



Harnessing Artificial Intelligence for Microplastic Pollution Control in Lakes: Detection, Prediction, and Removal



ABSTRACT

Microplastic (MP) contamination in freshwater systems has become a pressing global concern. Lakes, as relatively closed aquatic environments, act as long-term sinks for microplastics and serve as critical indicators of human-induced environmental change. Traditional monitoring and removal methods are limited by labor intensity, cost, and the inability to provide real-time data. Recent advancements in artificial intelligence (AI) are revolutionizing how microplastic pollution in lakes is detected, modeled, and mitigated. AI enables automated identification, classification, and prediction of microplastic behavior using tools such as computer vision, remote sensing, and machine learning algorithms. This review synthesizes current research on AI’s role in addressing lake-based microplastic pollution, including detection and characterization methods, predictive modeling of microplastic fate and transport, and AI-assisted removal systems. It also identifies challenges, such as data scarcity, model generalization, and hardware efficiency, and outlines future directions for integrating AI-driven solutions into environmental monitoring frameworks. The findings highlight AI’s transformative potential for achieving sustainable microplastic management in freshwater ecosystems.
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1. INTRODUCTION

Microplastic pollution has emerged as one of the most pervasive environmental threats of the 21st century. Defined as plastic fragments smaller than 5 mm, microplastics (MPs) originate from both primary sources, such as microbeads in cosmetics, and secondary sources, such as the degradation of larger plastic waste (Andrady, 2017; Yang et al., 2025). Lakes, due to their relatively enclosed nature, often accumulate microplastics at concentrations higher than those found in rivers or oceans (Jin et al., 2024). This accumulation poses ecological risks to aquatic organisms and can lead to the bioaccumulation of synthetic particles in food webs, ultimately affecting human health (Yang et al., 2025).

Traditional monitoring of microplastics involves manual sampling, filtration, and microscopic identification—a time-consuming and labor-intensive process that limits spatial and temporal coverage. Furthermore, physical and chemical removal strategies, such as filtration and coagulation, often lack scalability and can introduce secondary pollution. The need for efficient, accurate, and automated solutions has led to a growing interest in artificial intelligence (AI) technologies (Guo et al., 2022; Yang et al., 2025).

AI, encompassing machine learning (ML), deep learning (DL), and computer vision, is revolutionizing environmental science by enhancing data acquisition, analysis, and decision-making processes (Rolnick et al., 2022). In the context of microplastic pollution, AI enables the automatic detection and classification of particles, predicts their transport dynamics, and optimizes remediation systems. These capabilities address key limitations of conventional methods by offering real-time, high-resolution, and large-scale monitoring potential. For instance, AI-assisted digital imaging and drone-based detection systems are being developed to identify plastics on lake surfaces and within the water column, reducing reliance on laboratory-based analysis (Wang et al., 2024).

In this review, we examine how AI applications are reshaping microplastic pollution control in lakes. We first discuss the sources, distribution, and ecological effects of microplastics in lacustrine systems. Next, we explore AI’s growing role in detection, monitoring, and predictive modeling. We then evaluate its applications in active removal and remediation efforts, before concluding with an assessment of current challenges and future research directions. This literature-based synthesis aims to provide an integrated understanding of how AI can support freshwater sustainability and enhance global pollution control efforts.

2. MICROPLASTIC POLLUTION IN LAKES: AN OVERVIEW

Microplastic pollution has emerged as a pervasive and complex environmental issue in freshwater ecosystems worldwide. Lakes, which serve as critical reservoirs for drinking water, recreation, and biodiversity, are increasingly recognized as major sinks for microplastics originating from diverse anthropogenic activities. Due to their semi-enclosed hydrological nature, lakes tend to accumulate and retain plastic particles for extended periods, allowing for interactions with sediments, aquatic organisms, and pollutants. The dynamics of microplastic input, transport, and fate within lake systems are influenced by both environmental and human factors, including land use, hydrology, and waste management practices. Understanding the sources, distribution patterns, and ecological implications of microplastics in lakes is therefore essential for developing data-driven monitoring and remediation strategies. This section reviews current knowledge on the pathways through which microplastics enter lake environments, their spatial distribution characteristics, and the key environmental processes governing their persistence and movement.

