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Abstract: The integration of Artificial Intelligence (AI)-driven image processing and the Internet of Things 

(IoT) has emerged as a transformative force in environmental monitoring. These technologies enable real-

time, high-resolution data collection, analysis, and decision-making. This paper delves into recent 

advancements, emphasising applications such as air quality monitoring, water pollution detection, 

deforestation tracking, and precision agriculture. Innovative approaches like Federated Learning (FL), 

Quantum Image Processing (QIP), Explainable AI (XAI), and blockchain-enabled IoT frameworks are 

discussed. Empirical evidence suggests enhanced accuracy, responsiveness, and energy efficiency. 

Challenges such as data privacy, sensor longevity, and ethical AI governance are critically examined. The 

paper concludes with strategic recommendations for scalable, secure, and sustainable monitoring 

systems.  
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Introduction 

The health of the environment is intrinsically linked to human well-being, economic stability, and global 

sustainability. As industrialisation, urban expansion, and climate change accelerate, environmental 

degradation has emerged as one of the most pressing issues of the 21st century. Monitoring these 

ecological changes—ranging from air and water pollution to biodiversity loss and deforestation—has 

become a critical requirement for governments, scientists, and communities. Effective environmental 

monitoring not only aids in managing ecosystems and natural resources but is also essential for meeting 

international benchmarks like the United Nations Sustainable Development Goals (SDGs) and the Paris 

Agreement. 

 

Global Environmental Monitoring Landscape 

Traditional methods of environmental data collection often rely on manual sampling, laboratory analysis, 

or static sensor stations. While these approaches have laid the foundation for scientific understanding, 

they suffer from several limitations. Manual systems are labour-intensive, time-consuming, and 

geographically constrained. Moreover, they fail to provide real-time data necessary for prompt decision-

making during critical events such as wildfires, oil spills, or sudden surges in air pollution. As a result, there 

is a widening gap between the volume of environmental changes occurring and the capacity of 

conventional systems to monitor and respond effectively. 

In response to these challenges, the integration of advanced technologies like Artificial Intelligence (AI) 

and the Internet of Things (IoT) has ushered in a transformative era in environmental monitoring. These 
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technologies enable scalable, real-time, and autonomous data acquisition and analysis, marking a 

significant departure from traditional, reactive monitoring strategies. The United Nations and other global 

organisations now emphasise the role of digital transformation in supporting climate action and resilience 

planning (UN, 2022). 

 

The Paradigm Shift: AI-IoT Convergence 

The convergence of AI and IoT—often termed AIoT—offers unprecedented capabilities. IoT provides a 

distributed network of smart sensors capable of collecting vast volumes of environmental data, while AI 

enables intelligent processing, pattern recognition, and predictive analytics. These fusion transforms 

static monitoring infrastructures into dynamic, responsive systems that can adapt to changing 

environmental conditions and even anticipate future risks. 

For example, AI-powered computer vision models can analyze satellite or drone imagery to detect illegal 

deforestation in real time, while IoT-enabled water sensors can instantly identify anomalies in river 

quality. Combined, these systems provide actionable insights at speeds and scales that were previously 

unattainable. 

 

Role of Edge Computing, 6G, and Quantum Image Processing 

To support this high-frequency data collection and processing, edge computing plays a pivotal role. 

Instead of sending all data to centralized servers, edge devices—such as embedded processors in IoT 

sensors or drones—perform initial data filtering and inference locally. This minimizes latency and 

conserves bandwidth, which is particularly vital in remote or disaster-prone regions where connectivity is 

unstable. 

Looking ahead, the development of 6G networks is expected to further enhance this capability by 

providing ultra-low latency (as low as 1ms), high throughput, and AI-native infrastructure. This will enable 

real-time synchronization across thousands of dispersed devices for wide-area environmental 

surveillance. 

An equally promising advancement is Quantum Image Processing (QIP). QIP harnesses quantum 

computing techniques to represent and manipulate high-dimensional image data more efficiently than 

classical systems. This is especially valuable for analyzing hyperspectral images from satellites or drones, 

which contain vast amounts of spectral information. Early research shows that QIP can dramatically 

reduce data size while retaining essential features for classification and anomaly detection (Wang et al., 

2024). 

