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ABSTRACT

With the Internet of Things (loT), environmental monitoring has been
revolutionized by the ability to deploy large sensor networks to collect
real-time environmental data on numerous parameters. But managing data
from these networks, consisting of an extraordinary amount and breadth
of information, is both voluminous and unmanageable for anything from
data integration to understanding and taking action in an efficient and
timely manner. As these technologies become commonplace, sophisticated
algorithms have advanced enough to be able to process and analyze huge
amounts of heterogeneous data in real time, yielding useful knowledge for
environmental management and decision making. The application of various
sensor fusion techniques in environment monitoring loT networks, their
advantages, challenges, and future prospects are the basis of this article.
In this work, we explore the various types of sensor fusion algorithms, apply
them to certain environmental monitoring scenarios, and how machine
learning can aid in augmenting fusion processes. In addition, we will expose
implementation challenges and best practices of deploying sensor fusion
systems in the real world environmental monitoring applications.
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Such as the air quality monitoring problem where multiple
particulate matter sensors data is fused to enhance the
accuracy of air pollution level representation in a specific
place. Data level fusion consists of one very common
technique, such as Kalman filter which generates an
optimal estimated of the true value of the system state,
based on the bad measurement sensor outputs. Nodes
which track dynamic environmental parameters such as
wind speed and direction do so particularly well with the
Kalman filter.[!

A LIST OF TYPES OF SENSOR FUSION
TECHNIQUES.

Sensor fusion techniques can be broadly categorized
into three main types: feature-level fusion(data level
fusion), data-level fusion, decision-level fusion. All
of these have strengths and weaknesses, and are
appropriate for different types of environmental
monitoring applications.

Data-Level Fusion

At the data level, i.e., low level fusion, the raw data
of the multiple sensors is first fused before being
processed or extracted into some features. In situations
where the sensors are homogeneous, e.g., a collection
of temperature sensors located in diverse places, this
approach is very useful. Data level fusion is also useful
in environmental monitoring for improving the accuracy
of measurement by alleviating noise and expel outliers.

Feature-Level Fusion

Mid level fusion, or feature level fusion, is feature
extraction from raw data before combining. Of special
interest is the application of this approach to the case of
heterogeneous sensors which report different physical
quantities but contribute to the same environmental
parameter. Feature level fusion is a work of integrating
information from multiple sensors to make a more
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complete assessment of environmental conditions in
environmental monitoring. Say, in forest fire detection
system, the features gathered from temperature
sensors, humidity sensors, smoke detectors can be
fused for better accuracy in detection and lower
false alarms. Commonly, feature-level fusion is done
through machine learning algorithms like support
vector machines (SVM) and artificial neural networks
(ANN) to classify or predict environmental conditions
using the fused features.

Decision-Level Fusion

High level (decision level) fusion is the process of
combining the decisions (or outputs) from multiple
sensor processing systems. In particular, this approach
is well suited for simultaneous monitoring of complex
environmental conditions for which multiple sensors
and diverse sources of data need to be integrated
with expert knowledge. Decision level fusion can be
used in environmental monitoring, for example, to
combine outputs from multiple subsystems or models,
to increase the degree of confidence in a decision.
As a particular example, decisions from hydrological
models, weather forecast and ongoing and real time
water level sensors can be fused to obtain more
accurate flood warnings in flood prediction systems.
In decision level fusion, techniques such as Dempster-
Shafer theory and Fuzzy logic are sometime used to
handle the uncertainty and conflicting information
from different sources.

Multimodal pollution sensing
(loT framework)

APPLICATIONS OF SENSOR FUSION IN
ENVIRONMENTAL MONITORING

A wide spectrum of applications of sensor fusion
techniques in diverse environmental monitoring
domains has been developed. We dive into a few of
the areas where sensor fusion is presently driving a lot
of impact (Figure 1).

