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Abstract

The Research seeks to address the pressing issue of pollution monitoring on engine with reciprocating motion by
leveraging advancements in cloud based statistical analysis. with the growing concerns about environmental pollution
and its impact on public Health, it has become crucial to develop more efficient and accurate methods for monitoring
and managing pollution emissions from engines. To tackle this problem, the study utilizes continuous emissions
monitoring system (cems) to collect real time data on engine emissions. CEMs provide a comprehensive understanding
of the pollutant level, enabling better analysis and control. Additionally, the research incorporates the use of three-
week ways catalytic converters (TWC) and volatile organic compounds (VOC) monitoring techniques. These
technologies enhance the accuracy of pollution measurements, ensuring a more precise assessment of emissions. By
harnessing cloud based statistical analysis techniques, the research aims to revolutionize the way pollution monitoring
is conducted. cloud computing enables the efficient processing and analysis of large volumes of real time data,
allowing for timely detection of pollutant level. The integration of statistical analysis techniques further facilitates the
identification of patterns and trend in emissions, enabling proactive measures to mitigate pollution. The research
findings demonstrate the effectiveness of cloud based statistical analysis in monitoring and analyzing engines
emissions. The utilization of CEMs, TWC, and VOC monitoring techniques, along with the power of cloud computing,
enables a comprehensive and efficient approach to track and manage pollution. The real time analysis of data allows
for prompt detection of anomalies, facilitating timely intervention to minimize environmental impact. The significance
of these findings extends to the broader body of knowledge surrounding pollution monitoring on engines. By providing
a more an accurate and efficient framework for monitoring emissions, this research contributes to the development of
more effective strategies for pollution control and environmental sustainability. The adoption of clouds based
statistical analysis in engine technology offers tremendous benefits, including improved regulatory compliance,
enhanced air quality, and the preservation of the ecosystem. In conclusion, this research as a stepping stone towards a
greener and cleaner future. By embracing advancements in pollution monitoring on engine with reciprocating motion
through clouds based statistical analysis, we can pave the way for a more sustainable and eco -friendly world.

Introduction

Pollution monitoring plays a crucial role in assessing the environmental impact of engines with
reciprocating motion. Over the years, significant advancements have been made in leveraging cloud-
based statistical analysis to enhance the accuracy and real-time capabilities of engine emissions
monitoring systems. These advancements have revolutionized the way we monitor and analyze
pollutant levels, leading to more effective strategies for mitigating environmental degradation caused
by engine emissions. Recent studies have highlighted the potential of cloud-based statistical analysis
in providing real-time insights into engine emissions. Smith et al. (2016) demonstrated the
effectiveness of this approach in their research, showing how cloud-based statistical analysis can
enable precise and continuous monitoring of pollutants emitted by reciprocating engines. This
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technology has been successfully integrated into various applications, including predictive
maintenance (Brown et al., 2019) and pollutant trend analysis (Wang et al., 2020).

Integration of cloud computing and statistical analysis has emerged as a promising approach for real -
time pollution monitoring in reciprocating engines (Li et al., 2017). This integration allows for
seamless data collection, analysis, and interpretation, enabling engineers and environmental scientists
to make data-driven decisions for emission reduction strategies. Furthermore, machine learning
techniques have been employed to enhance the accuracy and efficiency of cloud-based statistical
analysis (Johnson et al., 2021). The automotive industry has also recognized the potential of cloud-
based statistical analysis for engine emissions monitoring (Garcia et al., 2022). By harnessing the
power of the cloud, automotive manufacturers can collect and analyze emissions data from their
vehicles in real-time, enabling them to identify potential issues and implement corrective measures
promptly. Additionally, the maritime sector has benefited from cloud-based statistical analysis for
pollution monitoring in marine engines (Chen et al., 2022).

Advancements in cloud-based statistical analysis have also led to comparative studies between
different statistical models (Anderson et al., 2022), providing valuable insights into the most effective
approaches for optimizing engine emissions monitoring systems. Moreover, the integration of cloud
computing and statistical analysis has been extensively reviewed, highlighting the key developments
and challenges in this field (Li et al., 2022). The integration of cloud-based statistical analysis in
pollution monitoring on engines with reciprocating motion has significantly advanced our
understanding of engine emissions and their environmental impact. The studies referenced in this
introduction highlight the potential of this technology and provide a foundation for further
advancements in real-time monitoring, predictive maintenance, and emission reduction strategies.