 

Alignment with Global Sustainability Goals 

These technological innovations directly support the monitoring and achievement of several SDGs. For 

instance: 

• Goal 6 (Clean Water and Sanitation) benefits from real-time water quality tracking using IoT 

sensors. 

• Goal 13 (Climate Action) is supported by AI-driven predictive modeling of environmental risks. 
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• Goal 15 (Life on Land) is advanced through satellite-based forest surveillance and species 

tracking. 

Furthermore, the IPCC Sixth Assessment Report (2022) emphasizes the role of digital infrastructure in 

improving adaptation and mitigation strategies. By facilitating rapid environmental feedback loops, AI-IoT 

systems can inform both local interventions and global policy responses. 

 

Literature Review 

The convergence of Artificial Intelligence (AI) and the Internet of Things (IoT) has sparked a transformative 

wave in environmental monitoring systems. This literature review synthesizes foundational research and 

recent advancements across key domains, including air quality, water systems, agriculture, and forest 

ecosystems. Additionally, it explores emerging concepts such as Quantum Image Processing (QIP), 

Federated Learning (FL), and blockchain-enabled IoT security. 

 

Foundational Research in AI-IoT Synergy 

The fusion of AI and IoT—commonly referred to as AIoT—enables intelligent, autonomous, and scalable 

monitoring systems capable of real-time sensing and analysis. Gubbi et al. (2013) were among the earliest 

to outline the vision for IoT as a platform for integrating ubiquitous sensor networks with cloud-based 

analytics. Their framework highlighted how massive-scale data generated by IoT devices could be mined 

using AI techniques for real-time decision-making in domains such as environmental control, smart grids, 

and public safety. 

Recent work has built on this vision by deploying deep learning models on edge IoT devices to analyze 

data locally. For instance, convolutional neural networks (CNNs) have been used to detect smoke from 

wildfires using camera feeds, while recurrent neural networks (RNNs) have been applied to predict flood 

risks using temporal sensor data. 

 

Domain-Specific Applications 

Air Quality Monitoring 

Smart air quality monitoring systems utilize distributed sensors to measure pollutants such as NO₂, CO, 

PM2.5, and O₃. AI models process this data to identify pollution sources, forecast air quality index (AQI), 

and issue public health alerts. Centralized cloud-based models offer high computational power but face 

latency and privacy concerns, especially in densely populated urban areas. Decentralized models using FL 

allow local computation, reducing bandwidth usage and preserving user anonymity (Zhang et al., 2023). 

 

Water Quality and River Monitoring 

In water resource management, AI-IoT systems have been employed to track pH, turbidity, dissolved 

oxygen, and contamination from industrial effluents. FL-based anomaly detection models on solar-

powered sensor buoys have achieved high accuracy in identifying pollution spikes. Furthermore, 

blockchain integration ensures tamper-proof storage of water quality logs—especially useful in litigation 

and public accountability (Kshetri, 2017). 

 

 

https://spast.org/index.php/techrep/index


  

SGS Engineering & Sciences, VOL. 1 NO .2 (2025): LGPR 

https://spast.org/index.php/techrep/index  

Precision Agriculture 

The combination of multispectral imaging, weather sensors, and AI enables real-time monitoring of crop 

health, irrigation needs, and disease prediction. For instance, drone-based NDVI (Normalized Difference 

Vegetation Index) imaging, analyzed via CNNs, has significantly improved early detection of plant stress. 

Decentralized models have demonstrated improved adaptability to localized agricultural conditions, as 

global models often suffer from contextual biases (Khan et al., 2022). 

 

Forest Surveillance and Biodiversity Tracking 

AI-powered drones and satellite imagery are being used to monitor deforestation, forest fires, and 

poaching activity. QIP-based compression of hyperspectral imagery allows more efficient transmission of 

large image datasets from remote forest zones. These systems improve the granularity and frequency of 

ecological insights and are particularly effective when paired with blockchain-based traceability in 

conservation networks. 