2.1 Sources and Distribution

Microplastics enter lakes through multiple pathways, including wastewater effluents, surface runoff, atmospheric deposition, and direct littering (Yang et al., 2025) (Fig. 1). Urban areas contribute heavily via stormwater systems, while rural catchments introduce microplastics through agricultural runoff containing synthetic fibers and plastic mulch residues (Horton et al., 2017). Atmospheric fallout also plays a significant role—recent studies have detected microplastic particles even in remote mountain lakes, underscoring the global reach of airborne transport (Allen et al., 2019).

Once microplastics enter a lake, hydrodynamic processes and particle properties determine their spatial distribution. Density differences among polymers influence whether particles remain suspended or settle into sediments. Biofilm formation can further alter buoyancy and degradation rates, complicating modeling efforts (Kooi et al., 2017). Sediments often serve as long-term sinks for microplastics, while resuspension events caused by wind or bioturbation can redistribute particles throughout the water column (Mi et al., 2008). Notably, the highest microplastic concentrations are often found near shorelines and inflow points. For example, Lake Geneva in Switzerland and Lake Taihu in China both exhibit dense accumulations of plastic debris near urban and industrial regions (Yang et al., 2020; Jian et al., 2020; Liu et al., 2022). These localized hotspots indicate the influence of anthropogenic activities and hydrological connectivity on pollution distribution.
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Fig. 1. Sources of Microplastic Pollution in Lakes (Yang et al., 2025)

2.2 Ecological and Human Health Impacts

Microplastics pose significant ecological risks to freshwater ecosystems. Zooplankton, fish, and benthic organisms can ingest plastic particles, leading to reduced feeding efficiency, impaired growth, and physiological stress (Wright et al., 2013; Yang et al., 2025). MPs also act as vectors for hydrophobic pollutants and pathogenic microorganisms, concentrating toxic compounds on their surfaces and facilitating their transfer through food webs (Rochman et al., 2019). Field investigations across the Great Lakes, including Lake Ontario, have confirmed the presence of microplastics in the gastrointestinal tracts of multiple fish species, indicating widespread exposure in aquatic food webs (Munno et al., 2022).

From a human health perspective, microplastics in drinking water sources raise growing concerns. Although the toxicological effects of microplastic ingestion are still under investigation, there is evidence suggesting inflammatory responses and potential cellular damage (Cai et al., 2025). As lakes serve as both ecological habitats and water supply reservoirs, understanding and mitigating microplastic contamination is essential for ecosystem and public health protection.

2.3 Monitoring Challenges

Monitoring microplastic pollution in lakes faces several methodological challenges. Manual sampling provides limited spatial coverage and may not capture temporal variability. Analytical techniques such as Fourier-transform infrared (FTIR) spectroscopy and Raman spectroscopy are precise but require expensive instrumentation and expert interpretation (Primpke et al., 2018). Additionally, the detection of nanoplastics (<1 µm) remains particularly difficult, given their small size and complex interactions with natural organic matter.

These limitations have motivated the integration of automated sensing and AI-based analysis. The combination of AI algorithms with optical and spectroscopic technologies can drastically improve the speed, accuracy, and scalability of microplastic monitoring (Wang et al., 2024). As the next sections show, AI provides tools not only for enhanced detection but also for modeling and removal, bridging a major gap between data generation and environmental management.

3. AI FOR MICROPLASTIC DETECTION AND MONITORING

AI is revolutionizing the control of microplastic pollution in lakes by enabling more accurate and efficient monitoring, modeling, and removal. Unlike traditional, labor-intensive methods that rely on manual sampling and laboratory analysis, AI-driven systems provide real-time data acquisition and automated interpretation. This innovation dramatically enhances spatial coverage and temporal resolution, allowing environmental managers to target remediation strategies more effectively (Jin et al., 2024).