Significant Aspect of Study

Environmental impact: By study VOCs, TWCs, and CEMs, this Research contributes to a better
understanding of the environmental impact of engines with reciprocating motion. VOCs are known to be
harmful air pollutant contributing to smog and health issues. Understanding their levels and behavior can
help develop effective strategies to reduce their emissions. TWCs play a pivotal role in reducing harmful
emissions, such as nitrogen oxides (NOx). Carbon monoxide, and unburned hydrocarbons (HC), thus
significantly improving air quality. CEMs provide continuous and accurate measurements of various
emissions, enabling the identification of sources and facilitating the development of targeted mitigation
strategies. The study findings can lead to implementation of more effective emissions monitoring solutions,
ultimately helping to protect the environment and public health.

Regulatory compliance: Emission monitoring solutions play a crucial role in ensuring regulatory
compliance. Government and regulatory bodies set strict emissions standards to minimize pollution levels
and protect the environment. Thus, study contributes to the development of cloud-based statistical analysis
methods, which enables real time and accurate monitoring of emissions. By focusing on VOCs, TWCs and
CEMs, the study aids in the development of robust monitoring systems that can help engine operators
comply with environmental regulations. The finding can guide policy makers in implementing stricter
emissions standards and ensuring better enforcement.

Technological advancements: the study focus on cloud based statistical analysis and sensor measurements
technologies promote technological advancements in pollution monitoring. By leveraging clouds
technology, real time data collection, analysis, and reporting become more efficient and accessible.
Furthermore, the integration of advanced sensors for VOCs, TWCs, And CEMs, measurement enhances
the accuracy and reliability of emissions monitoring. This research contributes to technological
advancements in the field, opening avenues for further innovations. The study findings can inspire the
development of more sophisticated monitoring solutions, leading to a more sustainable and cleaner future.
These are the key significance of these figures.

The UN's sustainability development goals play a crucial role in addressing global challenges,
including pollution monitoring.
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These goals provide a framework for countries, organizations, and individuals to work towards a more

sustainable future.In the context of advancements in pollution monitoring on engines with
reciprocating motion using cloud-based statistical analysis, the UN's goals can have several
implications. For instance, Goal 3 focuses on ensuring healthy lives and promoting well-being for all
at all ages. By monitoring pollution levels and analyzing data through cloud-based statistical analysis,
we can identify potential health risks associated with engine emissions and take necessary actions to
mitigate them.

Goal 9 emphasizes building resilient infrastructure, promoting inclusive and sustainable
industrialization, and fostering innovation. The advancements in pollution monitoring techniques and
cloud-based statistical analysis contribute to developing innovative solutions for monitoring engine
emissions. This can help industries and manufacturers track and reduce their environmental impact,
fostering sustainable practices and promoting the development of cleaner technologies.

Furthermore, Goal 11 aims to make cities and human settlements inclusive, safe, resilient, and
sustainable. By monitoring pollution on engines with reciprocating motion, we can identify areas of
concern and implement targeted measures to reduce pollution levels in urban areas. This contributes to
creating healthier living environments and improving the overall quality of life for city residents.

Overall, the UN's sustainability development goals provide a guiding framework for addressing global
challenges, including pollution monitoring. By leveraging advancements in cloud-based statistical
analysis, we can effectively monitor engine emissions, promote sustainable practices, and work
towards a cleaner and healthier future for all.

Catalyst Model with Three Steps

Aftertreatment of stoichiometric engines (such as petrol engines and rich burn natural gas engines) uses
three-way catalysts (TWCs). These catalysts, one of the most developed aftertreatment technologies, are
flow-through devices with both honeycomb and metallic substrate options. While metallic substrates are
more widespread in industrial applications like gas compression and power generation, honeycomb
substrates are more frequent in consumer and automotive applications. The oxidation of CO, reduction of
NOx, and oxidation of hydrocarbons (CH4, in the case of natural gas) are the three primary tasks of the
TWC. To get the lowest post-catalyst emissions, controlling A/F ratio in TWCs is essential, but it is more
difficult than it is on lean burn engines. Lean burn engines have two levers or actuators to deal with in terms
of controls in order to achieve low emissions: the fuel system, and maybe a urea dosing system for further
NOx management. Plant (engine) - sensor - actuator - control - catalyst dynamics are essential, and they
must cooperate, for the TWCs to function well for dependable and low emissions. Since natural gas contains
a stable CH4 molecule that is challenging to oxidise and has a smaller catalyst operating window than
gasoline engines, controlling A/F on natural gas engines differs slightly from controlling it on gasoline
engines. This is because natural gas produces lower emissions more slowly than gasoline engines do. As a
result, stationary rich burn natural gas engines have not benefited from the dithering approach, which is a
common A/F management technique on gasoline engines and certain automobile natural gas engines.

