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ABSTRACT

Pervasive sensing and autonomous technologies present a transformative oppor-
tunity to address urgent challenges in environmental sustainability, including
pollution, climate change, and large-scale ecosystem degradation. Central to this
vision is the integration of sensor-rich systems and intelligent computation for
continuous, scalable, and context-aware environmental monitoring. This thesis
explores how affordable, adaptive, and resilient sensor networks– augmented by
advanced autonomous processing– can support sustainable management of natural
resources through real-time data acquisition and automated response.

Driven by the need for robust and cost-effective monitoring solutions in diverse
and often inaccessible settings, this research investigates how pervasive sensing
infrastructure can be paired with autonomous frameworks to overcome persistent
obstacles of scalability, accuracy, and energy efficiency. The core research ques-
tion guiding this work is: How can pervasive, low-cost sensors and autonomous
systems be effectively leveraged to enable dynamic, high-resolution monitoring
and pollutant detection at scale? Accordingly, the thesis investigates three primary
avenues: innovative approaches to material identification, autonomous detection of
plastic pollution, and underwater data analysis empowered by fog computing.

First, the thesis presents MIDAS, an innovative material identification technique
based on thermal dissipation patterns, capable of robust classification across ma-
terial types and application scenarios. MIDAS demonstrates up to 83% accuracy,
outperforming conventional approaches and adapting reliably to variable user and
environmental conditions.

Second, the LIZARD system is introduced – a multi-modal sensing pipeline that
fuses thermal and optical data for the autonomous detection of plastic pollution. By
targeting macro, meso, and microplastics, LIZARD bridges a critical monitoring
gap and achieves up to 80% accuracy in real-world deployments, showcasing the
feasibility of affordable, high-precision environmental sensing.

Third, a novel underwater fog computing framework is demonstrated, repur-
posing commercial off-the-shelf (COTS) devices as micro-clouds for distributed,
real-time data processing in challenging aquatic and other remote environments.
This solution enables cost-effective deployment and delivers resilient performance
by adapting general-purpose technology for domain-specific needs.

Together, these contributions advance the state-of-the-art in environmental
monitoring by demonstrating how pervasive sensors and autonomous technologies
can deliver actionable insights through scalable, energy-efficient and application-
tailored systems. By bridging the gaps in the practicality and analytical precision
of deployment, this work lays a foundational framework for the next generation of
sustainable and intelligent environmental management.
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1. INTRODUCTION

Environmental sustainability, as defined by the Brundtland Commission (World
Commission on Environment and Development) in its report Our Common Future,
refers to development that meets the needs of the present generation without com-
promising the ability of future generations to meet their own needs [288]. This
foundational concept emphasizes the harmonious integration of economic develop-
ment, environmental stewardship, and social equity, ensuring that progress today
does not diminish the resources, ecosystem services, or opportunities available
to future generations. The Brundtland Commission’s definition has become the
guiding principle for sustainable development policies worldwide, establishing
environmental sustainability as a core consideration in addressing global challenges
related to resource use, pollution, and ecosystem health.

The increasing severity of ecological challenges, such as climate change [167],
air pollution [46], biodiversity loss [96], and resource depletion [30], necessitates
innovative technological interventions. In recent years, advancements in pervasive
sensing [233] and autonomous solutions have emerged as transformative tools for
environmental monitoring and sustainability efforts. These technologies enable
real-time, high-resolution data collection, fostering improved decision-making
processes for ecosystem management and conservation [142]. Building upon these
capabilities, the next generation of environmental monitoring systems increasingly
leverages pervasive sensing and autonomous technologies to further enhance the
scope, resolution, and efficiency of data collection.

Pervasive sensing refers to the deployment of sensor networks that continuously
observe environmental parameters, offering valuable insights into pollution levels,
natural resource consumption, and ecosystem health [272]. These systems rely
on a diverse range of sensors, including Wireless Sensor Networks (WSNs) [12],
low-power Internet of Things (IoT) devices [107], and edge-cloud computing
frameworks. By integrating pervasive sensing with autonomous systems—such
as drones, Unmanned Aerial Vehicles (UAVs) [194], and underwater sensor net-
works [133]–it becomes possible to enhance large-scale environmental data col-
lection while minimizing human intervention. These technologies have already
demonstrated their potential in applications such as climate monitoring [204], forest
fire detection [194], urban sustainability [159], and precision agriculture [339].

Furthermore, emerging computing paradigms, including fog computing [261]
and edge processing [250], are significantly enhancing the efficiency and scalability
of environmental monitoring systems. By processing data closer to its source, these
technologies reduce latency and energy consumption, making real-time monitoring
feasible even in remote and resource-constrained environments. Additionally,
machine learning and Artificial Intelligence (AI) [137] are playing a crucial
role in extracting meaningful patterns from vast environmental datasets, enabling
predictive analytics and informed decision-making [258].

Despite these advancements, challenges remain in terms of energy efficiency
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[140], sensor coverage optimization, data accuracy, and system integration [228].
The reliability and long-term sustainability of these systems require further research
in areas such as sensor calibration [196], power management, and interoperability
between heterogeneous networks [109]. Moreover, ethical concerns related to
data privacy, security, and regulatory compliance must be addressed to ensure
responsible deployment of pervasive sensing technologies [158].

Building on these considerations, this thesis positions pervasive sensing and
autonomous systems as core enablers of scalable environmental solutions. It ex-
plores the integration of pervasive sensing and autonomous systems in addressing
key environmental sustainability challenges. It introduces solutions such as un-
derwater fog computing, advanced sensing pipelines, and scalable autonomous
sensing platforms as cost-effective tools for environmental monitoring and mit-
igation. By examining state-of-the-art developments, applications, and existing
challenges, the thesis aims to advance sustainable environmental monitoring and
management practices. The subsequent chapters detail the theoretical foundations,
system designs, experimental validations, and implications of these contributions,
highlighting their potential for practical, large-scale deployment.

1.1. Background and Motivation

The issue of environmental sustainability has emerged as one of the most pressing
concerns of our time [273]. The rapid pace of industrialization, urbanization,
and population growth has placed immense pressure on natural ecosystems [241].
Challenges such as pollution, habitat destruction, and climate change have signifi-
cantly contributed to the degradation of the environment (Millennium Ecosystem
Assessment, 2005) [312]. Among these challenges, the improper disposal and man-
agement of waste – especially plastic fragments – has become a significant threat,
contaminating both land and aquatic ecosystems [246] [245] [244]. Microplastics,
in particular, have drawn attention due to their persistence in the environment
and their infiltration into food chains, posing risks to biodiversity and human
health [168]. Furthermore, the disposal of daily waste into the environment and
aquatic habitats pose a significant threat to the environment [130].

Technological innovations have created new possibilities to tackle these chal-
lenges [139]. Pervasive sensing, which involves deploying extensive sensor net-
works across large areas, allows for real-time monitoring of environmental pa-
rameters [155]. These insights are crucial for driving sustainability initiatives.
Additionally, autonomous systems, including drones, underwater vehicles, and
robotic platforms, enhance the efficiency and scope of monitoring and mitigation
efforts [91]. By operating in diverse and often challenging environments, these
technologies can play a pivotal role in addressing ecological issues.

However, despite these advancements, several obstacles remain that limit the
broader application of pervasive sensing and autonomous systems [175]. High
deployment costs, energy constraints of sensing devices [70], and the complexity

22



of real-time data processing are among the key challenges. Furthermore, many
existing solutions are not scalable or robust enough to function effectively in remote
or harsh conditions [232]. Overcoming these limitations is critical to unlocking the
full potential of these technologies for promoting environmental sustainability.

Addressing these gaps not only holds promise for advancing technology but
also aligns with global sustainability goals (UN SDGs) [31] [36], providing a
pathway for innovative solutions to pressing ecological problems.

1.2. Research Challenges

The deployment of pervasive sensing and autonomous systems for environmental
sustainability entails multifaceted challenges that must be addressed to realize
robust, scalable, and sustainable monitoring solutions.
Environmental Complexity: Effective monitoring in remote terrestrial and aquatic
environments demands resilient system architectures capable of operating reliably
under extreme conditions–including high pressures, wide temperature fluctuations,
corrosive elements, and limited or intermittent connectivity [65, 235]. The marine
domain, in particular, imposes additional constraints such as biofouling, mechan-
ical wear, and sensor degradation, which complicate long-term deployment and
necessitate innovative protective and maintenance strategies.
Microplastic Detection and Material Characterization: Existing microplastic
identification methodologies are largely constrained to laboratory settings and
involve specialized, non-scalable instrumentation [23, 287]. The translation of
these capabilities into deployable, autonomous, and pervasive sensing platforms for
in-situ detection, particularly capable of resolving micro- and mesoplastics, remains
an open technical challenge. Accurately characterizing heterogeneous materials
through non-invasive sensing modalities such as thermal dissipation demands
further advances to bridge sensitivity, specificity, and operational robustness.
Energy Efficiency and Power Autonomy: Sensor networks and autonomous
monitoring platforms in inaccessible environments face stringent power constraints
where traditional energy replenishment is impractical [54]. Achieving sustainable
operation requires the development of ultra-low-power sensing and communication
architectures complemented by energy harvesting techniques. Further, computa-
tional frameworks must balance energy consumption with processing demands to
prolong operational lifetimes [140].
Real-Time Data Processing and Autonomous Decision-Making: The volumi-
nous and heterogeneous data streams generated by pervasive environmental sensors
necessitate efficient, real-time analytics and intelligent decision support [109, 262].
Architectures integrating edge and fog computing with advanced machine learning
algorithms are critical to filter, aggregate, and interpret data locally, curtailing la-
tency and bandwidth limitations while enabling adaptive and context-aware system
behavior.
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Sensor Reliability and Environmental Interference: Environmental variabil-
ity—including fluctuating light conditions, water turbidity, thermal noise, and
mechanical disturbances—frequently degrades sensor performance, challenging
data accuracy and consistency [164]. Additionally, long-term deployments face
challenges related to sensor drift, calibration loss, and component aging, necessi-
tating robust calibration protocols and self-diagnostic capabilities to preserve data
integrity over time [284].

Together, these challenges underscore the complexity inherent in advancing
pervasive and autonomous environmental monitoring systems. This research en-
deavor addresses these gaps through the design and validation of innovative sensing
frameworks, edge-enabled processing paradigms, and sustainable technology re-
purposing, thereby contributing toward scalable, resilient, and environmentally
responsible monitoring solutions.

1.3. Research Contributions

This thesis makes significant contributions to the fields of pervasive sensing and
autonomous systems. Rather than presenting isolated examples of environmental
applications, the three core systems developed in this research – MIDAS, LIZARD,
and Micro-clouds – were selected to address a continuous pipeline of the challenges
outlined in Section 1.2. Specifically, they tackle the critical progression from
fundamental sensor innovation, to scalable autonomous deployment, to resilient
data processing at the edge.

1.3.1. MIDAS

Addressing the Microplastic Detection and Material Characterization challenges
(Section 1.2) and broader Technical Challenges (Section 2.3), we introduce MIDAS,
an innovative sensing solution that leverages thermal dissipation patterns resulting
from human touch to characterize and identify everyday object materials. By
capturing the transient heat transfer and modeling the decrease in thermal radiation,
MIDAS achieves material classification with up to 83% accuracy. The system
demonstrates robustness to variation across different users and shows the capability
to detect thermal dissipation through objects up to 2 mm thick. Furthermore,
MIDAS supports the analysis of multiple objects during interaction, representing
a significant advancement in non-invasive material sensing technologies. This
solution enhances material characterization by enabling the identification of waste
materials based on their thermal signatures, thereby extending the functional scope
of autonomous environmental monitoring systems.

1.3.2. LIZARD

Building on advanced sensing to tackle Environmental Complexity (Section 1.2)
and the Scalability and Deployment Challenges (Section 2.3) of field monitoring,
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this contribution addresses the issue of environmental littering. Littering poses
a critical threat to ecosystems and human health, yet current litter monitoring
methods are labor-intensive and reactive. The research presents LIZARD, a novel
pervasive sensing system designed for autonomous vehicles to detect and monitor
plastic pollution. LIZARD employs an innovative sensing pipeline that integrates
thermal imaging to identify larger plastic debris through dissipation patterns and
optical sensing to pinpoint areas with dense micro- and mesoplastic fragments. This
represents the first pervasive sensing approach capable of microplastic detection
in real-world environments and integration with autonomous platforms. Rigorous
validation through controlled laboratory experiments and field deployments across
three diverse locations demonstrates LIZARD’s ability to detect plastics of varying
sizes with up to 80% accuracy, with performance influenced by plastic size, surface
type, and ambient lighting. Furthermore, LIZARD’s seamless integration with
ground drones facilitates (semi-)autonomous litter surveillance, offering a scalable
and effective tool to address global plastic pollution challenges via pervasive
sensing and autonomous monitoring.

1.3.3. Micro-clouds

Finally, to manage the data generated by pervasive sensors and address Energy
Efficiency and Power Autonomy, Real-Time Data Processing (Section 1.2), and
the severe Energy, Connectivity, and Data Processing Challenges (Section 2.3),
we introduce the fog computing framework – Micro-clouds, using COTS devices.
This system adopts a architecture, where multiple COTS devices collaborate as an
autonomous cluster to deliver local fog computing capabilities. This research sig-
nificantly advances the field of underwater data science and sustainable computing
by developing a novel fog computing framework based on low-cost micro-cloud
prototypes, rigorously validated through extensive benchmarks in both controlled
laboratory and diverse field aquatic environments. The work addresses critical
challenges such as optimizing communication interfaces and implementing failure
detection mechanisms via accelerometers to enable resilient, scalable, and data-
intensive underwater applications. Furthermore, building on this technological
foundation, the study innovatively repurposes discarded smartphones as cost-
effective, small-scale data centers, extending device lifecycles and mitigating the
environmental impact of electronic waste. The prototype facilitates customizable
sensor data collection and real-time analysis, demonstrating practical applicability
across a range of contexts. Together, these contributions establish a versatile and
eco-conscious computing infrastructure that not only enhances the capacity and
complexity of underwater data processing but also promotes sustainability by fos-
tering energy-efficient practices and reducing e-waste in environmental monitoring
systems.
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1.4. Thesis Structure

The thesis is organized to systematically develop the contributions outlined in pre-
vious section. Chapter 2 reviews relevant background and related work. Chapter
3 details the design, implementation, and evaluation of MIDAS, a thermal sensing
system for material characterization. Chapter 4 presents LIZARD, a pervasive
sensing solution for autonomous detection and monitoring of environmental plastic
litter. Chapter 5 describes the Micro-clouds fog computing framework for under-
water data science and sustainable computing. Chapter 6 concludes the thesis
by summarizing key findings, discussing the research scope and limitations, and
outlining directions for future work.
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2. BACKGROUND

Environmental sustainability refers to the responsible interaction with the environ-
ment to avoid degradation of natural resources and ensure the long-term health
of ecosystems. Traditionally the domain of environmental science, ecology, and
policy, environmental sustainability has increasingly become a priority for compu-
tational research. As environmental challenges intensify due to industrialization,
urbanization, and climate change, there is a growing demand for scalable, intel-
ligent, and automated solutions to monitor, predict, and mitigate their impacts
[105] [269].

Recent advances in pervasive sensing, embedded systems, machine learning,
and autonomous computing solutions have opened new avenues for addressing
environmental problems at scale and in real time. Pervasive sensing refers to the
deployment of distributed sensor systems capable of collecting high-resolution
spatiotemporal environmental data, often in previously inaccessible or unmapped
regions [114]. When coupled with AI techniques, such systems allow for real-time
analytics, early warning systems, and data-driven policymaking [343].

The rise of smart cities, citizen sensing, and low-cost IoT platforms has made
it feasible to monitor phenomena such as air pollution [157], water contamina-
tion [101], and noise levels [248] using computational infrastructures. Moreover,
autonomous systems such as UAVs, robotic platforms, and edge computing de-
vices are increasingly used for in-situ environmental assessments and biodiversity
monitoring [300] [292].

However, integrating these computational tools into environmental sustainability
efforts presents a set of challenges. These include issues related to energy efficiency,
data heterogeneity, sensor calibration, privacy, and lack of interoperability across
systems and regions. Furthermore, the machine learning models used in such
contexts often require domain adaptation, generalizability, and interpretability to
be effective in varied and dynamic natural environments [136].

In the sections that follow, this chapter surveys four critical areas–water pollu-
tion, air pollution, noise pollution, and biodiversity loss–to identify how pervasive
sensing and autonomous systems have been leveraged to address these problems.
This review establishes the foundation for understanding the environmental context
of this thesis and positions the proposed computational contributions within a
growing interdisciplinary research landscape.

2.1. Environmental Sustainability: A Multidimensional Concern

Environmental sustainability addresses the responsible management of natural
resources to prevent degradation and ensure their availability for future generations.
It is a multidimensional issue encompassing water pollution, air pollution, noise
pollution, and biodiversity loss as demonstrated in Figure 1. Each domain requires
careful observation, mitigation, and technological intervention [138]. Pervasive
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Figure 1: Environmental Sustainability: A Multidimensional Concern

sensing technologies are now being harnessed to provide the continuous, real-time
data essential to making environmental sustainability achievable [147] [350], and
they form the central focus of this review by linking environmental concerns with
advanced computational responses.

2.1.1. Water Pollution

Water pollution stems from agricultural runoff [277], industrial waste, and urban
discharge, leading to ecosystem disruption, public health crises, and economic
losses [8]. Contaminants such as heavy metals, nitrates, and microplastics dete-
riorate water quality [256] [24]. Smart water management increasingly depends
on sensor networks that provide real-time measurements of parameters like turbid-
ity, pH, and conductivity [82]. These data streams are foundational for tracking
contamination sources, enforcing environmental regulations, and ensuring water
safety.

2.1.2. Air Pollution

Air pollution is a leading environmental and public health concern, responsible
for approximately 7 million premature deaths annually according to the World
Health Organization [155]. While industrial activities and general fossil fuel
combustion are major contributors, road traffic is consistently the most dominant
and immediate source of air degradation in urban environments. The high density of
vehicles, combined with stop-and-go driving patterns and poor ventilation caused
by urban "street canyons," leads to concentrated, localized spikes in harmful
exhaust emissions . These common pollutants include particulate matter (PM2.5),
NOx, and volatile organic compounds [216, 156]. Accurate, real-time air quality
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data is vital for forming mitigation strategies, yet traditional monitoring stations
are sparse, expensive, and offer limited spatial resolution—particularly in low-
and middle-income regions. Effective air quality management hinges on high-
resolution monitoring, enabled by both stationary networks and mobile sensors
embedded in vehicles and drones.

2.1.3. Noise Pollution

Noise pollution, defined as unwanted or harmful sound that disrupts environmental
quality and human well-being, has emerged as a significant urban sustainability
challenge. Urbanization, transportation, and industrial machinery are the leading
contributors, with road traffic acting as the most pervasive and chronic source of
environmental noise in cities. The continuous combination of engine operations,
exhaust systems, and tire-pavement friction creates a persistent baseline of acoustic
disruption along densely populated urban corridors [19, 201]. Chronic exposure to
these high noise levels is linked to stress, sleep disturbances, cardiovascular issues,
and cognitive impairments, particularly in vulnerable populations [26]. Although
there are environmental regulations in many countries, effective enforcement
and mitigation require granular and dynamic data that traditional monitoring
systems, typically sparse and expensive, struggle to provide. Smart acoustic
sensors deployed in cities and natural reserves facilitate real-time monitoring and
inform targeted traffic noise reduction policies [185].

2.1.4. Biodiversity Loss

Biodiversity loss is one of the most pressing environmental crises of our time,
driven by habitat destruction, pollution, climate change, and invasive species. Pro-
tecting biodiversity is not only an ecological imperative but also a strategy to
preserve ecosystem services that humanity depends on. Monitoring biodiversity
is crucial for understanding ecosystem health, informing conservation strategies,
and ensuring sustainable development [213]. However, traditional biodiversity
assessment methods—such as manual species inventories, camera traps, and eco-
logical surveys—are labor-intensive, episodic, and spatially limited [274]. In recent
years, pervasive sensing and autonomous systems have emerged as transforma-
tive technologies to enable large-scale, continuous, and fine-grained biodiversity
monitoring [28].

2.1.5. Ecosystem Threat Level Matrix

To provide a holistic view of pollution threats across ecosystems, the comprehensive
ecosystem matrix categorizes various pollution types by impact severity. These
severity levels are based on the International Union for Conservation of Nature
(IUCN) Red List threat classification system [242], as defined in Table 1.
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Threat Level Impact Description Decline Rate

Critical Very rapid declines
> 30% over 10 years or
three generations

High Rapid declines 20%−30%
Moderate Slow but significant declines < 20%
Low Negligible declines N/A
Minimal No significant declines N/A

Table 1: IUCN Red List Threat Classification System [242]

Building on these classifications, Table 2 synthesizes environmental data to
detail ecosystem impacts by pollution type. It highlights the interconnected, syner-
gistic nature of pollution threats that amplify ecosystem degradation. Ultimately,
this matrix serves as a foundational reference for integrating computing methods
into environmental monitoring, enabling data-driven mitigation strategies.

Pollution Type Critical Impact High Impact Moderate Impact Low Impact Primary Ecosystem
Effects

Ground-level
Ozone
(O3)

Forest ecosystems
in heavily polluted
regions [10, 127]

Agricultural croplands
(62% of EU forests
exceeded critical levels
in 2022) [10, 127]

Grasslands and
natural vegetation
[127, 78]

Remote/pristine
areas [127]

Reduced growth rates,
lower crop yields,
biodiversity loss
[127, 78, 77]

Nitrogen
Deposition
(NOX/NH3)

Sensitive wetlands
and heathlands
[127, 78, 77]

73% of EU ecosystems
above critical loads for
eutrophication
[127, 77]

Forest soils and
grasslands [127, 77]

Marine ecosystems
(indirect) [338]

Eutrophication,
acidification, species
composition changes
[127, 77]

Sulfur Dioxide
(SO2)

Historically impacted
forests near industrial
sources [127, 78]

Freshwater systems in
acid-sensitive regions
[127, 78]

Coastal and marine
environments [338]

Most terrestrial
ecosystems (due to
emission reductions)
[127, 78]

Acidification, toxic
metal release, fish
mortality [78]

Heavy Metals
Arctic food webs
(bioaccumulation)
[207, 237]

Aquatic ecosystems
near mining/industrial
sites
[207, 237, 215]

Urban soil
ecosystems
[207, 215]

Remote terrestrial
areas [207]

Bioaccumulation,
biomagnification,
toxicity in food chains
[207, 237, 215]

Particulate
Matter
(PM2.5)

Urban forest patches
[305, 64]

Agricultural areas with
high dust exposure
[305]

Suburban ecosystems
[305]

Rural/remote areas
[305]

Reduced photosynthesis,
leaf damage, altered
plant physiology
[305, 64]
[215]

Water Pollution

Freshwater systems
receiving industrial
discharge
[293, 207]

Coastal marine
ecosystems
[215]

River systems with
agricultural runoff
[293]

Groundwater systems
[293]

Aquatic life mortality,
habitat disruption, food
web collapse
[293, 215, 207]

Soil Contamination
Agricultural lands with
heavy pesticide use
[207, 215, 237]

Industrial brownfield
sites [207, 215]

Urban soils [207]
Forest soils in protected
areas [207]

Reduced soil fertility, crop
ontamination, biodiversity
loss [207, 215, 237]

Plastic/
Microplastic
Pollution

Marine ecosystems,
particularly gyres
[338, 215, 293]

Coastal ecosystems
and estuaries
[338, 215]

Freshwater systems
[215]

Terrestrial ecosystems
[215]

Food web contamination,
physical harm to wildlife,
habitat degradation
[338, 215, 293]

Thermal Pollution
Aquatic ecosystems
near power plants
[207]

River systems with
industrial discharge
[207]

Lake ecosystems
[207]

Unimpacted water
bodies [207]

Disrupted aquatic life
cycles, reduced oxygen
levels, species
displacement [207]

Noise Pollution
Urban wildlife
populations
[106]

Transportation
corridors [106]

Semi-urban
areas [106]

Rural/remote
areas [106]

Behavioral disruption,
communication interference,
habitat abandonment
[106]

Light Pollution Urban ecosystems
[25]

Suburban areas
[25]

Rural areas near
development
[25]

Dark sky
preserves
[25]

Disrupted circadian rhythms,
altered migration patterns,
reproductive impacts
[25]

Table 2: Ecosystem impacts by pollution type.
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2.2. Data Collection and Analytics for Environmental
Sustainability

To complement the environmental goals outlined in the previous section, this sec-
tion explores how advanced data collection and analytics play a critical role in
monitoring and mitigating ecological threats. The foundation of modern environ-
mental monitoring relies heavily on the deployment of Cyber-Physical Systems
(CPS). By seamlessly integrating computational algorithms with physical sensing
infrastructure, CPS enables the real-time monitoring, control, and modeling of
complex environmental processes [317].

Within this overarching CPS framework, environmental data is primarily gath-
ered through large-scale Wireless Sensor Networks (WSNs). The evolution of
WSNs, particularly those utilizing mobile data collection elements such as au-
tonomous vehicles or drones, has revolutionized environmental monitoring by
extending coverage across remote and hazardous ecosystems, optimizing node
energy consumption, and mitigating network transmission bottlenecks [72].

Furthermore, the ubiquitous presence of smart devices has given rise to Mobile
Crowdsensing, a paradigm that leverages the participatory power of citizens. By
utilizing the arrays of sensors embedded in commercial smartphones and wearables,
crowdsensing platforms can gather vast amounts of spatiotemporal environmental
data—such as urban air quality or noise levels—at an unprecedented scale and at a
fraction of the cost of traditional static networks [44].

Together, these technologies transform raw environmental signals into action-
able insights. By applying advanced analytics to the data harvested via CPS, WSNs,
and crowdsensing platforms, these computing methods reinforce the broader sus-
tainability agenda across the specific ecological domains detailed below.

2.2.1. Water Pollution Monitoring

Recent advances in IoT and embedded sensor networks have enabled the de-
ployment of low-cost, real-time, and distributed water quality monitoring plat-
forms [112]. These systems typically integrate multi-parameter probes capable
of measuring physical (e.g., temperature, turbidity), chemical (e.g., pH, dissolved
oxygen), and biological (e.g., bacterial content) characteristics of water. Data
collected via these sensors can be transmitted wirelessly to cloud or edge infras-
tructure for aggregation, visualization, and analysis. Open-source technologies
like Arduino and Raspberry Pi enable low-cost, flexible deployments in rural and
underdeveloped areas.

In one implementation, WSNs have been used to monitor river systems for
temporal changes in contaminant levels, enabling rapid detection of pollution events
and adaptive management responses [266]. Furthermore, the use of autonomous
surface vehicles (ASVs) and UAVs has expanded the scope of water monitoring to
inaccessible or hazardous regions, such as floodplains, stormwater runoff zones, or
industrial effluent sites [180].
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A key computational contribution in this space lies in the application of machine
learning algorithms for water quality prediction, anomaly detection, and decision
support. For example, Support Vector Machines (SVMs), random forests, and deep
learning architectures have been trained on sensor data to predict parameters like
biological oxygen demand (BOD), total suspended solids (TSS), or heavy metal
concentrations with high accuracy [329]. These models are increasingly deployed
on edge devices, reducing latency and minimizing the need for high-bandwidth
connectivity—an essential feature for remote field deployments.

Another critical area of research involves data fusion and calibration techniques.
Due to the heterogeneous nature of sensors and environmental conditions, data
normalization and quality assurance are essential for reliable decision-making.
Some studies have proposed federated learning approaches to allow collaborative
model training across multiple water monitoring sites without sharing raw data,
thus ensuring data privacy while improving model generalizability [211] [295].

Despite these advances, challenges persist. Sensor calibration drift, energy con-
straints, data loss, and limited interoperability between platforms can undermine
system reliability. Moreover, while AI models are powerful, their lack of inter-
pretability in regulatory settings can hinder adoption by environmental agencies.

Nevertheless, the integration of pervasive sensing with autonomous systems
and intelligent analytics has already begun to reshape water quality management,
enabling not just reactive interventions but predictive and preventative strategies
[195, 260]. As climate change and population growth continue to stress global
water systems, these computational approaches are poised to become indispensable
tools in sustainable water governance.

2.2.2. Air Pollution Monitoring

Traditional air-quality monitoring stations are sparse, expensive, and offer limited
spatial resolution–particularly in low and middle-income regions. To address
these limitations, sensing platforms and autonomous computing systems have
emerged as key technologies in modern air quality monitoring. These systems
leverage low–cost sensor nodes, mobile data acquisition platforms, and cloud–edge
architectures to deliver scalable and fine–grained environmental data [157] [48].
Modern air pollution sensors can detect a range of parameters–such as PM2.5,
carbon monoxide (CO), nitrogen dioxide (NO2), and volatile organic compounds
(VOCs)–while being compact, power-efficient, and suitable for fixed or mobile
deployment.

Mobile sensing platforms, including air quality sensors mounted on public
vehicles, drones, or bicycles, provide flexible, high-resolution monitoring across
urban spaces. For instance, a participatory sensing platform using mobile phones
and sensor units attached to bicycles was deployed, enabling fine-scale air pollution
mapping across city blocks [116]. Similarly, UAV-based monitoring has been used
for vertical profiling of pollutants and identifying pollution sources in industrial
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zones [160].
From a computational perspective, machine learning plays a central role in

the processing and interpretation of air quality data. Data-driven models are
used for spatial interpolation, anomaly detection, source attribution, and short-
term forecasting. U-Air, a data fusion model combining meteorological data,
traffic patterns, and urban topology with sparse sensor inputs to infer city-wide
air quality, was introduced [343]. More recently, deep learning models, including
convolutional and recurrent neural networks, have been used to model nonlinear
pollution dynamics and temporal dependencies [302].

An additional innovation lies in the use of edge computing to perform local
analytics, reducing latency and dependency on cloud infrastructure. This is particu-
larly relevant in bandwidth-constrained environments or for real-time alerting in
smart city scenarios [53]. Edge devices can perform on-site filtering, preliminary
modeling, or federated learning, maintaining privacy while enabling collaborative
air quality prediction [252].

Despite these advances, several challenges persist in ensuring data reliability.
Low-cost sensors suffer from signal drift, cross-sensitivity, and calibration issues,
necessitating robust correction techniques. Moreover, data heterogeneity and
missing values complicate model training and validation. From a deployment
standpoint, energy efficiency, network reliability, and interoperability standards
remain open research issues.

Nonetheless, the integration of pervasive sensing with intelligent and au-
tonomous computational frameworks has drastically enhanced our ability to mon-
itor and respond to air pollution threats. These technologies not only provide
visibility into hyperlocal environmental conditions but also offer predictive ca-
pabilities essential for proactive interventions, urban planning, and public health
policy.

2.2.3. Noise Pollution Monitoring

Acoustic sensors integrated with AI can distinguish between traffic, industrial, and
natural sound sources. These systems classify noise events, map spatial patterns,
and provide real-time alerts. Such smart noise mapping supports zoning regulations,
urban planning, and health impact assessments [210].

Recent developments in pervasive sensing technologies, crowdsensing plat-
forms, and autonomous monitoring systems have introduced new paradigms for
real-time, scalable noise pollution mapping. Low-cost acoustic sensors equipped
with microcontrollers and edge computing capabilities can be deployed across
urban environments to collect continuous data on sound levels and frequency
characteristics [13]. These systems offer a scalable alternative to government-
grade monitoring stations, with the added benefit of integration into smart city
infrastructures.

One of the earliest efforts in this area was the NoiseTube project [183], which
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demonstrated the feasibility of participatory noise mapping through smartphones.
Users could record ambient sound levels and upload geotagged data to a central
server, enabling the creation of crowdsourced urban noise maps. While this
approach empowered citizen science, it also raised concerns about data quality,
calibration, and privacy—challenges that persist in modern implementations.

To enhance data quality and automation, researchers have turned to dedicated
embedded sensing systems and AI-based noise classification models. For example,
WSNs have been employed to detect patterns in urban noise [248], while more
recent studies use machine learning to classify noise sources such as traffic, con-
struction, and industrial machinery [341, 56]. These models, often implemented
using Convolutional Neural Networks (CNNs), can identify noise types from acous-
tic features like Mel–frequency cepstral coefficients (MFCCs) and spectrograms.

Edge computing also plays a pivotal role in on-device noise processing, en-
abling real-time classification and anomaly detection without relying on cloud
resources. This is particularly useful in areas with limited connectivity or where
latency-sensitive applications—such as real-time alerts near schools or hospitals–
are needed [27]. Furthermore, energy-aware design in these systems ensures longer
deployment periods and reduces maintenance overhead.

Another area of interest is spatiotemporal modeling of noise exposure. Using
geostatistical techniques and AI–based inference models, researchers have created
dynamic noise maps that adapt to diurnal and seasonal patterns [311]. These tools
support urban planning, allowing policymakers to evaluate the effectiveness of
traffic calming measures, zoning regulations, or green buffer zones in reducing
noise exposure.

Despite these advances, there remain open challenges. These include devel-
oping robust calibration methods for heterogeneous sensors, ensuring long-term
durability in outdoor conditions, handling privacy concerns around audio capture,
and improving public trust in autonomous monitoring systems. Moreover, integrat-
ing noise data with multimodal urban sensing frameworks (e.g., combining air and
noise data) is still in its early stages and offers a rich direction for interdisciplinary
research.

In summary, the intersection of acoustic sensing, machine learning, and au-
tonomous systems offers promising capabilities for high-resolution noise moni-
toring. These innovations are not only critical for regulatory compliance but also
for promoting healthier, more livable urban environments through data-informed
interventions.

2.2.4. Biodiversity Monitoring

Monitoring biodiversity is crucial for understanding ecosystem health, informing
conservation strategies, and ensuring sustainable development. One of the most
significant developments in this space is the use of acoustic sensing for wildlife
monitoring, particularly in forest, wetland, and marine environments. Passive
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acoustic monitoring (PAM) systems equipped with microphones or hydrophones
are capable of detecting and recording vocalizations from birds, amphibians, bats,
whales, and insects. These data streams, when processed with machine learning
algorithms, can be used to detect species presence, behavior patterns, and even
population dynamics [276] [9].