3.1 Real-Time In-Situ Analysis

AI-assisted imaging technologies are transforming microplastic detection by automating particle recognition in natural water samples. One of the most promising developments is AI-assisted digital holographic microscopy (nano-DIHM), which captures high-resolution 3D holographic images of particles suspended in water. Deep learning models then classify these particles by shape, size, and refractive index (Fig. 2). In a recent application at Lake Ontario, nano-DIHM enabled real-time detection and classification of both microplastics (MPs) and nanoplastics (NPs), eliminating the need for laborious manual sorting and microscopic validation (Wang et al., 2023).
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Fig. 2.  A schematic of the principle of a nano-DIHM and coating/sedimentation of micro/nanoplastics by a nano-DIHM (Wang et al., 2023)

Nano-DIHM systems integrated with AI not only quantify microplastic concentrations but also provide continuous temporal data, crucial for understanding dynamic pollution events such as stormwater inflows or seasonal variations. These tools demonstrate the transition from static, sample-based measurements to continuous, in situ monitoring.

3.2 Computer Vision for Surface and Underwater Debris

Surface and subsurface plastic debris detection has advanced significantly through the use of AI-powered computer vision. Drones, autonomous surface vehicles (ASVs), and underwater robots equipped with high-resolution cameras can scan large areas of lakes. AI models such as YOLO (You Only Look Once) and Faster R-CNN (Region-Based Convolutional Neural Network) process video feeds in real time to identify and track floating and submerged plastics (Fig. 3). These systems can differentiate between plastics, organic matter, and other debris with high accuracy (Guo et al., 2022; Qiao et al., 2021).

For instance, drones using YOLOv8 algorithms achieved over 90% detection accuracy in identifying floating plastics in small lakes and reservoirs (Song et al., 2025). The combination of aerial and underwater imaging provides comprehensive spatial coverage, overcoming the limitations of traditional point-sampling methods. Moreover, AI-based tracking allows scientists to analyze drift patterns and predict accumulation zones, informing cleanup operations.
[image: https://www.mdpi.com/sensors/sensors-25-01938/article_deploy/html/images/sensors-25-01938-g015.png]

Fig. 3. Aerial surface floating object detection and classification recognition by YOLOv8 Model (Song et al., 2025)

3.3 Spectral Image Analysis

Spectral imaging techniques such as Raman spectroscopy, Fourier-transform infrared (FTIR) spectroscopy, and hyperspectral imaging (HSI) are the gold standards for identifying polymer types. However, manual analysis of spectral data is complex and time-consuming. AI algorithms — particularly convolutional neural networks (CNNs) and support vector machines (SVMs) — can automate spectral interpretation, drastically reducing analysis time while maintaining high precision (da Costa et al., 2021; Wang et al., 2021).

For example, studies using hyperspectral imaging (HSI) coupled with supervised machine-learning models have demonstrated the ability to accurately distinguish between polyethylene (PE), polypropylene (PP), and polystyrene (PS) particles—even when biofouled or embedded in complex matrices—and workflows using HSI or FTIR with AI classification now enable polymer identification of microplastics in mixed sediment or soil samples without extensive chemical pre-treatment (Xu et al., 2023).

3.4 Integration with Remote Sensing and IoT Networks

The future of microplastic monitoring lies in the convergence of AI, remote sensing, and Internet of Things (IoT) technologies. Satellite and UAV imagery, combined with machine learning algorithms, can map surface debris fields in large lakes such as Lake Victoria and the Great Lakes. IoT-based sensor networks can continuously collect water quality data — turbidity, temperature, pH, and flow — that feed into AI models predicting microplastic fluxes (Rolnick et al., 2022). These connected systems enable near-real-time environmental intelligence, providing decision-makers with dynamic pollution maps. AI-based integration also facilitates early warning systems for plastic discharge events, enhancing rapid response capacity.

Together, these innovations demonstrate how artificial intelligence is transforming microplastic monitoring from isolated measurements into a continuous, data-driven network. The logical next step lies in linking these monitoring systems with predictive models capable of simulating microplastic transport and fate. Figure 4 illustrates this continuum, showing how AI technologies contribute to each stage of the microplastic control cycle — from detection and data acquisition, through prediction of environmental behavior, to removal via autonomous systems.
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Fig. 4. Conceptual framework showing applications of AI across the microplastic pollution control cycle in lake ecosystems, including detection, prediction, and removal.