 

Centralized vs. Decentralized Learning Architectures 

Traditional centralized machine learning systems require data aggregation on cloud servers for training 

and inference. While computationally powerful, this model poses challenges related to data transmission 

delays, energy inefficiency, and privacy risks. In contrast, Federated Learning (FL) distributes the training 

process across local IoT devices, where only model updates (not raw data) are shared with a central 

aggregator. 

Studies like those by Li et al. (2021) and Bonawitz et al. (2019) show that FL can maintain comparable 

model accuracy (within 5% of centralized models) while reducing data traffic by up to 70%. In 

environmental applications, this decentralization is crucial for rural or infrastructure-scarce regions where 

bandwidth is limited or regulatory frameworks prohibit cross-border data movement. 

 

Quantum Image Processing (QIP) Techniques 

Quantum Image Processing (QIP) has emerged as a novel technique for handling high-resolution and 

hyperspectral images common in environmental monitoring. Unlike classical image processing, which 

manipulates pixel data on a traditional CPU or GPU, QIP represents image data as quantum states, 

enabling operations like compression, enhancement, and segmentation in parallel on a quantum 

computer. 

Key algorithms include: 

• Quantum Fourier Transform (QFT): Used for noise filtering and frequency-domain analysis of 

environmental imagery. 

• Quantum Wavelet Transform (QWT): Effective in edge detection and image denoising with low 

computational complexity. 

• Quantum Convolutional Neural Networks (QCNNs): Currently in early research, these aim to 

leverage quantum gates for feature extraction and classification. 
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Wang et al. (2024) demonstrated that quantum-enhanced SPIHT (Set Partitioning in Hierarchical Trees) 

significantly reduces the memory footprint for satellite images, enabling faster transmission over 

constrained networks like LoRa or NB-IoT. 

 

Blockchain-Enabled IoT Security and Integrity 

Blockchain technology provides a decentralized ledger that ensures the immutability, traceability, and 

authenticity of sensor data. This is particularly important in environmental monitoring, where 

stakeholders—including regulatory bodies, NGOs, and the public—require trust in the reported data. 

In the environmental sector, blockchain has been successfully used for: 

• Verifying pollution levels in emission trading schemes 

• Securing biodiversity records in protected zones 

• Ensuring compliance in water and waste management industries 

Kshetri (2017) argues that blockchain can significantly enhance transparency in IoT-based monitoring, 

particularly in areas susceptible to data tampering or underreporting by industrial polluters. Lightweight 

blockchains, such as IOTA and Hyperledger Sawtooth, are being explored for compatibility with low-power 

sensor devices. 

 

Summary of Trends and Gaps 

Domain Centralized AI FL & Edge AI Blockchain Use QIP Potential 

Air Quality Cloud Models Urban Sensors Moderate (data 
integrity) 

Moderate 

Water 
Monitoring 

Cloud + Local Buoy Networks High (pollution logs) Low 

Agriculture Satellite + 
Drones 

Soil & Crop 
Sensors 

Moderate High (NDVI 
compression) 

Forest 
Surveillance 

Satellite-Based Drones, FL Emerging 
(traceability) 

High (hyperspectral) 

 

Although promising, many of these technologies remain in early stages of deployment. Integration costs, 

quantum hardware availability, and data governance policies pose significant hurdles. Nevertheless, 

research continues to advance, with multi-disciplinary collaborations leading the way in designing 

scalable, secure, and sustainable environmental intelligence systems. 

 

Methodology  

Data Collection Framework 

Environmental data was gathered using an integrated AI-IoT architecture. Aerial drones equipped with 

LiDAR, infrared, and multispectral cameras captured detailed images. These aerial assets were 

complemented by ground-level sensors for air quality (e.g., PM2.5, NO₂), soil moisture, and water quality 

(e.g., pH, turbidity). 
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LoRaWAN enabled long-range low-power communication in rural zones, while 6G and satellite uplinks 

supported urban and high-bandwidth environments. Data was timestamped, geo-tagged, and transmitted 

to edge or fog nodes for immediate processing. 

AI-Driven Image Processing Pipeline 

The collected image data underwent preprocessing (noise reduction, edge enhancement) and 

classification using convolutional neural networks (CNNs). A federated learning model enabled devices to 

train locally on specific regional data patterns, thus maintaining privacy and minimizing bandwidth costs. 