Advanced bioacoustic classification models, often built on convolutional or
recurrent neural networks, are trained on spectrograms derived from recorded audio
to identify species or events of interest. For instance, Stowell et al. demonstrated
the use of CNNs to identify bird species in noisy, real-world acoustic environments
[276]. Similarly, marine research has leveraged underwater acoustic sensors
combined with unsupervised learning to detect cetacean activity over extended
timeframes [173].

Beyond acoustics, camera-based systems—including motion-activated trail
cameras and drones equipped with thermal or RGB cameras–have expanded ob-
servational capacity. UAVs are increasingly used for aerial biodiversity surveys,
offering advantages in terms of spatial coverage and access to hard-to-reach habi-
tats [151]. These platforms, when integrated with computer vision and object
detection algorithms, can automatically identify species or detect changes in vege-
tation and land use [150].

From a systems perspective, edge computing and sensor fusion are critical for
deploying biodiversity monitoring at scale. For example, autonomous sensor nodes
deployed in rainforests or marine environments must operate under strict energy
and connectivity constraints. Techniques such as adaptive sampling, energy-aware
scheduling, and onboard inference (e.g., detecting only target species) allow for
sustainable, long-term deployments [226].

Despite these innovations, key challenges remain in data quality, generaliza-
tion of AI models across ecosystems, and integration of heterogeneous sensing
modalities. Furthermore, ethical considerations related to wildlife disturbance, data
privacy (especially with camera traps), and the digital divide in the deployment of
conservation technology must be carefully addressed.

Nevertheless, the integration of pervasive computing, AI, and autonomous
robotics is revolutionizing biodiversity monitoring. These tools offer unprece-
dented capabilities for real-time, non-invasive, and large-scale environmental
assessment—contributing meaningfully to the global efforts for ecological sustain-
ability.

2.3. Challenges in Environmental Sustainability Monitoring

Despite significant advances in sensor technologies, data analytics, and autonomous
systems, there remain critical challenges to achieving reliable, large-scale, and
sustainable environmental monitoring. These challenges are multifaceted–spanning
technical, operational, regulatory, and social dimensions. To provide a structured
overview of these interconnected issues, Table 3 synthesizes the key challenge
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Challenge
Category Key Issues Primary Impact

Technical Sensor drift, environmental noise,
lack of standardized hardware/protocols.

Unreliable data collection and
difficult integration across platforms.

Scalability Logistical and financial hurdles
across large urban or remote ecosystems.

Restricts the geographic scope and
density of sensor deployments.

Data Collection Inconsistent data quality, gaps, and lack
of adaptive sampling mechanisms.

Reduces the effectiveness of predictive
models and data analysis.

Energy Limited power sources in remote areas,
weather-dependent energy harvesting.

Constrains sampling frequency,
data fidelity, and operational lifespan.

Deployment
Physical degradation (UV, biofouling),
complex terrains, need for rapid
mobilization.

Increases maintenance costs,
deployment risks, and limits response
times.

Connectivity
Signal attenuation (foliage, topography),
high cost of satellite IoT, heterogeneous
routing.

Causes intermittent data transmission
and delays real-time monitoring.

Data Processing Cloud latency, edge/fog software complexity,
"black-box" AI interpretability.

Hinders real-time decision-making and
trust among domain experts.

Regulatory
Data privacy (GDPR), transboundary
jurisdictional conflicts, lack of calibration
standards.

Complicates legal compliance and renders
data inadmissible for policy enforcement.

Societal Misaligned institutional priorities, funding
disparities, varying technical literacy.

Delays system adoption and complicates
community engagement (e.g., citizen science).

Table 3: Summary of key challenges in environmental sustainability monitoring

categories, their primary constraints, and their overall impact on monitoring efforts.
The remainder of this section categorizes and discusses each of these challenges in
detail as they are encountered in current environmental sensing systems.

2.3.1. Technical Challenges

Several studies have underscored these limitations in sensor performance and
integration. For example, Environmental noise and harsh conditions have been
shown to degrade sensor accuracy over time [179, 169]. Efforts to standardize
hardware interfaces have also been slow to gain global adoption [342].

Environmental sensors deployed in real-world settings often face harsh and vari-
able conditions that can affect performance. Issues such as sensor calibration drift,
environmental noise interference, and limited precision under extreme weather can
lead to unreliable data collection. In addition, the lack of standardized hardware
and communication protocols makes integration between platforms more difficult.

2.3.2. Scalability Challenges

The logistical complexity of scaling sensor networks in urban environments has
been discussed [314], and the challenges faced by autonomous systems due to
terrain and energy limits have also been highlighted [318].

Scaling environmental monitoring systems across cities, regions, or ecosystems
presents logistical and financial hurdles. Deploying, maintaining, and upgrading
large numbers of sensing units requires extensive planning and coordination. Geo-
graphic barriers, remote locations, and environmental fragility further complicate
deployment. Autonomous platforms like UAVs and Autonomous ground vehicles
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(AGVs) offer partial solutions but are still limited by battery life, payload capacity,
and navigation constraints.

2.3.3. Data Collection Challenges

Federated learning techniques have been explored to mitigate issues arising from
incomplete or noisy datasets, demonstrating improvements in distributed water
quality monitoring [234, 200].

Environmental sensors generate vast amounts of data, which often contain gaps,
noise, and inconsistencies due to power failures, sensor damage, or transmission
issues. Ensuring consistent data quality across time and space is difficult. Moreover,
many monitoring systems lack mechanisms for adaptive sampling, which would
allow more efficient use of bandwidth and energy by collecting only significant or
anomalous data.

2.3.4. Energy Challenges

Energy limitations remain a critical bottleneck, particularly in forested or underwa-
ter environments, as shown in the work of [308].

Many sensing systems are deployed in remote or hard-to-access environments
where power sources are limited or unavailable. Although solar energy and other
energy-harvesting methods are increasingly used, their effectiveness is constrained
by weather, device size, and efficiency. Energy-aware scheduling and low-power
communication protocols are required, but these often come at the expense of
sampling frequency or data fidelity. These severe energy constraints are further
compounded by the physical realities of placing and maintaining these sensors in
the field.

2.3.5. Deployment Challenges

Environmental monitoring systems must be robust enough to survive variable
climates, vandalism, or wildlife interference [35]. Beyond extreme weather, the
physical degradation of sensor housings due to UV exposure, biofouling in aquatic
environments, and corrosive coastal air significantly limits deployment lifespans
[217, 65]. The logistical effort of deploying and retrieving devices in remote,
underwater, or mountainous environments can be substantial, often requiring
specialized equipment, vehicles, and trained personnel. Furthermore, access to
complex topological terrains, such as dense forest canopies or deep marine trenches,
adds both risk and cost to the deployment phase [76]. Additionally, real-time
deployment in response to sudden events–like wildfires or floods–requires rapid
mobilization capabilities and pre-established coordination among stakeholders,
which is frequently hindered by a lack of accessible deployment routes or safe
zones [268]. Even when physical deployment is successful, retrieving the gathered
information continuously and reliably presents its own set of hurdles.
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2.3.6. Connectivity Challenges

Reliable connectivity is essential for real-time data transmission and remote man-
agement of sensing systems. However, many target areas for environmental
monitoring–such as rural communities, dense forest reserves, and open oceans–lack
adequate cellular or broadband network infrastructure. Long-range, low-power
protocols like LoRaWAN [117], Sigfox, and NB-IoT help bridge the gap for low-
bandwidth applications, but they frequently struggle with signal attenuation caused
by dense foliage, complex topography, and adverse weather conditions [67, 225].
While satellite communication systems provide global coverage for highly remote
nodes, they remain prohibitively expensive and energy-intensive for continuous,
high-frequency data streams [230]. Furthermore, integrating these heterogeneous
communication protocols into a seamless, reliable network architecture presents
significant routing and synchronization challenges, particularly when node connec-
tions are intermittent to conserve power [29]. Once the data successfully navigates
these constrained communication channels, it must be ingested and analyzed,
introducing significant computational hurdles.

2.3.7. Data Processing and Interpretation Challenges

The difficulties in interpreting black-box machine learning models in ecological
applications, as well as the challenges of generalizing deep learning models across
varied environments, have been outlined and emphasized in recent studies [143,
11].

The processing of high-volume, heterogeneous data from diverse sensors poses
serious computational challenges. Traditional centralized cloud computing ap-
proaches often struggle with latency and scalability. While edge and fog computing
offer localized processing, these approaches introduce complexity in software archi-
tecture, model deployment, and device coordination. Moreover, AI models trained
on specific datasets may not generalize well across diverse ecosystems, and their
black-box nature often hinders interpretability and trust among domain experts and
policymakers. Beyond the technical difficulties of processing and interpreting this
data, managing and storing it introduces complex legal considerations.

2.3.8. Regulatory and Compliance Challenges

Environmental monitoring systems must comply with a growing and often frag-
mented set of regulatory requirements [35]. These include stringent data privacy
laws, such as the General Data Protection Regulation (GDPR), which complicate
the deployment of camera or acoustic sensors in areas where human subjects might
be inadvertently recorded or surveilled [203]. Additionally, cross-border environ-
mental monitoring—such as tracking water quality in rivers that span multiple
countries—introduces jurisdictional conflicts and requires harmonized legal frame-
works that are often entirely absent [50]. In many regions, there is also a distinct
lack of standardized certification for low-cost sensor calibration; consequently, the
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collected data is frequently deemed legally inadmissible for enforcing environmen-
tal policies or industry compliance [189]. Finally, balancing open-data initiatives
with the need to protect sensitive ecological information, such as the exact locations
of endangered species or valuable natural resources, poses a significant ethical and
regulatory dilemma for researchers and policymakers alike [38]. These legal and
regulatory bottlenecks are often reflective of broader societal friction and a lack of
unified institutional goals.

2.3.9. Societal and Institutional Barriers

Adoption of advanced environmental monitoring systems often requires alignment
between governments, private entities, researchers, and local communities [108].
Differences in priorities, funding mechanisms, and technical literacy can delay or
obstruct deployment. Citizen science initiatives have attempted to bridge these
gaps, but ensuring data reliability and community engagement remains an ongoing
challenge.

Together, these challenges highlight the need for a multipronged approach
involving robust hardware design, adaptive software systems, interdisciplinary
collaboration, and supportive policy frameworks. Overcoming them will be key to
unlocking the full potential of pervasive sensing and autonomous systems in the
service of environmental sustainability.

2.4. Defining Pervasive Sensing, Sensors, and Autonomous
Technologies

Building upon the preceding discussion on the limitations of traditional environ-
mental monitoring and the imperative to shift towards a proactive management
paradigm, we now arrive at the core technologies that enable this transformation.
This section delves into the components of the modern framework that moves us
from sporadic, reactive analysis to continuous, automated insight.

Pervasive sensing forms the philosophical and technological foundation for
autonomous environmental monitoring. This section introduces the key compo-
nents of this emerging ecosystem, providing the practical tools to overcome the
challenges outlined previously.

2.4.1. Pervasive Sensing: The Foundational Philosophy

Pervasive sensing is the ubiquitous deployment of interconnected sensors that
continuously monitor environmental conditions. These networks form a cyber-
physical interface between ecosystems and digital management tools, facilitating
seamless feedback and control loops.

At the heart of this new approach is pervasive sensing (also called ubiquitous
sensing). This concept directly addresses the shortcomings of sparse, manual
data collection by envisioning a world where low-cost, interconnected sensors are
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seamlessly integrated into the physical environment. The goal is to create a "digital
skin for planet earth" [236], providing a fine-grained, live feed of environmental
data.

Ubiquitous deployment is the solution to the problem of insufficient data cov-
erage. Instead of select sampling points, sensors are distributed densely across
forests, watersheds, or urban centers to achieve high-resolution spatial and tempo-
ral monitoring [98]. Novel approaches even propose using existing infrastructure,
such as public transport or micromobility vehicles, as mobile sensing platforms to
pervasively collect data in cities [90] [6].

Cyber-Physical Interface describes the critical link this creates. These systems
merge the physical world (ecosystems) with computational algorithms (the cy-
ber world). The sensors act as the bridge, translating physical phenomena (e.g.,
temperature) into digital data.

Seamless feedback and control loops represents the shift from a passive, data-
gathering role to an active management one. Unlike traditional methods where data
analysis can lag for weeks, this system enables real-time, automated action. For
instance, soil moisture data can automatically trigger a targeted irrigation system.
This moves beyond monitoring toward mitigation, connecting sensor data directly
with civic engagement and remedial action [75].

Embedded networked sensing provides the foundation for using such networks
in large-scale environmental monitoring [83]. More recent research explores how
low-cost sensing improves awareness of pollutants and environmental sustainability
challenges by increasing the coverage and resolution of available information [350].

2.4.2. The Senses of the System: Types of Sensors

The pervasive sensing network derives its power from a diverse array of specialized
sensors, each acting as a digital sense organ. The history of remote sensing has
seen the development of numerous sensors for mapping and data acquisition [191].
These are the tools that translate the physical world into actionable data:

Thermal Sensors: These detect infrared radiation to create heat maps. They are
instrumental in overcoming the limitations of visual observation for early forest fire
detection by identifying hotspots before a fire is visible. This technology enables a
preemptive response that was previously impossible [193]. Combined with optical
sensing, thermal data can also be used in novel ways, such as identifying plastic
litter based on thermal dissipation patterns.

Light Sensors: By measuring solar radiation, these sensors provide the granular
data needed for optimal renewable energy planning. In ecology, they quantify the
impact of artificial light pollution, a modern environmental stressor that traditional
observation struggles to measure effectively [99].

Gas Sensors: To move beyond infrequent, localized air quality checks, net-
works of gas sensors can provide a real-time city-wide map of pollutants. Recent
advances include multispectral nondispersive infrared (NDIR) sensors that can
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simultaneously detect methane (CH4) and compensate for the presence of wa-
ter vapor, significantly improving accuracy for greenhouse gas monitoring [100].
This continuous data stream empowers regulators to enforce air quality standards
dynamically (Snyder et al., 2013).

Acoustic Sensors: In the field of bioacoustics, these sensors allow for non-
invasive, continuous wildlife monitoring. By capturing and analyzing animal calls,
they can track biodiversity and migration patterns on a scale and duration that
human field researchers could never achieve [280].

Biosensors: These highly specific sensors use biological components to detect
chemical signatures. They represent a significant leap forward for water quality
monitoring, providing immediate alerts for pollutants, toxins, or pathogens [347].
For example, the SEAGULL project uses a light-based sensing solution to classify
underwater plastic debris in-situ, removing the need for lab analysis [92] [95].

2.4.3. Scalable Deployment and Intelligent Processing: Autonomous
Technologies

To overcome the logistical challenges and physical dangers associated with manual
data collection in remote or hazardous areas, this framework relies on autonomous
platforms equipped with the sensors described above. Comprehensive reviews
highlight the cooperation between terrestrial WSNs, crowdsensing, and UAVs as
the future of large-scale environmental monitoring [86].

Mobile Platforms (Drones, Autonomous underwater vehicles (AGVs), Robots):
These platforms make monitoring scalable and dynamic. Unlike fixed stations,
they can be deployed on demand to a specific event or programmed to cover
vast, hard-to-access zones. For instance, drones with hyperspectral sensors are
being developed to detect aquatic microplastic pollution over wide areas, a task
impossible with fixed sensors [49].Similarly, the integration of thermal sensors and
computer vision onto ground drones for autonomous plastic litter monitoring has
been demonstrated [186, 333].

Fog and Edge Computing: A key innovation that makes this high-volume, real-
time data stream manageable is the integration of fog and edge computing. This
represents a departure from traditional, centralized data processing models. Edge
Computing places processing power directly on or near the autonomous device.
A drone analyzing hyperspectral data can perform initial classification onboard,
sending back only relevant threat data instead of terabytes of raw information [122].
Fog Computing acts as an intermediate layer, processing data from a group of
sensors locally before sending a summary to the cloud [123]. This decentralized
approach is crucial for reducing latency, saving bandwidth, and ensuring a truly
responsive system, especially in areas with poor connectivity [262].
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Layer Primary Roles Enhanced Details

Sensing Layer
Physical acquisition of environmental
variables (e.g., temperature, pollutants,
water quality, noise).

Networks encompass fixed, mobile,
and wearable sensors; employ time sync,
self-diagnosis, modular design for durability.

Edge
Computing
Layer

On-device data validation, preprocessing,
event detection, and rapid autonomous
response.

Performs anomaly detection, thresholding,
compression and privacy filtering prior to
network transmission.

Network/
Communication
Layer

Bidirectional, secure, and adaptive data
transfer across the entire topology.

Multi-modal (LoRaWAN, LTE, Wi-Fi, mesh, satellite),
robust against failures, uses encryption and
self-healing protocols.

Fog Computing
Layer

Intermediate data aggregation, local
network processing, and localized load balancing.

Clusters coordinate multiple edge
sensors, manage short-term data buffering,
and execute complex localized decision-making.

Cloud Computing
Layer

Centralized integration, scalable analytics,
historic data storage, and cross-system
orchestration.

Advanced AI/ML for pattern recognition,
cross-domain environmental fusion,
and open APIs for third-party integration.

Application Layer
User-facing decision support, visualization
dashboards, alerts, and system control
interfaces.

Custom dashboards per user group,
real-time mobile/app notifications,
AI-driven recommendations and collaborative tools.

Table 4: Computing Layers in Sensor-Based Environmental Monitoring

2.4.4. Integration of Computing Layers in Sensor-Based
Environmental Monitoring

The transformation from conventional to next-generation environmental monitoring
hinges on the integration of multiple computing layers within a unified ecosystem.
This layered architecture is fundamental for collecting, processing, transmitting,
analyzing, and operationalizing environmental data, supporting high-resolution,
real-time, and actionable insights required for proactive management.

The computing layers architecture interconnects physical sensors, localized
on-device computation, intermediate local networks, centralized cloud analytics,
and end-user interfaces. By distributing intelligence from field-deployed sensor
nodes all the way to the cloud, this approach maximizes data quality, respon-
siveness, scalability, and decision support [126]. Each layer plays a distinct yet
interdependent role, allowing the entire system to function smoothly even as data
volumes and heterogeneity grow, as shown in Table 4. . To resolve ambiguities
between localized and localized-network computing, the architecture explicitly
distinguishes between edge and fog paradigms. The detailed layered description,
aligned with Figure 2, is outlined below:
Sensing Layer: Ensures robust, continuous acquisition of high-granularity envi-
ronmental data. Modularity allows the addition or replacement of sensors. Time
synchronization enables precise correlation across sites. Health-status self-reports
aid maintenance and ensure data reliability under harsh environmental conditions.
Edge Computing Layer: Resides directly on or immediately adjacent to the
sensing hardware. Many modern environmental sensing devices now possess
sufficient microprocessing capabilities to act as edge devices themselves. This
layer reduces latency by performing immediate, on-device data validation (e.g.,
removing outliers, checking integrity), compressing data, and applying privacy
filters before any network transmission occurs. Near-sensor processing enables the
rapid detection of acute emergencies (such as a sudden pollution spike) and can
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Figure 2: Computing layers in sensor-based environmental monitoring.

autonomously trigger immediate local interventions.
Network Communication Layer: Connects the distributed edge devices to local
gateways and the broader internet. It employs hybrid communication protocols
(combining LoRaWAN, mesh networking, cellular, and satellite) to ensure reliable,
redundant, and secure transmissions. This is crucial for resilience in both urban and
remote deployments. Self-healing protocols reroute data when nodes fail, while
encryption ensures data privacy.
Fog Computing Layer: Operates at the local or regional network edge (e.g.,
smart gateways, local routers, or micro-clouds), serving as an intermediate bridge
between the device-level edge and the centralized cloud. While edge computing
is inherently device-specific, fog computing aggregates, filters, and processes
data from multiple edge nodes within a specific geographic area. It manages
localized load balancing, short-term data buffering during wider network outages,
and complex localized decision-making that requires context from several nearby
sensors.
Cloud Computing Layer: Provides the compute resources to archive vast multi-
modal datasets. It runs advanced analytics (including deep learning for forecasting
and anomaly detection), and deliver insights through application programming
interface (API)s. Centralization ensures cross-domain system integration (air,
water, biodiversity) and historical comparison, while also enabling rapid scaling.
Application Layer: Offers tailored dashboards, real-time notifications, and ad-
vanced AI-driven recommendations. End-users range from policy makers (who
need high-level summaries and trend analysis), to scientists (requiring granular
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data and query tools), and the public (who receive alerts or participate in citizen
science efforts). Application interfaces can also send commands back down the
stack for remote system configuration or event-driven responses.

This multilayered computing integration is the digital backbone of modern
environmental intelligence. It ensures that data flows seamlessly from the physical
environment through advanced distributed analytics to actionable information –
empowering rapid detection, comprehensive insight, and robust decision-making
for proactive stewardship.

2.4.5. The Path Forward: An Integrated and Responsive Framework

Together, these above technologies and sensors provide a modular, responsive, and
decentralized framework for continuous environmental insight. This framework is
not merely a technological upgrade; it is the practical implementation of the proac-
tive and predictive paradigm called for in the preceding sections. By overcoming
the core limitations of traditional methods, this integrated system of pervasive
sensors and autonomous technologies provides the continuous, high-resolution
insight necessary for effective environmental sustainability as shown in Figure 3.
The figure illustrates how pervasive sensing and autonomous solutions operate
collaboratively across terrestrial and aquatic ecosystems. Underwater micro-clouds
monitor coral reefs, fish biodiversity, and oil pipelines in real time, while AGVs
equipped with thermal and light sensors detect litter and pollution. Drones and
IoT-enabled waste management systems enhance monitoring above water, ensur-
ing early detection, rapid response, and predictive management of environmental
challenges such as plastic pollution, reef degradation, and industrial spillage.

2.5. Opportunities and Challenges of Sensor-Based
Environmental Monitoring

The pervasive sensor systems detailed in the previous section hold enormous
potential to revolutionize environmental monitoring. By shifting from a reactive
to a proactive model, this technological framework offers transformative benefits.
However, realizing this potential requires a clear-eyed acknowledgment of the
practical challenges that must be addressed for widespread, reliable deployment.

2.5.1. Opportunities and Benefits

Affordability and Democratization: Low-cost sensors democratize access to
data collection, especially in low-income and rural areas. The proliferation of
micro-electro-mechanical systems (MEMS) and advances in manufacturing have
drastically reduced the cost of environmental sensors. This affordability democ-
ratizes data collection, moving it from the exclusive domain of well-funded gov-
ernment agencies and research institutions into the hands of community groups,
small municipalities, farmers, and even individuals. This is particularly impactful
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Figure 3: Integration of pervasive sensing and autonomous solutions for environ-
mental sustainability – highlighting underwater monitoring for reef, biodiversity
monitoring; AGVs for pollution and litter detection, and aerial/terrestrial systems
for waste management and deforestation monitoring.

in low-income and rural regions that have historically been data deserts. For
example, community-led initiatives can deploy networks of affordable air quality
sensors to gather hyperlocal evidence of pollution, empowering them to advocate
for policy change with data-driven arguments. The use of low-cost sensors for
air quality monitoring has been reviewed, highlighting their role in citizen sci-
ence and supplementing official monitoring networks, especially in developing
countries [142].

Real-Time Insight and Proactive Response: Continuous data streams enable
early warning systems and proactive responses. Unlike traditional monitoring,
which often involves manual sample collection followed by lab analysis with
significant time delays, pervasive sensor networks provide a continuous, high-
frequency stream of data. This enables the creation of sophisticated early warning
systems. For instance, a network of acoustic and seismic sensors near a volcano can
detect subtle changes in gas emissions or ground tremors that precede an eruption,
providing critical hours or days for evacuation [190]. This moves environmental
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management from a post-event forensic analysis to a proactive, preventative posture,
allowing for interventions before a situation escalates into a full-blown disaster.
The concept of real-time monitoring for disaster mitigation is well-established.
The development of real-time streamflow and water-quality monitoring networks
for early flood warnings and contaminant detection has been detailed, showcasing
the shift from reactive to proactive water resource management [205].

Scalability and Modularity: Modular sensor networks can be expanded in-
crementally based on geographic or budgetary constraints. Pervasive sensing
frameworks are inherently modular. A monitoring project does not require a mas-
sive, one-time investment to cover an entire region. Instead, organizations can
deploy a small pilot network in a critical area and then scale it incrementally.
For example, a conservation group could begin by monitoring a single river for
agricultural runoff and, as funding or needs grow, expand the network to cover the
entire watershed, adding different sensor types as required. This architectural flexi-
bility allows for adaptive deployment that can evolve with changing environmental
priorities and budgetary realities. The architectural principles of WSNs inherently
support scalability. A foundational survey on WSNs discusses how their multi-hop
communication protocols and distributed nature allow for the flexible and scalable
addition of new sensor nodes [307].

2.5.2. Limitations and Challenges

However, to deploy these systems effectively, their current limitations must be
acknowledged and managed.

Sensor Accuracy and Calibration: Low-cost sensors may suffer from calibra-
tion issues. There is often a trade-off between cost and accuracy. While low-cost
sensors are excellent for indicating trends and identifying hotspots, they can suffer
from calibration drift, where their accuracy degrades over time due to aging and
environmental exposure. They can also exhibit cross-sensitivity; for instanace, a
gas sensor’s reading being affected by humidity and thermal sensors need frequent
recalibration due to drift issues [298]. Without regular co-location and calibration
against more expensive, reference-grade instruments, the data from low-cost sen-
sors can be misleading, potentially leading to false alarms or missed events and
eroding public trust in the technology. A comprehensive analysis of the challenges
in deploying low-cost air pollution sensors emphasizes the critical need for robust
calibration protocols, data quality control, and field performance evaluation to
ensure data reliability [202].

Durability and Maintenance in Harsh Environments: Harsh environments
can degrade sensor performance over time. Environmental sensors are, by defi-
nition, deployed in the environment, where they are exposed to harsh conditions.
Extreme temperatures, high humidity, corrosive salt spray, dust, and physical
impacts can cause rapid degradation. In aquatic environments, biofouling–the
accumulation of microorganisms, algae, and plants on the sensor surface–can
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quickly render optical and chemical sensors useless. Furthermore, maintaining a
reliable power supply for hundreds or thousands of remote nodes remains a signifi-
cant logistical challenge, requiring robust batteries or effective energy harvesting
solutions (e.g., solar). The challenge of biofouling is a major focus in marine
sensing. The state-of-the-art in anti-fouling strategies for marine sensors has been
extensively reviewed, highlighting the critical impact of durability on the long-term
operational cost and data quality of ocean observation systems [66].

Data Interoperability and Integration: Integrating data across different plat-
forms and sensors is still challenging. A key vision of pervasive sensing is to
create a holistic environmental picture by fusing data from many different sources.
However, the current IoT landscape is highly fragmented. Different sensor manu-
facturers use proprietary communication protocols, data formats, and APIs. This
lack of standardization creates data silos, making it extremely difficult to integrate
data from a water quality network made by Company A with an air quality net-
work from Company B. Overcoming this requires significant effort in developing
data middleware or adhering to emerging interoperability standards. The Open
Geospatial Consortium (OGC) has been actively working to solve this problem.
Their SensorThings API standard is designed to provide an open, unified way to
interconnect IoT devices, data, and applications over the web. The OGC Sensor-
Things API has been introduced as an interoperable, geospatially-aware framework
for the Internet of Things, directly addressing this challenge [69].

2.6. Case Studies: Real-World Applications and Impact
Assessment

While the specific technical contributions of this thesis focus on material iden-
tification, autonomous plastic monitoring, and providing COTS computing in-
frastructure, it is crucial to first examine the broader landscape of environmental
monitoring. The following case studies–spanning indoor air quality, agricultural
water management, marine pollution, and acoustic wildlife tracking – are presented
to illustrate the foundational role and proven impact of sensing across diverse
ecosystems. More importantly, these varied domains expose universal technical
bottlenecks: the reliance on static sensor networks, the struggle with heavy data
transmission, and the need for sophisticated, localized edge computing. By analyz-
ing these cross-domain applications, this section establishes the universal baseline
challenges that necessitate the advanced, autonomous, and fog-enabled solutions
(MIDAS, LIZARD, and Micro-clouds) developed in subsequent chapters.

2.6.1. Air Quality Monitoring: Community-Based Indoor Air Quality
System

Case Study: IoT-Based Indoor Air Quality Monitoring for Behavioral Change
Proposed System: An IoT-based indoor air quality monitoring system designed

to raise awareness and drive behavioral change in households regarding indoor
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pollution sources. The system integrated multiple sensors to monitor PM2.5, CO2,
VOCs, and other indoor pollutants [161].

Technical Implementation: The system deployed wireless sensor networks
throughout residential spaces, capturing real-time data on various indoor air quality
parameters. Data was transmitted via cellular networks and processed using the
COM–B (Capability, Opportunity, Motivation-Behavior) model to translate sensor
readings into actionable behavioral insights for residents.

Results: The system successfully identified specific indoor activities that caused
pollution spikes and provided personalized recommendations to households. Par-
ticipants demonstrated measurable improvements in indoor air quality through
modified behaviors around cooking, cleaning, and ventilation practices.

Sustainability Impact: This approach addresses the often-overlooked challenge
of indoor air pollution, which affects vulnerable populations including children and
elderly. By empowering households with real-time data and actionable insights,
the system promotes healthier living environments. However, its reliance on static,
fixed-location sensors highlights the spatial limitations of traditional monitoring,
underscoring the need for the mobile, autonomous sensing paradigms explored
later in this thesis.

2.6.2. Water Quality Monitoring: Precision Agriculture Water
Management

Case Study: Smart Irrigation Systems with Multi-Parameter Water Quality
Sensors

Proposed System: Deployment of comprehensive water quality monitoring
networks in agricultural settings, integrating pH, dissolved oxygen, turbidity,
and nutrient sensors to optimize irrigation water management and protect soil
health [115].

Technical Implementation: The system utilized wireless sensor networks de-
ployed across irrigation channels and groundwater sources. Sensors continuously
monitored water quality parameters affecting crop health and soil sustainability.
Edge computing nodes processed data locally to trigger automated irrigation ad-
justments based on water quality thresholds. Results: The monitoring system
enabled precise water quality management, reducing fertilizer runoff by 30% while
maintaining crop yields. Real-time detection of contamination events prevented
soil degradation and protected groundwater resources.

Sustainability Impact: This approach directly supports sustainable agriculture
by preventing soil acidification, reducing chemical runoff into waterways, and
optimizing water resource utilization. The system contributes to long-term soil
health preservation and sustainable farming practices. However, the system’s
reliance on edge computing to trigger automated local responses demonstrates
the vital necessity of localized data processing–a concept that must be radically
adapted for extreme environments, as addressed by the Micro-clouds.
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2.6.3. Environmental Plastic Monitoring: From Traditional
Assessment to Autonomous Marine Systems

Case Study: Evolution from Traditional Protocol- Based Monitoring to Au-
tonomous Marine Plastic Debris Monitoring Systems

Proposed System: The integration of traditional monitoring protocols [246]
with modern technologies has aided in the development of large-scale autonomous
marine pollution monitoring systems that leverage IoT technologies, AGVs, and
edge computing to create scalable, continuous marine pollution assessment net-
works [91].

Technical Implementation: The autonomous monitoring framework integrates
multiple technologies – Autonomous Platforms such as AGVs and ASVs equipped
with advanced sensors, IoT Integration involving connected sensor networks en-
abling real-time data transmission and processing, edge Computing for onboard
processing capabilities for immediate data analysis and decision-making, scalable
Architecture due to modular system design and multi-modal sensing involving
integration of optical, acoustic, and chemical sensors for comprehensive pollution
detection.

Results: The autonomous monitoring systems demonstrated the capability to
provide continuous, large-scale surveillance of marine environments with minimal
human intervention. These systems achieved broader spatial coverage, higher
temporal resolution, and more cost-effective monitoring compared to traditional
vessel-based approaches.

Sustainability Impact: The combination of traditional monitoring protocols with
autonomous technologies creates a comprehensive marine pollution monitoring
ecosystem that supports both scientific research and operational environmental
management. This integrated approach enables proactive marine conservation
strategies, supports international environmental agreements, and provides the
continuous data streams necessary for adaptive ocean management. This specific
evolution toward multimodal sensing and autonomous platforms forms the direct
technological baseline for LIZARD and MIDAS systems proposed in this thesis.

2.6.4. Wildlife Monitoring: AI-Enhanced Acoustic Biodiversity
Assessment Networks

Case Study: Systematic Review of Artificial Intelligence in Acoustic Wildlife
Monitoring

Proposed System: A comprehensive analysis of artificial intelligence applica-
tions in acoustic wildlife monitoring, examining the evolution and effectiveness of
AI tools and techniques for non-invasive biodiversity assessment across diverse
ecosystems [259].

Technical Implementation: The systematic review analyzed 54 research works
published between 2015 and March 2022, focusing on AI applications in wildlife
acoustic monitoring. The methodology examined algorithm performance through
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comparative analysis of various AI techniques including CNNs, machine learning
classifiers, and deep learning approaches. The research assessed species coverage
across different taxonomic groups, with particular focus on avian and mammalian
species. Data processing evaluation included spectrogram-based analysis, pattern
recognition, and automated classification systems, while deployment strategies
analyzed sensor network configurations and data collection methodologies.

Results: The review revealed significant trends in AI-enhanced acoustic monitor-
ing, showing exponential growth in AI utilization for wildlife acoustic monitoring
over the study period from 2015 to 2022. The species focus demonstrated that
birds represented the largest monitoring category with 26 studies, followed by
mammals with 12 studies, demonstrating the effectiveness of acoustic monitor-
ing for vocal species. Algorithm superiority analysis showed that Convolutional
Neural Networks emerged as the most commonly used and effective AI algorithm,
demonstrating superior accuracy compared to traditional categorization methods.
Performance enhancement results indicated that AI techniques showed marked
improvement over manual and semi-automated detection methods, enabling large-
scale, continuous monitoring capabilities.