4. AI FOR PREDICTING MICROPLASTIC FATE AND TRANSPORT

Building upon AI-driven detection and monitoring frameworks, predictive modeling serves as the next critical application area. By integrating environmental, hydrodynamic, and remote-sensing data, AI algorithms can simulate microplastic movement, identify pollution hotspots, and inform targeted mitigation strategies.

4.1 Mapping Pollution Hotspots

Machine learning models can process vast datasets from in situ sensors, hydrological measurements, and satellite observations to identify regions of high microplastic accumulation. Using supervised learning techniques, models such as Random Forest, Gradient Boosting, and Artificial Neural Networks (ANNs) can relate microplastic concentrations to environmental parameters like current velocity, wind direction, and land use.

For example, a study in Lake Taihu, China applied an AI model to integrate hydrodynamic and meteorological data, producing accurate pollution maps that pinpointed accumulation zones near industrial inflows. Such insights allow for targeted deployment of cleanup operations and the strategic placement of interception devices (Qiu et al., 2023; Zhang et al., 2023).

4.2 Predictive Modeling of Transport and Deposition

AI enables scientists to simulate the fate and transport of microplastics under varying environmental conditions. Hybrid models that combine physics-based hydrodynamic simulations with machine learning algorithms are particularly effective. For instance, Long Short-Term Memory (LSTM) networks — a form of recurrent neural network — can learn temporal patterns in pollution data and forecast future concentration levels based on inflow and meteorological variables (Wang et al., 2024).

In the freshwater lake system in China, a recent modeling effort demonstrated that nanoplastics disperse further downstream than microplastics due to their lower settling velocities (Jian et al., 2020). This finding underscores the need for differentiated strategies for MPs and NPs. Applying such models to lakes enables scenario-based planning, where AI can simulate the impacts of urbanization, wastewater discharge, or storm events on microplastic behavior.

4.3 Coupling AI with Hydrodynamic and Climate Models

The integration of AI with conventional hydrodynamic models, such as Delft3D or MIKE 21, can significantly enhance prediction accuracy in complex aquatic environments. These hybrid systems allow AI to calibrate and optimize model parameters automatically, reducing uncertainty in simulations of microplastic transport and distribution (Salikova et al., 2025). Additionally, climate-informed AI models can evaluate how long-term variations in temperature, precipitation, and wind patterns influence microplastic fate, providing insights into future environmental scenarios. This approach aligns microplastic research with broader climate adaptation frameworks, supporting proactive environmental management and mitigation strategies (Senathirajah & Pattiaratchi, 2025).

5. AI-ASSISTED MICROPLASTIC REMOVAL

While AI’s application in detection and prediction is well established, its role in active removal and remediation is rapidly expanding. AI enhances cleanup efficiency, reduces operational costs, and enables autonomous systems to function in complex environments such as lakes with varying turbidity and vegetation cover.

5.1 Autonomous Cleanup Robots

AI-powered autonomous robots are being deployed to identify and collect floating debris in real time. A notable example is Clearbot, a self-navigating robot equipped with computer vision that recognizes and retrieves floating plastics (Microsoft, 2022; Green, 2022; Martin, 2024; Chandrasekaran, et al., 2025). The system’s onboard AI allows it to learn and optimize collection routes based on debris density and water conditions. Similar technologies can be adapted for freshwater lakes, where smaller-scale autonomous surface vehicles (ASVs) can continuously patrol and clean pollution hotspots (Fig. 5).
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Fig. 5. Clearbot: a self-navigating robot equipped with computer vision that recognizes and retrieves floating plastics in Lake

These systems not only collect waste but also upload georeferenced data to cloud servers, contributing to large-scale pollution mapping efforts. Over time, machine learning improves route optimization and collection efficiency, demonstrating a feedback loop between AI-based detection and removal.

