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Abstract: Hyperspectral imaging (HSI) captures detailed spectral information across hundreds of contiguous 

wavelength bands, allowing precise material identification and classification. In the past decade, HSI has emerged 

as a transformative tool for environmental monitoring, enabling applications such as pollution detection, 

vegetation assessment, and land use mapping. This abstract reviews recent advances in hyperspectral imaging 

techniques, emphasizing dimensionality reduction, classification algorithms, and spectral–spatial modeling. 

Traditional dimensionality reduction methods like Principal Component Analysis (PCA) and Linear Discriminant 

Analysis (LDA) have remained foundational, though now commonly paired with band selection strategies such as 

minimum Redundancy–Maximum Relevance (mRMR). Classification methodologies have also progressed, with 

Support Vector Machines (SVM) and Random Forests providing robust baselines, while deep learning 

techniques—such as convolutional neural networks (CNNs), 3D CNNs, and graph convolutional networks 

(GCNs)—now lead in state-of-the-art performance. Spectral–spatial modeling has enhanced classification 

coherence by integrating neighbourhood information. Techniques such as morphological profiles, Markov 

Random Fields, and deep models that merge spectral and spatial features have shown remarkable improvements 

in real-world tasks. Challenges remain, notably in managing high data dimensionality, reducing dependency on 

large labeled datasets, and ensuring model generalizability across sensors and regions. Cost and accessibility of 

hyperspectral sensors also limit broader deployment. Ongoing research addresses these issues through self-

supervised learning, transfer learning, and hardware innovations, including drone-compatible sensors and satellite 

missions like EnMAP and CHIME. Looking forward, the integration of AI-driven analytics with global-scale HSI 

data promises to expand environmental applications further. Multi-modal data fusion, real-time onboard 

processing, and the creation of open-source tools and benchmark datasets will likely define the next generation of 

hyperspectral environmental monitoring systems. 
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1. INTRODUCTION 

Hyperspectral imaging (HSI) captures finely resolved spectral signatures across contiguous wavelength bands, 

forming a three-dimensional data cube that permits precise material identification and environmental analysis [1]. 

Unlike multispectral techniques, HSI enables nuanced scene characterization, making it indispensable for tasks 

such as vegetation health monitoring, water quality assessment, and pollutant detection [2]. While the concept 

traces its roots to remote sensing developments in the 1980s, the past two decades have witnessed remarkable 

methodological and technological innovations. This review addresses three key objectives: (a) outline the historical 

and technological trajectory of HSI, (b) synthesize methodological advances, especially in data processing and 

machine learning, (c) highlight environmental applications, challenges, and future research directions. By collating 

and critically examining recent literature—including miniaturization, deep learning, diffusion models, onboard 

processing, and satellite missions—we provide a comprehensive account of how HSI is shaping environmental 

monitoring. 

2. KEY FINDINGS AND DISCUSSION 

Recent literature highlights rapid progress in hyperspectral image (HSI) analysis, with advances in algorithmic 

performance, spectral–spatial integration, and practical applications. 

Classification Performance: Traditional machine learning methods such as SVM and RF remain reliable 

baselines for small datasets [3]. However, deep learning models dominate when sufficient data and resources are 

available. 3D CNNs consistently reach 92–95% OA on Indian Pines and up to 97–98% on Pavia University, 

while hybrid CNN–PCA models and GCNs achieve similar results [4]. This demonstrates a clear shift from 

stable but limited classical methods to highly accurate deep learning approaches. 
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Spectral–Spatial Integration: Incorporating spatial context is critical. Modern 3D CNNs, attention 

mechanisms, and hybrid models further boost performance by capturing local spatial continuity, which is 

especially valuable in monitoring vegetation stress, water turbidity, and urban expansion [5]. 

Applications: HSI has delivered strong results across domains. In vegetation monitoring, CNN-based methods 

achieve >95% OA in crop stress detection [6]. Pollution detection studies report >90% precision for identifying 

marine microplastics [7], while food inspection applications surpass 95% OA in detecting contamination and 

ripeness levels [8]. 

Emerging Models and Real-Time Processing: Transformer-based and diffusion models are gaining traction for 

denoising, anomaly detection, and synthetic data generation, helping address data scarcity [9]. Advances in edge 

computing now enable onboard, real-time analysis on drones and satellites, supporting rapid responses in hazard 

monitoring such as wildfires and floods [10]. 

Challenges: Despite progress, key challenges persist high dimensionality necessitating band reduction, scarcity 

of labeled datasets, poor generalization across sensors, limited interpretability of deep models, and high costs of 

hyperspectral sensors restricting broader adoption. 

Synthesis: Overall, CNNs, 3D CNNs, and GCNs set new accuracy benchmarks. Spectral–spatial integration and 

application-specific customization further enhance performance, while challenges highlight the need for self-

supervised learning, multimodal fusion, and real-time edge solutions to ensure scalability and operational use. 

3. CONCLUSION 

Hyperspectral imaging (HSI) has matured into a powerful tool with growing relevance for environmental 

monitoring and decision-making. Rather than simply improving classification accuracy, recent advances highlight 

its potential to address urgent global challenges such as food security, climate resilience, and pollution control. 

The shift toward deep learning, spectral–spatial integration, and new satellite constellations reflects a broader 

trend: HSI is no longer confined to research laboratories but is moving toward operational deployment. The critical 

task ahead lies not only in refining algorithms but also in ensuring scalability, accessibility, and interpretability. 

Broader access to data, cloud-based tools, and explainable models will determine how effectively HSI transitions 

into mainstream use. If these challenges are met, hyperspectral imaging is poised to become an essential 

component of sustainable environmental management in the coming decade.  
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