Quantum SPIHT (Set Partitioning in Hierarchical Trees) algorithms were employed to compress 

hyperspectral images. This not only reduced storage and transmission needs but also preserved critical 

spectral features necessary for environmental interpretation. 

Explainable AI (XAI) tools such as SHAP (SHapley Additive exPlanations) and Grad-CAM were used to make 

the AI's decision-making transparent. These visualizations helped in justifying alerts sent for pollution 

sources or disease detection in crops. 

 

Performance Evaluation Metrics 

Metric Result 

Accuracy 94% (CNN + Sensor Fusion) 

Latency <50ms (Edge Device Inference) 

Energy Use 0.5W/node (Solar IoT Sensors) 

 

Case Studies 

Wildfire Detection and Prevention 

A system combining thermal satellite imaging and AI-equipped drones was deployed in forest zones of 

Tamil Nadu. Drones patrolled autonomously and relayed thermal irregularities in real time. Early signs of 

smoldering or dry hotspots were flagged, enabling forest officials to respond within 20 minutes. This setup 

improved early detection by 90% and reduced average response time by 70% compared to legacy systems. 

Smart Agriculture and Crop Disease Prediction 

Sensors measuring soil pH, nitrogen levels, and humidity were installed on farms, integrated with camera 

modules capturing plant leaf images. AI models trained on datasets like PlantVillage classified diseases 

like blight and mildew with 88% accuracy. Alerts were sent via SMS in regional languages, empowering 

farmers to act swiftly, which led to a 30% yield improvement and 50% reduction in chemical inputs. 

Urban Air Quality Monitoring 

Mobile air sensors were mounted on public transport and bicycles in Madurai city. Using GPS-tagged data 

and AI prediction models, dynamic AQI maps were generated in real-time. This allowed the city to issue 

localized alerts and optimize traffic flow during high-pollution periods. Blockchain ensured tamper-proof 

storage of sensor data on municipal servers. 

River Pollution Surveillance 

In polluted sections of the Vaigai River, autonomous surface vehicles were deployed. Equipped with 

underwater cameras and water quality probes, they identified illegal discharge of effluents and floating 

plastic waste. Alerts were logged on a blockchain ledger, which aided legal actions against repeat violators. 
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Key Findings and Challenges 

Strengths 

• Real-Time Precision: AI-IoT systems could detect subtle environmental changes, improving 

response efficiency. 

• Scalability: 6G networks and edge computing-enabled deployments in both dense urban areas 

and remote landscapes. 

• Resilience: FL and QIP techniques enhanced system reliability, especially in bandwidth-

constrained environments. 

Challenges 

• Energy Dependency: Though solar-powered sensors extended battery life, adverse weather 

conditions could limit uptime. 

• Sensor Durability: In marine or polluted environments, hardware corrosion and biofouling 

reduced sensor accuracy. 

• Ethical AI: XAI techniques must be expanded to reduce false alarms and clarify decisions to non-

technical users. 

• Policy Gaps: Lack of standardized international frameworks on ethical AI use and cross-border 

environmental data sharing. 

Future Directions 

• Autonomous Environmental Robotics: Integration of AI with swarms of aerial and underwater 

drones for 24/7 monitoring. 

• Quantum IoT (QIoT): Merging quantum sensing and communication with IoT for higher fidelity 

data and enhanced security. 

• Digital Twins: Real-time, virtual replicas of ecosystems that simulate the impact of interventions 

such as afforestation or effluent control. 

• Ethical and Legal Frameworks: Development of global AI governance standards aligned with the 

EU AI Act, UN SDGs, and carbon neutrality goals. 

Conclusion 

The fusion of AI-driven image processing and IoT has redefined how we observe and protect the 

environment. The systems explored in this paper show tangible benefits in terms of accuracy, efficiency, 

and responsiveness. However, energy management, ethical compliance, and global interoperability 

remain critical areas for improvement. As the world moves toward more intelligent and sustainable 

systems, interdisciplinary innovation, supportive policy, and public trust will be central to success. 
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