5.2 AI-Assisted Waste Sorting and Interception Systems

AI-supported automation is enhancing waste collection at river inflows, which are critical control points for lake pollution. For example, a floating robot concept described by Ahmad & Jamal (2025) uses vision-based AI to detect plastic debris on the water surface and selectively collect synthetics.

Interception devices equipped with vision-based AI are already being piloted in several European rivers feeding into major lakes. The River Cleaning project in Italy has introduced a network of smart floating barriers equipped with sensors and AI-driven image recognition to differentiate plastics from natural debris. The system enables selective collection, reduces manual sorting requirements, and provides real-time monitoring data to inform local authorities (River Cleaning, 2025). Such AI-based interception approaches could be extended to lakeside waste-management infrastructure to prevent secondary plastic pollution and enhance resource recovery (Fig. 6).
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Fig. 6. Smart floating barriers equipped with sensors and AI-driven image recognition to differentiate plastics from natural debris

5.3 AI-Optimized Filtration Systems

AI is also used to optimize microplastic filtration systems in wastewater treatment plants and in-lake filtering devices. Machine learning models can adjust operational parameters — such as flow rate, filter pore size, and backwashing intervals — to maximize microplastic removal efficiency while minimizing energy consumption (Zamfir et al., 2025).

These adaptive control systems learn from sensor feedback to maintain high performance under fluctuating water quality conditions. In pilot installations, AI-optimized filtration achieved up to a 30% improvement in removal rates compared with static systems (Guo et al., 2022). Such intelligent filtration networks could form the backbone of future lake restoration efforts, particularly in densely populated or industrial regions.

6. CHALLENGES AND LIMITATIONS

Despite the promising applications of AI in microplastic detection, modeling, and removal, several critical challenges hinder widespread adoption and operational maturity.

6.1 Data Limitations and Standardization

A major constraint is the lack of standardized, high-quality datasets for training AI models. Microplastic datasets vary widely in sampling methodology, particle size classification, and polymer identification protocols (Primpke et al., 2018). This inconsistency reduces cross-study comparability and impedes the development of generalized models. Moreover, most datasets focus on specific regions or conditions, leading to biases in model training.

Creating global open-access databases with standardized imaging, spectral, and environmental metadata would greatly enhance model robustness and transferability. Integrating such databases with cloud-based AI frameworks could democratize access to advanced analysis tools, especially for developing regions.

6.2 Computational and Hardware Constraints

Implementing deep learning in environmental monitoring requires considerable computational resources. Many freshwater ecosystems are located in remote or low-infrastructure regions, limiting the feasibility of deploying energy-intensive hardware. To address this, recent research advocates for lightweight neural architectures and edge AI — systems capable of performing inference directly on embedded sensors or mobile robots without constant cloud connectivity (Jin et al., 2022).

However, achieving high performance under constrained hardware remains challenging. Efficient model compression, pruning, and quantization techniques must be further developed to ensure scalability of real-time applications in remote lakes.

6.3 Distinguishing Plastics from Natural Particles

Distinguishing microplastics from natural materials such as organic detritus, algae, and mineral fragments remains one of AI’s most persistent challenges (Wang et al., 2024). Variations in particle morphology and spectral signatures due to weathering or biofouling can cause misclassification. Models trained in controlled laboratory conditions often perform poorly when applied to complex field samples.

Multimodal learning — combining spectral, morphological, and contextual features — may improve accuracy. For example, integrating Raman spectra with shape descriptors and environmental metadata allows AI models to make more reliable identifications even under varying turbidity or lighting conditions.

6.4 Algorithmic Bias and Model Generalization

AI models trained on limited datasets are vulnerable to overfitting, where the model performs well on known data but poorly on unseen environments. This is particularly problematic in lakes that exhibit high spatial and temporal variability. Transfer learning, domain adaptation, and ensemble modeling approaches can help overcome these issues but require additional research and computational investment (Barman et al., 2023).