Sustainability Impact: AI-enhanced acoustic monitoring revolutionizes wildlife
research by enabling non-invasive, continuous monitoring over vast areas with
24/7 coverage, supporting comprehensive biodiversity assessment, population
tracking, ecosystem health evaluation, and anti-poaching efforts. The technology
facilitates real-time detection of environmental changes and illegal activities while
enabling automated analysis of massive acoustic datasets that would be impossi-
ble to process manually. Future development focuses on improving AI models
for complex environments, expanding coverage beyond birds and mammals, and
integrating with other sensor networks to create comprehensive ecosystem mon-
itoring systems that support both conservation research and operational wildlife
management at scale. The heavy computational burden of running these CNNs on
continuous acoustic streams further emphasizes the need for resilient, high-capacity
fog computing architectures in remote ecosystems.

2.6.5. Cross-Domain Analysis: Integrated Environmental Monitoring
Framework

Synergistic Benefits: The integration of diverse sensor networks across air quality,
water quality, plastic pollution, and wildlife monitoring creates powerful synergis-
tic effects that exceed individual systems. Multi-parameter insights from combined
monitoring provide comprehensive ecosystem health assessments revealing inter-
connections between atmospheric conditions, aquatic systems, pollution sources,
and biodiversity patterns. Integrated sensors enable early warning capabilities that
detect cascading environmental impacts, such as how air pollution affects water
quality or plastic contamination influences wildlife behavior. Resource optimiza-
tion through shared infrastructure and data processing reduces deployment costs
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across monitoring domains, while comprehensive environmental data supports
evidence-based policy development and regulatory enforcement.

Sustainability Outcomes: The integrated monitoring framework delivers trans-
formative sustainability outcomes addressing environmental challenges at multiple
scales. Ecosystem protection benefits from holistic monitoring that enables protec-
tion of interconnected environmental systems requiring coordinated management
approaches. Early detection capabilities support proactive rather than reactive
conservation strategies, enabling intervention before environmental degradation
reaches critical thresholds. Accessible monitoring technologies empower local
communities to participate in environmental stewardship, democratizing access to
environmental data. Scientific advancement accelerates through high-resolution,
multi-domain data supporting climate research and environmental modeling, pro-
viding researchers with unprecedented datasets for understanding complex envi-
ronmental processes and developing predictive models for sustainable resource
management. Ultimately, overcoming the siloed nature of these domains requires
the exact convergence of innovative sensing, autonomous deployment, and decen-
tralized computing that this thesis seeks to advance.

2.7. Summary

The growing integration of sensor technology, cloud/edge computing, and au-
tonomous systems opens new frontiers in environmental sustainability. Existing
environmental monitoring systems are fundamentally limited by prohibitive costs,
sparse spatial coverage, and delayed responsiveness that render them inadequate for
addressing contemporary environmental challenges at the scale and speed required.
Pervasive sensing offers a transformative shift by enhancing scalability through
modular deployment strategies, improving affordability via low-cost sensor de-
mocratization, and enabling real-time insight through continuous data streams that
support proactive rather than reactive environmental management.

This literature review has comprehensively explored the multifaceted landscape
of sensor-based environmental monitoring across five critical dimensions. The
ecological domains under threat encompass air quality degradation in urban envi-
ronments, water quality deterioration in agricultural and marine systems, plastic
pollution contamination across terrestrial and aquatic ecosystems, and biodiversity
loss requiring non-invasive wildlife monitoring solutions. Computing methods
tailored to these threats include edge and fog computing architectures that enable
local data processing, artificial intelligence algorithms for automated pattern recog-
nition and species identification, and cyber-physical systems that create seamless
interfaces between natural ecosystems and digital management tools.

The technological and systemic challenges reveal a complex landscape where
sensor accuracy and calibration issues must be balanced against cost-effectiveness,
where environmental durability requirements conflict with deployment scalability,
and where data interoperability problems hinder the integration of multi-vendor
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sensing networks. Definitions and taxonomy of relevant technologies established
the foundational framework of pervasive sensing as ubiquitous sensor deployment,
categorized sensor types including thermal, light, gas, acoustic, and biosensors, and
autonomous platforms encompassing drones, AGVs, and mobile robots equipped
with intelligent processing capabilities.

Real-world examples and opportunities demonstrated the practical viability
of these technologies through diverse case studies spanning community-based
indoor air quality systems that drive behavioral change, precision agriculture water
management networks that optimize resource utilization, marine plastic debris
monitoring systems that evolved from traditional protocols to autonomous IoT-
based surveillance, and AI-enhanced acoustic biodiversity assessment networks
that revolutionize wildlife conservation through non-invasive monitoring. The
cross-domain analysis revealed synergistic benefits where integrated monitoring
systems provide comprehensive ecosystem health assessments, enable early warn-
ing capabilities for cascading environmental impacts, optimize resources through
shared infrastructure, and support evidence-based policy development.

The convergence of these technological capabilities with urgent environmen-
tal needs creates unprecedented opportunities for transformative environmental
stewardship. The next phase of this research will propose specific implemen-
tation frameworks that address the identified challenges while leveraging the
demonstrated synergistic benefits to create scalable, cost-effective solutions for
comprehensive environmental monitoring and sustainable resource management at
global scales.
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3. MIDAS - THERMAL DISSIPATION FOR OBJECT
CHARACTERIZATION

This chapter introduces MIDAS, an innovative thermal sensing solution designed
to characterize everyday objects by analyzing heat dissipation patterns resulting
from human touch. By leveraging contactless thermal imaging, MIDAS overcomes
the limitations of traditional Radio-Frequency IDentification (RFID)-based and
vision-based approaches, enabling reliable and accurate identification of materials
across diverse object types and user interactions. Through rigorous experimental
validation, the chapter demonstrates MIDAS’s capability to identify materials
under varying conditions, including multiple objects and mediation through other
materials. By advancing contactless, data-driven material recognition, MIDAS
not only enhances our understanding of daily human-object interactions but also
contributes to environmental sustainability–supporting applications in more effec-
tive waste sorting, resource recovery, and responsible material usage, which are
essential for sustainable product life cycles and smart resource management.

3.1. Introduction

Humans on daily basis touch numerous objects, which includes personal belong-
ings, household appliances, food items, and clothing [348]. Acquistion of data
based on these interactions holds a significant potential for generating valuable
insights into human behavior [149]. These insights include both everyday activity
monitoring, along with more intricate applications such as dietary tracking [33]
and the identification of household practices [21]. However, the acquisition of
such data is challenging due to limitations in the existing methodologies. Contact-
based techniques, like RFID, necessitate either the instrumentation of all objects
or close proximity between the object and the sensing device for a long period of
time [110, 303]. On the other hand, non-contact methods like image-based object
recognition have limitations in their ability to distinguish objects [330] and are
highly affected by environmental factors such as changes in lighting, camera angle,
and image resolution [255]. The aim of the current study was to develop MIDAS,
an innovative sensing solution for characterizing everyday objects using thermal
dissipation that occurs as a result of the human touch. MIDAS is based on principle
that human contact with any object leads to the transfer of heat. After a certain
period of time, this transferred heat dissipates as the object seeks to achieve thermal
equilibrium with the environment, and the rate of dissipation varies according to
the material properties of the object. MIDAS utilizes a COTS thermal camera to
capture the changes in heat. Thermal cameras, which function without physical
contact are resilient to variations in illumination and environmental context, which
address the key limitations associated with current methods. Multiple smartphones
are equipped with integrated forward looking infrared (FLIR) thermal cameras,
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that are affordable external thermal cameras and can be connected with smart
phones. These cameras enable the capture of thermal transfer and monitor the heat
dissipation, therby providing insights about everyday interactions with the mate-
rial of these objects. We validated MIDAS through comprehensive experiments
involving 14 different everyday objects that represent a wide array of common
materials used in manufactured products. As part of the experimental evaluation,
we also demonstrated the capacity of MIDAS to account for variations in human
body temperature by assessing the robustness of thermal dissipation characteristics
across 18 different individuals. The results demonstrate that human-emitted radia-
tion can effectively characterize different materials and that this characterization
remains consistent despite variations in individual differences and their methods
of interaction with objects. MIDAS is capable of accurately identifying materials
with up to 83% accuracy, and 16% improvement on a computer vision baseline
that uses deep learning. Furthermore, we demonstrated that MIDAS is capable
of characterizing materials through other materials and can characterize multiple
objects at the same time. Thus, MIDAS represents a novel sensing technology
that offers both accuracy and reliability in the characterization of everyday objects,
enabling a broad spectrum of innovative applications.

3.2. Related Work

Thermal imaging: The usage of thermal imaging has been studied in different
domains and applications with examples ranging from monitoring the manufactur-
ing process of smartphone hardware components [322] to medical analysis [281,
113]. Other examples include facial recognition for bio-metric authentication [32],
cognitive analysis [2], gestures [165, 3], and energy modeling of IoT devices [89].
Our work extends thermal imaging to material classification.
Material sensing: Materials have different characteristics different properties
that can be exploited to categorize them. The most common material sensing
approach is to rely on different parts of the light spectrum and measure either
reflection or absorption at different frequencies. Examples range from the use of
green light sensing to detect plastic waste [93] to the use of near-infrared sensing
to facilitate medicine adherence [148] and the use of hyperspectral imaging for
estimating sugar content in drinks [134]. Also, deep learning approaches for
detecting different material types from reflection patterns at different wavelengths
have been proposed [55]. Our work extends these by using thermal radiation in
the infrared spectrum to estimate internal characteristics of materials through heat
dissipation.
Sensorless sensing: Wireless signals can also be used to identify properties
in materials. Examples include the use of variations in WiFi signal propagation
characteristics to identify liquids [71], and the use of surface tension to characterize
liquids [336, 310]. These methods generally require either close contact with the
material or a transmitter - receiver pair to be placed on opposite sides of the
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material. Our work offers a non-contact technique for material characterisation
that piggybacks thermal radiation generated from humans.

3.3. Feasibility assessment

We performed two preliminary studies to demonstrate that human heat transfer can
be effectively employed to characterize different materials and household objects.
Thermal radiation is recorded using a commercially available smartphone (CAT
S60), and the measurements are validated by utilizing a thermometer scanner,
which serves as the reference instrument. All statistically significant differences
are cross-validated using measurements from the reference device. We first provide
a detailed description of the testbed setup before presenting the results.

3.3.1. Testbed

We captured thermal fingerprints by utilizing two devices: a handheld thermal
imaging scanner (FLIR TG267) and a Caterpillar smartphone (CAT S60) equipped
with an integrated FLIR thermal camera. During the course of our experiments,
the smartphone was placed on a tripod positioned 30 cm to 35 cm from the object.
The camera was manually calibrated after reaching thermal equilibrium with the
environment, at a room temperature of 22 ◦C to 23.5 ◦C. The thermal video was
recorded using the CAT S60, while reference thermal images were taken with
the TG267 scanner. The Netatmo weather station was used to measure the room
temperature. Dissipation times were automatically estimated from the thermal
video and subsequently validated by comparison with ground truth data obtained
through manual inspection of the video using a stopwatch.

3.3.2. Plastic thermal fingerprint dissipation

Experimental Design: We initially measured the dissipation time of thermal
fingerprints on various plastic materials and correlated the captured fingerprints
with the emissivity coefficient (ε) of each material. During this experiment, we
focused exclusively on plastics to ensure that the emissivity of the materials is
known. In the following sections, we validated the applicability of our solution
to a wider array of materials. We examined several plastics commonly found
in everyday items, including LDPE (Low-Density Polyethylene), HDPE (High-
Density Polyethylene), PP (Polypropylene), PS (Polystyrene), and PVC (Polyvinyl
Chloride). The material composition of an object is determined by its Resin
Identification Code (RIC), with each material having a well-established emissivity
coefficient (ε), generally ranging from 0.90 - 0.97. The plastic samples tested in
these experiments were of identical shape, size, and were manufactured using the
similar process. This uniformity ensures that any observed differences between the
samples are only attributed to inherent material properties, rather than to external
factors such as variations in shape or stiffness. During the experiments, the plastic
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Figure 4: Selected waste materials for preliminary experiments: A (Beer Can), B
(Ceramic Cup), C (Takeaway Box), D (Plastic bottle), E (Glass Bottle), F (Coffee
Cup), G (Plastic Cup), H(Cigarette Butt), I (Glass Jar), J (Milk pack), K (Aerosol
Can), L (Rubber glove), M (Metal spoon) and N (Face mask).

samples were placed inside a fridge with a constant temperature of 5 ◦C, to establish
a baseline temperature for comparison. In order to heat the plastic samples we
used a constant heat source (lamp bulb 60 W). A distance of 10 cm was maintained
between the lamp and samples to avoid any damage caused by burning while
ensuring that samples are exposed to sufficient amounts of thermal radiation. We
examined various heating durations (1, 2, 3 and 4 minutes) to correspond to initial
temperatures and monitored the dissipation of the thermal fingerprint. The most
significant changes in dissipation were high during the first few minutes, so any
period longer than 4 minutes was excluded. Throughout the experiments, the
ambient temperature fluctuated between 22 ◦C to 24 ◦C.
Results: The results in Figure 5a show that the dissipation of thermal fingerprints
differs between materials. A statistically significant Spearman correlation [254]
was observed between the dissipation time and the emissivity coefficient of the
materials (χ2(2) = 48.83, p < .05, W = 0.93), suggesting that the dissipation
chracteristics provides insights into the material properties of the object.

3.3.3. Other Thermal fingerprint dissipations

Testbed: In subsequent experiments, we demonstrated that the conclusions drawn
in the previous section can be generalized to a broader range of objects and
materials by evaluating the dissipation time of thermal fingerprints on various
household items. We examined various objects commonly used in households, as
illustrated in Figure 4, including: a beer can (A), ceramic cup (B), takeaway box
(C), plastic bottle (D), glass bottle (E), coffee cup (F), plastic cup (G), cigarette
butt (H), glass jar (I), milk carton (J), aluminum aerosol can (K), rubber glove (L),
steel spoon (M), and a face mask (N). The dissipation of the thermal fingerprint
is measured using a CAT S60 thermal imaging smartphone in conjunction with
a certified CAT TG267 thermometer. A detailed description of the apparatus is
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Figure 5: Dissipation time of thermal fingerprints in different plastic materials
and waste material using two different devices: (a) Grouped by RIC code, (b)
Thermometer scanner FLIR TG267 (baseline), and (c) Smartphone CAT s60.

presented in subsection 3.5. Following the methodology of our previous experiment,
we assessed the thermal dissipation time after the objects are held for durations of
1,2,3, and 4 minutes. Throughout the experiment, the average body temperature
of the individual holding the object ranged from 35 ◦C to 36 ◦C, and the ambient
temperature varied between 22 ◦C to 24 ◦C.
Results: The results presented in Figure 5 are consistent with those observed
for plastic objects, indicating that dissipation times vary among different objects
and materials. The Friedman test, using the object materials as the experimental
condition, revealed statistically significant differences (χ2(2) = 48.83, p < .05,
W = 0.93) among the materials confirming that thermal radiation can effectively
differentiate between various object materials.

3.4. MIDAS pipeline

The results detailed above demonstrated that the dissipation of thermal fingerprints
provides critical information that can be utilized to characterize a diverse range
of objects and identify their materials. We will now provide a brief overview of
the sensing pipeline employed to characterize everyday objects. MIDAS processes
a sequence of thermal images captured from the object’s surface and provides an
estimate of the most probable material of that object (see Figure 6). Next, we
outline the thermal image model utilized for classifying object materials based on
the dissipation time of thermal fingerprints.
Preprocessing and Normalization: Since COTS thermal cameras lack cooling
mechanisms, they are prone to inaccuracies due to overheating of the camera
[184]. Factors impacting measurement quality include misalignment between
thermal and RGB images, internal camera recalibration, and low image resolution.
To address these issues, we preprocessed the thermal camera data by examining
the background of consecutive images and filtering out those with significant
differences. We also performed denoising on the images and normalized the
thermal values to a consistent scale (0 and 255). This normalization allows us to
process and analyze the images in grayscale. Figure 7 illustrates the outcome of
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Figure 6: Processing pipeline of material classification based on dissipation time
of thermal fingerprints.

Figure 7: Dissipation time of thermal fingerprint for two different objects: (a)
Cardboard cup and (b) Cigarette butt.

the normalization procedure. The upper section displays a sequence of thermal
images over time, while the lower section presents the corresponding images on
the normalized scale for two objects: (a) a cardboard cup and (b) a cigarette butt.
This normalization process enables the isolation of thermal fingerprints for each
object.
Dissipation Rate: We estimated the dissipation rate of the thermal fingerprint
from the normalized sequence of images as the fuction of reduction in the area of
the thermal fingerprint, as defined by the following equation:

RA = (Ai−At)/Ai, (3.1)

where RA corresponds to reduction in percentage of area, Ai refers to the initial
area, and At is the reduced target area [84] (see Figure 7). The decrease in area
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between consecutive images is employed to construct vectors that represent the
dissipation time of thermal fingerprints for each object. To enable effective training
of machine learning classifiers, we considered fixed sized vectors. It is important to
note that once the thermal fingerprint has fully dissipated, the target area becomes
zero, which effectively results in padding the vector with zeros.
Implementation: The vectors (1D arrays) representing dissipation time over
sequence frames are used as feature vectors, while the object type serves as the
label class. While state-of-the-art architectures such as Vision Transformers (ViTs)
or deep CNNs dominate modern computer vision tasks, they were intentionally
excluded from this pipeline for two reasons. First, the input to the classifier is
not a high-dimensional image matrix, but rather a lightweight, fixed-size one
dimensional vector of numerical dissipation rates. Highly parameterized models
like ViTs are computationally excessive for this data structure and prone to severe
overfitting. Second, MIDAS is explicitly designed for pervasive environmental
monitoring on low-resource, edge-computing devices where energy and memory
are heavily constrained. Therefore, classification models were constructed using
computationally efficient, standard machine learning techniques: Random Forest
(RF), SVMs, and a Multi-Layer Perceptron Classifier (MLPC). To ensure robust
model evaluation, the dataset of thermal feature vectors was partitioned into an
80% training and 20% testing split. The training process utilized a stratified 5-fold
cross-validation approach to maintain class distribution and prevent selection bias.
Hyperparameter optimization was conducted using grid search for each algorithm:

• Random Forest (RF): Configured with 100 estimators (trees) using the Gini
impurity criterion, with the maximum depth of the trees left unconstrained
to allow node expansion until all leaves were pure.

• Support Vector Machine (SVM): Employed a Radial Basis Function (RBF)
kernel, which is highly effective for non-linear temporal data. The regular-
ization parameter (C) was set to 1.0, and the kernel coefficient (γ) was scaled
based on the variance of the feature vectors.

• Multi-Layer Perceptron (MLPC): Configured as a lightweight neural
network with a single hidden layer of 100 neurons. It utilized the ReLU
activation function and the Adam optimizer, with an initial learning rate of
0.001 and early stopping implemented if the validation score did not improve
over 10 consecutive epochs.

This configuration ensured that the resulting models remained lightweight enough
for edge deployment while maximizing classification accuracy on the transient
thermal data.

3.5. Robustness of Thermal Dissipation Fingerprints

The experiments detailed in section 3.3 demonstrated that the dissipation char-
acteristics of thermal fingerprints differ among various materials. Human body
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Figure 8: Experimental conditions: (a) Rigid interaction, used in Fixed-hold and
(b) Free interaction, used in Natural and Quick holds.

temperature varies between individuals and can even fluctuate within the same
individual at different times of the day [206] leading to variations in the initial
thermal fingerprints. Robust operation of MIDAS despite these variations is es-
sential for its practical applicability and overall effectiveness. In this section, we
outline experiments in which 18 individuals interact with everyday objects. We
analyze the resulting thermal fingerprints and their dissipation characteristics to
identify and characterize the materials of the objects. The measurement setup is
detailed in subsection 3.3.1. The experiments are conducted using an experimental
testbed designed to capture video footage of thermal fingerprints for various object
materials. To achieve this, we employed a commercially available smartphone
thermal camera and a thermometer scanner to establish the reference baseline. We
selected three different materials, each chosen for their distinct shapes and sizes,
as well as their sufficiently rapid dissipation times to minimize the overall duration
of the study.

3.5.1. Experimental setup

Experiment Design: We implemented a 3×3 within-subject design with holding
pattern type and object type as independent variables. Each variable has three levels:
Fixed-hold (FH), Natural-hold (NH), and Quick-hold (QH) for holding pattern type,
and Plastic bottle (BOTTLE), Cardboard cup (CUP), and Cigarette butt (CIGAR)
for object type. To control for order effects while maintaining a manageable
number of combinations, holding pattern type was fully counterbalanced, and
object type was counterbalanced using a Latin Square design. This resulted in
nine experimental conditions: (1) BOTTLE-FH, (2) CUP-FH, (3) CIGAR-FH; (4)
BOTTLE-NH, (5) CUP-NH, (6) CIGAR-NH; (7) BOTTLE-QH, (8) CUP-QH, and
(9) CIGAR-QH. In the Fixed-hold condition, objects were grasped and maintained
in a specific static position for one minute (see Figure 8a). In the Natural-hold
condition, objects were held freely for one minute, replicating typical everyday
interactions with the object (see (Figure 8b). For example, a participant might hold
an empty bottle for one minute while searching for a trash bin. In the Quick-hold
condition, objects were held freely by participants for a brief interval of 10 seconds.
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Participants: We recruited a total of N = 18 participants (Males = 9 Females
= 9) for the user study. Participants included students, administrative staff, and
professionals from various fields and nationalities, all of whom had minimal or
no prior knowledge of thermal imaging. The average age of the participants was
28±7.8 years.
Task: Participants were instructed to hold the objects and simulate typical interac-
tions with them. To gather data on natural interactions, participants were also asked
to create a context for their actions. For the BOTTLE, participants were asked to
mimic drinking from the bottle and then searching for a trash bin to dispose of the
empty bottle. For the CUP, participants were instructed to stand while engaging
in a brief conversation with an acquaintance or friend. In the CIGAR condition,
participants were asked to simulate taking a cigarette from a cigarette box and then
holding the cigarette by the filter while requesting a light. The cigarette was not
actually lit during the experiment.
Procedure: Before beginning the experiment, each participant was seated in a
comfortable chair for 10 minutes to allow their body temperature to adjust to the
room’s ambient temperature, which ranged from 22 ◦C to 23.5 ◦C throughout the
duration of the experiments. During this time, participants were given a brief
overview of the study and signed an informed consent form in accordance with
local IRB regulations. When participants were ready to initiate the experiment,
their body temperature was measured from forehead using a clinically certified
contactless optical thermometer (DR CHECK FC500). Participants were presented
with nine experimental conditions. For each condition, the object was first placed in
an empty refrigerator maintained at 5 ◦C for one minute (Figure 9a). This procedure
eliminates residual thermal radiation in the material between experiments and
establishes a baseline temperature for the material, ensuring that our results are
comparable across participants. Kitchen tongs were utilized to transfer the object
from the refrigerator to prevent any heat transfer from the human hands to the object.
The object was then placed on a table for one minute to acclimate to the ambient
temperature (see Figure 9b). Afterwards, participants performed the corresponding
experimental condition. Upon completion, they placed the object on a fixed marker
drawn on a table with a black background and surface. The researcher then used
the CAT S60 to capture video footage of the dissipation of the object’s thermal
fingerprint. Simultaneously, a thermometer scanner captured thermal photos to
establish a reference baseline (see Figure 9c). The black background was used to
ensure clean video footage of the thermal fingerprints, minimizing any thermal
interference from surrounding objects. Upon completion of the experiment, we
recorded the participant’s temperature at the palm and fingers relative to the objects
using the thermal imaging scanner. The assessments were conducted in a university
room over a span of two weeks, with sessions held between 11:00 AM and 7:00
PM. Due to the variability in human body temperature throughout the day [206],
the experiment was scheduled during periods that corresponded with participants
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Figure 9: Experimental testbed and protocol steps: (a) Object obtains baseline
temperature, (b) Object habituates to ambient temperature, and (c) Participant
performs the experiment and puts the object in the marked target to measure its
thermal fingerprint.

working hours. The total duration of the experiment for each participant ranged
from 40 min to 45 min.

3.5.2. Baselines

In the course of the experiments, we evaluate the recognition performance of MI-
DAS against two advanced techniques: deep learning-based automated computer
vision [313, 243] and optical sensing [265].
Computer Vision: We trained a state-of-the-art CNNs model utilizing the publicly
available TrashNet dataset [16]. Specifically, we focused on the plastic materials
category, which contains 626 images of plastic objects used to train the deep
learning model. Plastics are malleable, making their precise recognition susceptible
to variations. The dataset features images of individual plastic items set against a
white background. Since these images do not reflect realistic recognition conditions,
we supplement the dataset with an additional 767 images sourced from the Japan
Agency for Marine Earth Science and Technology (JAMSTEC) Deep-sea Debris
Database. We manually annotated the collected images by drawing a rectangular
box around the object material. The TrashNet plastic items were labeled as “trash,”
while the JAMSTEC plastic items were labeled as “plastic.” Both datasets were
augmented with various modifications, including noise, hue adjustments, blur,
horizontal flips, and vertical flips applied to each original image. This augmentation
increased the dataset to a total of 6985 images for training the model. We developed
and trained the PlasticNet model using a Google Colab server equipped with a GPU.
The training involved 100k iterations with a batch size of 12, running TensorFlow
Lite 1.15. The base training model was ssd_mobilenetv2_oidv4, configured with
default hyperparameters.
Light Reflectivity: As our second baseline, we assess material reflectivity [265]
utilizing a photoresistor connected to the analog input pin of an Arduino MEGA
ADK. The photoresistor detects changes in light intensity by measuring variations
in its resistance, which are influenced by the reflectivity of the material. For
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illumination, we use a red laser diode with a wavelength of 650 nm. The object
was positioned 2 cm away from the light source, simulating practical applications
of the sensor in transport belts and smart bins [313]. The measurements were
taken with the sensor for various materials (as described in Section 3.3) for one
minute, from two different random locations on each object.

3.6. Results

We demonstrated that MIDAS is capable of accurately characterizing different
object materials based on the measurements obtained from the controlled user
evaluation outlined in the previous section. We assess its robustness in relation
to variations in human-object interactions and individual differences, evaluate
the overall classification performance across various materials, and examined the
robustness of the system in detecting materials even through other objects.

3.6.1. Differences in Thermal Fingerprints

To begin with, we have investigated the variations in thermal transfer from the
human body and the subsequent dissipation across various objects. Our analy-
sis examines the influence of both the type of object and the method of holding
on thermal transfer, addressing each factor independently. The dissipation times
for the three objects under various holding conditions are depicted in Figure 10.
The data illustrates that the differences in dissipation times between the objects
remain consistent across all holding conditions. The Friedman Test, conducted
with dissipation time and object type as experimental variables, indicates that these
differences are statistically significant for each of the three holding conditions:
Fixed-hold (χ2(2) = 20.33, p < .05, W = 0.56), Natural-hold (χ2(2) = 30.33,
p < .05, W = 0.84) and Quick-hold (χ2(2) = 25.04, p < .05, W = 0.64). Subse-
quent pairwise post-hoc analyses, performed using the Wilcoxon test with Bon-
ferroni correction for multiple comparisons, have confirmed that the differences
in dissipation times between all object pairs are statistically significant across the
three holding conditions. Afterwards we evaluated the impact of holding type
on thermal fingerprints. The Friedman test, using the dissipation times of each
object under the three experimental conditions, reveals that the holding type sig-
nificantly affects the thermal fingerprints for the plastic bottle (χ2(2) = 12.44, p
< .05, W=0.34) and the cardboard cup (χ2(2) = 16.48, p < .05, W=0.45), but
not for the cigarette butt. Post-hoc analyses indicated that the thermal fingerprints
associated with the Quick-hold pattern differ significantly from those observed in
the Fixed- and Natural-hold conditions. These results suggest that while thermal
fingerprints exhibit considerable variation across different objects, the holding type
influences these variations. However, the dissipation times are also dependent on
the duration of contact with the object, which is expected since the length of time
an object is held affects the amount of heat transferred and, consequently, the rate
of dissipation.
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We also conducted a separate analysis to determine whether variations in
body temperature across different body parts influence the thermal fingerprint.
This was done by comparing temperature measurements taken at three different
locations: the forehead, the palm of the hand, and the fingertips. The Friedman
test, with body part as the experimental condition, revealed significant differences
in temperature (χ2(2) = 29.66, p < .05, W = 0.82). Post-hoc comparisons using
the Dunn–Bonferroni method confirmed that these differences were statistically
significant (p < .01) between the forehead and palm of the hand, as well as
between the forehead and fingertips. The average temperatures recorded for the
different body parts were as follows: forehead at 36.33 ◦C, palm of the hand at
30.16 ◦C, and fingertips at 30.87 ◦C. These results demonstrate that the fingers and
palm of the hand typically induce comparable heat transfer, further validating the
robustness of thermal fingerprints regardless of the manner in which individuals
interact with objects. However, the observed deviation from forehead temperature
implies that the palm and fingertips are more responsive to variations in ambient
temperature rather than directly correlating with core body temperature, as observed
with forehead measurements. This thermal sensitivity of the fingertips and palm
suggests potential utility in extracting data on human activities. For instance,
handling a smartphone may result in heat transfer from the device’s battery to the
hand, while the temperature of a hot beverage could similarly alter the thermal
readings of the hand. Overall, the findings suggest that human touch transfers a
sufficient amount of heat, enabling the characterization of objects based on only
touch, without the need for specialized technology. However, the results also reveal
that dissipation times are influenced by the duration of user interaction with the
objects, as well as by other factors to be discussed in the subsequent subsection.
This implies that relative differences in dissipation characteristics, rather than
precise dissipation times, should be employed when characterizing materials.
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(c) Quick-hold

Figure 10: Thermal transferred conditions applied over three different objects
(plastic bottle, cardboard cup and cigarette butt).

3.6.2. Other Factors Influencing Thermal Dissipation

Until now, we have demonstrated that the characterization of object materials
through thermal radiation is dependent on exposure time, but is not influenced by
the specific location where the object is touched. In this section, we will explore
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additional factors that impact the transfer of thermal radiation from the human
body to objects.
Gender and temperature: Body temperature typically influences the thermal
radiation transferred to objects. In the subsequent analysis, we examine whether the
gender of the participants affects thermal transfer, specifically investigating whether
significant differences exist between female and male participants. The effects
were analyzed separately for the palm and fingertips. Kruskal–Wallis tests, with
gender and body part as experimental conditions, revealed significant differences
in thermal transfer exclusively for the fingertips (χ2(2) = 5.08, p < .05). This
disparity is most likely due to the differences in contact area size, with males
generally possessing larger fingertip dimensions [5]. When considering gender
and objects as experimental conditions, Kruskal–Wallis tests reveal significant
differences in dissipation times across all three objects: (χ2(2) = 3.94, p < .05),
plastic bottle (χ2(2) = 12.17, p < .05) and cardboard cup (χ2(2) = 7.75, p < .05).
These findings suggest that the dissipation time of thermal fingerprints is influenced
by temperature and that it may be possible to distinguish between female and male
individuals who have interacted with the object. While this result does not alter the
fact that objects can be characterized by thermal radiation, it is crucial to highlight
the potential privacy implications. Indeed, the findings indicate that thermal
radiation can reveal additional information about the individuals interacting with
the objects. For instance, thermal fingerprints could potentially be used to compare
household waste sorting practices between genders.
External temperature of Ambient environment: The surrounding temperature
of an object directly influences the dissipation time of the thermal fingerprint. To
quantify the impact of this factor, we conducted additional small-scale experiments.
Initially, a BOTTLE was held by a human hand at different ambient temperatures of
22 ◦C to 23.5 ◦C. Subsequently, the BOTTLE was placed in a colder environment
(a refrigerator with a temperature of 5 ◦C). This was followed by measuring the
dissipation time of the thermal fingerprint during the transition from the ambient
to the colder environment using both the CAT S60 and a thermometer scanner.
Figure 11 presents the results. For comparison purposes, we also included the
dissipation time of the thermal fingerprint in the ambient environment as a baseline.
We observed that the total dissipation time of the thermal fingerprint is reduced
by half when the temperature is transitioned to a colder environment. Despite this
reduction, the overall patterns of change remain consistent across different objects,
indicating that environmental conditions influence the thermal fingerprints. It is
important to note that the magnitude of this change is directly proportional to the
temperature differential and affects all objects uniformly. Therefore, accounting for
ambient temperature in the analysis of thermal dissipation fingerprints is sufficient
to address potential issues arising from temperature variations.
Internal Temperature absorbed from contents: In addition to the ambient
temperature of the surrounding environment, objects can also be influenced by
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Figure 11: Influence of internal and external temperatures.

thermal radiation resulting from their contents. For instance, a cardboard cup may
contain a hot or cold beverage. To explore this further, we filled the BOTTLE
with water at a temperature of 21.2 ◦C to 21.5 ◦C. Prior to the experiment, the
BOTTLE was placed inside a refrigerator (5 ◦C) to eliminate thermal radiation
carryover effects between experiments. We then compared the dissipation times
of an empty bottle and a filled bottle at ambient temperature (22 ◦C to 23.5 ◦C).
Figure 11 presents the results. It was observed that internal radiation does indeed
impact the thermal fingerprint of the BOTTLE. This finding is particularly relevant
for identifying end-products that have not been fully consumed. In practice, these
cases should be modeled as distinct (mixed) objects to ensure that the model
can accurately differentiate between the pure material and instances where the
object contains residual contents. The thermal fingerprint of the filled BOTTLE,
in comparison to that of the empty BOTTLE, dissipates more rapidly due to the
greater temperature differential with the environment.
Distance between object and thermal camera: In the experiments conducted
so far, the distance between the thermal camera and the objects was consistently
maintained at 30 cm to 35 cm, serving as the baseline. We subsequently analyzed
the effect of increased distances by introducing three additional measurements:
70 cm (distance-1), 105 cm (distance-2) and 210 cm (distance-3). This analysis
focused exclusively on the BOTTLE using a fixed-hold setup for one minute.
At a distance of 70 cm distance, the dissipation time did not exhibit significant
changes, with an average time of 1.13 minutes for the CAT S60. However, at longer
distances, we observed greater variability in the dissipation time with the CAT S60.
Specifically, at a distance of 105 cm, the average dissipation time decreased to 0.76
minutes, and at 210 cm, it further reduced to 0.26 minutes. The CAT S60 thermal
camera, with a resolution of 80× 60, appears adequate for distances up to one
meter. The thermometer scanner, which has a higher resolution of 160×120 but a
slower frame rate (6.67 Hz vs. 8 Hz), fails to capture a proper thermal fingerprint
at a distance of 210 cm. Therefore, a higher resolution alone is insufficient to
extend the operational range of MIDAS; the frame rate must also be taken into
consideration.
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Temperature Sensitivity: In the next step, we investigated the sensitivity of dis-
sipation times to minor variations in temperature. To achieve this, we extended
our analysis of the BOTTLE material under the fixed-hold condition, as previously
described. A JANOEL18S incubator with adjustable temperature controls was
employed to precisely regulate temperature changes. The object was placed within
the incubator at a stable temperature for a sufficient duration to ensure uniform
thermal equilibrium across the entire object. The material was exposed to tem-
peratures ranging from 36 ◦C to 39 ◦C, corresponding to normal and increased
human body temperatures. Upon reaching the desired temperature, the object was
transferred to the testbed for recording. Subsequently, the dissipation time of the
thermal fingerprint was measured. The ambient temperature in which the object ac-
climatized ranged from 23 ◦C to 23.5 ◦C. The dissipation times recorded at various
temperatures were as follows: 3.33 min for 36 ◦C, 3.73 min for 37 ◦C, 4.23 min for
38 ◦C, and 4.34 min for 39 ◦C. The dissipation time is expected to be a function of
the difference in temperatures of the object and the environment, and our results
confirm that these slight temperature dvariations can be robustly detected using a
commercially available thermal camera. While this method may not enable precise
estimation of human body temperature, we envision that it could be effectively
employed to detect irregularities in human temperatures. For example, instead
of using thermal cameras to monitor individuals facial temperatures at airports,
it is possible to detect abnormal temperature readings by examining the tangible
objects that people touch while passing through security checks.