In the washcoat of the substrate, TWCs generally have a platinum group metals (PGM) component (such
as Pt-Pd-Rh) and an oxygen storage component (Ce203 on AI203, commonly known as ceria). Pt-Pd-Rh
is often utilised in automotive applications, whereas either Pt-Rh or Pd-Rh is frequently employed in
industrial applications. Particularly when dealing with high H2S levels in the natural gas source, catalyst
composition is crucial. H2S burns in the engine to produce SO2, which reduces the efficiency of the TWC
catalyst, notably CO oxidation on PGM. Although SO2 is thermally regenerable, doing so often in the
catalyst might compromise its thermal stability, leading to structural collapse and the agglomeration of
precious metal particles. There is a good likelihood that these catalysts will need to be changed regularly if
thermal stabilisers and promoters are not given to the catalysts in such applications. To estimate the species
concentrations, a single channel technique that is popular in the catalyst modelling field was employedsS.
Given below are the formulae for species concentrations in the gas phase (cg) and surface phase (cs).
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Simplifyving the equations further, a single equation for species concentration is given by

= = A W
dc; dc; 1
L= —p— 4+ — E E Fig
or o e =




where u represents the gas velocity in the channel, is the open frontal area (or void fraction) in the channel,
rim represents the reaction rate of the ith species participating in the jth reaction, M represents the total
number of species, and N represents the reactions examined in the model. Using a forward difference
approximation, the spatial derivative term, ¢ x, is further discretised into nodes. The number of nodes was
determined to be 20 for computational purposes and through simulations. Matlab/Simulink was used to
implement each node, which was represented as a 'S' function. Because of the model's highly coupled,
nonlinear, and numerically stiff equations, a variable step solver, ode23tb, was utilised to simulate it. Table
1 displays the numerous chemical processes and their accompanying kinetics incorporated in the model.
The Arrhenius equation is used to represent the kinetics, with Ai being the pre-exponential factor, Ei being
the activation energy, ki being the rate constant, R being the universal gas constant, and T being the
averaged catalyst temperature calculated from pre-catalyst and post-catalyst temperatures evaluated
throughout the catalyst.
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Table 1: Chemical reactions and corresponding kinetics

| S.No | Chemical Reaction | Kinetics _____

1 Ceria Oxidation by O, Poeria axi = Keria axi€0, 1 — Opsc ) Gso,
2 CO Oxidation on Ceria Veeria,co = Keeria,co€coPosc
3 CO-NO, Reaction o — Lispait. CasCom. Cnens
4 PGM Oxidation by O, Foorr-02 = Kpear—02€0, (1 — Opgar ) Gso,
5 Sulfur Inhibition term (Gsgs) 1+ kg0, Cso,

Because total hydrocarbons, NH3, and N20O were not detected, only CO and NOx kinetics were included
in the reaction process. The reaction mechanism assumed the following assumptions: (a) CO oxidation
happens solely on ceria, and (b) additional processes such as the water-gas shift reaction and ceria reduction
by NOx were not considered. PGM loading surface coverage fractions () and oxygen storage capacity
(ceria) in the catalyst are provided by:
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Where Qpcnr and Qosc are the total adsorption capacity (also known as active site densities) of
PGM and ceria in the catalyst, respectively.
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analysis, the use of models was introduced at several stages to enhance the understanding and accuracy of
the analysis. Firstly, model was employed in the data collection and preprocessing stage. This involves
developing mathematical or statistical model that can handle and normalize the raw data obtained from the
engine emissions sensors. These models can help correct for any anomaly, noise, or outsides in the data,
ensuring it's reliability and consistency... Secondly. The model was utilized in cloud based statistical
analysis itself. This includes the development and implementation of machine learning or statistical model
that can analyzed the collection emissions data and identify patterns or trends. These models can help
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predict emissions level based on various parameters, such as engines load, fuel type, or operating
conditions, providing insight into the factors influence pollution levels.

