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Interpretable Machine Learning for NOXx
Emission Anomaly Detection in Marine Diesel
Engines Using Real Operational Data

Imam Nur Rokhim?*, Teguh Junian Kuswanto 2, Muhammad Igbal Firdaus?
(Received: 13 July 2026 / Revised: 16 July 2026 / Accepted: 8 August 2026 / Available Online: 30 September 2026)

Abstract— Nitrogen oxide (NOx) emissions from marine diesel engines remain a major environmental concern in the maritime
industry, requiring effective monitoring strategies under actual operating conditions. This study proposes a Random Forest-based
approach for detecting anomalous operating conditions associated with NOx emissions using operational data collected from an
actual merchant vessel during an 11-day voyage. Following data preprocessing and threshold-based operational screening, a total of
347,587 valid observations were retained for model development. The Random Forest classifier was evaluated using Accuracy,
Precision, Recall, F1-score, and ROC-AUC. The proposed model achieved an Accuracy of 96.87%, Precision of 97.35%, Recall of
93.18%, F1-score of 95.22%, and a ROC-AUC of 99.39%, demonstrating reliable classification performance for distinguishing
normal and anomalous operating conditions. Feature importance analysis revealed that operational parameters contributed
differently to the classification process, with ship speed and fuel system parameters exhibiting the greatest influence. An
engineering interpretation of these findings indicates that the identified parameters are consistent with established combustion
mechanisms associated with thermal NOx formation in marine diesel engines. The proposed approach extends the application of
machine learning beyond anomaly detection by providing an interpretable framework that links data-driven classification results
with engineering knowledge, offering potential support for onboard condition monitoring and operational decision-making in NOx
emission management.
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|. INTRODUCTION

M aritime transportation plays a fundamental role in

the global economy, carrying more than 80% of the
world's international trade by volume. Despite being
recognized as one of the most energy-efficient
transportation modes, the shipping industry remains a
significant contributor to atmospheric pollution through
exhaust emissions from marine diesel engines. Among
these pollutants, nitrogen oxides (NOx) have attracted
considerable attention due to their adverse impacts on air
quality, human health, and the environment. NOXx
emissions contribute to the formation of acid rain,
photochemical smog, and secondary particulate matter,
making their reduction a major objective in the pursuit of
sustainable maritime transportation [1]. Consequently,
international regulations governing marine engine
emissions have become increasingly stringent,
encouraging ship operators and engine manufacturers to
develop more effective emission monitoring and control
strategies[2].

The amount of NOx emitted by a marine diesel
engine is influenced not only by engine design but also
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by the operational conditions experienced throughout a
voyage. Variations in ship speed, engine load, fuel
supply rate, fuel temperature, and combustion
characteristics continuously alter the combustion
process, resulting in dynamic fluctuations in NOx
emissions[3]. These operational parameters interact in a
highly nonlinear manner, making conventional analytical
approaches insufficient for accurately characterizing
emission behavior. Meanwhile, modern onboard
monitoring systems continuously record large volumes
of operational data with high temporal resolution,
providing valuable information regarding engine
performance and environmental compliance. However,
manually identifying abnormal operating conditions
from such large and multidimensional datasets has
become increasingly challenging [4].

The rapid advancement of machine learning has
provided new opportunities for extracting meaningful
information from large-scale operational datasets
collected from marine systems. Numerous studies have
successfully employed machine learning techniques for
fuel consumption prediction, engine performance
estimation, fault diagnosis, predictive maintenance,
machinery condition monitoring, and anomaly detection
in marine propulsion systems [5]. Algorithms such as
Artificial Neural Networks (ANN), Support Vector
Machines (SVM), eXtreme Gradient Boosting
(XGBoost), Random Forests, and various deep learning
models have demonstrated excellent capability in
capturing nonlinear relationships among operational
parameters [6]. In particular, data-driven approaches
have become increasingly attractive because they are
capable of identifying complex operational patterns that
are often difficult to describe using conventional
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physics-based or rule-based methods [7].

The Random Forest algorithm was selected because
of its capability to model complex nonlinear
relationships among operational parameters while
maintaining high robustness against overfitting [8].
Unlike single decision trees, Random Forest constructs
multiple decision trees using bootstrap sampling and
random  feature  selection, thereby  improving
classification stability and generalization performance
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[9]1[10]. Another important advantage of Random Forest
is its ability to estimate feature importance directly
during the training process, allowing not only accurate
anomaly classification but also interpretation of the
relative contribution of each operational parameter [11].
These characteristics make Random Forest particularly
suitable for analyzing multidimensional operational data
collected from marine propulsion systems.
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Figure. 2. Operational Screening Procedure Based on Predefined Thresholds

Previous studies on anomaly detection have primarily
focused on identifying machinery faults, abnormal fuel
consumption, sensor failures, or equipment degradation
using operational data collected from marine engines
[12]. Various machine learning algorithms, including
Isolation Forest, Local Outlier Factor (LOF), K-Nearest
Neighbors (KNN), ensemble learning methods, and
Random Forest, have demonstrated promising
performance in distinguishing normal and abnormal
operating conditions [13]. Most of these studies,
however, have concentrated on improving classification
accuracy through evaluation metrics such as accuracy,
precision, recall, Fl-score, and the area under the
receiver operating characteristic curve (ROC-AUC) [5].
Although these performance indicators demonstrate the
effectiveness of the developed models, they provide
limited insight into the engineering mechanisms
responsible for the detected anomalies.