3.6.3. Dissipation Time Classification Performance

We subsequently demonstrated that our approach is capable of supporting the
coarse-grained classification of object materials based on the dissipation time of
thermal fingerprints, along with other contextual factors. As detailed in Section 3.4,
we employed three classification techniques: RF, SVMs, and MLPC. The outcomes
of the classification experiments are presented in Table 5. When utilizing only the
thermal fingerprint, the maximum classification accuracy for material detection
is approximately 83%. The incorporation of hold pattern type data does not
result in improved accuracy, indicating that the manner in which individuals
grasp the materials does not significantly influence performance. However, when
incorporating gender information (i.e., whether the individual is male or female),
there is a notable improvement in the accuracy of material detection, increasing to
as much as 86%. Similarly, when predicting the gender of the user, the combination
of dissipation time and material information yields a high accuracy estimation of
approximately 78%.

3.6.4. Comparison Against Other Approaches

Afterwards, we made a comparison of MIDAS with two baseline approaches:
computer vision and optical sensing. The computer vision method was evaluated
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Table 5: Material classification accuracy (%) in different experimental conditions.
Model data→ Predicted. Classification Method: Random Forest (RF), Support
Vector Machine (SVM) and Multi-layer Perceptron (MLPC).

Test RF SVM MLPC Average
Predicting Material (M)
(Vector)→M 90.9 77.3 81.8 83.3
(Vector, Context)→M 90.9 77.3 81.8 83.3
(Vector, Gender)→M 90.9 86.4 81.8 86.4
(Vector, Context, Gender)→M 86.4 81.8 81.8 83.3

Average 89.8 80.7 81.8 84.1
Predicting Context, Gender
(Material, Vector)→Context 77.3 81.8 72.7 77.3
(Material, Vector)→Gender 77.3 77.3 81.8 78.8

Average 77.3 79.6 77.3 78.1

using 31 images and these images depicted real tossed plastic objects [218]. These
images contained a total of 33 distinct plastic items, of which the deep learning
model accurately identified 23, achieving an accuracy rate of 69.7%. It is impor-
tant to emphasize that the purpose of this comparison was not to directly contrast
our approach with computer vision, as the two methodologies address different
problems. Specifically, the vision-based approach does not extract any internal
characteristics of the objects, thus its utility in material recognition is limited to
mapping specific item types to materials (e.g., drink bottles are typically made of
PET). This approach works when the objects possess sufficiently distinctive fea-
tures but tends to fail in more common scenarios where the objects have undergone
changes in shape, such as tossed items that have lost their original form, or where
other visual characteristics have been significantly altered. Additionally, computer
vision is prone to issues such as occlusions and instances where objects are only
partially visible, as highlighted in Figure 12a. In practice, computer vision and
thermal dissipation methods can be complementary. For example, autonomous
ground vehicles could employ computer vision to detect litter from a distance, then
navigate closer to the object and use thermal dissipation techniques to ascertain
the material composition of the object. In practice, computer vision and thermal
dissipation techniques can complement one another. For instance, autonomous
ground vehicles can employ computer vision to identify litter objects from a dis-
tance, maneuver closer to the object, and then apply thermal dissipation techniques
to determine the material composition of the object.

Figure 12b presents the results for the second baseline, light reflectivity. The
minimal variation in reflectivity values suggests that light reflectivity can effectively
characterize different materials. However, it is also evident that different sections
of the same material can exhibit significant variation, as seen with Cardboard Cup-1
and Cardboard Cup-2. This variation arises because objects are often composed
of various materials and colors, which can influence their reflectance properties.
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(a) (b)

Figure 12: Baselines: (a) Trained model PlasticNet to identify and separate plastics
from other object materials, and (b) Light reflectivity values of different materials
measured with a photo-resistor.

Additionally, a notable limitation of this approach is the requirement for sensors to
make contact with the material in order to classify it accurately.

3.6.5. Effect of thickness on thermal dissipation

The results discussed thus far have explored scenarios in which the camera has a
direct line of sight to the objects with which the user interacts. However, in many
practical applications, objects may be partially or fully occluded by other items.
We demonstrated that thermal dissipation can still be effectively captured even
when objects are covered by other materials. It is important to acknowledge that
the thermal dissipation is inherently influenced by the properties of the covering
materials. Consequently, the objective of these experiments is to demonstrate
the potential of our technique for practical applications, rather than to assert its
capability to detect materials through the cover.
Experimental Setup: Thermal radiation is absorbed from the outer surface of
an object and dissipates towards its interior. To investigate this phenomenon, we
conducted an experiment where thermal radiation from the exterior of an object
is absorbed and subsequently dissipated inward, which allowed us to model the
thermal behavior of the object. Considering that the material properties influence
thermal dissipation, as previously demonstrated, we designed specialized samples
to analyze the effect of material thickness on thermal dissipation. These samples
were derived from common household objects. In this experiment, we selected a
plastic container (Plastic), a cardboard box (Cardboard), and a face mask (Mask)
as baseline samples for thickness measurements (as shown in Figure 13). We
then layered multiple samples of the same object to create specimens with varying
thicknesses. It is important to note that the overall penetration of thermal radiation
is determined by two primary factors: (i) the thickness of the material and (ii) the
characteristics of the material. These factors together define the thermal resistance
of a material [182], which governs the amount of heat that passes through and,
consequently, the extent of thermal radiation that can be captured on the opposite
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Figure 13: Thickness of object materials analyzed with thermal dissipation finger-
print.

Table 6: Material thickness in each layer for Cardboard, Plastic and Mask respec-
tively.

Material Type Number of Layers Thickness (mm)
1 layer 2.801
2 layers 5.62
3 layers 9.183

Cardboard

4 layers 11.93
1 layer 0.44
2 layers 0.91
3 layers 1.53

Plastic

4 layers 1.95
1 layer 1.65
2 layers 3.23
3 layers 4.49

Mask

4 layers 6.13

side of the covering material. In our experiments, we used a maximum of four
layers, as we observed that thermal dissipation significantly diminishes beyond this
point. The maximum thickness used in the experiments was approximately 2 mm,
which corresponds to the typical thickness of many everyday consumer products.
For instance, a plastic water bottle generally has a thickness between 1 mm to
2 mm. The thickness of each material layer is detailed in Table 6. We measured the
thickness of the objects using a Fujisan FJS025 electronic micrometer screw gauge,
which offers an accuracy of 0.001 mm and a measurement range from 0 mm to
25 mm.
Procedure: The thermal dissipation fingerprint was measured from the topmost
layer of the material for a duration of one minute following touch. Afterwards, the
thermal dissipation was measured from the inner side of the object. This experiment
was conducted three times for each sample and thickness layer. Additionally, we
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(c) Three Layer Thickness
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Figure 14: Effect on thermal dissipation with increase in the thickness of material.

measured the thermal dissipation time from the outer side of the object as a
reference point. The average body temperature of the human subject holding
the object ranged from 36.4 ◦C to 36.7 ◦C, while the ambient temperature varied
between 22 ◦C to 24 ◦C. The experiments were conducted over six days, between
12:00 PM and 2:00 PM each day.
Results: Figure 14 illustrates the thermal dissipation measured from the inner
side of the object, alongside the thermal dissipation fingerprints obtained from
the outer side. The results reveal two key observations. First, the dissipation time
increases with a larger surface area. Second, the dissipation time recorded from the
inner side of the object is shorter than that from the outer side, with the magnitude
of the difference being dependent on the material type and thickness (i.e., more
thickness results in a larger difference). Indeed, the difference in dissipation time is
smaller for the plastic bottle compared to the face mask or cardboard, highlighting
that the effect of thickness is also influenced by the material covering the object.
Nevertheless, the results demonstrate that thermal radiation from human touch can
still be detected even in samples with multiple layers. In addition to demonstrating
the robustness of dissipation fingerprints against partial or complete occlusion,
these results suggest the potential for integrating MIDAS technology into everyday
objects.
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3.7. Thermal Dissipation Fingerprint for Multiple Objects

Our current prototype and experimental setup are designed for the individual char-
acterization of objects using a single thermal dissipation fingerprint. However, in
practical applications, humans frequently interact with multiple objects in their
surroundings, necessitating the simultaneous analysis of thermal dissipation fin-
gerprints from several objects. This section outlines an extension of the MIDAS
pipeline to facilitate the prediction of multiple objects and validates the extended
pipeline through benchmark experiments.

3.7.1. From Single to Multiple Objects

When analyzing the thermal fingerprints of multiple distinct objects, the primary
challenge is to accurately separate and identify the various objects within the cap-
tured image. In thermal imaging, this task is notably more easier than in traditional
computer vision. The dissipation of thermal fingerprints is not sensitive to the
orientation or shape of an object, as these fingerprints are readily distinguishable
from the background. However, as depicted in Figure 15a, the arrangement of
objects can significantly influence the extraction of thermal dissipation vectors.
When objects are not in contact with one another (dispersed), the thermal finger-
print of each object is easily identifiable. Conversely, when objects are in contact
(agglomerated), the thermal fingerprint may spread across multiple surfaces.

We have extended the MIDAS system to support the analysis of multiple ob-
jects by incorporating an additional step in which the captured image is segmented
into Region of Interest (ROIs). The current implementation processes normalized
grayscale images and identifies different ROIs by employing the Counter Approxi-
mation Method1. An illustration of this process is provided in Figure 15b. Once the
ROIs are detected, each one is mapped to a dissipation vector corresponding to a
single object. Given that thermal radiation spreads and transfers across the surfaces
of objects, it is crucial to focus on the centroids of the hottest regions to ensure that
the ROIs correspond to distinct objects rather than to the transfer of dissipating
heat along the object’s surface. MIDAS employs deterministic segmentation rather
than machine learning (ML) to isolate the thermal ROI. The high natural contrast
of thermal fingerprints makes traditional thresholding highly robust. This avoids
the severe computational overhead of ML segmentation, conserving edge-device
resources for the actual predictive task: classifying the thermal dissipation vectors.

3.7.2. Evaluation

We evaluated the performance of our extended approach in recognizing multiple
objects simultaneously. Specifically, we measured the degradation in response time

1Available in python CV2 package
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Figure 15: Detection of multiple thermal dissipation fingerprints. a) Object ar-
rangements, b) Extraction of thermal dissipation vectors.

when detecting multiple objects within the same images and assessing the accuracy
of the detection.
Experimental Setup: The duration and frame rate of video footage capturing
thermal dissipation are critical factors that significantly impact the accurate identi-
fication of multiple objects. In this experimental setup, we fixed the frame rate at
30fps (i.e., 1800 frames per minute) and conducted experiments on videos with dif-
ferent length i) four videos of one-minute length; (ii) four videos from 30 seconds
of length to 120 seconds in 30 second increments. In parallel, we also examined
the impact on performance as the number of objects to be identified increased.
Specifically, we analyzed the identification of two to four objects simultaneously,
arranged in various configurations. Table 7 provides details on the grouping of
object materials used in these experiments. We utilized the same household objects
from our previous studies, which included a Coffee Cup (CC), Cigarette Butt (CB),
Plastic Bottle (PB), and a Face Mask (Mask).
Results - Dispersed case: Figure 16 presents the results of our initial experiment,
in which videos of consistent length and frame rate were used. The systems
processing time naturally increases as more dissipation vectors are provided as
input; however, this increase is negligible overall. Regarding the arrangement of
objects, the results remain stable, indicating that the response time of MIDAS is not
significantly influenced by the objects arrangement—provided that the dissipation
vectors of the materials in the arrangement can be extracted without interference or
noise.

Figure 17 presents the results for experiments conducted with varying video
configurations. As the length of the video feed increases, the response time of
MIDAS also increases. For videos up to 90 seconds in duration, the video length
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Table 7: Table explaining grouping arrangement for prediction of Multiple Objects

Arrangement Group Description

A
One Object at a time. Coffee Cup ,

Cigarette Butt ,

Plastic Bottle

B

Two Objects at a time.

"Coffee Cup + Plastic Bottle" ,

"Cigarette Butt + Plastic Bottle" ,

"Coffee Cup + Cigarette Butt"

C
Three Objects at a time.
"Coffee Cup, Plastic Bottle and Cigarette Butt"

D
Four Objects at a time. "Coffee Cup, Plastic
Bottle, Cigarette Butt and Face Mask

predominantly influences performance. It is only when the video length reaches
120 seconds that the impact of segmenting multiple objects becomes noticeable.
In practical terms, thermal dissipation fingerprints remain stable across different
video lengths, indicating that a shorter video duration of 30 seconds is sufficient
for most scenarios. The results further demonstrate that the response time does
not always increase proportionally with video length. This occurs because the
response time is typically governed by the object with the longest dissipation time.
Consequently, when one object has a significantly longer dissipation time than
others, the overall response time tends to remain fairly consistent. The response
time is largely dependent on the calculation of the area reduction in the image.
Once the thermal fingerprint has fully dissipated, the area effectively reduces to
zero, and the computations to return fast. In our experiments, both the plastic bottle
and coffee cup exhibited longer dissipation fingerprints compared to the cigarette
butt, resulting in the response time leaning towards longest vectors.
Results - Agglomerated case: When objects or their thermal dissipation areas
intersect, the resulting overlap can cause dissipation vectors to become mixed. To
evaluate MIDAS’s performance under these conditions, we conducted experiments
with materials in contact. Figure 18 illustrates the processing time of MIDAS for
these scenarios. In this analysis, we focussed exclusively on arrangement groups B,
C, and D, which involve multiple objects in contact. The results reveal an increased
computational overhead, primarily attributable to the continuous need to separate
thermal dissipation vectors in order to characterize each individual object.

74



 0

 50

 100

 150

 200

 250

 300

 350

 400

 450

A B C D

R
e
sp

o
n
se

 T
im

e
 (

s)

Figure 16: Response time of multiple object identification when using MIDAS.
(same video configuration). The bars within the figure correspond to different
individual objects (A) or combination of objects (two objects: B, three objects: C,
four objects: D) as given in Table 7.

Effect on Accuracy: Afterwards, we evaluated the impact of multiple objects
on the accuracy of MIDAS. Our assessment is limited to the dispersed case,
as performance is highly dependent on the quality of segmentation, which is
challenging to control systematically. Indeed, in rare instances, segmentation may
fail when the thermal fingerprints of two objects merge into a single "blob" in the
image, rendering it impossible to separate them. When segmentation fails, the
recognition process also fails. The accuracy for predicting single material objects
is 83%. To evaluate the effect on accuracy when detecting multiple materials
simultaneously, we begin with combinations based on the arrangement groups
outlined in Table 7. We provided the model with combinations from the various
arrangement groups using five different input video footages, each containing
the same combinations, to assess the average prediction accuracy for multiple
material detection. We then compared the predicted labels with the true labels
to calculate the average accuracy of the model. For the configuration involving
two materials arranged according to setup B, the model achieved an average
accuracy of 79.97%. For arrangement C, which included three materials, the
average accuracy was 77.75%. Finally, for arrangement D, which involved four
objects, the average accuracy was 61.33%. Overall performance is influenced by
the quality of segmentation, the resolution of the image, and the type of object being
analyzed. As more objects enter the field of view, the size of each object decreases
compared to scenarios where only a single object is present. This negatively
impacts segmentation quality and the area of thermal dissipation, leading to a
decline in overall classification accuracy. Similarly, the four-object configuration is
the only scenario that includes the face mask, and part of the observed performance
decline is due to the challenges associated with accurately recognizing the mask.
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(a) 30 seconds (900 frames)
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(b) 1 minute (1800 frames)
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(c) 1 minute 30 seconds (2700 frames)
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(d) 2 minutes (3600 frames)

Figure 17: Impact on response time when using videos of different length and frame
rate (Disperse objects case). The bars within the figure correspond to different
individual objects (A) or combination of objects (two objects: B, three objects: C,
four objects: D) as given in Table 7.

It is important to note that in such cases, objects that are poorly detected can be
individually flagged for separate analysis, allowing for focused evaluation and
potentially improving the overall accuracy of the analysis.

3.8. Discussion

Human temperature: Human temperature changes in cycles, being at its highest
during hours of activity (day) and lowest during sleep (night) [206]. We demon-
strate that interactions with objects can be used to characterize materials. The best
results are obtained when the body temperature is stable, but the relative differences
in thermal fingerprints are consistent across variations in body temperature. Con-
versely, interactions with an object of known material and in a stable environment
can be used to detect relative differences in body temperature.
Room for improvement: Naturally, there are further challenges that need to be
addressed to make our solution more robust across diverse environments. Adapting
our approach to continuous monitoring requires accurate and noise-free thermal
images, e.g., using calibration [184]. Not all materials can be characterized using
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(c) 1 minute 30 seconds (2700 frames)
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(d) 2 minutes (3600 frames)

Figure 18: Impact on response time when using videos of different length and
frame rate (Agglomerated objects case). The bars within the figure correspond to
different combinations of objects (two objects: B, three objects: C, four objects:
D) as given in Table 7.

our solution as thermal cameras have different emissivity ranges and some materials
may reflect too much – or too little – thermal radiation. Such materials are usually
used to preserve user’s privacy, e.g., ATM pin codes [4]. The experiments were
conducted using thermal cameras integrated into smartphones, but in the future
it may be possible to use cheaper alternatives, such as low-cost thermal array
sensors [240]. There are also challenges arising from practical deployments as
environments with oscillating temperatures can result in unstable fingerprints and
as there can be situations where only partial dissipation fingerprints are available
(e.g., due to the use of gloves). While outside the scope of our present work,
there is also room for developing application areas, e.g., validating temperature
differences with patients as part of clinical studies.
Other material properties: Dissipation time of thermal fingerprint gives insights
about material types and correlates with emissivity. Thermal imaging could be
used to potentially infer other material properties, such as thickness and elasticity.
Potential use cases include detecting the pollutant type of marine plastics [91] and
monitoring the decay in organic materials using differences in thermal dissipation
characteristics.
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Controlled baselines vs. real-world dynamics:: In our experimental setup,
human touch was utilized as a reliable, controlled heat source to establish the
thermal baselines necessary to prove the MIDAS concept. We demonstrated
that the transient heat transfer from a stable body temperature can successfully
characterize materials based on their thermal dissipation fingerprints. However,
translating this to pervasive environmental monitoring requires shifting the thermal
source from human interaction to ambient environmental dynamics.
Robots and autonomous devices: Thermal radiation analysis of objects touched
by humans can be used to inform and train different robots and autonomous
devices, e.g., UAVs [176], about the material properties of objects. New sensing
and interaction modalities can also be envisioned as part of robotic systems, e.g.,
incorporating heat sensation to detect the material of an object and to enable
autonomous devices to adjust their operations with objects in the surrounding
environment [171]. For instance, a robotic arm can rely on a camera to detect an
empty bottle on a table. However, the arm’s pressure to lift and put the bottle should
be proportional to the bottle material. Otherwise, the robotic arm can break apart
the bottle, e.g., plastic vs. glass bottle. Besides, since it is possible to differentiate
thermal radiation emitted by different genders, autonomous devices can adjust their
interactions accordingly.
Application scenarios: Transitioning outdoors:: The core focus of this chap-
ter has been establishing the fundamental viability of thermal dissipation as a
material-sensing modality. While the validation occurred indoors using human
contact, the most significant potential for this technology lies in outdoor, au-
tonomous applications. Rather than relying on human touch (which is impractical
for large-scale waste sorting), future deployments must leverage environmental
heat sources—specifically solar radiation. As everyday objects and litter absorb
sunlight, their subsequent cooling periods (e.g., when a cloud passes or the sun sets)
create the exact thermal dissipation curves modeled by MIDAS. Integrating this
passive thermal sensing with AGVs or drones enables the large-scale classification
of litter thrown in terrestrial and aquatic environments [333]. Exploring and scaling
this transition from controlled indoor thermal baselines to dynamic outdoor solar
baselines forms the exact foundation for the autonomous systems explored in the
next chapter.

3.9. Applications for Environmental Sustainability: Outcomes
and Implications

The MIDAS sensing modality, leveraging thermal dissipation characteristics for
material identification, represents a novel and promising approach that directly
supports environmental sustainability objectives. By detecting unique thermal
fingerprints left on objects through human interaction or environmental exposure,
MIDAS enables accurate characterization of waste materials, which is vital for
enhancing recycling efficacy and reducing environmental pollution. For example,
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in household waste management, MIDAS can facilitate automated sorting by
identifying plastics, glass, and organic matter based on residual thermal signatures,
thereby decreasing contamination in recycling streams and contributing to circular
economy initiatives [246, 91].

Beyond static waste sorting, MIDAS holds significant potential when integrated
with autonomous environmental monitoring platforms such as ground vehicles
or robotic systems. These autonomous devices can leverage the thermal dissi-
pation signals to classify litter dynamically in real-time, enabling scalable and
cost-effective monitoring of plastic pollution in both terrestrial and aquatic en-
vironments [333]. Such applications address critical global concerns, including
microplastic contamination and ecosystem degradation, advancing practical solu-
tions aligned with sustainable development goals.

Furthermore, MIDAS’s ability to infer additional material properties – such as
thickness and elasticity – from thermal dissipation patterns offers valuable insights
for ecosystem health monitoring. Detecting the decay or transformation stages
of organic materials can inform timely conservation interventions and improve
environmental management strategies [91] [334]. This capability enhances the
responsiveness and precision of ecological monitoring systems, which is essential
for maintaining biodiversity and ecosystem services.

Technological trends toward miniaturization and reduced costs of thermal imag-
ing sensors also play a crucial role in expanding MIDAS’s applicability. Embedding
such sensing capabilities into everyday objects – from medical containers sup-
porting controlled medication management to interactive toys – opens avenues
for pervasive environmental sensing with minimal intrusiveness [85, 325]. The
anticipated evolution of low-power, compact thermal sensors facilitates widespread
deployment, enhancing real-time material identification and environmental data
collection on larger scales.

While challenges remain – such as ensuring robustness under variable environ-
mental conditions, dealing with sensor calibration and thermal noise [184, 121,
340], and adapting to diverse material emissivities [120] – ongoing research and
development efforts promise to overcome these hurdles. Addressing these issues is
critical for transitioning MIDAS from controlled experimental settings to practical,
long-term deployments in dynamic real-world environments.

In conclusion, MIDAS exemplifies the integration of fundamental thermal
sensing science with applied environmental sustainability. It provides a versatile
and scalable toolset that enables improved waste management, proactive plastic
pollution monitoring, insightful ecosystem health assessment, and intelligent au-
tonomous system behavior. By enhancing material characterization capabilities
within pervasive sensing frameworks, MIDAS contributes substantively to the ad-
vancement of sustainable environmental monitoring and management technologies.
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3.10. Summary

The MIDAS presents an innovative sensing solution that leverages thermal dissi-
pation patterns resulting from human touch to characterize and identify everyday
object materials. The system operates by capturing thermal dissipation pattern
changes over time using thermal imaging and modeling these variations to in-
fer material properties. Through comprehensive empirical validation, MIDAS
demonstrates remarkable robustness to variations in human interaction patterns
and achieves material classification accuracy of up to 83% based solely on thermal
dissipation fingerprints.

The research establishes that the thermal dissipation characteristics provide a
reliable material signature that transcends shape-dependent or visual-based clas-
sification approaches. MIDAS operates effectively within a practical range of
approximately one meter, making it suitable for real-world deployment scenarios.
The system’s ability to extract material-intrinsic properties rather than relying on
object-specific features enhances its generalizability across diverse applications.

The validation process included extensive controlled experiments and multi-
participant user studies, demonstrating consistent performance across different
interaction modalities and user behaviors. Comparative analysis with state-of-the-
art computer vision and light reflectivity approaches revealed MIDAS’s superior
robustness due to its focus on fundamental material characteristics rather than
superficial object attributes.

MIDAS significantly advances environmental sustainability by enabling au-
tomated waste classification at the point of disposal, facilitating more efficient
recycling processes and reducing contamination in waste streams. The technol-
ogy’s ability to identify materials through natural human interactions eliminates
the need for specialized sorting procedures, thereby reducing energy consumption
and operational costs in waste management systems. By accurately distinguishing
between different material types, MIDAS contributes to improved circular economy
practices, enhanced resource recovery rates, and reduced environmental burden
from improper waste disposal. Furthermore, the system’s potential for integration
into smart waste management infrastructures positions it as a valuable tool for
advancing sustainable urban development and environmental stewardship.
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4. LIZARD - PERVASIVE SENSING FOR PLASTIC
LITTER MONITORING

This chapter introduces LIZARD, an advanced autonomous sensing system de-
signed specifically to address the detection and monitoring of plastic litter in natural
and urban environments. By integrating thermal imaging with light reflectivity
sensing, the LIZARD system enables reliable detection of a wide range of lit-
ter sizes, including macroplastics as well as smaller micro- and meso-particles
that are often missed by conventional detection methods. Unlike traditional lit-
ter monitoring approaches that depend on labor-intensive manual inspection or
costly, stationary laboratory instruments, LIZARD enables in situ, scalable, and
energy-efficient mapping of plastic pollution. Its lightweight machine learning
models and seamless integration with autonomous ground vehicles facilitate high-
resolution monitoring over large areas with minimal human intervention. Through
extensive field and laboratory validation, LIZARD has demonstrated significant
improvements in accuracy, especially for smaller, fragmented plastics, which pose
serious long-term threats to ecosystems and human health. By empowering auto-
mated, targeted clean-up and advancing early detection of persistent pollutants,
this chapter makes a substantial contribution toward advancing sustainable waste
management practices and protecting both terrestrial and aquatic environments
from the enduring impacts of plastic litter.

4.1. Introduction

Littering, caused by human activity, is a major concern, especially in densely
populated areas. It arises from inadequate waste management practices, inefficient
garbage collection systems, and a general lack of awareness regarding the severity
of the issue [37, 178]. The detrimental effects of litter are numerous, impacting
both natural ecosystems and human health [270, 132]. For instance, animals such
as birds and dogs may ingest litter, ultimately introducing these pollutants into the
global food chain [304, 238]. One of the primary challenges associated with litter
pollution is its persistence in the environment; once introduced, it becomes difficult
to completely remove. The diverse types of litter, including plastics, can remain
in the ecosystem for extended periods, often blending with soil and other natural
elements. Additionally, such materials do not naturally decompose but instead
fragment into smaller particles due to environmental degradation, human activities,
and weather conditions. Consequently, litter pollution constitutes a significant and
multifaceted problem that demands immediate attention and action.

To effectively monitor and mitigate this pollution, it is critical to first establish
the physical classifications of plastic debris targeted in this research. Environmental
plastics are generally categorized by size into three primary groups: macroplas-
tics (large, easily identifiable items typically > 15 mm), mesoplastics (fragments
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between 5 mm and 15 mm), and microplastics (particles < 5 mm). The detection
of these smaller litter fragments is vital for reducing the long-term negative ef-
fects of pollution. However, scalable, cost-effective, and accurate solutions are
currently lacking. Present state-of-the-art detection methods rely on specialized
instruments, such as spectroscopy, to analyze samples from specific locations.
While these methods are effective, they cannot be integrated into consumer devices
or made accessible to end-users, as they require advanced technical knowledge and
expertise [208]. As a result, the most common method for litter removal relies
on human effort, either through volunteers or contract workers. This approach
is most effective for recently deposited litter, as identification typically depends
on manual visual inspection. This method is best suited for litter that remains
intact and has not yet blended into the surrounding environment [246]. These
activities can be effective when conducted regularly, particularly before litter ob-
jects begin to break down. However, these activities are expensive and require
substantial planning and logistics, making them unsuitable as a scalable long-term
solution. Some technological solutions have been proposed to aid in litter cleanup,
such as autonomous sweepers [289] or aerial UAVs [177] for detecting litter.
Unfortunately, these technologies are limited to identifying large, easily visible
objects. The effectiveness of such solutions could be improved by incorporating
additional sensing technologies, such as cameras mounted on vehicles that use
object recognition techniques to detect litter. However, these solutions also face
challenges in scalability and are ineffective at detecting smaller, hazardous litter
fragments [209]. Moreover, current object detection techniques have limited
ability to discriminate between objects, particularly when the objects have lost
their original shape, such as fragments of broken bottles, further complicating the
detection of smaller or degraded litter.

We present LIZARD, a novel and innovative pervasive sensing solution de-
signed for monitoring plastic litter. LIZARD is capable of detecting both larger
(macro) litter and smaller plastic fragments, such as micro- and meso-plastics.
Our focus on plastics stems from their identification as one of the most significant
environmental hazards due to their extensive use and resistance to decomposition.
Microplastics, in particular, have recently been recognized as a serious health con-
cern, with a significant portion originating from ground litter. LIZARD employs
a cutting-edge sensing approach that integrates two complementary modalities:
thermal imaging and optical sensing based on light reflectivity. These modalities
are particularly suited for autonomous monitoring because they utilize lightweight
machine learning models, unlike computer vision systems, which require complex
and energy-intensive models. LIZARD’s initial step is to analyze the thermal
characteristics of objects induced by sunlight using thermal imaging. As thermal
radiation decreases with the reduction in object size, LIZARD incorporates a sec-
ond sensing modality based on light reflectivity to detect smaller litter fragments
in the environment. However, since light reflectivity is sensitive to ambient light
conditions, it requires close proximity to the litter to be effective. To mitigate this
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limitation, LIZARD uses thermal imaging analysis to identify optimal areas for
sampling, and subsequently applies close-contact light reflectivity sensing to those
regions. This approach reduces the time spent using light reflectivity and lowers the
overall energy consumption by minimizing the mapping effort. We conducted an
extensive and rigorous evaluation of LIZARD through a combination of controlled
laboratory experiments and real-world deployments in three real world location
scenarios. The results demonstrated that LIZARD accurately detects three cate-
gories of litter: micro, meso, and macro plastics. Additionally, we illustrate how
LIZARD can be easily integrated with commercially available autonomous ground
drones, enabling autonomous litter monitoring. Our work lays the foundation
for innovative approaches to improve environmental sustainability and mitigate
the harmful effects of littering. LIZARD provides a comprehensive solution that
surpasses existing methods by detecting both large plastic litter (macro) and smaller
litter fragments (micro and meso) while offering compatibility with autonomous
ground vehicles for scalable deployment.

4.2. Related work

Table 8 shows a summary of relevant work that investigates the identification of
litter, and the use of personal and autonomous devices to achieve it.
Pervasive sensing: Different smartphone sensors have been re-purposed to identify
materials and evaluate their inherent properties on the spot [319, 80]. Determining
sugar content in liquids has been explored using near-infrared sensors [134]. Soil
and moisture salinity has been explored through wireless signals [327]. Characteri-
zation of liquids using wireless also has been explored [71]. Several other sensors
have been used for liquid characterization, e.g., acoustic [328], vibration [335],
and light sensors [124]. Optical sensing has also been adopted, e.g., to measure
water quality [88], to characterize underwater waste [93], and to detect ripeness
of organic produce [349]. Cameras have been used extensively to analyze liquid’s
tensions [336] and identity materials via material reflection [330]. RFID stickers
have been used to learn the quality of food [110]. Near-infrared spectroscopy
devices have been developed to identify medical pills [148], non-invasive blood
glucose level monitoring [285], and brain activity monitoring [331]. Near-infrared
spectroscopy is also used to estimate the quality of fruits [257]. Thermal imaging
also has been proposed to detect different material types [55]. Unlike others, our
work combines different sensing modalities to identify plastics at different size
scales, including, meso, micro and nano.
Plastic identification: Manual cleaning campaigns have been adopted as a solution
to overcome the litter removal problem. Automated solutions also have been devel-
oped to tackle the problem. Computer vision methods (object recognition) are the
most common autonomous approaches to identify plastics [37]. Methods for identi-
fying plastics in oceans [17] and removing plastic litter from public spaces [279] at
macro level have been investigated. Optical solutions have been studied to identify
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Ref Plastic size Integration
with AV Techniques Area

Mapping
Off-the-shelf
components

[55] Macro No Ambient Light Full Yes
[80] Macro Yes Human touch Partial Yes

[333] Macro Yes Sunlight Full Yes
[224] Macro No Object recognition Full No
[104] Macro No Sunlight Full No
[279] Macro Yes Object recognition Full No
[37] Macro No Object recognition Full No

[152] Macro No Object recognition Full No
[178] Macro No Object recognition Full No
[227] Macro No Object recognition Full No
[313] Macro No Object recognition Full No
[316] Macro Yes Object recognition Full No
[91] Macro Yes Light Full Yes
[93] Macro Yes Light Full Yes

[330] Macro No Light Full Yes
[346] Micro No Light Full No

Our work Macro & Micro Yes Light Partial Yes

Table 8: State-of-the-art for identification of plastics and potential integration with
autonomous vehicles (AV).

different types of plastics underwater [333, 91]. Macro-plastics (more than 200
mm in size) are easy to detect by the human eye [81]. Despite several approaches
available to detect plastics, a key problem that has been partially overcome is
the detection of micro-plastics. Indeed, unlike macro plastics, the micro plastics
(< 5mm in size) are difficult to detect due to their size. Microplastics are generated
through the degradation of macro and meso plastics, as they break down in response
to environmental conditions. [209]. The most common method to detect micro
plastics are based on spectroscopy techniques, like fourier transformation infrared
spectroscopy (FTIR) and Raman spectroscopy [208]. While these methods are
highly accurate, they can only be utilized in controlled environments. Moreover,
these methods are expensive and require bulky instruments. Thus, they cannot be
applied in the wild contexts or integrated into autonomous vehicles with ease. Our
work explores the identification of different plastic particles in the wild, affected
by different environmental factors, e.g., sunlight, and different surfaces. Moreover,
we also demonstrate how our solutions can be integrated into autonomous ground
vehicles.