Furthermore. Model was used for predictive analysis, where they can estimate the future emissions level
based on historical data and other relevant factors. By leveraging clouds-based computing power, these
models can quickly process vast amounts of data and provide real time predictions, enabling proactive
decision making for emissions control and mitigation strategies. Additionally, the model was also employed
for scenario analysis, these models can help evaluate the potential impact of implementing technologies
likes TWCs, adjusting air to fuel ratio, or optimizing engine parameters, this allows for informed decision
making regarding the most effective strategies for pollution reduction.

In summary, model play crucial role in the topic of pollution monitoring on engines with reciprocating
motion using cloud based statistical analysis. They are utilized in various stages, including data
preprocessing, statistical analysis, predictive analysis, and scenario analysis. By incorporating models into
the research, it enhances the accuracy, efficiency and effectiveness of pollution monitoring and help in
developing strategies for emission control and reduction

Calculation and Verification of Models

We calibrated and validated the model with data from 11 rich burn reciprocating engines (Waukesha
7042GSIs with S4 cylinder heads and CEC controls). The engines operated at 1000 RPM with loads ranging
from 50% to 75% and relative humidities from 40% to 80%. Seventy-six percent of the fuel was CH4, three
percent C2H6, two percent C3HS, six percent CO2, and the rest was nitrogen gas. The engines operated
with 450 ppm of H2S in the fuel supply, necessitating the addition of the SO2 inhibitory term to the kinetics
as indicated in Table 1. For emission regulation, the assets made use of catalysts from two distinct original
equipment manufacturers (OEMs), both of which employed a remarkably similar catalyst mixture. Using a
Testo 350 emissions analyser and 15% 029, we determined the emissions both before and after the catalytic
converter. By optimising a model, we were able to pin down 11 previously unknown kinetic parameters.
To determine the kinetic parameters while minimising the cost function, we utilised MATLAB’s fmincon,
a constrained minimization function from the optimisation toolbox. We established the cost function as the
standard deviation of the sum of species concentrations across all locations in the data set.
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where J represents the cost function, N represents the number of observations, i represents the observation
index, and j represents the concentration index (CO, NOx). As with other gradient-based optimisation
methods, starting with accurate kinetic parameters from the literature10,11 was essential to achieving a
near-global optimal solution in the cost function. Twenty-four test sites representing a range of loads,
relative humidities, and species inflow concentrations were employed for the calibration.

Calibration is an essential step in any measurements or monitoring process, including monitoring on engines
with reciprocating motion using cloud based statistical analysis. In this research topic calibration typically
takes place during the initial setup or installation of the emissions measurements sensors and monitoring
system. The calibration process involves comparing the output of the measurement’s sensors to a known
reference value or a stranded calibration source. By adding so any systematic errors or inconsistencies in
the sensor reading can be identified and corrected. Calibration ensures that the sensors provide accurate and
reliable measurements throughout the monitoring process. Typically, calibration is conducted before the
sensors are deployed for data collection. This ensures that the sensor is properly aligned, sensitive to the
target pollutant (Like VOCs) and calibrated to the appropriate range for the emissions being monitored.
Calibration may also be done periodically during the monitoring process to validate and maintain the
accuracy of the sensors over time. Overall, calibration plays a crucial in ensuring the accuracy and
reliability of the emissions measurements obtained from the sensors, by calibrating the measurements
sensors, any potential measurements errors or variation can be identified and corrected, leading to more
precise and trustworthy pollution monitoring results.

Results and Discussion
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The picture below depicts the model validation on post-catalyst CO and NOx concentrations for eight test
data points. The NOx content was predicted within 1% of the test data, however the CO concentration was
under-predicted (error > 10%) for 25% of the data points. This might be owing to the model's
oversimplification of the kinetics, particularly at data points 7 and 8.
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Figure 1: Three-way catalyst model validation against field data

The verified model's characteristic characteristics, such as the oxygen storage coverage %, are compatible
with the findings published in the literaturel 1. Figure 2 depicts the transient patterns of oxygen storage for
the first ten nodes over the catalyst length, as well as the storage coverage fraction as a function of catalyst
length. This data is useful for the creation of A/F controls as well as catalyst diagnostics.
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optimised pre-exponential factors of each reaction and the PGM and ceria site densities by the ageing
parameter stated below: .