6.5 Governance and Ethical Considerations

Beyond technical hurdles, AI adoption in environmental monitoring raises policy, privacy, and governance concerns. Drone-based imaging and autonomous monitoring may inadvertently capture private property or human activity, leading to data governance challenges. Furthermore, unequal access to AI technologies risks widening the gap between well-funded and resource-limited regions, potentially creating disparities in environmental management capacities.

Establishing transparent ethical frameworks and data-sharing standards will be essential for ensuring equitable and responsible deployment of AI systems.

7. FUTURE DIRECTIONS

Despite current challenges, the future of AI-driven microplastic pollution control in lakes appears highly promising. Ongoing advances in machine learning, robotics, and sensor technologies are paving the way for more sophisticated, sustainable, and scalable solutions.

7.1 Integration of AI with Autonomous and Robotic Systems

The integration of AI with autonomous surface vehicles (ASVs) and autonomous underwater vehicles (AUVs) is enabling fully automated lake monitoring and remediation. These AI-enabled systems can operate continuously, collecting water samples, capturing high-resolution images, and performing in situ analyses, thereby improving the efficiency and comprehensiveness of ecological assessments (Homicki, 2025). Swarm robotics, which involves multiple small robots operating cooperatively, can enhance spatial coverage, redundancy, and resilience in dynamic lake environments (Isler, 2012). Additionally, AI-optimized control algorithms can coordinate multi-robot networks, enabling energy-efficient navigation and adaptive task allocation based on real-time pollution and environmental data (Kroeger, 2025). Together, these technologies pave the way for adaptive, scalable, and continuous environmental monitoring, providing critical insights for lake restoration and pollution mitigation efforts.

7.2 Development of Real-Time, Cloud-Connected Monitoring Networks

The deployment of IoT-enabled sensors connected to cloud-based AI platforms will allow for real-time pollution tracking. This AI–IoT convergence facilitates continuous data flow between sensors, drones, and control centers, supporting rapid decision-making. Such frameworks could integrate predictive models that automatically trigger cleanup operations when threshold concentrations of microplastics are detected (Rolnick et al., 2022).

7.3 AI-Enhanced Bioremediation and Material Innovation

An emerging research direction involves combining AI with biotechnological methods to accelerate microplastic degradation. AI models can predict microbial activity and enzymatic efficiency, guiding the design of synthetic microbes or bioengineered enzymes that specifically target plastic polymers (Wei & Zimmermann, 2017). In material science, machine learning is increasingly used to design biodegradable plastics with minimal environmental persistence, thereby addressing the issue at its source.

7.4 Citizen Science and Participatory Monitoring

AI tools integrated into smartphone applications can empower citizens to contribute to data collection through image-based observations of plastic debris. Participatory platforms using crowd-sourced data, validated through AI algorithms, can dramatically expand spatial coverage at minimal cost (Song et al., 2025). This approach enhances public engagement while providing valuable datasets for training and validation.

7.5 Hybrid Modeling and Interdisciplinary Integration

Future research should promote hybrid models that combine physical, chemical, and biological knowledge with data-driven AI methods. These models can better capture the multifactorial dynamics of microplastic transport, aggregation, and degradation. Interdisciplinary collaboration among ecologists, computer scientists, engineers, and policymakers will be essential to translate these technological innovations into actionable management strategies.

8. CONCLUSION

AI is reshaping how scientists and policymakers address the challenge of microplastic pollution in lake ecosystems. By integrating computer vision, deep learning, and sensor-based technologies, AI enables real-time detection, accurate classification, and predictive modeling of microplastic behavior. Autonomous systems and AI-optimized filtration technologies further extend its utility to active removal and remediation efforts.

Despite persistent challenges — including data standardization, computational costs, and algorithmic bias — the trajectory of research clearly points toward greater automation, accuracy, and accessibility in pollution control. The convergence of AI with robotics, IoT, and biotechnology represents a paradigm shift in freshwater environmental management.

Ultimately, the successful deployment of AI-driven systems in lakes will depend not only on technological progress but also on interdisciplinary collaboration and responsible governance. As the world seeks to safeguard freshwater resources against the mounting tide of plastic pollution, AI stands as one of the most powerful and promising tools for a cleaner and more sustainable future.
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