4.3. Motivation

The most commonly employed automated method for supporting litter detection
is vision-based object detection [16]. However, this approach exhibits limited
accuracy when deployed in real-world environments, as it primarily detects larger
and intact litter objects. In addition, it is energy intensive, making it unsuitable for
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use in resource-constrained devices, such as drones [345]. We demonstrate that
plastic identification can be integrated into AGVs using lightweight thermal sensing.
Thermal imaging has proven to be a promising technology for characterizing the
material composition of various litter objects [80], and it can utilize opportunistic
heat sources, such as sunlight, to lower the cost of the sensing process [333].
Our results indicate that these methods can improve plastic detection and removal
by accurately identifying the material, thereby ensuring that proper recycling
processes can be applied.
Testbed: We conducted experiments to measure the thermal dissipation time of
plastics across different size categories: macro-scale (diameter > 10mm), meso-
scale (5 to 10mm), and micro-scale (< 5mm). For the macro-scale analysis, we
focused on plastic objects and used specialized samples produced through a stan-
dardized manufacturing process. This approach ensures that the objects are com-
parable and that any variations in thermal radiation are attributed to differences
in the polymer material. A 60 W bulb was used as the heat source to induce ther-
mal radiation. For the micro and meso-scale plastics, we used samples collected
directly from the environment, as detailed in Section 3.5. Thermal radiation in
these samples was induced using a Janeli Incubator, which provides a consistent
amount of thermal energy. A commercially available FLIR CAT S61 smartphone
was employed as the thermal sensing unit for all experiments.
Procedure: Plastic samples were first exposed to ambient temperatures ranging
from 22 ◦C to 24 ◦C prior to the start of the experiment. Each sample was then
placed on a black surface, with a lamp positioned at a fixed distance of 10 cm to pre-
vent burn damage while ensuring adequate thermal radiation exposure. The black
surface was chosen to ensure consistent measurements by absorbing additional
thermal radiation. We evaluated four heating durations (1, 2, 3 and 4 minutes),
corresponding to varying initial temperatures, and measured the dissipation of
the thermal footprint over time. Longer durations were not considered since a
4-minute duration was sufficient to reveal the relationship between dissipation
time and emissivity coefficient. Similarly, micro- and meso-scale samples were
placed in an incubator for approximately 15 minutes at a temperature of 30 ◦C.
To verify that the incubator induced sufficient thermal radiation in the plastic
fragments, macro-scale samples were also included in the experiment. Figure 19
presents the arrangement of the samples. Furthermore, two types of plastic frag-
ment arrangements were considered: agglomerated (AA) and dispersed (DA). In
the agglomerated arrangement, the samples overlapped, allowing thermal radiation
transfer between them, whereas in the dispersed arrangement, the fragments were
separated from one another.
Results: The thermal dissipation time of plastic samples, as shown in Figure 20,
can serve as an effective method for identifying different material types. A Fried-
man test, using plastic type and thermal dissipation time as variables, revealed
statistically significant differences between the plastic materials (χ2(2) = 61.47, p
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Figure 19: Combination of macro-plastics and micro-plastics (agglomerated and
dispersed).

< .05, W = 0.80), confirming that thermal radiation can successfully distinguish
between them.

Although thermal radiation can be easily measured for macro plastics, Fig-
ures 20(e-f) demonstrate that this analysis cannot be reliably applied to plastic
fragments. As shown in Figure 20e, when fragments are agglomerated (i.e., overlap-
ping), there is sufficient thermal radiation to generate a thermal footprint. However,
accurately identifying the material becomes difficult, particularly when the frag-
ments consist of different materials. In contrast, when fragments are dispersed,
thermal radiation is insufficient to produce a detectable footprint. Additionally, we
evaluated the thermal dissipation times of the macro samples using an incubator as
the heat source. The results, presented in Figure 20f, indicated that the dissipation
times exhibited a similar relative trend when compared to those using a bulb as
the thermal radiation source. A Kolmogorov-Smirnov test confirmed that the
differences in thermal dissipation times were not statistically significant between
the two heat sources (KS=0.2, p > 0.05). This finding suggests that uniform heat
distribution across the object is not necessary; even a small region with consistent
heat points is adequate for detecting plastic materials.
Insights: Our results indicate that while thermal dissipation time is effective for
characterizing macro plastic samples, it falls short in identifying smaller plastic
fragments. Micro and meso samples can only be reliably characterized when
they are agglomerated, a condition that is rarely observed in natural environments,
as will be demonstrated in our main experiments in Section 3.5). Consequently,
relying solely on individual sensing modalities is inadequate for detecting plastics
across different scales. The LIZARD system addresses this challenge by combining
two complementary sensing modalities, offering a more comprehensive solution to
the issue of scale variability.

4.4. LIZARD Sensing Pipeline

LIZARD has been developed for autonomous litter monitoring, a task that presents
considerable challenges. The operations must be lightweight enough to avoid
interfering with the AGVs primary functions, such as autonomous navigation.
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Figure 20: Thermal dissipation times for (a-d) 20 plastic samples, (e) Micro and
meso plastics, and (f) Selected macro plastics.

Moreover, the litter detection system must function reliably across various surfaces
and weather conditions. Since AGV’s are primarily focused on navigation, any
auxiliary tasks, like litter monitoring, must operate with minimal resource usage.
LIZARD addresses these challenges by employing two complementary sensing
modalities and a two-phase sensing pipeline that minimizes unnecessary processing.
The overall pipeline, outlined in Figure 21, begins with a thermal camera that
monitors thermal dissipation patterns to identify larger macro fragments, generating
a region of interest (ROI). This ROI is then further analyzed using light sensing
with an adaptive sampling scheme, designed to minimize excess processing. The
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Figure 21: Plastic fragment sensing and monitoring pipeline.

following sections provide detailed descriptions of each phase.

4.4.1. Phase 1 - Thermal imaging

Pre-processing: In the first phase, video footage is captured with a thermal
camera and then converted into a sequence of grayscale images for preprocessing.
This grayscale conversion aids in isolating the background and segmenting the
image into distinct objects. In order to reduce thermal noise, caused by the
camera’s low resolution and inherent inaccuracies, a Gaussian Blur is applied
to smoothen the image. Following this, the grayscale image is converted into
a binary format (0-255) to estimate the thermal dissipation time, allowing the
isolation of visible heat sources as thermal footprints. To further enhance the
visibility of these thermal footprints, each image is processed using the Adaptive
Histogram Equalization technique, which sharpens edge definitions. These steps
are summarized in Algorithm 1 (steps 1-3) and adhere to best practices in thermal
image processing [80, 239].
Reducing sampling area: Since macro litter is easily detectable through thermal
imaging, our focus shifted more towards challenging task of identifying smaller
plastic fragments in the environment. Mapping an entire area for these fragments
is resource-intensive, making it unsuitable for devices with limited resources.
Therefore, we first focussed on reducing the area to be explored. It is important
to highlight that, in practice, moving the AGV consumes the most resources. The
sensing components of LIZARD are designed as a separate payload with their own
power source and computing resources, allowing us to focus on optimizing the
resource consumption of the sensing pipeline. Given that most current AGVs do not
readily support external component integration or offer extensive programmability,
using a separate payload is the most feasible approach.

The main technical challenge is how to reduce the area under detailed analysis,
as the size of the area directly affects resource consumption. To address this, we
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first exclude regions where macro litter has been identified, as these areas will
already be designated for cleaning. Our primary focus is on regions where smaller
plastic fragments may remain in the environment, even after cleaning efforts. To
refine the analysis, the binary images are further processed by removing the white
regions representing heat sources. These heated areas are detected and extracted
using OpenCV’s Contour Approximation Method. Once macro litter is identified
through contour detection, we create a patch that masks these larger samples, as
detailed in Algorithm 1 (lines 4 to 13). Since these areas do not contain plastic
fragments, sampling is unnecessary, thereby reducing the sampling area.

Algorithm 1: Reduce sampling area of sensing and calculate ROI coordi-
nates

Data: ThermalImage containing plastic fragments
Result: patch; coordinates of plastic fragment ROIs

1 image← Conversion to Grayscale;
2 image← Apply GaussianBlur;
3 image← Convert to Binary(0 or 255);
4 c← Detect all contours from image;
5 initialize contourarea;
6 for each contour in c do
7 contourarea← area of each contour;
8 area90thquantile← 90th quantile of contourarea;
9 if contourarea> area90thquantile then

10 patch← contour Bounding Box Coordinates;
11 apply bounding box patch on image ;
12 end
13 end
14 ROI ← calculate ROIs from remaining sampling area;
15 RandomSample← Random sample from ROIs;
16 BoundingBox← Bounding box of RandomSample;
17 centroid ← Centroid of BoundingBox;
18 coordinates← Coordinates of centroid;
19 return coordinates of centroid

4.4.2. Phase 2 - Light reflectivity

Defining ROI mapping area: Next, we define regions of interest (ROIs) within the
remaining unexplored areas. To accomplish this, we divide the area into multiple
ROIs of uniform height and width. While this approach has been successfully
applied to generate images at different resolutions [321], in our case, it is used to
define specific areas for sampling. We calculated the coordinates of the small ROIs
designated for sensing. The key principle here is that sampling is conducted within
these small areas. To accomplish this, we first employed a Canny Edge Detection
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method in OpenCV on the thermal image to identify ROIs from the remaining
unexplored regions. This technique isolates the boundaries of plastic fragments.
Subsequently, we performed Morphological Transformation (dilation) to enhance
the boundaries by adding pixels, which is essential because the boundaries may
sometimes be only partially visible. Dilation helps interpolate and complete any
missing boundary sections. As a result, the plastic fragment boundaries become
more prominent and thicker. We then mask the large plastic samples using the
patch generated previously in Algorithm 1. Finally, Contour Detection is used to
extract the ROI area after the plastic fragment boundaries are clearly defined.
Scheduling light sampling and classification: The longer the monitoring system
can operate, the larger the area it can cover, leading to more accurate identification
of litter. However, movements of the ground vehicle and its actuators, such as
robotic arms, result in significant power consumption, limiting the duration of
monitoring based on the area being sampled. One of the key challenges for
LIZARD is optimizing the balance between monitoring accuracy and the cost of
ground drone movements. We address this challenge by employing an adaptive
sampling strategy that analyzes the ROI to identify areas where light reflectivity
sampling should be conducted. Since the extracted ROIs may include noise due to
varying backgrounds, random sampling is performed within the extracted ROIs
(contours in this case) to reduce the cost of sensing and monitoring. After random
samples are generated, the centroid of the bounding box enclosing the region of
interest is calculated, and the coordinates are passed to the light reflectivity sensor
for sensing and monitoring, as detailed in Algorithm 1.
Sampling robustness: Given that microplastics can be present in any environment,
another significant challenge for LIZARD is ensuring reliable operation across
various environmental backgrounds. Certain locations may be more challenging
to map than others due to factors such as dirt, humidity, and wind. To enhance
the identification of sampled data, we performed wavelet transform [166], on
the sensor data for enrichment and denoising. This process involves filtering,
thresholding, and scaling of light values. Scaling is performed to generate wavelet
coefficients at various scales, enabling multiresolution analysis. Following this,
we used change point detection to analyze the reconstructed light sensor data, as
illustrated in the Figure 22. For this, we employed the roerich technique, which
performs change point detection based on density ratio estimation [125]. By
specifying the sliding window size, the outcome of the change point detection
includes both the detected change points in the light values (y-axis) and their
magnitudes, as shown in the Figure. These detected change points indicate the
presence of plastic fragments, while the magnitude represents the type of plastic.
The PR-AUC for the true and predicted change points was approximately 0.94
(precision: 0.88; recall: 1.0). Additionally, as part of our pipeline, after light
samples from a ROIs are denoised and preprocessed, they are fed into classical
machine learning models to classify the type of plastic fragment. LIZARD employs

90



Figure 22: Wavelet transformation of light sensor data (top), change point scores
(middle) and change point detection (bottom).

RF and SVMs to facilitate the classification of plastic fragments.
Technical challenges: LIZARD integrates thermal imaging to detect large plastic
fragments with light reflectivity for identifying smaller particles, addressing the
challenge of high costs associated with using sensors to explore entire areas. Addi-
tionally, LIZARD implements an enrichment method to improve the robustness of
microplastic identification in diverse environmental conditions. Further challenges
include hardware design, sensor placement, field of view, and sensor calibration.
Another critical issue to overcome is the dynamic adaptation to changing envi-
ronmental factors for effective operation in the wild. Despite these challenges,
LIZARD currently operates efficiently across various environments, providing core
functionality that is easily extendable.

4.5. Experimental Setup

We conducted a comprehensive evaluation of LIZARD through rigorous experi-
ments to demonstrate its performance in identifying plastic fragments. The evalua-
tion begins with controlled experiments, illustrating how light reflectivity can be
utilized to characterize plastic fragments collected from real-world environments.
Following this, we demonstrate how our method can be effectively applied to detect
plastic fragments dispersed in natural, uncontrolled settings.
Apparatus: We utilized an off-the-shelf Caterpillar (CAT) smartphone for our
experiments. To induce thermal radiation in the plastic samples, we employed a
JANOEL18S incubator as the heat source. For the light reflectivity source, we used
red light diodes and photoresistors with a wavelength of 650 nm. Additionally,
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Figure 23: A. plastic types: (a) 1: Micro (<5 mm), (b) 2: Meso (5 mm to 15mm),
and (c) 3: Macro plastics (> 15 mm); B. Plastic size comparison using coins as a
reference; C. Arrangements of micro, meso, and macro plastic samples used in our
analysis.

we developed an array of 15 light sensors to simultaneously map an area from an
autonomous vehicle.
Plastic samples: Plastic fragment samples were collected from the wild using
a specialized process [34] and categorized into three types, as illustrated in
Figure 23a: Type 1 (< 5 mm), Type 2 (> 5 mm and <= 15 mm) and Type 3 (>
15 mm). Type 1 represents microplastics, while Type 2 represents mesoplastics.
These two categories are the most concerning, as microplastics can be easily
ingested by animals or transported into aquatic environments, where they enter the
food chain [15]. Mesoplastics are typically in the process of breaking down into
smaller fragments, serving as a source of future microplastics. Type 3 corresponds
to macroplastics. The experiment also included macroplastic samples from end
products, as depicted in Figure 23b, such as a plastic bottle (PET), a shampoo
bottle (HDPE), and a disposable plastic cup (PP). These samples were arranged
together to simulate plastic litter, enabling simultaneous analysis.
Sample arrangements: To evaluate the feasibility of detecting plastic fragments
in the environment, we begin by analyzing their natural distribution across different
settings. This is achieved through the analysis of TACO dataset [283], a publicly
available image dataset depicting litter in natural environments. The dataset con-
tains over 5,000 images of litter, ranging from macro to micro sizes. To investigate
how micro and meso litter is distributed, we extract the relevant images from the
dataset. The primary goal of this analysis is to establish typical arrangements
of plastic fragments, which can then be analyzed by our method in a controlled
setting. The arrangements used in the experiments are presented in Figure 23c and
categorized into three groups (see Section 3.6 for further details on the categories).
Procedure: After identifying the arrangements of plastic fragments, they are
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Figure 24: Lizard design alternatives.

Figure 25: Lizard prototype, (a) Main Components; (b) Underlying Sensor array;
(c) Lizard in action

replicated in a controlled testbed. An exploration area with different backgrounds
is developed, and the arrangements are mapped onto it. The arrangements are
normalized to fit within an area of 20 by 14 cm. Once positioned in the exploration
area, the setup is placed in an incubator to induce thermal radiation on the samples.
Afterward, the exploration area is removed from the incubator, and the LIZARD
pipeline is applied for further analysis.
Design: There are a wide range of options for integrating LIZARD onto AGVs.
Figure 24 presents potential designs and highlights the components that must
be added to the AGVs. One alternative is to install a simple sun-shield and use
thermal imaging [333], while another relies on computer vision (Figure 24(c)).
Alternatively, light sensors can be integrated into the lower part of the AGV to
take light reflectivity measurements (Figure 24(d-f). In our study, we used a fixed
sensor array (Figure 24(d)) to focus on evaluating sensing performance. However,
in practical applications, a robotic arm would be preferable as it could also aid in
removing plastic fragments. We employed light-dependent resistors (LDRs) as
sensors, which were sufficient for our purposes.
Implementation: We have developed a proof-of-concept pipeline, which has
been integrated with a commercial off-the-shelf AGV. The working prototype
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is illustrated in Figure 25, where its various components are highlighted. The
prototype utilizes a sensor array comprising 15 light sensors, spaced approximately
1.5 cm apart, capable of mapping an area of 20x14 cm2. This sensor array is
mounted on an arm equipped with a linear guide slider, enabling it to move back
and forth via a stepper motor (NEMA17). Each light sensor output is connected
to the analog input pins (pins 1 to 15) of the Arduino Mega ADK microcontroller,
and the photoresistors linked to the light sensors measure the light intensity by
detecting resistance. Algorithm 1 maps the coordinates between the ROIs in the
image and the area covered by the sensor array. The sensor array moves to the
specified locations, activating the corresponding light sensors to collect data from
each target area. The movement of the sensor array is controlled by the stepper
motor driver (A4988), which is connected to the Arduino microcontroller. After
the data samples are collected, they are uploaded to a web server with a timestamp
for further analysis.

4.6. Results

Light reflectivity performance: Figure 26 demonstrates the performance of the
proposed light reflectivity method in identifying different types of plastic litter
fragments from varying distances. Figure 26a presents the results for sampling
conducted at distances of 2 cm and Figure 26b at 5 cm distance respectively.
The results indicate that light reflectivity can effectively characterize individual
plastic fragment samples. A Kruskal-Wallis test revealed no significant differences
between the plastic samples (χ2 = 10472.83, η2 = 0.99, p < 0.05). Although
slight variations in sample characterization are observed when using different
sampling distances, the relative differences between the types of characterization
are preserved. Additionally, a Kolmogorov-Smirnov test confirmed that the light
reflectivity values from both distances were similar (KS=0.235, p > 0.05). It is also
evident from the figure that the ability to differentiate between samples decreases as
the distance increases, implying that detection becomes infeasible when the sensor
is positioned too far from the fragments. Therefore, to ensure optimal performance,
light sampling should be conducted from a distance no greater than 5 cm.
Plastic fragment sample arrangement analysis: Afterwards we quantified the
number of plastic fragments found in various contexts in the wild captured by
the TACO dataset. Figure 27a presents the results. It is clear that most of these
fragments are nearly undetectable by current detection methods. Approximately
90% of the cases where micro or meso plastics are identified contain between 5
and 10 fragments, which are typically dispersed across a given area. In contrast,
around 10% of cases feature a significant number of plastic fragments (more than
15 samples at once). Detection of areas with fewer plastic fragments is more
challenging than those with larger quantities, as higher concentrations of micro and
meso plastics can readily trigger cleaning or removal efforts. However, areas with
lower fragment densities often go unnoticed, allowing pollutants to accumulate
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(c) Distance=2 cm
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(d) Distance=5 cm

Figure 26: Light reflectivity values: (a),(b) plastic fragments of different sizes;
(c),(d) 20 different plastic fragment samples.

gradually until they reach detectable levels over time.
Ratio analysis between plastic fragments and macro samples: Plastic fragments
are seldom found in isolation; they are typically accompanied by macro-sized
litter, which likely serves as the source as it degrades over time. To investigate
this further, we analyzed the ratio between macro plastics and plastic fragments.
Table 27b presents the results. The data shows that in 25% of the images from the
dataset, the ratio of plastic fragments to macro litter is 2 : 1. The median ratio (50th
percentile) is 3 : 1, while for the 75th percentile, the ratio is approximately 5 : 3.
The maximum observed ratio of fragments to macro litter is 82 : 13. Based on this
analysis, we categorized the images into three groups: Category 1 includes images
with litter distributions below the 50th percentile, Category 2 encompasses images
between the 50th and 75th percentiles, and Category 3 includes images above the
75th percentile. Further analysis revealed that 97% of the fragments are dispersed,
while less than 3% can be classified as agglomerated. This indicates that detection
methods like thermal imaging are ineffective for identifying most of the plastic
fragments found in natural environments.
Individual modalities (baseline): Next, we analyzed the thermal dissipation
times and light reflectivity values of the plastic objects used in our experiments.
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Figure 27: Litter samples distribution. (a) Amount of plastic fragment samples
identifiable in the wild (TACO dataset). (b) Litter distribution in extracted images

Figure 28a presents the results of macro plastics detection through thermal imag-
ing. The data indicates that macro plastics exhibit relatively consistent thermal
dissipation times, even when broken into smaller pieces of varying sizes (A, B,
C) as demonstrated in the figure. A Kolmogorov-Smirnov test comparing the
thermal dissipation times between intact plastic products and their broken macro
plastic parts (from the same products) confirmed that the thermal dissipation char-
acteristics remained unchanged (KS=0.141, p > 0.05). The primary limitations
of thermal imaging as a standalone solution are its limited resolution and the
difficulty in inducing thermal radiation in small objects. Therefore, the LIZARD
system combines thermal imaging with an additional modality to enhance the
detection of smaller particles. Simultaneously, we derived light reflectivity profiles
from the intact products by taking measurements from different points along their
surfaces. Figure 28b shows the results, which demonstrates that light measure-
ments for individual products fall within a narrow range, with minimal variation.
This suggests that individual products can be reliably characterized using light
reflectivity alone. The specific light reflectivity values recorded were: Plastic
bottle (1066.96± 107.56), Shampoo bottle (1734.06± 202.97), and Disposable
plastic cup (2440.33±165.92). However, light sensing requires sampling across
multiple locations and struggles to identify specific areas contaminated by small
particles. These findings suggest that while both methods—thermal imaging and
light-reflectivity can function independently, their combined use significantly en-
hances detection by focusing on specific areas for more accurate identification.

LIZARD performance: We assessed the performance of identifying macro plas-
tics and plastic fragments using arrangements derived from real-world contexts.
To conduct this analysis, we positioned our samples in locations based on the
extracted synthetic contexts, enabling the application of our LIZARD sensing
pipeline. Figure 29 presents the results for detecting plastic fragments, as macro
plastics are easily detectable. Given that the background in which the samples are
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(a)

(b)

Figure 28: Light reflectivity and thermal dissipation values of plastic samples (a)
thermal dissipation times for macro plastics, (b) Light reflectivity from different
sampling points

placed can influence the detection outcomes, we first examined the effect of using
a consistent background across all selected arrangements (Category-1, Category-2,
and Category-3). A black background was chosen as the baseline for this analysis.
A Kruskal-Wallis test comparing the light reflectivity values between the baseline
background and various plastic fragment types and arrangements demonstrated that
plastic fragments can be effectively distinguished from background measurements
(χ2 = 270.68, on average η2 = 0.90, p < 0.05). In Category-1 (Figures 29(a–c)),
100% of the plastic fragments were successfully detected. Similarly, in Category-
2 (Figures 29(d–f)), the detection rate for plastic fragments also reached 100%.
Category-1 and Category-2 exhibit a lower distribution of plastic fragments (below
the 75th percentile), and we mostly rely on Type-2 and Type-3 fragments. As a
result, all fragments in these categories were successfully detected. In contrast, the
analysis of the Category-3 arrangement (Figures 29(g–i)), which has a litter distri-
bution above the 75th percentile, shows an overall detection accuracy of up to 89%.
The reduction in accuracy is attributed to the increased presence of Type-1 plastics
(less than 5 mm), which are more difficult to detect, suggesting that Type-1 plastic
fragments can sometimes evade detection. Figure 30a summarizes the number of
plastic samples detected by the LIZARD system compared to the actual number of
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plastic fragments present in the selected arrangements. The results indicate that
a single area mapping is insufficient to detect all types of plastic fragments, as it
provides accurate results primarily for larger fragments. To reliably identify micro
and meso plastics, multiple mappings of the area are necessary. Given that the
LIZARD system already narrows the focus area to target micro and meso plastics,
it is well-suited for repeated sampling without adding significant overhead to the
process.

C
at

eg
or

y 
I

C
at

eg
or

y 
II

C
at

eg
or

y 
II

I

(a) 2 samples (b) 3 samples (c) 4 samples

(d) 4 samples (e) 5 samples (f) 7 samples

(g) 8 samples (h) 19 samples (i) 29 samples

 0

 200

 400

 600

 800

 1000

 1200

 0  1  2  3  4  5  6  7  8  9 10 11 12 13 14 15

Li
gh
t 
va
lu
e

ti
me
 (
se
co
nd
s)

Sensors

Micro−plastics Type 1
Micro−plastics Type 2
Micro−plastics Type 3

Baseline
 0

 200

 400

 600

 800

 1000

 1200

 0  1  2  3  4  5  6  7  8  9 10 11 12 13 14 15
Li
gh
t 
va
lu
e

ti
me
 (
se
co
nd
s)

Sensors

Micro−plastics Type 1
Micro−plastics Type 2
Micro−plastics Type 3

Baseline
 0

 200

 400

 600

 800

 1000

 1200

 0  1  2  3  4  5  6  7  8  9 10 11 12 13 14 15

Li
gh
t 
va
lu
e

ti
me
 (
se
co
nd
s)

Sensors

Micro−plastics Type 3
Micro−plastics Type 2

Baseline

 0

 200

 400

 600

 800

 1000

 1200

 0  1  2  3  4  5  6  7  8  9 10 11 12 13 14 15

Li
gh
t 
va
lu
e

ti
me
 (
se
co
nd
s)

Sensors

Micro−plastics Type 2
Micro−plastics Type 1
Micro−plastics Type 3

Baseline
 0

 200

 400

 600

 800

 1000

 1200

 0  1  2  3  4  5  6  7  8  9 10 11 12 13 14 15

Li
gh
t 
va
lu
e

ti
me
 (
se
co
nd
s)

Sensors

Micro−plastics Type 3
Micro−plastics Type 1
Micro−plastics Type 2

Baseline
 0

 200

 400

 600

 800

 1000

 1200

 0  1  2  3  4  5  6  7  8  9 10 11 12 13 14 15

Li
gh
t 
va
lu
e

ti
me
 (
se
co
nd
s)

Sensors

Micro−plastics Type 3
Micro−plastics Type 2
Micro−plastics Type 1

Baseline

 0

 200

 400

 600

 800

 1000

 1200

 0  1  2  3  4  5  6  7  8  9 10 11 12 13 14 15

Li
gh
t 
va
lu
e

ti
me
 (
se
co
nd
s)

Sensors

Micro−plastics Type 2
Micro−plastics Type 1
Micro−plastics Type 3

Baseline
 0

 200

 400

 600

 800

 1000

 1200

 0  1  2  3  4  5  6  7  8  9 10 11 12 13 14 15

Li
gh
t 
va
lu
e

ti
me
 (
se
co
nd
s)

Sensors

Micro−plastics Type 1
Micro−plastics Type 3
Micro−plastics Type 2

Baseline
 0

 200

 400

 600

 800

 1000

 1200

 0  1  2  3  4  5  6  7  8  9 10 11 12 13 14 15

Li
gh
t 
va
lu
e

ti
me
 (
se
co
nd
s)

Sensors

Micro−plastics Type 3
Micro−plastics Type 1
Micro−plastics Type 2

Baseline

Figure 29: Light reflectivity for different categories.

LIZARD performance on more realistic background: In addition to utilizing
a black generic background as a baseline for plastic fragment detection, we also
assess the performance of our method using more realistic backgrounds typically
found in public spaces. From our analysis of the TACO dataset, we identified
the most common backgrounds where litter is present, which include concrete,
sand, soil, wood, and grass. A bumpy background was also incorporated into
the evaluation. The baseline light values of these backgrounds without plastic
samples are presented in Figure 31. As anticipated, certain light backgrounds
exhibit greater variation in light values compared to others, prompting us to include
these backgrounds in our experiments. The results of light reflectivity values
across different backgrounds are shown in Figure 32. A Kruskal-Wallis test
performed between the light values of these backgrounds and various plastic
fragment types reveals statistically significant differences (χ2 = 89.5 to 120.0,
η2 = 0.85, p < 0.05), indicating that the light measurements of plastic fragments
differ based on the background location. Thus, it is feasible to distinguish the
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micro samples from their respective backgrounds. This is further demonstrated
in Figure 30b, where we present the light values of specific plastic fragments in
various contexts. The figure shows that the light values of plastic samples display
minimal variation. The mean and standard deviation of light reflectivity values for
Type 1 fragments across all backgrounds are 869±31.54, for Type 2, the values are
924.28±9.81, and for Type 3, values are 992.28±29.24. Additionally, Figure 32f
illustrates how background deformations, such as bumpy ground, impact detection
performance. Despite significant fluctuations in light values due to background
irregularities, detection remains consistent. A Kruskal-Wallis test performed on the
light values in bumpy backgrounds and different plastic fragments also indicates
statistically significant differences (χ2 = 118.5, η2 = 0.883, p < 0.05).
Classification performance: We first applied the k-means clustering algorithm to
the light values of different plastic samples, setting the number of clusters to 3, to
demonstrate that the light values corresponding to the three different types of plastic
samples fall into distinct groups. The results, shown in Figure 33a, indicate that
plastic fragment types are more easily detectable when using a black background.
The centroids of the three clusters, represented by black circles, are well separated,
with the centroid for Cluster 1 at 870, for Cluster 2 at 914, and for Cluster 3 at
970. However, when analyzing the impact of more realistic backgrounds, the
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Figure 32: Light reflectivity values of plastic samples.

light values become more dispersed. This is particularly evident with lighter
backgrounds such as polished wood or sand, where more light from the diode is
reflected back to the photoresistor. In other words, the variation in light values
depends on the background location, making the background an important factor
in plastic sample classification. Based on this information, we then constructed a
classical machine learning model. We preprocessed the categorical background
data using One-Hot Encoding. When employing the RF classifier, we obtained a
10-fold cross-validation accuracy of approximately 77% to 80%. A similar score
of around 70% to 75% was achieved using the SVM classifier. Figure 33b shows
the confusion matrix of performance.

(a) (b)

Figure 33: Clustering and classification results - (a) k-means clustering, (b) Confu-
sion matrix for random forest classifier

Comparison to baseline: The performance of the LIZARD system is compared
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against visual inspection, which is the most commonly used method for identifying
and removing plastic fragments [246]. Other available methods often require
bulky, expensive, and complex instruments, making them impractical for large-
scale applications. In contrast, visual inspection can be applied in a variety of
contexts. LIZARD, unlike traditional methods, requires minimal or no human
intervention and can also enhance the accuracy of inspections conducted by the
naked eye. To establish a baseline for comparison, we conducted a user study
to quantify human performance in identifying plastic fragments. A testbed was
designed to evaluate various locations (backgrounds), with Sand, Grass, and Rocky
backgrounds selected to align with our primary method evaluation. The test
used the Category-3 arrangement, which includes the largest number of plastic
fragments (29) commonly found in natural environments. This arrangement covers
a 20x14 cm area and includes micro (9), meso (13), and macro (7) plastics (see
Figure 34a). We surveyed 45 participants (15 per background) from a university
campus. Participants were randomly asked to perform the task while walking
through the campus, and no personal data was collected. The task required them to
remove all visible plastic fragments from the testbed, stopping when they believed
the location was clear. A stopwatch and an Android application were used to record
the timestamps between the removal of plastic fragments.
Comparison results: Figure 34b presents the results of the experiment. The data
shows that at the beginning of the task, plastic fragments are removed quickly.
On average, across all locations, 18 plastic fragments are removed at a rate of 20
seconds, before the time required for further removals increases exponentially. The
average time taken for each location is as follows: Sand = 70.4 seconds, Rock
= 81.04 seconds, and Grass = 113 seconds, indicating that the type of location
influences visual performance. Regarding removal performance, 92% of the plastic
fragments were removed from the sand, 86% from the rocky background, and
76% from the grass, underscoring the challenge of completely eliminating plastic
fragments from the environment. When compared to the baseline, LIZARD
demonstrates superior removal performance, achieving up to 98% effectiveness,
and its identification speed surpasses that of human visual inspection.

4.7. Real-world practicability

Our experiments yielded promising results using real-world litter footage; however,
they did not fully assess the system’s performance in actual environmental condi-
tions. In this section, we present LIZARD’s robustness when tested in real-world
environments.
Experimental setup: LIZARD was evaluated across three distinct locations, each
featuring a different background: soil (park), gravel, and cast iron (manhole cover).
Figures 35(a-c) show the deployment and Figures 35(d-f) provide a detailed view
of these background locations. The experiment was carried out over a period of
five days at various times (morning, afternoon, and night) to assess its performance
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(a) (b)

Figure 34: Removal of plastic fragments via visual inspection. (a) Illustration of
the method, (b) Removal rate.