Air Quality Monitoring

Sensor fusion is perhaps the most important
application in the environmental monitoring with
air quality monitoring being the most important
application. Sensor fusion techniques, which make
use of data from different types of air pollution
sensors (e.g., gas sensors, particulate matter [PM]
sensors, and meteorological sensors), can enhance air
pollution characterization and assessment through an
integration of data from multiple air quality sensors.
As an example, sensor fusion allows for combining
data from inexpensive PM sensors with reference
grade measurements to achieve higher accuracy of PM
measurements while lowering cost. With fused data
the machine learning algorithms could be applied to
predict air quality index (AQIl) values and to identify
pollution hotspots. Besides, source apportionment
can be achieved by integrating various pollutants and
meteorological conditions using sensor fusion. It can
help in pinpointing the leading sources of air pollution
and making aggressive mitigation efforts.
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Fig. 1: Applications of Sensor Fusion in Environmental Monitoring.
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Water Quality Monitoring

Sensor fusion methods can combine data from several
water quality parameters such as pH, dissolved oxygen,
turbidity, chemical contaminants in order to provide
general overview of the water quality in water quality
monitoring. Sensor fusion combines data from in situ
sensors, satellite imagery, and weather forecasts for
particularly useful detection and prediction of algal
blooms. The fused data can be used to train machine
learning algorithms to develop early warning systems
to harmful algal blooms to provide proactive measures
by water resource managers. Additionally, data from
multiple sensors along a water body may be merged
to improve detection of water pollution event. It can
help source and extent of the pollution and permit
rapid response and mitigation work.

Climate Change Monitoring

Sensor fusion for the identification of patterns and
structures in data, without prior labeling, may benefit
from unsupervised learning techniques including clustering
algorithms and principal component analysis (PCA). These
techniques can be used to discover the hidden relationships
between other environmental parameters and anomalies
discovered in the fused data. For instance, one could use
clustering algorithms to group regions with similar air
quality characteristics and visualize the hotspots within
the fused air quality data. Fused data from multiple sensors
can be reduced in dimensionality with PCA and then used
to help identify the most important factors contributing to
environmental variations.

Deep Learning Techniques

Sensor fusion for environmental monitoring has been
effectively solved with deep learning techniques,
namely, convolutional neural networks (CNNs) and
recurrent neural networks (RNNs). Automatically
learned hierarchical features can be learned from
raw sensor data with these techniques and then more
effectively fused of heterogeneous data sources.
However, CNNs are particularly suitable for processing
spatial data (satellite imagery, for instance, or
spatial distributions of environmental parameters).
They can be used to fuse multiple sensors data for
better land cover classification or identify change in
environmental conditions with time. However, RNNs
are good at processing the temporal data, say a time
series of environmental parameters. Using them, data
coming from several sensors can be integrated over
time to predict future environmental conditions or

apprise of temporal patterns’ anomalies.

Reinforcement Learning

Environmental monitoring by sensor fusion is an
emerging area in reinforcement learning. This
is particularly useful to choose sensor network
configurations and data collection strategies which
depends on the environmental conditions and the
monitoring goal. In the example of environmental
monitoring, we can use reinforcement learning
algorithms to adaptively (re)program sampling rates
of different sensors of the network in realtime as a
function of current environmental conditions and the
value of the data being collected. Sensors must be
calibrated and maintained regularly to ensure data
quality. Moreover, it is important to develop fusion
algorithms that can accommodate sensor uncertainties
and utilize sensor reliability information in the fusion
procedure in order to improve the robustness of an
environmental monitoring system (Table 1).

Table 1: Sensor Fusion Techniques for Enhanced
Environmental Monitoring

Parameter Importance
Air Quality Air quality monitoring tracks pollutants
such as CO2, NOz, and particulate mat-
ter, providing insights into environmental
health and safety.
Temperature | Temperature and humidity measurements
and Humidity | are critical for assessing climate condi-

tions, optimizing agriculture, and ensuring
safe living environments.

Noise Levels | Noise level monitoring identifies environ-
mental noise pollution, which can impact

human health and ecosystem balance.

Water
Quality

Water quality monitoring checks parame-
ters like pH, turbidity, and contaminants,
essential for ensuring safe drinking water
and aquatic ecosystem health.