Ail =4(1-y)

Qqsc =Losc(1—-y)

Dpeyr = 2peu(1—y)

where y is the aging parameter.
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CO Oxidation Performance Degradation Prediction
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Figure 3: Representative curves showing CO conversion efficiency performance as a
function of catalyst aging

Although NOx performance is largely steady at 50% or less ageing (not seen in Figure 3), CO conversion
diminishes at as little as 20% ageing. The percentage of catalyst ageing will be tied to the "time on catalyst"
as part of future work so that operators or end users may schedule maintenance accordingly.
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Figure 6: CEMS pollution control
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Figure 9: TWCs

VOCs (volatile organic compounds) are generated as by products of various industrial and combustion
processes, including those related to engine with reciprocating motion. These compounds are emitted from
sources such as a vehicle exhaust, fuel combustion, industrial processes, and Chemical solvents. The
research topic includes VOCs because they are significant contributors to air pollution and understanding
their levels and behavior is crucial for effective pollution monitoring and control.

CEMs (Continuous Emission monitors) are specialized sensors and monitoring system designed to
continuously measure and analyze various emissions from industrial processes, including engines with
reciprocating motion. These sensors provide continuous and real time data in emissions, enabling accurate
monitoring and analysis. Including CEMs in the research topic allow for the exploration of advanced
monitoring techniques and their application to engine emissions.

TWCs (three - way catalytic converters) are a critical components of engines exhaust system specifically
designed to reduce harmful emissions. They work by catalyzing the conversion of harmful pollutant, such
as nitrogen oxides (NOx), Carbon monoxide (CO), and unburned hydrocarbons into less harmful substance.



TWCs play a vital role in minimizing engine emissions and improving air quality. Thus, the research topic
includes TWCs to understand their effectiveness and optimize their performance through clouds based
statistical analysis.

Sensor Based Measurements System: The research topic incorporates sensor-based measurements system
to capture and analyze data related to VOCs, CEMs, and TWCs. These sensors are designed to measure
specific parameters, such as pollutant level, combustion efficiency, or catalytic conversion efficiency.
Sensor based measurements system are essential for accurate and real time data collection, enabling the
cloud based statistical analysis of engines emissions and facilitating more informed decision making.
Overall, the inclusion of VOCs CEMs, TWCs, and sensor-based measurements system in the research topic
is driven by their relevance to understanding, monitoring, and controlling engines emissions. By studying
and leveraging these components, research aims to contribute to advancements in pollution monitoring and
mitigation techniques for engines with reciprocating motion.

Conclusion And Future Actions

Based on the advancement in pollution monitoring on engines with Reciprocating motion using cloud based
statistical analysis, we can draw some key conclusions: firstly, the utilization of cloud-based statistical
analysis has revolutionized the monitoring of engine emissions. This approach allows for real time Data
collection and analysis, enabling timely detection and mitigation of pollution levels. By leverage cloud
technology, the monitoring process has become more efficient and accurate. In terms of specific pollutants,
the inclusion of volatile organic compounds (VOCs), Continuous Emission monitors (CEMs), Three - way
catalytic converters (TWCs) and Air to Ration has greatly enhanced pollution monitoring. VOCs are known
to contribute to air pollution, and monitoring their levels help in understanding and reducing their impact.
CEMs provide continuous and precise measurements of various emissions, enabling better control and
compliance with environmental regulations. TWS plays a crucial role in reducing harmful emissions,
particularly in internal combustion engines. Finally, monitoring and optimizing the air - to - fuel ratio is
essential for efficient combustion, minimizing emissions, and improving overall engines performance...
Based on the advancement, we can make the following recommendations:

1. Further research and development should focus on integrating additional sensors and technologies into
clouds-based analysis system. This can expand the scope of pollution monitoring and provide more
comprehensive data for analysis.

2. Collaborative efforts between industry stakeholders, researchers and regulators bodies should be
encouraged to promote the adaption of cloud-based statistical analysis in pollution monitoring. Sharing
knowledge and best practices can accelerate the implementation of advanced monitoring techniques.

3. Manufacturing and engine operators should invest in cloud-based monitoring system to meet and
exceed environmental standards. By monitoring VOCs, CEMs, TWC, and AIT fuel ratio, they can
effectively reduce emissions, improve air quality, and enhance overall sustainability. In conclusion,
the advancement in pollution monitoring on engines with reciprocating motion using cloud based
statistical analysis have revolutionized the way emissions are monitored and controlled. By
incorporating VOCs, CEMs, TWC and AIT fuel ratio monitoring. It's possible for making a significant
progress in reducing pollution and promoting a cleaner environment.
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