Figure 35: LIZARD deployment. Sampling locations - backgrounds: (a) & (d)
rocky (b) & (e) iron, (c) & (f) soil.

under different lighting conditions.
Procedure: We selected an arrangement of 15 plastic samples, comprising the
three types of plastics evaluated in previous tests: 4 Type 1 samples (microplastics
< 5mm), 6 Type 2 samples (mesoplastics 5mm to 1.5cm), and 5 Type 3 samples
(macro plastic fragments > 1.5cm). LIZARD utilizes light reflectivity to detect
these different fragment types. Additionally, we collected ambient luminosity data
using the LUX Meter Application for further analysis.
LIZARD performance: Figure 36(a-c) displays the luminosity values across dif-
ferent backgrounds as measured by the LUX Meter Application, while Figure 36(d-
f) provide a characterization of the backgrounds where the plastic fragments were
located. Each background presents a distinct profile, with gravel showing the
highest variability due to its uneven surface. Additionally, the background char-
acteristics change significantly based on luminosity, with morning and afternoon
measurements differing substantially from those taken at night. Figure 37 illus-
trates the light intensity values for the various plastic fragments at different times
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of day. These results align with our controlled evaluations, confirming that all
plastic fragments can be detected, though there is a slight decline in performance
due to the uneven surfaces and varying luminosity over time. The best detection
results are achieved during the morning and afternoon, when ambient sunlight
positively influences the sensors, whereas the worst performance is observed at
night. It is worth noting that this issue could be mitigated by equipping the AGV
with a separate light source. The primary errors occur between Type 2 and Type 3
fragments, with microplastics being easily distinguished. Most of the classification
errors arise between mesoplastics and macroplastic fragments. To verify the consis-
tency of our real-world data with controlled tests, we conducted statistical testing.
The soil background exhibited the closest match between the two environments.
We performed a Kolmogorov-Smirnov test to compare the measurements in the
soil condition, confirming that the data is similar between the two experiments
(KS=0.428, p > 0.05). Finally, we assessed LIZARD classification performance
using the data collected from the light. Unlike controlled experiments conducted
under constant luminosity conditions, the real-world data reflects varying light
levels. By incorporating luminosity as an input feature, the overall model accuracy
improved to approximately 85% (Figure 38).

(a) Ground (b) Metal (c) Rocky

(d) Ground (e) Metal (f) Rocky

Figure 36: a)-c) Ambient luminosity during the day, d-f) Baseline background light
values during the day.

4.8. Discussion

Stakeholders and Adoption: The experiments demonstrated that LIZARD is a
promising solution for identifying macro, meso, and micro litter in the environ-
ment. This capability to obtain information about different litter particle sizes
is the key feature setting LIZARD apart from existing solutions. Naturally, the
accuracy of LIZARD is lower than with dedicated scientific instruments, such as
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Figure 38: Improvement on classification accuracy.

FTIR or Infared microscopy, and thus the main use for LIZARD is to use it to
autonomously identify areas that are badly affected and to help coordinate cleaning
efforts. Another possible use would be to integrate it as part of drones that are
operating within a city (e.g., delivery drones).
Context and sensor calibration: A limitation of our technique is background
influence on micro-particle detection. Darker backgrounds (e.g., soil) ease detec-
tion as they reflect less light than lighter backgrounds (e.g., sand). Overall, our
results were promising even with varying backgrounds. Highly reflective ground
might benefit from more advanced sensor designs, such as using a small array of
light sources to project a pattern for material estimation. Other options involve
closer sensor placement or models considering background material. We are also
interested in nighttime applications, leveraging consistent lighting, often from
onboard AGVs, in low-light conditions.
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Environmental Adaptability: Rain and snow can challenge micro-particle de-
tection, but our solution remains reliable for macro particles, leveraging thermal
imaging’s environmental insensitivity. While it offers insights into potential micro-
particle locations, accuracy may be reduced. To address these, we can explore
extendable covers to counteract weather effects and reflections. LIZARD uses
thermal imaging for macro-plastic detection, acknowledging the impact of weather
conditions. Shielding the thermal camera is a potential remedy. In aquatic or
aerial settings, computer vision provides an alternative. For instance, LIZARD can
identify plastic fragments in water, complementing established methods. While
integration with underwater drones is feasible, it requires thoughtful design. How-
ever, implementing computer vision on resource-constrained devices demands
extra resources.
On energy consumption: LIZARD adds sensors to AGVs with minimal opera-
tional impact. Unlike underwater and aerial vehicles, AGVs handle extra weight
better, without navigation instability or increased energy use. In our experiments,
LIZARD’s added weight doesn’t burden AGVs, avoiding extra energy consump-
tion. AGV sensors include their own batteries, adding to the total weight. We opt
for classical machine learning for classification, as deep learning, requiring ample
data, proves resource-intensive for constrained devices [219].
AGV Integration: The experimental prototype combined off-the-shelf components
and an affordable AGV. Integration challenges need to be addressed for larger-
scale operations. The sensing units have their own power sources and don’t affect
the AGV’s resource consumption. Plastic recognition uses a smartphone with a
thermal camera and a sunshield, adding 350 grams. Additional light sensors and
batteries add 50 grams. The total payload is 400 grams. This has indirect effects
on energy [176] and may require re-calibration for navigation [291]. Future drones
are expected to be modular. Currently, integration is difficult. Light sensors and a
stepper motor are placed on the front of the AGV, requiring weight compensation
at the back. Re-configurable components can overcome this issue.

4.9. Applications for Environmental Sustainability: Outcomes
and Implications

The LIZARD system introduces a novel, autonomous approach to detecting and
mapping plastic litter across a wide range of particle sizes—including macro, meso,
and micro plastics—in real-world environmental contexts. By utilizing a compact
combination of thermal imaging and light reflectance sensing, LIZARD can be
seamlessly integrated with AGVs and, potentially, with city-operating delivery
drones. This enables scalable, cost-effective monitoring across urban, terrestrial,
and potentially aquatic environments, making large-area, high-frequency mapping
of plastic pollution feasible for both citizen science initiatives and municipal
stakeholders.

A primary application of LIZARD is its capability to autonomously identify and

105



localize regions afflicted by significant plastic litter accumulation. Unlike costly
laboratory-based analysis systems such as FTIR or Infrared microscopy, LIZARD
delivers in-situ, near-real-time insights, which can efficiently guide and prioritize
networked or human-led clean-up interventions. Its ability to distinguish plastics of
diverse sizes on various backgrounds—soil, sand, and urban surfaces – addresses
the pressing need for field-deployable plastic pollution mapping, supporting rapid
responsiveness to new pollution hotspots and adaptive management strategies.
This supports sustainability goals by enabling resource-efficient deployment of
remediation teams, reducing the persistence of plastics in natural environments,
and underpinning targeted policy enforcement for pollution prevention.

The low payload and modest energy requirements of LIZARD mean it is
readily adoptable on commercially available AGVs or drones without significant
operational trade-offs, supporting broad deployment even in resource-limited re-
gions [176]. By relying on classical machine learning for plastic classification,
the system avoids the high hardware and energy overhead of deep learning ap-
proaches, which may be impractical for lightweight, battery-operated autonomous
systems [51]. This ensures that plastic monitoring can be democratized and main-
tained for long durations without prohibitive costs or frequent maintenance.

LIZARD’s sensing principles are also extendable. While current deployments
focus on terrestrial plastics, the core methodology can be adapted – given suitable
waterproofing and mechanical constraints–to aquatic environments, supplementing
or partially automating laborious manual sampling and dye-based detection meth-
ods commonly used in water quality surveys. In addition, LIZARD can potentially
be upgraded to monitor plastic nano-particles through integration with specialized
filters and high-sensitivity light sensors, aligning with emerging concerns over
nano-plastic contamination in both ecosystems and the food chain [102, 170].

From a systems and sustainability perspective, LIZARD’s modular sensor array
design facilitates easy upgrades and contextual calibration, ensuring detection
accuracy even as underlying backgrounds, lighting, or weather conditions change.
For example, by using arrays or multi-spectral (red, green, blue) sensors and in-
corporating weather shields, LIZARD can maintain reliability in both dry and
moderately adverse environmental conditions. Future research will enhance its
robustness through multimodal sensing–combining thermal, visual, and poten-
tially chemical modalities–to minimize errors due to occlusions or environmental
interferences [224, 349].

LIZARD’s targeted AGV integration ensures energy efficiency remains high.
Studies show that payload additions up to approximately 400g–such as those
associated with LIZARD’s sensor package–introduce negligible impact on AGV
operation and battery longevity in most terrestrial vehicles, allowing for extensive,
routine monitoring without frequent recharging or significant mission planning
changes [176, 153, 320]. The use of sensor arrays and stepper motors for detailed
area sampling supports improved spatial coverage and finer mapping, which is
crucial for monitoring plastic pollution trends over time.
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In summary, LIZARD enables scalable, high-resolution, and cost-effective
environmental plastic monitoring, significantly enhancing the operational scope
of clean-up efforts, prevention strategies, and public policy. By making plastic
detection accessible to a broader set of stakeholders–including cities, environmental
agencies, researchers, and even citizen science communities–it contributes directly
to the reduction of environmental plastic loads, the improvement of ecosystem
resilience, and the fulfillment of sustainability targets such as those outlined in
Sustainable Development Goals (SDG) 14 (Life Below Water) [18] and SDG 15
(Life on Land) [253].

4.10. Summary

LIZARD presents an innovative pervasive sensing approach for detecting plastic
fragments in environmental settings through dual-modality sensing combining
thermal imaging and light reflectivity. Designed for integration with autonomous
ground vehicles (AGVs), LIZARD enables continuous monitoring of public spaces
and natural ecosystems without manual intervention. The system addresses the
significant challenge of detecting small-scale plastic pollution that is difficult to
sample using conventional methods. Through comprehensive evaluation across di-
verse realistic environments, LIZARD demonstrates up to 80% detection accuracy,
representing the first autonomous technology capable of field-deployable plastic
fragment identification.

LIZARD significantly advances environmental sustainability by enabling proac-
tive, large-scale plastic pollution monitoring that was previously impossible with
manual methods. The system’s autonomous operation reduces the human resources
required for environmental surveys while dramatically increasing coverage and
frequency of monitoring efforts. By facilitating early detection of plastic accumu-
lation in ecosystems, LIZARD supports timely intervention and cleanup activities,
preventing further environmental degradation. The technology’s integration with
AGVs creates scalable monitoring networks that can operate continuously across
urban and natural environments, contributing to more effective pollution control
strategies, enhanced ecosystem protection, and data-driven environmental policy
development.
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5. MICRO-CLOUD: FOG COMPUTING FRAMEWORK
FOR UNDERWATER PERVASIVE DATA SCIENCE

This chapter introduces the concept of Micro-clouds – a fog computing framework
for underwater environments – offering a decentralized, modular, and cost-effective
approach to enabling real-time data processing at or near the source of aquatic data
collection. By leveraging micro-clouds built from COTS hardware, the framework
addresses key challenges in underwater data science, including limited communi-
cation bandwidth, high latency, and the lack of computational resources in remote
or infrastructure-poor marine and freshwater settings. Through extensive exper-
imental validation with representative input data for object detection, pollution
monitoring, and biodiversity assessment, the chapter demonstrates that micro-
clouds can deliver agile, energy-efficient, and scalable analysis of underwater
sensor data. Moreover, they enable broader, more inclusive monitoring capabilities
across vast and previously inaccessible regions. Ultimately, this advancement
supports environmental sustainability by enabling faster responses to ecological
threats, fostering data-driven marine management, and promoting proactive pro-
tection of aquatic ecosystems in alignment with global environmental goals and
sustainable development practices.

5.1. Introduction

Underwater environments are increasingly becoming as a new frontier in data
science. A variety of underwater sensors–such as hydrophones [221] video
cameras [222], and those measuring salinity, pH, or other water parameters are
being deployed to support a range of applications. These applications include
oil pipeline monitoring [131, 7], fishery management [267, 231], reef and fish
school assessments [128, 42], and harbor safety monitoring [187]. However,
operating computational systems underwater poses challenges, and the lack of
high-speed communication technologies restricts the available computing infras-
tructure. Consequently, significant delays often occur between data collection and
analysis, limiting the potential scale and impact of these applications [91, 224].
To address these limitations, it is crucial to provide computing resources close to
data sources. Such proximity enables timely insights and broadens the scope for
real-time, context-aware underwater applications. These applications range from
monitoring underwater pollution [59] and forecasting litter dispersion [212] to
analyzing pollutions impact on marine life in real time [264]. Furthermore, local
computing resources can simplify communication infrastructure by enabling direct
device-to-device connectivity underwater, reducing reliance on surface-based or
cloud-based communication. The primary method for enhancing the computational
capabilities of underwater sensors currently involves utilizing surface-based infras-
tructure, such as ships or buoys, which provide computing resources or serve as
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(a) (b)

(c)

Figure 39: Complexity of moving underwater collected data to computing infras-
tructure. (a) Surface-based deployments can only support underwater infrastructure
that is close to coastal areas, (b) Major areas of marine litter are far from data
centers and also in areas that are far from coastal regions, (c) Inland regions, such
as lakes, rivers and streams, also can be poorly covered by communication infras-
tructure.

gateways to land-based systems. This approach is limited by its support for shallow
depths and short distances from land-based infrastructure. Additionally, it relies on
specialized communication interfaces, such as laser-based optical communication
[275, 47, 263] to transmit data from underwater sensors to the surface. The use of
surface-based infrastructure for relaying data to remote systems is feasible only in
coastal regions near populated areas, as high-speed, high-bandwidth communica-
tion requires base stations to be located within approximately 10 km, or at most a
few tens of kilometers, of the gateways (Figure 39a). As a result, this approach is
unsuitable for most areas of interest, such as regions with high concentrations of
marine litter that are far from computing and networking infrastructure [Fig. 39b].
Similarly, inland water bodies like rivers, lakes, and streams often lack access
to appropriate computing resources (Fig. 39c). Although recent initiatives aim
to bring data centers closer to marine environments [61], these efforts primarily
target coastal areas near densely populated urban regions, making them unlikely to
serve as a broadly adopted solution for underwater data processing.

It is important to acknowledge that the foundational paradigm of the micro-
cloud as a decentralized edge computing architecture was first introduced by Elk et
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al. [79]. Building upon this established paradigm, we propose a fog computing1

solution for underwater data science that leverages submerged COTS devices to
provide cost-effective and decentralized access to computing and storage resources.
While the Micro-cloud is fundamentally designed as a fog framework, its modular
nature allows it to flexibly act as an edge device or engage in cooperative processing
depending on the specific physical constraints of the underwater deployment. To
demonstrate this concept, we developed a proof-of-concept offloading framework
and two prototypes utilizing COTS microcontrollers, such as Raspberry Pi, as
fog nodes to support underwater applications. By integrating these inexpensive,
compact, and energy-efficient COTS components, fog computing capabilities can
be seamlessly embedded into AUVs, buoys, ships, and other underwater infrastruc-
ture. Our solution enables on-demand processing support and facilitates scaling
underwater data science. We adopt a micro-cloud architecture, where multiple
devices collaborate to deliver fog computing capabilities. This approach is par-
ticularly well-suited for resource-constrained devices and offers a cost-effective
implementation [162, 79]. Additionally, our method utilizes standard communi-
cation interfaces; for instance, we demonstrate that Wi-Fi interfaces can facilitate
interactions with the micro-cloud, provided the devices are within a sufficiently
short range. Notably, our solution achieves networking performance comparable to
established techniques like underwater LoRa [174], while also performing under-
water computations. Communication range and bandwidth can be further enhanced
using advanced interfaces, such as optical communication systems, which can
achieve data transmission rates of 10 Mbps over distances of up to 40m [145].

We demonstrated the feasibility and practical advantages of our solution through
extensive benchmarking, which includes both surface-based and underwater com-
puting tasks under various water conditions. These tests even extend to deploy-
ments on the seabed during a recreational scuba dive. Our evaluation focuses on the
solution’s ability to support diverse applications, using tasks that reflect the specific
requirements of underwater data science while also aligning with established fog
computing benchmarks [188]. Following these experiments, we conduct addi-
tional tests in underwater environments, emphasizing object detection from camera
footage. This task is widely used in underwater data science and holds significant
relevance for applications such as pollution detection, biodiversity estimation, and
pipe leakage detection [224]. The results of our experiments demonstrate that
micro-clouds can provide general-purpose support for a wide range of underwater
computing tasks and are capable of operating effectively in complex underwater
environments. Standard communication interfaces, such as Wi-Fi, are sufficient to
maintain connectivity among the devices forming the micro-cloud, as long as they
are within the same container. Clients can communicate with the micro-cloud as
long as they are within a short distance of the container (i.e., a few centimeters),

1We define fog computing as decentralized support for computing and data processing that is
offered close to the source of data. This definition is adapted from [332] and aligns with the original
definition of fog computing by Cisco.
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although specialized underwater communication technologies can be used to ex-
tend the range for client requests. Despite the limited range, these findings have
significant practical implications, suggesting that even simple COTS underwater
drones without dedicated communication interfaces can support underwater data
science. By attaching a separate fog container that uses COTS technologies, these
drones can avoid the need for complex communication interfaces. In terms of
computational performance, we find that COTS devices, such as Raspberry Pi, offer
sufficient computational power for most underwater data science tasks. However,
performance slightly declines as the depth of the container increases. The most sig-
nificant drop occurs at shallow depths due to heat accumulation inside the container,
with performance stabilizing at deeper depths. We also demonstrated that optical
communication systems are a promising option for extending the communication
range, although the stability of connectivity is influenced by the calmness of the
water. Lastly, we showed that accelerometer-based motion analysis can optimize
micro-cloud performance by regulating resource usage and identifying conditions
that enhance the likelihood of successful communications.

5.2. Related Work

Our work draws inspiration from edge and fog computing research and from
underwater IoT and data science. We next review relevant works in these fields
to highlight key requirements and challenges for providing computing support.
Table 9 provides a summary of this comparison, providing the proposed name
of the solution (Proposed); the type of deployment supported by the solution
(Deployment); the type of hardware used as underlying processing infrastructure
per (fog) processing unit (Underlying hardware); the available communications
that the deployment provides (Available communications); the flexibility of the
solution to be used underwater (Ready for underwater deployment) and whether the
solution exploits COTS components to provide high replication rate and large-scale
adoption (COTS components). The key novelties of our work are solutions to
several practical challenges resulting from the underwater environment, and the
provisioning of an underwater computing infrastructure (micro-cloud) that is low-
cost and easy to implement. Achieving this is critical for ensuring that computing
support can be easily deployed and used to support diverse underwater (pervasive)
data science applications. Indeed, unlike our work, existing solutions are limited
to offering access to external, surface-based infrastructure, or augmenting the
capabilities of individual devices, without offering a general purpose platform that
can simultaneously support multiple devices and serve the needs of a broad range
of underwater (pervasive) data science applications.
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Table 9: Summary of most relevant work for fog provisioning. Our work is the
first to offer fog computing support consisting of multiple devices that is ready for
underwater deployment and that uses low-cost COTS components.

Proposed Deployment
Underlying
hardware
(per node)

Available
communications

Ready for
underwater
deployment

Off-the-shelf
components

VM-Based Cloudlets [251] edge/fog individual Wireless LAN no no
OREO [323] edge multiple Wireless LAN no no.
Fog micro datacenter [1] datacenter multiple Wireless LAN no no
Pocket Cloudlets [154] mobile-device multiple Wi-Fi/Cellular no yes
Pervasive Data Science [163] edge multiple Wireless LAN no yes
Smartphone cluster [40],
MISCO [74]

mobile devices multiple Wi-Fi no yes

FemtoClouds [111] edge multiple Wi-Fi no yes
Collaborative processing methods
[172, 290, 306]

edge multiple Wi-Fi no yes

Cloudrone [249] edge individual Wi-Fi no yes
Geographical relocation methods
[294], [14], [57]

data center multiple
co-axial/fiber
optic

yes no

Natick [61], [214]
data center/
cloud

multiple
co-axial/fiber
optic

yes no

IoUT [146], [73], [141]
wireless sensor
networks

multiple Wi-Fi yes no

Underwater exploration and
monitoring [7], [267], [271], [119]

wireless sensor
networks/AUVs

individual Wi-Fi yes no

Underwater infrastructure [131],
Aqua-Fi [263]

WSN, drones individual Wi-Fi/optical yes no

Penguin [93] micro-cloud/AUV individual Wi-Fi yes yes
POSEIDON [221], [43], [135] edge individual acoustic/wired yes yes
Deep learning in Oceans [224] AUV/ROV individual Wi-Fi yes yes
Our work fog multiple Wi-Fi yes yes

Computational Augmentation: Edge and fog computing are the main paradigms
for augmenting computing by offering processing, intelligence, storage, and other
functionality close to the data source [332]. Edge computing provides services that
are in the vicinity of the data sources, such that there are no oscillating changes in
communication latency that hamper the battery and performance of applications.
For example, improving battery saving by caching data on the edge has been
investigated [323]. A key limitation with edge computing is the lack of dense
and ubiquitous deployments to provide continuous support to end-applications.
Fog computing, in turn, assumes the support covers data storage and is able to
integrate intelligence [332]. Fog computing can be delivered from any device with
enough processing resources that is blended within the environment. For example,
common devices acting as fog nodes, include, access points, IoT devices, cloudlets
and edge servers. Our work explores a new frontier for fog computing, developing
and deploying micro-clouds in underwater environments to increase the ubiquity of
access to processing resources for underwater applications. Existing works cannot
be directly adopted in underwater environments as there are unique challenges
when operating underwater. Our work addresses some of the key challenges,
including water motion, poor wireless propagation, and the need for sufficient
waterproofing, and highlights their impacts on delivering computational support.
We also demonstrate how off-the-shelf devices can be harnessed for underwater
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needs. Our work serves to pave the way for real-time data analytics in underwater
environments.
Cloudlets and Micro-clouds: Cloudlets provide computing power close to users
[251] and are the foundations of edge and fog computing paradigms. A micro-
cloud, in turn, depicts an extended form of a cloudlet, whose underlying resources
are aggregated using multiple distributed devices [79, 162]. Since smart and IoT
devices have increased computational capabilities, approaches to create dynamic
micro-data centres with them have been proposed [154, 1, 163]. It has been
demonstrated that a rack of smartphones can be used to create a cloud computing-
like infrastructure [40, 74]. Moreover, collaborative processing and federated
learning between devices can be used to create dynamic and elastic computing
infrastructures on the edge [111, 172, 290, 306]. Also, micro-clouds can operate on
aerial drones at the edge [249]. Our work draws inspiration from the possibilities
offered by micro-clouds, addressing key challenges and developing the necessary
support to deploy and operate them in an underwater environment, as well as
demonstrating the benefits micro-clouds can bring to underwater data science.
Data Centre Deployments: Among numerous ecological challenges, reduction of
data centres emissions is an issue that has been investigated widely to overcome
the impact on climate change [20, 294]. Data centres have been moved to different
geographical locations, in order to improve cooling and provisioning of services to
end-users [14, 57]. While dunking the data centers has been explored by Microsoft
in its Naptik [61], underwater data centres can take advantage of low temperature
sea floor and reduce cooling power, improving energy efficiency [301]. Optimal
deployment of marine cloud computing have been investigated [214]. These all
suggest there is significant potential in underwater computing infrastructure that
warrants further investigation. Our work explores the design of (small size) micro-
clouds that can be deployed underwater near where the computations are performed.
These micro-clouds can provide localized computing support for underwater data
science applications, complementing the deployment of dunked data centres and
providing broader coverage of computing resources over targeted areas.
Internet of Underwater Things: IoT has increasingly large scope in underwater
scenarios, and many of the application scenarios have been covered in previous
works [224, 146, 73, 141]. Most of the existing work has focused on developing
applications for specific purposes, including marine pollution monitoring [7], aqua-
culture [267, 271] and study of marine life [141, 62, 22]. Other work has focused
on adopting existing technologies and developing new ones for underwater us-
age [146]. Also, underwater sensors networks have been studied in detail [119, 87]
and several other technologies have been integrated into them, e.g., drones [131],
and floating infrastructure [263]. In particular, different communication technolo-
gies have been explored [47, 247, 222, 223]. Despite the increasing amount of
research, very little work exists on augmenting the processing resources of Internet
of Underwater Things (IoUT) applications. Other works have attempted to facil-

113



itate data gathering from oceans using Underwater Sensor Networks (UWSNs)
by proposing efficient routing protocols [344]. A programmable IoUT project
called SEANet has also been developed to make it convenient to add , remove and
replace both hardware and software [68]. Other works have focused on making the
IoUTs scalable [199]. Our work addresses the gap in the availability of processing
resources in underwater environments, developing a practical solution that ad-
dresses challenges in operating external computing infrastructure in an underwater
environment and that is beneficial for augmenting the processing capabilities of
these types of IoT applications and deployments.
Underwater Data Science: The most common method to analyze underwater data
is to use passive analysis, where data is collected from underwater and then taken
out to be processed by surface-based infrastructure [63]. Large amounts of data are
collected underwater that require on-site data analysis, e.g., deep learning [224].
Multiple tools have been developed to support deep learning applications for un-
derwater data analysis [43, 135, 221], e.g., whales with CurvRank [41], dolphins
with finFindR [286], NNPool [181] and PhotoID Ninja [39], and turtles with MY-
DAS [45], among others. Despite these solutions targeting analysis of underwater
data, they do not operate underwater and require surface based infrastructure. In
parallel to this, autonomous vehicles have been equipped with augmented com-
puting payloads to perform processing underwater using deep learning [93, 224].
Autonomous vehicles have limited operational time underwater and its difficult to
extend their design for augmentation of computing resources [176]. Thus, alter-
native deployment to obtain additional computing support is required. Our work
provides one such alternative, developing micro-clouds that can operate underwater
and demonstrating how they can serve the localized processing needs of underwater
applications. This makes it possible for applications to augment their processing
capabilities without relying on surface-based deployments.
Summary of Literature Review: Underwater environments remain highly chal-
lenging for computing and, currently most underwater data science applications
rely on scenarios where either surface-based computing support is reachable (e.g.,
buoys close to access point stations or tethered drones) or there is a significant
delay between the collection and analysis of data [224]. Our work addresses
technical challenges in developing a general-purpose solution for improving access
to computing resources, offering an easy-to-implement and low-cost solution for
delivering computing support to underwater applications. Our work is the first
to provide such a platform and to solve technical challenges in deploying and
operating the platform underwater. At the same time, our work is firmly grounded
on the current state-of-the-art in fog and edge computing, including the delivery
of micro-clouds, but extending these solutions to highly challenging underwater
environments. While fog and edge computing technologies have been explored
previously, translating existing solutions from surface-based infrastructure to under-
water computing support is non-trivial and requires addressing challenges resulting
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from this shift in the environment. We address these challenges, including lim-
ited wireless connectivity, water motion, and need for water-proofing, developing
solutions and analyzing their effects on the computing support that can be offered.

5.3. Feasibility Experiment

Our work addresses the need for general-purpose solutions capable of supporting
the processing requirements of a broad range of underwater applications. Micro-
clouds composed of commodity devices offer a promising solution, as they are
cost-effective, widely available, and capable of handling common processing tasks
[163]. The affordability of the components mitigates the economic impact of
potential equipment failures and facilitates denser and more rapid deployments.
Unlike traditional fog computing scenarios, underwater applications can benefit
significantly even from low-end devices, as the primary requirement is the avail-
ability of dedicated computational support. This is particularly relevant because
underwater platforms generally possess minimal computational capacity, as their
primary functions focus on navigation and maneuvering. Simultaneously, reliable
computational support remains indispensable in such environments. Integrating
computational support into these devices presents challenges due to the need for
waterproofing both hardware and software components [224]. We propose de-
ploying micro-clouds either as independent submerged components or as modular
attachments to devices operating in underwater environments. For instance, a
micro-cloud could be housed within a separate container mounted on an AGVs
tasked with collecting and analyzing underwater measurements [93]. Alternatively,
it could function as part of buoys or other observation platforms [296].
Feasibility Experiment: To evaluate the feasibility of deploying functional micro-
clouds, we conducted controlled benchmark experiments to assess the impact
of submersion on their computational performance and resource utilization. A
micro-cloud was constructed using a Raspberry Pi 4 (RPi4) micro-computer con-
tained within a waterproof glass container (refer to Section 5.5 for details of the
experimental setup). The RPi4 was chosen due to its widespread use as a rapid
prototyping platform for IoT applications, despite its default unsuitability for under-
water environments. While a single RPi4 offers limited computational resources, it
is inadequate for large-scale applications. However, collaborative processing can
be employed to enhance computational capabilities by interconnecting multiple de-
vices [144]. In practical fog computing scenarios, sufficient computational power
is required to process data captured from the surrounding environment. Common
data types include images, videos, and environmental parameters such as salinity,
temperature, and pH. The RPi4 is capable of handling such data and can even
perform deep learning–based object detection on images [224]. Consequently, the
initial focus of our experiments was on benchmarking the individual processing
capabilities of the RPi4. We developed a lightweight fog service on the RPi4,
designed to operate within a client-server architecture and provide computational
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resources upon request. After submerging the micro-cloud in shallow water (a few
centimeters as shown in Figure 42c), we analyzed the effects of water on connec-
tivity and computational performance. These initial benchmarks were conducted
at shallow depths to mitigate the risk of equipment loss. In subsequent sections
of this chapter (see Section 5.8), we explore the performance of these devices in
more realistic operating conditions, where they are submerged to depths of several
meters.
Experimental task and setup: For the feasibility benchmarks, we selected a com-
puting task that ensures consistent and uniform response times while incorporating
resource-intensive processing. By controlling these parameters, we aimed to mini-
mize the influence of non-deterministic computing behaviors on the experiment.
The chosen task involves a primality test and search, specifically identifying all
prime numbers within a given list of integers. In the experiment, a client sends a
request to the micro-cloud–based fog service, providing a list of 20 integer numbers
within a specified range of 100000−105000. The service processes the request
by identifying the prime numbers in the list and returns the results to the client.
To simulate multiple clients submitting requests, we utilized JMeter2 to generate
various user workloads. We progressively increased the workload from 100 to 500
users to assess the micro-cloud’s capacity to handle varying demands. Additionally,
we simulated different connectivity conditions by adjusting the depth at which
the micro-cloud is submerged. For communication between the devices in these
controlled experiments, we used the standard Wi-Fi interface.
Results: Figure 40 presents the performance outcomes of the micro-cloud when
handling different workloads from concurrent users. To evaluate performance,
we estimate the round-trip time (RTT) based on successful request completions.
We assess the workload handling performance both on the surface (baseline) and
underwater, using the same experimental setup. Figure 40a and d show the results
under baseline conditions. Subsequently, we analyze the impact of submersion
on the ability to handle different computational workloads. Figures 40b, c, e and
f illustrate the performance results when the micro-cloud operates underwater.
From these results, we observe that the micro-cloud can manage workloads while
submerged, with minimal overhead compared to the baseline (Figures 40b and e).
We found that when the micro-cloud is submerged at depths between 1 and 5 cm
from the surface (referred to as Depth-1 in the figure), it can successfully complete
all workloads. At depths between 6 and 12 cm (Depth-2 in figure 40c and f), the
transmissions begin to experience reliability issues, and the micro-cloud drops
some requests. To quantify this signal attenuation, we continuously monitored the
Received Signal Strength Indicator (RSSI) and packet transmission metrics. While
the surface baseline maintained a strong RSSI of approximately −10 dBm with
a near-zero packet loss rate, the RSSI at Depth-2 degraded significantly to −45
dBm. This severe attenuation resulted in a packet re-transmission rate exceeding

2https://jmeter.apache.org/

116

https://jmeter.apache.org/


18%. The loss of connectivity negatively impacts performance primarily due to this
increased overhead caused by failed transmission attempts and continuous packet
re-routing. The loss of connectivity negatively impacts performance, primarily
due to increased overhead caused by packet loss and the limitations of the Wi-Fi
interface. As Wi-Fi is known to suffer from poor underwater propagation [60], the
client and micro-cloud must be positioned within a few centimeters of each other
to ensure reliable communication. It is important to note that this connectivity
issue pertains only to communication between the client and the micro-cloud.
Internally, the devices forming the micro-cloud can communicate using Wi-Fi
or other standard communication interfaces if they are housed within the same
container. However, integrating all components into the same container can lead
to heat accumulation, which may become problematic at shallow depths (around
1 meter or less). At deeper depths, the effects of sunlight are reduced, the water
temperature is cooler, and the increased water pressure outside the container assists
with cooling. To extend the communication range, alternative solutions such as
acoustic or optical communication technologies, which can operate at depths of
several meters, could be explored [263, 47]. One such solution is discussed in
Section 5.7.
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Figure 40: Capacity results of submerged micro-clouds when handling multiple
users, a) Response time (Baseline - no water), b) Depth-1, c) Depth-2, d) Latency
(Baseline - no water), e) Depth-1, f) Depth-2.

Finally, we assess the impact of sudden water motion on the submerged micro-
cloud. Our analysis focuses on the first depth class, where the micro-cloud re-
mains accessible without dropping requests. To investigate the effects of water
motion—such as waves, currents, and tides—on access to the micro-cloud’s com-
putational resources, we place an accelerometer sensor in a glass container on the
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water’s surface, with the micro-cloud submerged. This setup allows us to capture
surface water motion while the micro-cloud handles user workloads. Figure 41
illustrates the results, which highlight different types of water motion. Specifically,
Figure 41a and 41b show conditions with minimal water movement. Under these
circumstances, the micro-cloud can successfully complete user workloads without
issues. In contrast, Figure 41c and 41d depict the effects of sudden disturbances on
the water surface caused by nearby water vehicles. These disturbances result in
significant motion, which destabilizes connectivity with the micro-cloud. When
such high motion occurs, connectivity to the micro-cloud becomes unreliable,
emphasizing the need to identify optimal transmission conditions to mitigate these
challenges.
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Figure 41: Different types of water motion influence connectivity to the submerged
micro-cloud, a-b) Low, c-d) High (induced by water vehicles operating nearby).