Soil moisture sensors monitor soil condi-
tions for agricultural purposes, ensuring
efficient irrigation and crop growth in
loT-enabled farming.

Soil Moisture

Light
Intensity

Light intensity measurement is crucial for
monitoring the impact of sunlight on envi-
ronments, particularly in energy systems
and agriculture.

Real-Time Processing
Real time and near real time data processing and
decision making is required for many environmental
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monitoring applications. Because sensor fusion
techniques are required to process large quantities
of data from many sensors in real time, their
implementation presents considerable computational
problems. This challenge is addressable by leveraging
edge computing and techniques for distributed
processing. Due to the nature of sensor nodes or edge
devices, computational load is lower on central servers
such that it can respond faster.!”!]

Scalability

With increasing network size and complexity, it
becomes increasingly important to consider sensor
fusion systems as scalable. A big challenge is to
develop fusion algorithms and architectures that more
efficiently exploit growing volumes of data from many
more sensors. There are ways to scale by leveraging
technologies like cloud computing and big data.
Moreover, building hierarchical fusion architectures
that can perform fusion at multiple levels of the
network could be beneficial for handling the complexity
of large scale environmental monitoring systems.

Privacy and Security

Collecting sensitive data for environmental monitoring
is often a concern of privacy and security. It is a
challenge to implement such sensor fusion techniques
such that the data privacy is protected, and it is

Single Sensor module

immune from cyber threats. Closely related is the
development of secure fusion protocols to protect
critical data while in transit and during processing.
In addition, robust authentication and access control
mechanisms must be implemented to prevent fusion
of data to the information environmental monitoring
systems by unauthorised sources.

SENSOR FusioN FOR ENVIRONMENTAL
MoONITORING: BEST PRACTICES

To overcome the challenges and maximize the benefits
of sensor fusion in environmental monitoring, several
best practices should be followed (Figure 2):

1. Careful Sensor Selection: For the environmental
parameters to be monitored, choose sensors which
will establish satisfactory spot responses and are
themselves calibrated and maintained.

2. Data Quality Assessment: Run rigorous data
quality assessment steps to weed out unreliable
(or erroneous) data prior to fusion.

3. Standardization: Use standardized data formats
and communication protocols so that (sensors) can
easily integrate data of different sensors.

4. Hierarchical Fusion Architecture: To address
complexity and scalability, we implement a
hierarchical fusion architecture where fusion
occurs at different network level.
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Fig. 2:Sensor Fusion for Environmental Monitoring: Best Practices
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5. Edge Computing: We use edge computing
techniques to carry out initial data processing and
data fusion on sensor nodes or edge devices to
reduce latency and central servers’ computational
load.

6. Machine Learning Integration: Target machine
learning techniques to augment the effectiveness
of sensor fusion for complex environments,
where both the sensor network and target are
unstructured.

7. Uncertainty Quantification: Create fusion
algorithms to quantify and further propagate
uncertainties through the fusion process, and
acquire confidence levels of fused data and
associated derived insights.

8. Adaptive Fusion: Adaptive fusion techniques
are implemented to allow the fusion parameters
to dynamically adjust as the environmental
conditions change and the data quality changes.

9. Visualization Tools: Assembling data into
information and forming informed decisions
requires developing effective data visualization
tools for how to display fused data and the derived
insights in an easily interpretable format for the
decision-makers, etc.

10. Regular Validation: Regularly conduct data
fusion system validation against ground truth
measurements to validate the data fusion system
accuracy and reliability.

SENSOR FusiOoN FOR ENVIRONMENTAL
MoNITORING: FUTURE PROSPECTS

Driven by these advances in sensor technologies,
artificial intelligence and loT infrastructure, sensor
fusion for environmental monitoring field emerges
rapidly. Several emerging trends and future prospects
are shaping the landscape of environmental monitoring:

Emerging Sensor Technologies
Integration
Sensor fusion techniques are expected to lead to
a revolution in environmental monitoring with
the integration of sensor technologies such as:
hyperspectral imaging, LiDAR and quantum sensors.
With greater details and accuracies of measurements
of environmental parameters, these advanced sensors
can offer improved capabilities to fusion systems.

