, 

426–435. https://doi.org/10.1016/j.scitotenv.2017.06.229 

8. Reichstein, M., Camps-Valls, G., Stevens, B., Jung, M., Denzler, J., 

Carvalhais, N., & Prabhat. (2019). Deep learning and process understanding 

for data-driven Earth system science. Nature, 566(7743), 195–204. 

https://doi.org/10.1038/s41586-019-0912-1 

9. Robinson, C., Hohenthal, J., & Maron, M. (2022). Citizen science, machine 

learning and remotely sensed imagery: Opportunities for ecological research 

and conservation. Biological Conservation, 266, 109422. 

https://doi.org/10.1016/j.biocon.2022.109422 

10. Singh, A., Agarwal, P., & Kumar, A. (2021). Application of UAVs in 

precision agriculture: A review. Journal of Cleaner Production, 316, 128369. 

https://doi.org/10.1016/j.jclepro.2021.128369 

11. Yuan, Q., Shen, H., Li, T., Li, Z., & Zhang, L. (2020). Deep learning in 

environmental remote sensing: Achievements and challenges. Remote 



Agastirishi Bharat Toradmal 

74 
 

Nature Light Publications 

Sensing of Environment, 241, 111716. 

https://doi.org/10.1016/j.rse.2020.111716 

 

 