5.4. Underwater Micro-Cloud Design

We subsequently present the design of submersible micro-clouds (cloudlets) en-
gineered to detect water stability and enhance transmission reliability. Figure 42
illustrates the comprehensive prototype design of the micro-clouds, detailing their
internal components and their deployment in real-world environments using water-
proof enclosures for experimental testing and evaluation.

118



Figure 42: Micro-cloud prototype: (a) Internal components, (b) Waterproof encas-
ing, and (c) Deployment in the wild.

5.4.1. Architecture

Figure 43a illustrates the overall architecture of a micro-cloud, comprising modules
that integrate functionalities for computing, sensing, energy monitoring, and other
essential operations. A modular design was adopted to ensure extensibility and
adaptability. The micro-clouds utilize off-the-shelf components that are portable,
compact, and lightweight. These components offer flexibility for rapid prototyping
and easy replacement, facilitating integration with other devices and infrastruc-
ture, as demonstrated in Figure 43. For example, micro-clouds can be attached to
underwater drones or existing aquatic infrastructure, such as buoys, to enable pol-
lutant monitoring (Figure 43b). Additionally, micro-clouds can collaborate to form
high-computing infrastructures through cooperative processing and analysis (Fig-
ure 43c). They can also be deployed at specific locations to support nearby devices
(Figure 43d). By maintaining the micro-cloud infrastructure within close proximity
to underwater IoT devices, the computational burden on these resource-constrained
devices is significantly reduced. This optimization extends the operational dura-
tion of underwater IoT devices and supports the implementation of advanced fog
analytics techniques, thereby enhancing exploration capabilities.

5.4.2. Components

Computing: IoT devices operating underwater face significant limitations in
computing resources, restricting their ability to perform resource-intensive anal-
yses, such as those involving machine learning or deep learning algorithms. To
address this challenge, submersible micro-clouds serve as auxiliary computing
units, augmenting the computational capacity of these devices. These micro-clouds
incorporate separate microcontrollers or smartphone devices as processing units.
Due to their compact size, lightweight design, and portability, micro-clouds can be
easily assembled, waterproofed, and attached to underwater equipment, such as
remotely operated vehicles (ROVs) or AGVs.
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(a) Micro-cloud architecture (b) Device augmentation

(c) Micro-cloud cooperation (d) Dedicated micro-clouds

Figure 43: Initial micro-cloud deployment, (a) Micro-cloud architecture, (b) aug-
menting individual devices, (c) collaborating to improve fog processing perfor-
mance, (d) dedicated micro-clouds in a location that can be used by underwater
IoT devices in a contact-based manner.

Communications: Micro-clouds are equipped with interfaces compatible with
widely used communication technologies. These interfaces enable micro-clouds to
respond to computational requests from other devices, establish cooperative net-
works, collaborate on task execution, and offload data and computation to external
fog or cloud infrastructures on the surface. Although underwater wireless signal
absorption presents challenges [337], wireless communication remains viable
for devices within close proximity to each other or near the sea surface. In this
study, Wi-Fi is utilized for communication among devices within a single fog node
(i.e., components forming the micro-cloud) and between nearby devices, such as
ROVs, (AUVs), or divers operating in the vicinity of the fog node. For connections
with buoys, ships, or infrastructure located farther away, a dedicated underwater
communication interface is required [263]. As demonstrated in Section 5.7, optical
(light-based) communication can extend the communication range and enhance
data transfer rates for devices interfacing with the fog or collaborating to form it
[144, 94]. While optical communication is a promising solution, other underwa-
ter communication methods, such as acoustic and electromagnetic technologies,
can also be explored for longer-range connectivity. However, these alternatives
currently require specialized equipment and are not readily available as low-cost,
off-the-shelf options for enabling fog computing.
Sensing: The micro-cloud prototype incorporates sensors integrated into smart
devices to assess water motion (turbulence) affecting the micro-cloud. For example,
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accelerometer and gyroscope sensors are employed to detect significant water
movement. This data is used to identify optimal communication conditions by
recognizing periods of low turbulence, thus optimizing the timing for data sampling.
This is particularly important as turbulence can disrupt communication and lead
to increased resource overhead. Motion sensors also play a role in estimating
the submersion depth of the micro-cloud. For instance, high motion is typically
observed near the surface, whereas significantly lower motion occurs near the
seabed. Additionally, we envision the use of external sensors deployed outside
the micro-cloud to regulate its submersion process. Temperature and pressure
sensors, for example, can provide depth information, enabling the device to initiate
intensive processing that benefits from natural cooling provided by the environment.
Oscillations in wireless signals could also be leveraged to detect submersion,
allowing devices to adjust their duty cycling operations accordingly, such as
reducing automatic Wi-Fi discovery underwater. Furthermore, surface sensors
can inform the submerged micro-cloud to ascend when solar power availability is
suitable for recharging its battery resources.
Energy Monitoring: Although micro-clouds effectively enhance the processing
capabilities of underwater devices, isolated micro-clouds are prone to significant
energy consumption. To address this challenge, processing tasks can be outsourced
through collaboration with other micro-clouds or by offloading workloads to dedi-
cated fog and cloud infrastructures. To facilitate this, the micro-cloud prototype
includes an energy monitoring component that profiles the energy demands of spe-
cific tasks. This enables the efficient distribution of running processes, optimizing
energy usage and ensuring sustained operation.

5.4.3. Fog Provisioning Underwater

The current prototype of the micro-cloud for underwater edge deployments utilizes
wireless signals for service provisioning. Since micro-clouds are composed of
aggregated devices, the off-the-shelf service discovery mechanisms integrated
within smart devices are employed. These mechanisms leverage Peer-to-Peer
functionalities embedded in the default implementation of direct Wi-Fi (Wi-Fi P2P
API) to facilitate service discovery. In this study, we demonstrated that light-based
communication (see Section 5.7) can overcome the limited signal coverage imposed
by Wi-Fi (within 10−12 cm range). However, as light communication technologies
are not yet sufficiently advanced for widespread off-the-shelf adoption, Wi-Fi
remains the primary communication technology for our micro-cloud. Consequently,
we envision two primary use cases for the micro-cloud. The first deployment
involves fixed IoT Device with LAN Access. The micro-cloud can be deployed in a
fixed location, anchored to a floating buoy, for PAM. In this scenario, it is accessible
on the water surface and can support applications such as real-time analysis of
underwater acoustic signals [221].The second use cse being Mobile Deployment
with AUVs wherein the micro-cloud can operate in collaboration with AUVs,
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positioning itself near underwater devices requiring additional computing power.
For instance, cooperative networks of multiple AUVs equipped with cloudlets
could enable advanced underwater operations [176].

5.5. Computational Benchmarks

To illustrate the potential of submersible fog as a versatile solution for enhancing
the computational capabilities of underwater applications, we conduct comprehen-
sive computational benchmarks. These benchmarks are designed to represent the
processing demands of underwater data science tasks, while also aligning with
commonly used fog benchmarks. In Section 5.8, we further validate the feasibility
of deploying the micro-cloud underwater by implementing it on the seabed. In
these experiments, we assess the data processing and transfer requirements of
various applications by selecting tasks from the DeFog benchmark suite [188]
which exhibit characteristics similar to those of underwater data science tasks. We
quantify both computation and communication latency, evaluating the ability of
submerged micro-clouds to manage the workload of users accessing processing
resources. By incorporating a broader range of applications with varying compu-
tational demands, we gain insight into the processing stress experienced by the
micro-clouds. Additionally, we measure the energy consumption of the micro-
clouds while processing intensive computational tasks under submerged conditions.
Since submerged micro-clouds are designed to complement, rather than replace,
other infrastructure, we also conduct an experiment to measure data transmission
with external cloud and micro-cloud systems. This emulates a scenario in which
devices can offload processing when opportunistic connectivity to external sources
is available. The overall prototype and experimental testbed are shown in Figure 42.
Experiments and Metrics: We evaluated several performance aspects of the
micro-cloud. Initially, we measured both computation latency (RTT) and commu-
nication latency (CL). Computation latency was assessed based on three factors:
the time required to access the resource, the execution time of the task, and the
time taken to transmit the result. Communication latency (CL) refers to the data
transfer time involved in back-and-forth interactions, excluding any resource access
time. Additionally, we examined the micro-cloud’s ability to handle the workload
generated by concurrent users submitting tasks (multi-tenancy). Finally, we mea-
sured the energy consumption (EC) of the micro-cloud during the processing of
computational workloads.
Apparatus: We utilized a Raspberry Pi 4 (RPi4) and an LG G4 mobile phone
(LGP) as the processing units for the micro-cloud computer board, with each being
used independently in separate instances. The RPi4 is equipped with up to 4GB of
RAM and a Quad-Core Cortex-A72 (ARM v8) 64-bit SoC running at 1.5 GHz. The
LGP operates on Android version 6.0 and features a removable Li-Ion 2540 mAh
battery. To measure energy consumption underwater for both processing units, we
developed an energy monitoring system using an Arduino board in combination
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with an Adafruit INA260 current sensor3. The current sensor was placed in line
with the positive wire of the USB cable connecting the RPi4/LGP to the external
battery pack. The sensor was then connected to the I2C pins (SCL—I2C clock
pin, SDA—I2C data pin) of the Arduino MEGA ADK development board to
measure the current flow. An application running on the Arduino board captures
the current sensor data every 100 ms and stores it on an SD card mounted on the
board, enabling real-time tracking of energy consumption while the micro-cloud is
submerged. To enhance the accuracy of the energy measurements, a DS1307 Real-
Time Clock (RTC)4 module was incorporated, providing real-time timestamps for
the sensor readings. The accuracy of our energy measurements was found to be
comparable to those obtained using a commercial multimeter, such as the Peaktech
34305. DeFog was executed on the RPi4, while the LGP was used to run offloading
applications.
Setup: Two sets of experiments were conducted: baseline and underwater experi-
ments. The baseline experiments were performed to benchmark the micro-cloud
when deployed outside of water. Subsequently, we conducted the same experiments
to assess the impact of water on the micro-cloud’s performance when submerged.
To achieve this, the micro-cloud prototype was enclosed in a waterproof glass con-
tainer to safeguard the processing, energy, and sensor components from potential
water damage. The micro-cloud was then submerged, and the previously described
metrics were collected. As the primary goal of these experiments was to benchmark
computational performance rather than demonstrate practical feasibility, we limited
the experiments to a Depth-1 level (i.e., 1˘5 cm depth) and ensured minimal water
motion at the surface.
Tasks: To obtain performance metrics of the micro-cloud underwater, we used
four distinct applications from the DeFog benchmark suite [188]. Each application
processes different types of input assets to trigger task execution. Additionally, we
developed two offloading modes to migrate computation to external sources. The
first mode offloads a long data stream, while the second mode offloads computing
tasks at the code level. Below, we provide a brief description of the four DeFog
applications and provide examples of underwater data science applications in
various fields, where the computational tasks align with those in the benchmark
applications.
• YOLO A deep learning-based object classification application utilizing the

YOLOv3 dataset. In this experiment, asset images with an average size of 223
KB are used. Deep learning-based object classification is commonly applied in
various underwater data science applications, such as marine plastic monitoring
[97, 309] and reef ecosystem monitoring [297].

• PocketSphinx A speech-to-text conversion engine that processes audio files

3https://learn.adafruit.com/
4https://www.adafruit.com/product/3296
5https://www.peaktech.de/
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as assets. In this experiment, the audio files have an average size of 207 KB.
A pertinent example of an underwater data science application using acoustic
signals is the discrimination of marine mammals from vocal calls [192].

• Aeneas A text-audio synchronization application that enforces alignments of
text-audio entries. In this context, audio files with an average size of 400 KB are
used as assets. Forced alignment is applied to assess man-made noise pollution
levels in marine environments, such as mapping the noise generated by vessel
propellers [324].

• iPokeman A latency-critical GPS application for VR Online Mobile Games. It
processes asset files with an average size of 131 KB. Georeferencing marine
mammal trajectories is used in citizen science applications, allowing users to
report marine mammal sightings while aboard sea vessels [315].

To generate the workload of users executing these applications, we employed
JMeter, a load-testing tool designed to generate dynamic and concurrent user
workloads. Using this tool, we examined the effects of increasing workloads on
the underwater micro-cloud. The user workload ranged from 1, 2, 5, 10, 25, 50,
100, to 250 users. To further analyze underwater offloading, we developed two
specialized offloading applications, which are described below.
• Stream app The first application represents long data streaming to an external

source. It consists of an image processing application that applies a Box Blur
filter to images. The application retrieves an image from the local device storage
and processes it with the filter, creating a blurring effect to obscure image features.
Images of varying sizes–0.5 MB, 1 MB, 3 MB, and 5 MB—are used for this
task.

• Code App The second application demonstrates computation offloading at the
code level. It involves a chess game application6 based on the MinMax algorithm
optimization. The application transmits the current chessboard state to the
MinMax algorithm, which computes the optimal next move. Unlike the Stream
App, this application transmits smaller data packets with an average size of 170
KB, which are used to trigger resource-intensive processing.

For both offloading applications, we evaluated the offloading process to execute
tasks on cloud and fog infrastructures, respectively. The next section presents an
in-depth evaluation of our micro-cloud through the rigorous experiments described
in Section 5.5.

5.6. Results

We conducted comprehensive benchmarking to evaluate the performance of sub-
mersible micro-clouds, focusing on key metrics such as computation latency,
communication latency, energy efficiency, and multi-tenancy capacity. Addition-
ally, we compare the performance of submerged computing systems against a

6https://github.com/huberflores/CodeOffloadingChess
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traditional above–surface deployment baseline.

5.6.1. Underwater Computing Performance

We started by quantifying the impact of submersion and low water motion on com-
putation and communication latency within the micro-cloud. Figure 44 presents
results for three applications: YOLO, PocketSphinx, and Aeneas, alongside base-
line measurements obtained from above-water deployments for comparison. As
anticipated, water introduces a communication overhead. For example, YOLO
experiences a threefold increase in asset transmission time, while PocketSphinx
and Aeneas incur an additional 1–second delay. Furthermore, we observed that
submersion also impacts computing latency, with task execution times increasing
when the micro-cloud operates underwater. For instance, YOLO’s average comput-
ing latency rises from 8 seconds above water to 12 seconds underwater. Given that
communication latency accounts for only 2 seconds of the delay, the remaining 2
seconds are attributed to the device’s data handling processes. Similar patterns are
evident in PocketSphinx and Aeneas. We further demonstrated that this effect is
more pronounced at shallow depths. As depth increases beyond 1 meter, improved
heat transfer and cooling mitigate the latency overhead caused by submersion.
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Figure 44: Latencies of different applications, a) Computation Latency, b) Com-
munication Latency

In summary, our findings suggest that applications within proximal range can
leverage the external resources of the micro-cloud, although the performance gains
may be lower compared to above-surface deployments. Nonetheless, the elim-
ination of data transmission to the surface–or to a remote cloud–offers distinct
advantages, even if the submerged micro-cloud does not achieve the same per-
formance level as its surface-based counterpart. The results further demonstrate
that these benefits can be realized using standard wireless communication tech-
nologies rather than specialized interfaces, highlighting the potential for scalable,
modular, and easily deployable computing solutions. For advanced applications,
our analysis indicates that positioning the micro-cloud close to the application
can significantly reduce transmission power requirements, thereby extending the
operational lifespan of underwater system.
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5.6.2. Underwater Capacity Performanace

Submersible micro-cloud deployments are designed to support multiple concurrent
users or devices, enabling the execution of simultaneous tasks through shared data
processing resources (i.e., multi-tenancy). To evaluate the multi-tenancy capabili-
ties of submersible micro-clouds, we analyzed their capacity to manage workloads
generated by concurrent users submitting computing tasks for processing. Fig-
ure 45 illustrates the results, including baseline measurements for computation and
communication latency, shown in Figures 45(a) and 45(c), respectively. While an
overhead in communication latency due to concurrent transmissions is observed
when comparing Figures 45(c) and 45(d), the increase is relatively small. For
instance, with a workload of 50 users running the Aeneas application, commu-
nication latency increases by only 3 seconds. In contrast, computation latency
exhibits a larger overhead. As shown in Figures 45(a) and 45(b), a workload of
50 users requires an average computation time of 20 seconds in the baseline setup,
compared to 30 seconds underwater. This suggests that the overhead introduced by
submersion is comparable to the overhead caused by multi-user workloads. On a
per-user basis, the total delay is three times higher, with submersion contributing
an additional 0.5 seconds to communication latency. Similar patterns are observed
across other applications. The computation latency overhead percentages when
comparing baseline and underwater results are 13% for YOLO, 6.63% for Pock-
etSphinx, and approximately 25% for Aeneas. For communication latency, the
overhead percentages are higher: 41% for YOLO, 21% for PocketSphinx, and
42% for Aeneas. An ANOVA test, with baseline and underwater deployment
as experimental conditions, confirms significant differences in both computation
latency ((χ2 = 11.27, p< .001, Kendall’s W= 0.99) and communication latency
(χ2 = 58.05, p< .001, η2 = 0.996). The observed overhead is likely due to the
device’s internal thermal management, as the Raspberry Pi throttles performance
when temperatures rise significantly. This observed overhead is directly linked
to the device’s internal thermal management. During the 50-user workload tests
at shallow depths, onboard telemetry indicated that the Raspberry Pi’s internal
CPU temperature rapidly escalated, peaking at 82◦ Celsius. At this threshold, the
microcontroller automatically initiates thermal throttling, systematically reducing
CPU clock speeds to prevent hardware damage, which explicitly explains the sharp
increase in computation latency. These findings indicate that submersible micro-
clouds are most suitable for small to moderate-scale deployments (e.g., supporting
up to 10 devices or users). For larger-scale multi-user scenarios, surface-based
edge computing is better suited. However, in real-world aquatic deployments,
the internal heat issue can be mitigated by submerging the micro-cloud to greater
depths, as demonstrated in Section 5.8).
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Figure 45: Results of computation and communication latency for concurrent users,
(a) Baseline computation latency, (b) Underwater computation latency, (c) Baseline
communication latency, (d) Underwater communication latency.

5.6.3. Underwater Energy Consumption

We also evaluated the energy consumption of the micro-cloud during the execution
of applications underwater. Monitoring energy usage is crucial for effectively of-
floading computation and distributing the processing cost of tasks across available
micro-clouds. Energy consumption was measured using the energy monitoring
implementation detailed in Section 5.5, and its accuracy was validated against a
multi-meter, which served as the baseline. The results, presented in Figure 46,
demonstrate that the energy monitor closely aligns with the multi-meter, providing
fine-grained and accurate energy consumption measurements. A non-parametric
ANOVA test, using the multi-meter and energy monitor as experimental condi-
tions, confirmed that there were no significant differences (χ2 = 1.628, p= 0.21,
Kendall’s W= 0.999) between the two measurement methods.

Although previous studies have shown that the energy consumption of the RPi4
remains consistent between idle and active modes [198], an energy overhead is
still observed when the RPi4 operates underwater. Figure 46(c) illustrates the
results for underwater energy consumption, highlighting the overhead caused
by increased transmission efforts and the heavier processing load on computing
resources. When analyzing energy monitor deployment as experimental conditions,
a non-parametric ANOVA test confirmed statistically significant differences in
energy consumption between surface and underwater scenarios (χ2 = 15, p< 0.001,
Kendall’s W= 0.999)
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Figure 46: Results of energy consumption underwater, a) Baseline with multi-meter,
b) Energy monitor (outside the water) c) Energy monitor deployed underwater.
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5.6.4. Submersed Fog to Cloud Performance

Given that micro-cloud deployments are not isolated and require synchronization
with the cloud, we also analyzed communication between the submerged micro-
cloud and the cloud using the iPokeman application. This application introduces
an additional step in task execution, whereby the results of a task processed by
the micro-cloud are uploaded to a server in the cloud. The results, presented
in Figure 47, indicate a higher communication latency overhead. This extra
overhead creates a bottleneck in communication resources, limiting the number
of concurrent users the system can accommodate. This limitation is evident when
comparing Figures 47(a) and 47(d). While the baseline setup retains sufficient
resources to support more than 250 users, the underwater deployment exhibits
increased computation latency due to resource overutilization. Therefore, micro-
clouds should be equipped with operational policies tailored to their deployment
environment, whether situated on the water surface or submerged at a specific
depth. The findings further indicate that submerged micro-cloud deployments are
more efficient for processing data directly underwater than for transferring it to
surface-based infrastructure.
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Figure 47: Impact of concurrent users using iPokeman, a) Response time, b)
Response latency, c) Response time underwater, c) Response latency underwater.

5.6.5. Offloading from Underwater to the surface

Figure 48 illustrates the results of offloading computing tasks underwater. We
measured the total energy consumption and response time for each application
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under three conditions: (i) executed on the device, (ii) offloaded to an edge server
(micro-cloud), and (iii) offloaded to a cloud server. The results show that the
Stream application consumes more energy than the Code application. Additionally,
offloading to the cloud results in greater overhead in both response time and energy
consumption compared to offloading to the edge server. These patterns remain
consistent when testing underwater, though we observed that water induces higher
energy consumption and response times for both applications. When offloading
occurs between underwater devices in close proximity, submerged micro-clouds
function as edge servers, allowing underwater IoT devices to benefit from the same
offloading advantages. Our findings further suggest that while micro-clouds are
effective for underwater computing, they can also be used for synchronization with
surface-based infrastructure. However, as communication remains the primary
bottleneck, synchronization updates should be minimized to reduce overhead.

 0

 20

 40

 60

 80

 100

 120

 140

 160

0.5MB 1MB 3MB 5MB

R
es

p
o

n
se

 t
im

e 
(s

)

Data Stream Size (MB)

On−Device
Edge−Baseline

Edge−Underwater
Cloud−Baseline

Cloud−Underwater

(a) Response time (stream app)

 0

 40

 80

 120

 160

 200

 240

0.5 MB 1 MB 3 MB 5 MB

Jo
u

le
s 

(J
)

Data Stream Size (MB)

On−device
Edge−Baseline

Edge−Underwater
Cloud−Baseline

Cloud−Underwater

(b) Energy (stream app)

 0

 0.5

 1

 1.5

 2

On−Device Edge        Cloud        

R
es

p
o

n
se

 t
im

e 
(s

)

Processing Device

Underwater
Baseline

(c) Response time (Code app)

 0

 0.5

 1

 1.5

 2

On−Device Edge       Cloud       

Jo
u

le
s 

(J
)

Processing Device

Underwater
Baseline

(d) Energy (Code app)

Figure 48: Response time and energy consumption for both apps (a-b) Stream app,
(c-d) Code app.

5.7. Underwater Optical Communications

Given that wireless communication is unreliable and limited for long–distance use
in underwater environments, we next evaluate the potential of light communication
as an alternative medium. Unlike radio frequencies, the visible light spectrum
experiences lower attenuation in water, making it a promising technology for
supporting long-distance communications in underwater systems. Below, we
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Figure 49: Testbed for analysis of underwater communication with light.

provide a brief overview of the setup and results from our optical communication
experiments.
Apparatus: For the light source, we use a 650 nm, 5 mW, 3−5V red laser diode,
and an Arduino Mega ADK microcontroller (ATmega2560) to design a transmitter
that uses light for data transmission. The receiver consists of a solar panel (2.5
cm × 2.5 cm) connected to an Arduino board, which processes the received data.
To generate water motion, two different sources are employed to agitate the water
continuously. A pond aeration pump (Ubbink Air 1007) is used, which delivers
air at a rate of 100 liters per hour through a 3 watt pump. Additionally, a hand
mixer with a powerful motor (Model: House HB 1935, 200W) is used to create
significant turbulence in the water.
Setup: Our testbed, shown in Figure 49, is constructed using a water tank with
dimensions of 40 cm × 20 cm × 25 cm. The transmitter and receiver are placed
on opposite sides of the tank, outside the water, and fixed in such a way that the
emitted light directly hits the center of the solar panel. We developed an application
that transmits data using Morse code as the encoding mechanism, chosen for its
compatibility with the constrained resources of the microcontrollers. In this setup,
a dot is represented by a 1 ms laser pulse, and a dash by a 3 ms pulse. While these
intervals can vary, we observed that increasing the speed of data transmission leads
to heavier processing demands on the devices, creating a bottleneck when decoding
data. Therefore, we opted for an optical configuration that minimizes processing
load.
Baseline: For the baseline setup, we positioned the laser transmitter at one end
of a corridor in the university building and the receiver at the opposite end. The
maximum transmission distance achieved was approximately 100 meters. At
this distance, we successfully transferred a 1kB text file to the destination in 5
seconds and a 10 kB file in about 50 seconds. Notably, the light intensity from the
transmitter was consistently detected by the solar panel, ensuring that there was no
data loss over this distance.
Experiment: Data transmission was conducted in intervals of 6 minutes. In the

7www.ubbinkgarden.com
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first experiment, we observed the transmission behavior in calm water. Next, we
performed an experiment in which data transmission began in calm water during
the first minute, followed by induced water motion for the next minute. After this,
the induced motion was stopped, and the cycle was repeated for next 6 minutes.
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Figure 50: Water motion (Calm water), a) Accumulated motion captured through
all axes (variance), b) Experience motion (one axis only).

Results: Figure 50 illustrates the light communication results within water. To
quantify water motion, we used an accelerometer floating on the water surface and
estimated the overall motion by calculating the variance of the three axis over time.
Figure 50(a) shows the overall motion in calm water. Figure 50(b) presents the
motion data along the y-axis, along with the communication success rate, where
a value of 1 represents a successful transmission and 0 represents a failure. We
then assessed the performance of light communication when water motion was
induced by the air pump. Figures 51(a) and 51(b) show the overall motion and
motion along the accelerometer’s y-axis. The results indicate that the moderate
water motion induced by the pump does not disrupt light communication. The
baseline results are comparable to these two underwater scenarios: calm water
and induced water motion using the pump. Finally, we examined the performance
of light communication when water motion was induced by a more powerful
motor (a hand mixer). Figure 51(c) shows the overall motion captured by the
sensor. The results reveal that the water motion is more pronounced when using the
mixer. More importantly, as depicted in Figure 51(d), the higher level of induced
water motion disrupts light communication. Non-parametric Spearman correlation
[254] analysis indicates a significant negative relationship between increased water
motion and communication success ((ρ =−0.09, p< .05)). Interestingly, the data
suggests that after stopping the motion generated by the mixer, a few seconds are
required to restore the communication link.

5.8. Ocean Deployment

The previous experiments have primarily focused on controlled benchmark condi-
tions, utilizing water containers or shallow depths. To further validate the feasibility
of the solution, we extended our experiments to actual underwater environments,
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Figure 51: Light communication performance under different levels of induced
water motion, a) Overall motion using AirPump (all axes) b) Motion using AirPump
(one axis), c) Overall motion using a more potent motor (all axes) d) Motion using
a more potent motor (one axis).

conducted during recreational scuba diving activities.
Apparatus: In this experiment, we designed a setup where the devices comprising
the micro-cloud are housed inside a PVC-supported acrylic sphere. The fog nodes
in our configuration are repurposed older-model smartphones, which provided
support for deep learning-based object detection [224]. Two deployment scenarios
were tested: one with two phones inside the same sphere (Fig. 52a), and another
with two separate spheres attached to a horizontal bar, positioned adjacent to each
other (Fig. 52). The spheres, containing air inside, are designed to float, with
diving weights used to submerge them. A 6 kg weight is used for a single micro-
cloud, while dual micro-spheres are submerged with 12 kg of weight, anchoring
them to the seafloor (Fig. 52c). Additionally, a mobile scenario is tested where a
diver transports the micro-cloud during a dive transect survey (Fig. 52d). For the
experiments, the smartphones inside the spheres were running deep learning–based
image recognition tasks. As the performance and resource utilization of image clas-
sification depend on the type of input image, a fixed set of prerecorded images were
chosen for consistency [224]. Image data serves as a crucial source for underwater
data science due to its ability to be collected without disturbing the environment.
It is widely used in various real-world applications such as litter detection, fish
school estimation, biodiversity monitoring, and pipeline leak estimation [224].
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Therefore, our experimental setup directly reflects the needs of these underwater
data science applications, ensuring that the performance metrics obtained in our
study are relevant to actual use cases in the field.

(a) Single MCCU (b) Dual MCCU

(c) Seabed deployment (d) Dive survey

Figure 52: Underwater Micro-Cloud Computation Units (MCCUs) consisting of
individual mobile devices, communicating using off-the-shelf integrated wireless
interfaces while collaborating in the execution of a task, deployed in open sea at
8m depth. From left to right, top to bottom: (a) Master and worker within same
unit, (b) Master to the left and two workers to the right, (c) Seabed deployment
and (d) SCUBA diver survey.

Experimental Setup: The experiments were conducted at the Carlton diving reef
in Madeira Island, with both surface and underwater tests. The surface tests were
carried out in 25◦ Celsius conditions, while the underwater tests were conducted at
a depth of 8 meters, with an underwater temperature of 21◦ Celsius. Two types of
deployments were tested:
• Single Micro-Cloud Computation Unit (MCCU) This setup included two mo-

bile phones (one master and one worker) mounted in the same casing, positioned
with screens on top of each other (Fig. 52a).

• Dual Micro-Cloud Computation Units (MCCUs) This configuration included
three mobile phones (one master and two workers), with the worker devices
housed in the same container (Fig. 52b).

The master device was a Sony Xperia M2, featuring a Quad-Core 1.2 GHz Cortex-
A7 CPU, running Android 5.1. The worker devices were NOS NOVU II (Android
5.1) and Alcatel Go edition (Android 11). The task performed was image classifi-
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cation using pretrained ImageNet models on the devices. To ensure consistency
and test the performance of the fog system underwater, the same set of five images
was used for all tasks, maintaining comparable memory requirements throughout
the experiment.

Single MCCU Experiment: This experiment involved one master phone and
one worker phone, with data collected both on the surface and at an underwater
depth of 8 meters. The two phones were running separate mobile applications that
allowed them to communicate via WLAN and participate in the computational task.
As in previous experiments, the worker phone connected to the master’s access
point, where the master phone sent five images to the worker phone. The worker
then performed image classification tasks on its CPU and transmitted the accuracy
results back to the master phone via WLAN. The duration of the experiment was
44 minutes for both the surface and underwater setups. The data collected included
environmental variables, such as accelerometer data, RSSI, RAM percentage, and
CPU temperature, which were obtained from the worker phone with a duty cycle
of 1/15Hz. For the surface test, the MCCU was carried while walking, followed
by the underwater test during a SCUBA dive. The underwater test was divided into
three phases: pre-dive (11 minutes), dive (22 minutes), and post-dive (11 minutes),
with the actual dive taking place at a depth of 8 meters.

Figure 53 shows the data from the experiments, comparing the underwater
(blue) and surface (red) setups within the same micro-cloud. The graph includes
accelerometer readings, CPU temperature, Received Signal Strength Indicator
(RSSI), and memory usage. Vertical lines indicate the transitions between the pre-
dive phase (surface tasks preparing for the dive), the actual dive, and the post-dive
period. During the dive, the micro-cloud was submerged to a depth of 8 meters and
stayed there until surfacing. The drop in RSSI values clearly indicates when the
micro-cloud was submerged, reflecting weakened communication signals as it was
taken underwater. Additionally, the temperature of the devices decreased rapidly
as the dive began, with temperature effects being more prominent in shallow water
near the surface. At deeper depths, heat transfer to the exterior helped stabilize
the device’s operations. The variations observed at the beginning and end of the
experiment, during the pre-dive and post-dive phases, were likely due to the devices
being moved. For instance, the early temperature differences between the two
micro-clouds were a result of one device being in direct sunlight while the other was
in the shade. Despite these environmental fluctuations, the communication between
the master and worker devices inside the container remained stable throughout the
experiment, even though the RSSI weakened during the dive.

Dual MCCU Experiment: The second experiment, which involved the dual
micro-cloud MCCUs, and was designed to address the communication challenges
encountered with a single MCCU setup, particularly in establishing communication
between a client inside the container and one outside. In this experiment, two
micro-clouds were submerged, each containing one master device in one micro-
sphere and two worker devices in the second micro-sphere (as shown in Fig. 52b).
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(a) Accelerometer (b) CPU Temperature

(c) RSSI (d) RAM Usage

Figure 53: Obtained sensor data during ocean deployment experiment time. From
left to right: (a) Triaxial accelerometer, (b) CPU temperature, (c) RSSI, and (d)
RAM Percentage. Red line depicts the time at the surface, while blue line is the
time underwater. Vertical lines indicate the SCUBA diving time for underwater
test.

The two micro-spheres were placed 5 cm apart, adhering to the established Wi-Fi
communication range for saltwater environments [278]. The RSSI measurements
taken at a depth of 8 meters showed values of −25dBm for the surface setting
and −41dBm for the underwater setting. These results indicate that stable data
transmission was maintained in both environments. In Table 10, the computation
times for image classification on 301 images over a 10–minute period are presented.
With the single MCCU setup, 301 images were successfully classified in 19.26
minutes, while the dual MCCU setup classified the same 301 images in 12.3
minutes, achieving a speedup of nearly 7 minutes. This improvement is consistent
with previous research [163], demonstrating that having multiple micro-clouds
underwater can effectively accelerate computational tasks. The results highlight
that robust computation can be successfully conducted in real ocean settings,
and the use of more micro-clouds underwater not only ensures stability but also
enhances computational efficiency.

5.9. Discussion

We have shown submersible micro-clouds to offer a potential way to support
underwater data science applications and demonstrated that COTS components
could be used to enable a submersible micro-cloud. Below we briefly discuss
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Table 10: Comparison of underwater computation times during the image classi-
fication for 10 minutes. Increasing the number of workers expectedly speeds up
computations which implies that the connectivity between devices is sufficiently
stable to operate the micro-cloud despite adverse water conditions.