An example is the ability to harness the power of
fusion of hyperspectral imaging data and traditional in
situ sensors, to glean some unheard-of insights about

vegetation health, water quality and air pollution
distribution. As with other environmental sensors,
integration of LiDAR data can contribute to the
monitoring of forest biomass, urban air quality and
coastal erosion equally.

Table 2: Environmental Monitoring Parameters
in loT Networks

Parameter Importance
Air Quality Air quality monitoring tracks pollutants
such as CO2, NO2, and particulate mat-
ter, providing insights into environmental
health and safety.
Temperature | Temperature and humidity measurements
and Humidity | are critical for assessing climate condi-

tions, optimizing agriculture, and ensuring
safe living environments.

Noise Levels | Noise level monitoring identifies environ-
mental noise pollution, which can impact

human health and ecosystem balance.

Water Quality | Water quality monitoring checks parame-
ters like pH, turbidity, and contaminants,
essential for ensuring safe drinking water

and aquatic ecosystem health.

Soil moisture sensors monitor soil condi-
tions for agricultural purposes, ensuring
efficient irrigation and crop growth in
loT-enabled farming.

Soil Moisture

Light Intensity | Light intensity measurement is crucial for
monitoring the impact of sunlight on envi-
ronments, particularly in energy systems

and agriculture.

Deep Learning and Artificial Intelligence
Advanced artificial intelligent and deep learning
techniques are expected to play a big role in the
application of sensor fusion. They have shown great
promise for handling complex spatio temporal
environmental data based on such as deep learning
models, such as graph neural networks and attention
mechanisms. In these fields, the use of these
advanced Al techniques enforces more powerful
fusion of heterogeneous data sources, lessens
detection of the sparse changes to the environment,
and significantly improves the predictive power of
environmental monitoring systems. According to this,
deep learning models could be used to stitch data
from multiple sensors in predicting wildfire spread
or extreme weather event occurrence with improved
accuracy .00
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Internet of Things (I0oT), 5G Integration
Sensor fusion in environmental monitoring will grow
considerably with 5G networks, as 5G will provide
faster and more reliable communication between
sensors, edge devices and central servers, thereby
enabling real time fusion and analysis of environment
data. Sensor fusion will be integrated with loT
platforms to support a broader and more complete
environmental monitoring system development. This
might pave the way for “smart environments” whereby
portions of the environment are continually watched
and controlled in real time.

Blockchain for Data Integrity

Integration of blockchain technology with sensor
fusion systems is a trend which can address some
problems with the data integrity and traceability
int environmental monitoring. By recording and
verifying sensor data using blockchain, the data
can be verified and it will be secure and resistant
to potential malafide action. In applications such as
carbon emission monitoring and trading this would be
particularly useful given the accuracy and integrity
of the environmental data required for regulatory
compliance and decision making.l'¢18

Crowdsourcing, Citizen Science
Environmental monitoring is an emerging trend
which focuses on the integration of citizen science
and crowdsourced data with professional sensor
networks. Fusion of sensor data from citizen operated
sensors or smartphone based measurements with
data from professional monitoring networks is
leveraged to upscale spatial and temporal coverage
of environmental monitoring. Using this approach,
environmental data can not only increase resolution
and coverage over environmental space, but can also
improve public engagement and understanding of
environmental problems.

CONCLUSION

As a powerful technique for improving the accuracy,
reliability and completeness of environmental
monitoring, novel sensor fusion techniques have
emerged in loT networks. Sensor fusion combines
data from several sensors that allow for a greater
complex environmental system understanding through
the use of advanced machine learning algorithms.
Sensor fusion is a vast application in environmental
monitoring including air quality, water quality, climate

change tracking and biodiversity assessment. The
potential of sensor fusion to transform environmental
monitoring and management through the use of sensor
technologies that are continually improving in quality
and tractability, and computational capabilities which
are also growing exponentially, is enormous.
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