No. of phones Comp. Time (s) Mean (s) St. Dev. (s) No. of images Setup
2 1156 (19.26 min) 3.84 0.3 301 Single MCCU
3 742 (12.36 min) 2.47 0.3 301 Dual MCCU

implications, possible extensions, the main limitations, and potential ways to
overcome them.
Application Domains: The primary target for our research is underwater data
science investigations that operate within a localized region. Examples of such
applications include diverse monitoring tasks, such as pipeline integrity monitoring,
reef condition monitoring, biodiversity monitoring, smart underwater navigation
and litter monitoring [129, 224, 220]. At the same time, our solution can also
support surface-based marine data science applications in areas that lack access to a
traditional communication infrastructure (i.e., away from shore regions). Offering
computational support for these kinds of applications is critical for scaling up such
applications and reducing the delay between data collection and analysis. At the
same time, the computing infrastructure needs to be environmentally sustainable to
ensure it offers the required computational power but does not harm the underwater
environment. Micro-clouds, as envisioned in our work, are well-suited for these
needs, offering powerful and scalable computing support for applications that are
characterized by high data velocity [163], while at the same time being easy to
deploy on-demand. Indeed, our solution can be easily deployed as a temporary
infrastructure instead of requiring a persistent deployment. As an example, we are
currently using our solution to support scuba divers in underwater litter recognition
by allowing the infrastructure to be deployed at the beginning of a dive and removed
at the end of the time [224].
Implications for Fog Computing: A fundamental challenge in adopting any com-
putational infrastructure is the need for a static and permanent physical deployment
location. Indeed, available space, suitable deployment facilities, e.g., rack, cooling
system, energy supplies, and sufficient computing hardware are critical to provid-
ing services to a large number of users. Our work offers a way to alleviate these
issues by adopting small scale data-centres that can be submerged on-demand and
potentially moved taking advantage of currents. Our results also suggest that old
computing devices could be recycled for underwater settings to provide computing
infrastructure near users. Naturally, it is important to ensure the micro-clouds are
safely attached so that they do not get lost and end up polluting the underwater
environment.
Towards large-scale deployments: The present paper demonstrated how micro-
clouds could be easily deployed in the open sea for short-term deployments, e.g.,
included as part of scuba diving missions. For longer term deployments that
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could provide a broader range of underwater scenarios, such as sensors deployed
onto the seabed, there are further challenges that need to be addressed. First,
the waterproofing we used was designed to protect the computing units, not to
offer a long-term solution. Indeed, we used acrylic spheres for the encasing of
computing resources. These can only handle moderate depths (e.g., around 20
meters which is a common recreational diving depth) before pressure accumulation
would break the spheres. As a result, better encasing solutions are needed for
longer-term deployments and for operating deeper. Optimally, the casing should
also offer adjustable buoyancy, enabling it to operate at different parts of the water
column instead of being limited to the seabed. Finally, adverse environmental
conditions, such as heavy turbidity, salinity or turbulence also pose challenges that
require further research. Nevertheless, our research shows how it is possible to
support underwater data science applications through low-cost micro cloud based
fog designs, offering the first steps in developing broader computing support for
underwater deployments.
Communication Interfaces: Ideally, a submersible micro-cloud has to be equipped
with multiple communication interfaces, and a context-aware mechanism to decide
which communication interface to use based on water conditions, e.g., high turbu-
lence. While we have shown that submersible micro-clouds are feasible and useful
(with close contact using wireless and longer range connectivity using optical
connectivity), practical deployments would need to support distances of a few
meters at a minimum. This can only be achieved through the use of communication
mediums that are suited for underwater environments, such as optical, acoustic,
laser, or electromagnetic communications. Currently, these technologies have not
yet reached a level where standardized communication interfaces – let alone low-
cost ones – would be available. For these reasons, we omitted their use within the
benchmarks, as integration with proprietary interfaces would result in additional
overheads and make it difficult to separate the computational performance of the
offloaded task and applications from the overheads caused by the communication
interface.
Water Conditions: The experiments were conducted both in a river and in an ocean
environment with varying water motions. The results were stable across these
experiments, and showed stable computational performance even in the presence
of significant water motion. The main challenge, thus is not the computational
aspect of the fog node, but to having robust enough connectivity. In practice,
salinity, turbidity, level of pollution and extent of algae can affect the performance
of both the micro-cloud and the communication interface. In particular, water
characteristics affect propagation of signals as well as the thermal conductivity of
the water, which is critical for cooling and thermal management of the submersible
micro-clouds. Additionally, algae or particles in the water can accumulate on the
surface of the casing hosting the fog and this can reduce access from the outside
of the casing. Overcoming these issues requires improved material designs (that
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are beyond the scope of our work) for casings besides more robust and affordable
communication interfaces.
Surface-Based Micro-Cloud deployments: We demonstrated that both extents
of water motion and depth of the deployment affect computational performance.
Besides being highly relevant to submersed deployments, these results are also
highly relevant for surface-based deployments, e.g., other computing infrastructure
attached to buoys or sea vessels. Waves and other water motions can cause surface-
based deployments to be momentarily submerged, which can cause disruptions
in handling and processing requests. The reliability of such deployments can be
improved by integrating motion-based techniques, such as accelerometers used in
our work.
On-demand Fogs: While submersing and deploying permanent micro-clouds in
critical areas that require continuous monitoring is important, other areas that are
monitored occasionally can rely on on-demand infrastructure that is carried and
deployed temporally in a location. For instance, aerial and underwater autonomous
vehicles can be used for this purpose. Similarly, other transportation means can be
envisioned, such as hot air balloons, airships and mobile buoys.
Multi-Modal Energy Harvesting: Tidal harvesting and solar cells are two of
the most promising technologies for generating sustainable energy for underwater
devices. While several works have demonstrated that energy can be harnessed
using these techniques, the energy gains they offer remain small and are unlikely
to suffice the needs of underwater devices facing continuous and resource intensive
processing. This suggests that a multi-modal approach to preserving battery life
underwater can be more effective in fostering longer explorations. We demonstrate
the usage of computation offloading which complements that vision. Indeed,
by using computation offloading underwater, it is possible to preserve devices
underwater for longer periods of time.
Thermal Management and Casing: Our implementations of micro-clouds used
sealed waterproof containers for the micro-controllers. The lack of heat exhaust
can result in heat accumulation inside the container, which in turn can trigger
device-internal thermal management which throttles the CPU performance. We
have observed this phenomenon in earlier experiments that were conducted near the
surface, but in the ocean experiments this did not occur. This is potentially a result
of better thermal management in the devices that are used as fog nodes and from
the deeper water being able to cool the container effectively. Further improving the
performance of submersible micro-clouds requires research on casing solutions that
are sufficiently lightweight to allow attaching the infrastructure into underwater
devices or objects, while at the same time having sufficient cooling capacity.
Another limitation of the casing that we used in the experiments is that it suffers
from the fact that it houses air inside it, requiring separate weights for submerging
it. Removing – or at least reducing – the air pockets is thus needed to make the
overall platform easier to deploy.
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Recycling opportunities for e-waste: Electronic waste from smart devices is a
global concern as it pollutes natural ecosystems and fosters climate change. In
our work, we demonstrate that micro-clouds can be made from aggregated smart
and IoT devices. We envision that computing resources from old phones can be
recycled to create portable computing racks, which then can be deployed on edge
underwater to provide public services to users. For instance, a video streaming
service for tourists about the sightseeing places in a city.
AUVs for fog delivery: In our work, we demonstrated the design and development
of micro-clouds that can be used for underwater edge deployments. One important
insight of this work is related to the weight of the micro-cloud. Indeed, micro-
clouds are lighter in weight and have compact size after being encased. Thus,
micro-clouds can then be transported underwater easily by AUVs. This suggests
that it is possible to provide mobile fog computing services underwater.

5.10. Applications for Environmental Sustainability: Outcomes
and Implications

Micro-clouds represent a transformative advancement in sustainable environmental
monitoring and data-driven management for aquatic and remote environments.
Built from COTS hardware and utilizing fog computing principles, micro-clouds
bring efficient, localized computational power directly to areas where traditional
connectivity and infrastructure are lacking. This technological innovation unlocks
a diverse array of application scenarios and delivers substantial sustainability
benefits, reshaping the landscape of environmental stewardship [129].

5.10.1. Application Scenarios

Micro-clouds enable a broad spectrum of underwater and remote environmental
data science applications. They process high-frequency data streams from sensor
arrays monitoring key parameters such as water quality, pH, salinity, temperature,
hypoxia, and pollutant levels [129]. By executing analytics and anomaly detection
algorithms at the edge, micro-clouds reduce the latency between data capture
and analysis, facilitating rapid detection of potentially hazardous events including
chemical spills, algal blooms, and sudden hypoxia. This supports adaptive ecosys-
tem management and bolsters early-warning systems for environmental disaster
prevention [91, 58].

Continual biodiversity and habitat surveillance are made feasible by onboard
aggregation and machine learning, which enable the monitoring of marine life,
habitat changes, and anthropogenic disturbances with unprecedented granular-
ity. For example, coral reef monitoring benefits from continuous observation of
bleaching dynamics and species richness, all processed locally on micro-cloud
infrastructure [58]. Infrastructure applications include automated event detection
for submerged pipelines, offshore energy installations, and aquaculture systems, en-
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hancing operational safety by alerting stakeholders to faults, leaks, or unauthorized
access [197].

In litter and pollution mapping, micro-clouds process sensor data–including
vision, sonar, and chemical readings–to facilitate the rapid identification and
geospatial mapping of macro- and microplastic debris, as well as industrial dis-
charges. Such edge-based assessment is critical for timely remediation, especially
in areas with limited connectivity [224, 246]. The affordability and portability of
micro-clouds further empower field deployments and citizen science initiatives,
lowering technical barriers, amplifying community engagement, and promoting
high-frequency, large-scale data collection [229].

5.10.2. Sustainability Impact

Micro-clouds advance environmental sustainability across multiple dimensions.
By supporting localized, edge-based analytics, they optimize energy and resource
efficiency, minimizing both the energy required for data transmission and the
infrastructure footprint for centralized processing [52]. Computation offloading
onto micro-clouds conserves battery life for field sensors and AGVs, prolonging
deployment duration and spatial coverage.

A further sustainability outcome is realized through the upcycling of decom-
missioned electronics–transforming e-waste into functional distributed computing
platforms. Micro-cloud deployments delay device entry into the waste stream and
reduce the environmental consequences of electronic waste, powerfully advancing
circular economy principles [229, 326]. Their temporary or mobile deployment
model lessens ecological disturbance and makes monitoring feasible in sensitive or
infrastructure-poor environments.

The democratization of environmental analytics is another vital outcome. Micro-
clouds facilitate high-frequency and high-resolution monitoring in previously in-
accessible regions, supporting biodiversity conservation, pollution control, and
climate adaptation efforts [103]. Their compatibility with renewable energy so-
lutions—including solar, wave, and tidal power—further amplifies their impact,
driving aquatic observatories toward low-carbon, sustainable operations.

As micro-cloud design continues to evolve, improvements in casing materials,
buoyancy systems, and energy harvesting strategies will enhance their environmen-
tal suitability and long-term resilience. Collectively, micro-clouds offer a scalable,
flexible, and environmentally responsible basis for next-generation monitoring and
management, directly contributing to global goals for sustainability, equity, and
climate resilience.

5.11. Beyond Aquatic Environments: Repurposing
Micro-Clouds (E-Waste Smartphones) as Tiny Data Centers

While the primary evaluation of the micro-cloud framework in this chapter has
focused on marine ecosystems, the underlying physical and software architectures
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are inherently domain-agnostic. Having demonstrated strict operational resilience
in one of the most hostile deployment environments–underwater–the micro-cloud
paradigm is equally viable for providing decentralized computational support
to terrestrial areas lacking traditional infrastructure. Exploring this terrestrial
capability is not a departure from the core thesis, but rather a realization of its
broader environmental sustainability objectives.

The exponential growth in computing demand driven by artificial intelligence,
data science, and IoT applications has created unprecedented pressure on computa-
tional resources while simultaneously generating massive amounts of electronic
waste. Traditional computing devices typically become obsolete within 2− 3
years, contributing to a projected doubling of global e-waste by 2050 [299]. This
paradigm presents a critical sustainability challenge where the environmental cost
of manufacturing new devices conflicts with the growing need for distributed
computing power.

To address this dual challenge, we expand the micro-cloud architecture into the
concept of sustainable "tiny data centers." This approach aligns directly with the
paradigm of "junkyard computing," first introduced by [282], which advocates
for harvesting computational utility from obsolete consumer devices to reduce
environmental impact. By repurposing hardware classified as e-waste–specifically
aging smartphones–into functional edge or fog computing nodes [163], this
approach extends device lifecycles, reduces resource consumption, and provides
cost-effective distributed infrastructure. Rather than simply recycling these devices
for raw materials [118]–a process that is highly energy-intensive and recovers
only a fraction of the embedded value–repurposing preserves the sophisticated
engineering and manufacturing investment already present in the hardware.

By grouping these discarded devices into cooperative micro-clouds, we de-
mocratize access to edge computing in far-off, infrastructure-poor regions while
actively reducing the environmental footprint of the hardware itself. Figure 54
illustrates the idea, architecture, and practical deployment of this sustainable tiny
data center approach, detailing the powering, assembly stages, and a use case
application ranging from a single-device setup to a multi-phone prototype.

5.11.1. Technical Implementation and Architecture

The transformation of obsolete smartphones into tiny data centers requires system-
atic hardware modification and software adaptation. The core technical challenge
involves bypassing the integrated battery system, which typically fails first in aging
devices, and establishing alternative power delivery mechanisms. Through careful
circuit analysis and modification, devices can be powered using external DC-
DC converters, enabling stable 3.7V power delivery from various energy sources
including renewable alternatives.

The implementation process involves several critical steps. First, devices un-
dergo hardware modification where the battery circuit is carefully accessed and
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Figure 54: (a) Vision, (b) tiny data centers approach overview and (c) use case
application. Powering and assembling stage: (A) Basic tiny data center: A single
phone powered using a 9V battery connected to an LM2596 DC-DC, (B) External
power source, (C) LM2596 DC-DC power regulator, (D) Phone rear-view. Final
stage: (E) Final prototype: 4 phones and common power regulator.

connected to external power management modules such as LM2596 DC-DC con-
verters. This modification, costing approximately 8C per device, transforms
battery-dependent smartphones into externally powered computing nodes. Sec-
ond, software repurposing through custom operating system installation (such as
PostmarketOS) unlocks the full computational potential of the hardware while
removing manufacturer limitations and bloatware that reduce efficiency.

Performance benchmarking using High-Performance Computing (HPC) chal-
lenge tests reveals that while individual smartphones provide modest computational
power compared to modern systems, their collective capability and energy effi-
ciency make them viable for specific application domains. Testing with Nexus 5
devices showed LINPACK scores of approximately 163 MFlops, demonstrating
sufficient capability for time-flexible computational tasks.

5.11.2. Applications and Deployment Scenarios

Tiny data centers constructed from repurposed smartphones demonstrate versatil-
ity across multiple application domains. In edge computing deployments, these
devices can be strategically positioned in urban environments to provide local-
ized processing for IoT sensor networks, smart city applications, and privacy-
preserving analytics. Their low security risk profile–stemming from their e-waste
classification–makes them suitable for public deployments where device replace-
ment is more feasible than securing high-value equipment.

Autonomous vehicle applications represent another promising domain, where
tiny data centers can serve as onboard processing units for ground-based vehicles.
Their moderate weight and power requirements make them ideal for integration
into vehicular platforms that require local data processing capabilities. The abil-
ity to aggregate multiple devices enables scalable processing power that can be
customized based on specific vehicle requirements.

In pervasive computing scenarios, tiny data centers can be embedded into
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everyday objects, toys, and interactive installations to provide intelligent behavior
without requiring constant cloud connectivity. The integration potential with 3D
printing technologies enables custom enclosures that protect the devices while
facilitating airflow and connectivity requirements.

Renewable energy integration presents particularly compelling opportunities.
Tiny data centers can be paired with energy harvesting systems–solar panels
for terrestrial deployments, wave energy converters for marine applications, or
wind generation for mobile platforms. This combination creates truly sustainable
computing infrastructure that operates with minimal environmental impact while
providing useful computational services.

5.11.3. Proof-of-Concept Demonstration and Performance Analysis

A comprehensive proof-of-concept implementation demonstrates the practical via-
bility of tiny data centers for real-world IoT applications. The system architecture
comprises sensor nodes collecting environmental data (temperature, humidity, light
conditions), edge processing nodes (repurposed smartphones), and cloud visualiza-
tion platforms. The edge nodes perform local data aggregation, computing rolling
averages over one-minute intervals, and implementing threshold-based alerting
mechanisms.

Performance monitoring reveals efficient resource utilization with CPU usage
remaining below 5% during active data processing and memory consumption
staying well within available limits. Power consumption analysis shows that
a single repurposed device can operate continuously for over 3.5 hours on a
standard 9V battery while processing approximately 2400 sensor samples. This
demonstrates the feasibility of extended autonomous operation, particularly when
combined with renewable energy sources or larger battery systems.

The system successfully processed over 12000 individual data points during
testing, validating its capability for sustained data collection and processing scenar-
ios. Network connectivity through standard WiFi protocols ensures compatibility
with existing infrastructure while enabling remote monitoring and management
capabilities.

5.11.4. Environmental Impact and Sustainability Benefits

The environmental benefits of tiny data centers extend far beyond simple waste
reduction. By extending smartphone lifecycles from their typical 3.17-year lifespan
to potentially decades of continued service, this approach dramatically reduces the
environmental burden associated with device manufacturing. Each smartphone
contains significant embedded energy and rare earth materials that are preserved
through repurposing rather than lost through traditional recycling processes.

Energy efficiency comparisons show that repurposed smartphones consume
significantly less power than equivalent traditional computing hardware while
providing sufficient processing capability for many distributed computing tasks.
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This efficiency translates directly into reduced carbon emissions, particularly when
powered by renewable energy sources. The modular nature of tiny data center
deployments enables precise capacity matching—using only the computational
resources required for specific tasks rather than over-provisioning traditional server
infrastructure.

The circular economy principles embodied in this approach demonstrate how
technology can be designed for extended lifecycle rather than planned obsoles-
cence. By proving that sophisticated computing tasks can be effectively handled by
older hardware, tiny data centers challenge the assumption that constant hardware
upgrades are necessary for computational progress. This paradigm shift has im-
plications for corporate procurement policies, individual consumer behavior, and
regulatory approaches to electronic waste management.

5.12. Summary

This chapter introduces the concept of Micro-clouds, a decentralized fog computing
paradigm tailored to underwater environments. Built from COTS hardware, micro-
clouds provide affordable, modular, and real-time computational support directly at
the source of data. Their architecture addresses core challenges in underwater data
science, including limited bandwidth, high latency, and the absence of land-based
computing infrastructure, which have traditionally delayed analysis and restricted
the scale of marine monitoring applications.

Micro-clouds leverage edge analytics to process high-frequency sensor streams–
such as water quality, salinity, pH, temperature, and pollutant levels–near collection
sites. This capability reduces the time lag in detecting hazardous events (e.g., chem-
ical leaks, algal blooms), supports adaptive management of aquatic ecosystems,
and enables continuous biodiversity assessment. The system also augments under-
water drones, buoys, and sensor arrays by offloading data and executing complex
analytics, such as deep learning-based object detection or anomaly identification,
facilitating broader and more inclusive environmental surveillance.

Extensive experimental validation, including surface and open water deploy-
ments, demonstrates that micro-clouds–using devices like Raspberry Pi and re-
purposed smartphones–perform agile, energy-efficient, and scalable underwater
computing. Key results show that micro-clouds maintain robust processing even
when submerged, supporting concurrent workloads and remaining operational
across diverse conditions, though communication and performance may be affected
by factors such as water motion, submersion depth, and thermal management. The
chapter highlights approaches for improving communication (including optical and
Wi-Fi interfaces) and methods for handling energy and environmental constraints
to prolong operational lifespans.

A notable use case presented is the repurposing of e-waste smartphones as tiny
data centers. By modifying discarded devices and aggregating them into micro-
cloud clusters, the framework extends hardware lifecycles, reduces electronic
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waste, and enables sustainable, distributed computing infrastructure at minimal
cost. These repurposed devices provide adequate processing for local sensor
data, IoT analytics, and citizen science—demonstrated through proof-of-concept
applications in environmental sensing and data aggregation.

Micro-cloud deployments embody circular economy principles, promote en-
ergy/resource efficiency via localized computation, reduce infrastructure footprints,
and support clean, renewable operations. Their portability and scalability democra-
tize environmental monitoring, allowing even remote or resource-limited regions
to benefit from advanced data science capabilities. Ultimately, this chapter demon-
strates how micro-clouds advance real-time, context-aware aquatic monitoring
while significantly contributing to environmental sustainability and resilience by en-
abling proactive responses to ecological threats and supporting global stewardship
goals.
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6. CONCLUSIONS AND FUTURE DIRECTIONS

6.1. Conclusions

This thesis demonstrates how pervasive sensing and autonomous systems, com-
bined with the creative repurposing of commodity hardware, can address urgent
challenges in environmental sustainability. Through the design and validation of
three core contributions–MIDAS for material characterization, LIZARD for sens-
ing and monitoring plastics and Micro-Cloud for underwater/remote data science –
this work establishes scalable, cost-effective, and practical methods for continuous
environmental monitoring and resource management across diverse ecosystems.

The first contribution, the MIDAS sensing modality introduced an original
approach leveraging thermal dissipation signatures to accurately and robustly
characterize material types, supporting applications in waste management and
recycling. The second major contribution, LIZARD, presents a novel sensing
solution for autonomous plastic pollution detection, integrating thermal and optical
sensing to identify macro, meso, and microplastics directly in the environment.
Lastly, the fog computing framework based on micro-clouds, showcased how
modular deployments of low-cost, commercial-off-the-shelf devices enable real-
time data processing and actionable insights even in remote or infrastructure-poor
aquatic regions.

Extensive experimental studies, including real-world case deployments, high-
light that the synergy of pervasive sensing and autonomous intelligence enables
fine-grained, extensible, and inclusive environmental data collection. Collectively,
these innovations not only advance scientific understanding but also lay a founda-
tion for data-driven and equitable environmental stewardship. However, practical
challenges such as long-term energy autonomy, robust sensor calibration, and
seamless data integration across platforms persist, warranting further investigation
to expand the impact and reliability of these technologies.

6.2. Research Scope and Limitations

While this thesis breaks new ground in pervasive sensing and autonomous environ-
mental monitoring, several limitations must be acknowledged. Recognizing these
boundaries is essential for contextualizing the results and guiding future research
and commercialization efforts. The limitations of this research can be categorized
into general systemic constraints and the specific technical boundaries of the three
proposed systems.

6.2.1. General Limitations

Across all deployments, field operations frequently faced constraints regarding
energy availability, which limited continuous, long-term operation in adverse
environments. While the evaluations involved both controlled laboratory trials
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and targeted field deployments, these relatively small-scale setups may not fully
capture the extreme variability and stochastic events encountered in global, large-
scale ecological scenarios. Additionally, environmental hardware is inherently
susceptible to sensor drift, biofouling, and calibration loss over time, occasionally
posing data reliability concerns. Finally, the integration of multimodal data from
heterogeneous sources highlighted ongoing challenges in network synchronization.
The prototype systems developed herein, although fully functional and rigorously
validated, remain academic proofs-of-concept; they are several steps away from
fully commercialized, standardized solutions and would significantly benefit from
industrial collaboration, lifecycle analysis, and multi-year longitudinal testing.

6.2.2. Specific Limitations of the Proposed Systems

Beyond these general systemic challenges, the three core contributions of this
thesis possess specific operational boundaries:
MIDAS: While MIDAS successfully demonstrates material characterization via
thermal dissipation from human touch, its performance is heavily dependent on
ambient thermal conditions. Extreme ambient temperatures—either very hot or
very cold environments—can mask the transient heat transfer signatures, reducing
classification accuracy. Furthermore, as validated in our experiments, the system’s
sensing capability is currently limited to objects up to 2 mm thick. The accuracy
also decreases when analyzing complex composite materials or heavily layered
objects, as the thermal model primarily assumes homogenous material dissipation.
LIZARD: LIZARD’s integration of thermal and optical sensing onto autonomous
ground drones is constrained by the physical limitations of the UAV/UGV plat-
forms, particularly battery life and payload capacity, which restrict the geographic
coverage of a single deployment. Optically, the system’s microplastic detection
accuracy (currently up to 80%) is highly sensitive to ambient lighting conditions
and surface occlusions; dense vegetation, mud, or deep water can easily obscure
plastic debris from the camera’s view. Thermally, the detection of larger plastics
relies on the materials absorbing and dissipating environmental heat, meaning its
efficacy drops during overcast days, at night, or in highly shaded areas.
Micro-clouds: The deployment of Micro-clouds using repurposed commercial-
off-the-shelf (COTS) smartphones introduces unique hardware limitations. While
mitigating electronic waste, aging lithium-ion batteries in discarded smartphones
present unpredictable degradation curves and potential safety risks when sealed
in high-pressure underwater housings. Furthermore, the maximum operational
depth is strictly dictated by the physical integrity of these custom enclosures.
Computationally, while the cluster successfully processes data locally, the system is
still bottlenecked by the inherent physical limitations of underwater communication.
Standard radio frequency protocols (like Wi-Fi or Bluetooth) suffer from severe
attenuation in aquatic environments, meaning that node-to-node synchronization
and data offloading remain constrained by narrow bandwidths and high latency.
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6.3. Future Directions

Building on these contributions, there are numerous paths for further research and
innovation:
Energy Autonomy and Efficiency: Advances in energy harvesting—such as
solar, kinetic, piezoelectric, or bio-inspired methods—are critical to enabling
long-term, self-sustaining sensor operations in remote and harsh environments.
Developing intelligent hybrid energy management systems that can dynamically
switch between multiple energy sources and optimize power consumption through
adaptive duty-cycling will significantly prolong device lifespans and reduce human
intervention for maintenance and battery replacement. Further exploration of
low-power electronics and energy-efficient communication protocols is essential to
maximize operational efficiency across diverse deployments.
Enhanced Sensing and Calibration: The integration of emerging materials
like flexible electronics, nanomaterials, and bio-compatible sensors promises to
enhance sensing accuracy and durability under extreme conditions. Coupling these
with AI-driven adaptive calibration techniques can compensate for sensor drift and
environmental noise, ensuring consistent data quality over extended deployment
periods. Such systems can learn from contextual data to self-correct, reducing
the need for regular manual recalibration and increasing robustness in dynamic,
real-world ecosystems.
Expanding Application Domains: Future research should broaden the scope of
pervasive sensing beyond traditional monitoring to include predictive modeling for
climate change impacts, disaster risk forecasting, and biodiversity trend analysis.
Employing cross-disciplinary approaches that combine environmental science with
social science, economics, and policy will ensure that technological solutions ad-
dress real-world complexities and promote equitable access across socio-economic
strata. Innovative applications may encompass precision conservation, sustainable
resource management, and community-driven environmental governance.
Data Integration and AI-Enabled Insights: Establishing standardized interoper-
ability protocols will facilitate seamless data exchange across heterogeneous sensor
networks and platforms, enabling richer, multi-source environmental datasets. Ad-
vanced data fusion techniques that integrate diverse modalities—such as acoustic,
visual, chemical, and thermal sensing—combined with edge AI and federated
learning, will empower on-device real-time analytics while preserving privacy.
These developments will create comprehensive situational awareness and enable
proactive, data-driven decision-making in environmental management.
Ethics, Equity, and Privacy: As pervasive environmental sensing proliferates, so
too do ethical considerations regarding data privacy, surveillance, and sovereignty,
particularly in sensitive ecological regions or populated areas. Future work must
develop robust frameworks ensuring transparent data governance, informed consent,
and equitable participation, addressing disparities in technology access and data
ownership. Ethical design principles and partnerships with local communities and
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stakeholders will foster trust and social license to operate.
Circular Economy and Sustainability: Embedding circular economy principles
into sensor design—emphasizing modularity, repairability, and recyclability—will
reduce resource extraction and minimize e-waste generation. Lifecycle assessments
should become standard for evaluating environmental footprints from production
through disposal. Encouraging device repurposing and the use of eco-friendly
materials will promote sustainable supply chains and foster systemic change toward
sustainable technology ecosystems.
Autonomous Platforms and Edge Intelligence: Continued advances in au-
tonomous underwater and aerial vehicle technologies, fused with distributed edge
intelligence, will enhance the scope and responsiveness of environmental monitor-
ing efforts. Enabling these platforms to perform complex analytics and autonomous
decision-making in situ reduces reliance on remote cloud infrastructure and low-
ers communication burdens. Research should focus on collaborative multi-agent
systems, adaptive mission planning, and resilience to environmental uncertainties.
Scalable and Modular Deployments: Future systems should emphasize scala-
bility and modularity, allowing flexible assembly and dynamic reconfiguration of
sensing and computing nodes tailored to diverse environmental conditions and mis-
sion requirements. This includes developing self-organizing networks capable of
adaptive resource allocation and fault tolerance, ensuring robust operation despite
node failures or environmental disruptions. Open standards and plug-and-play
architectures will facilitate interoperability and ease of deployment.
Long-Term Field Studies and Real-World Validation: Extended longitudinal
studies in diverse ecological contexts are vital to validate the efficacy, reliability,
and environmental impact of pervasive sensing and autonomous systems. Collabo-
rations with ecological experts, policymakers, and local communities will ensure
relevance and uptake of technology. Such real-world deployments will illuminate
operational challenges, inform design refinements, and generate rich datasets for
advancing environmental science and management.
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SISUKOKKUVÕTE

Autonoomne lausandmetel põhinev sensortehnoloogia
keskkonna jätkusuutlikkuse ennetavaks tagamiseks

Keskkonna jätkusuutlikkuse tagamine on tänapäeval üks olulisemaid ülemaailm-
seid ülesandeid, mis mõjutab nii looduslikke ökosüsteeme kui ka inimühiskonda
tervikuna. Ressursside ületarbimine, saastamine, prügi kuhjumine ning elurikkuse
vähenemine nõuavad viivitamatult tõhusate tehnoloogiliste lahenduste kasutuse-
levõttu, et toetada keskkonnaseiret ja ressursside säästlikumat kasutamist. See
doktoritöö keskendub uue põlvkonna anduritehnoloogiate ja autonoomsete süs-
teemide integreerimisele keskkonnaseires. Töö peamine eesmärk on tutvustada ja
arendada uusi meetodeid, mis võimaldavad reaalajas koguda, töödelda ja analüüsi-
da ülima detailsusega keskkonnaandmeid, et täiustada keskkonnajuhtimist ningja
toetada jätkusuutlikkust.

Töös on välja töötatud kolm olulist süsteemi või kontseptsiooni.
Esiteks: MIDAS – uuenduslik kontaktivaba andurisüsteem erinevate esemete

materjali määramiseks soojushajumise põhimõttel. Jälgides inimeste ja esemete
vahelist soojusvahetust, suudab MIDAS iseloomustada igapäevaseid esemeid neid
kahjustamata ja füüsiliselt puudutamata. Katsed on kinnitanud, et süsteem suudab
täpselt tuvastada mitmesuguseid materjale, toimib erinevate kasutajate puhul ja
suudab analüüsida mitut eset korraga. Seda tehnoloogiat on võimalik kasutada
näiteks jäätmete sortimisel ja taaskasutuse tõhustamisel ning toetada seeläbi toodete
keskkonnasäästlikku elutsüklit ja ressursside taaskasutust.

Teiseks: LIZARD – autonoomne prügiseire- ja plastituvastussüsteem, mis
ühendab termopildi ja valguspeegelduvuse andurid. LIZARD on loodud plast-
prügi (sh mikro- ja mesoosakeste) avastamiseks keskkonnas, keskendudes eelkõige
traditsiooniliste meetoditega raskesti leitavatele väikestele osakestele. Süsteem
töötab energiasäästlikult ning on hõlpsasti integreeritav maapealsete droonidega,
võimaldades automaatset, ulatuslikku ja pidevat prügi kaardistamist ilma inimese
sekkumiseta. See pakub uusi võimalusi prügisaaste varajaseks avastamiseks ja
tõhusaks likvideerimiseks nii linnades kui ka loodusmaastikel, aidates võidelda
plasti kuhjumise probleemiga.

Kolmandaks: Micro-cloud ehk mikropilv – veealune hajusate arvutiarvutus-
võrgustike (ingl fog computing) kontseptsioon, mis põhineb kommertskasutuseks
mõeldud valmisseadmetel (COTS) ja võimaldab andmeid töödelda otse vee all või
selle lähedal. See lahendus lubab teha reaalajas keerukaid analüüse otse andmete
kogumiskohas – olgu selleks veealused sensorvõrgud, bioloogilise mitmekesi-
suse hindamine, veekvaliteedi seire või näiteks torustike turvalisuse jälgimine.
MikropilvMicro-cloud on modulaarne, seda on hõlbus transportida (isegi droonide
abil) ning see suurendab märkimisväärselt veealuste andmerakenduste töökind-
lust, skaleeritavust ja energiatõhusust. Selline lähenemine võimaldab laiendada
seiret ka piirkondadesse, kus puudub püsiv sidevõrgustik või taristu (nt sisevee-
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kogud, süvameri), mis on oluline mitmekesiste keskkonnaprobleemide varajaseks
avastamiseks.

Kõigi kolme süsteemi töökindlust on katsetatud nii laboris kui ka reaalses
keskkonnas ning tulemused näitavad võrreldes olemasolevate lahendustega märki-
misväärselt suuremat täpsust, töökindlust ja energiatõhusust. Töös rõhutatakse ka
keskkonnatehnoloogiate jätkusuutlikkust: süsteemide ülesehitus võimaldab vanade
seadmete taaskasutust, vähendab elektroonikajäätmete teket ja optimeerib energia-
kasutust. Hajusarvutus- ja anduritehnoloogiate kombineerimine võimaldab luua
terviklikke ökosüsteeme, milles andurid, servtöötlus, võrgud, pilvandmetöötlus ja
kasutajarakendused (koondpaneelid, teavitussüsteemid) loovad andmevoo objektilt
lõpplahenduseni.

Kokkuvõttes pakub doktoritöö keskkonnaseireks uue põlvkonna digitaalse alus-
raamistiku, mis võimaldab kiiret andmetel põhinevat otsustamist ja terviklikku
ülevaadet ökosüsteemist ning toetab tõhusat ja jätkusuutlikku keskkonnajuhtimist
Eestis ja mujal maailmas.
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