Similarly, existing studies concerning NOx emissions
have mainly focused on emission prediction, combustion
optimization, or compliance assessment using laboratory
experiments, numerical simulations, or machine learning
models [14][15]. While these approaches have achieved
high predictive performance, machine learning is
frequently employed as a black-box prediction tool, with

limited effort devoted to explaining how operational
parameters contribute to the occurrence of NOx emission
anomalies [16]. Consequently, the engineering
significance of the developed models often remains
unclear, despite their high predictive capability[17].
Understanding which operational parameters most
strongly influence NOx anomalies is essential not only
for improving model interpretability but also for
supporting operational decision-making and developing
intelligent emission monitoring systems for marine diesel
engines [18][19].

Based on the existing literature, three major research
gaps can be identified. First, most machine learning
studies emphasize predictive performance rather than
providing engineering interpretations of the detected
anomalies [20]. Second, investigations utilizing real
operational data collected from commercial ships during
actual voyages remain relatively limited because of
restricted access to industrial datasets. Third, the
application of feature importance analysis to explain the
influence of operational parameters on the formation of
NOx emission anomalies has received little attention
[21]. As a result, previous studies generally conclude
with model performance evaluation without establishing
a meaningful relationship between machine learning
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formation during marine engine operation.

TABLE 1.
OPERATIONAL PARAMETERS USED IN THIS STUDY

Parameter Unit Description
Speed Through Water 105 Vessel speed relative to the surrounding water
ME Supply Fuel Flow L Fuel flow supplied to the main engine
ME Return Fuel Elow Lh Fuel flow returning from the fuel circulation
system
ME Supply Fuel oc Fuel temperature measured at the engine supply
Temperature line
ME Return Fuel oc Fuel temperature measured at the engine return
Temperature line
NOXx Emission g/kWh Nitrogen oxide emission generated by the main

engine

Therefore, this study proposes a Random Forest-
based classification model for detecting NOx emission
anomalies using real operational data collected from a
commercial vessel during an actual voyage. The
operational dataset consists of ship speed, fuel flow rate,
fuel temperature, shaft torque, and NOXx emission
measurements continuously recorded through the vessel's
onboard monitoring system. Unlike previous studies, this
work extends beyond conventional model performance
evaluation by employing feature importance analysis to
identify the operational parameters that contribute most
significantly to NOx emission anomalies. Furthermore,
the obtained findings are interpreted based on the
combustion characteristics of marine diesel engines to
establish the relationship between operational conditions
and NOx formation mechanisms. The proposed approach
not only demonstrates the effectiveness of machine
learning for anomaly detection but also provides
engineering insights that can support the development of
intelligent real-time emission monitoring and operational
decision-support systems for marine applications.

Il. METHOD

This study employed operational data collected from
an international merchant vessel, hereafter referred to as
the Case Vessel, during an 11-day voyage. The dataset
was continuously recorded using an onboard operational
monitoring system that captures key propulsion and
engine performance parameters throughout normal ship
operations [22]. To preserve the confidentiality of the
vessel and the data acquisition system, specific
information regarding the ship identity and monitoring
equipment is intentionally omitted. The overall research
methodology adopted in this study is illustrated in Figure
1.

The operational dataset consisted of seven parameters
representing the propulsion and fuel system conditions,
namely Speed Through Water (STW), Main Engine
(ME) Supply Fuel Flow, ME Return Fuel Flow, ME
Supply Fuel Temperature, ME Return Fuel Temperature,
Shaft Torque, and NOx emission. These parameters were
selected because they directly reflect engine operating
conditions that influence the combustion process and
consequently affect NOx formation. A detailed

TABLE 2.
OPERATIONAL PARAMETERS USED IN THIS STUDY
Upper
Parameter Ter %‘;ﬁ;l d Thrgfho,d Threshold Basis
Speed Through Water 0.58 13.36 Engineering operational criterion
ME Supply Fuel Flow 2480 3922 Operational data distribution
ME Return Fuel Flow 2059 3211 Operational data distribution
ME Supply Fuel 123.145 133.401 Operational data distribution
Temperature
ME Return Fuel 119.265 129.078 Operational data distribution
Temperature
NOXx Emission 0.000 11.966 Engineering operational criterion

As presented in Table 2, the operational thresholds
were established according to the characteristics of each
monitored parameter. The thresholds for Speed Through
Water and NOx emission were determined based on
engineering operational criteria because both parameters
are governed by operational requirements and regulatory

considerations during ship operation. The lower speed
threshold (0.58 knots) was selected to exclude
maneuvering and near-stationary conditions, whereas the
upper threshold (13.36 knots) represents the maximum
operating speed observed under normal voyage
conditions. Likewise, the upper NOx threshold (11.966
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g/kWh) was defined according to the acceptable
emission level adopted in this study to distinguish
normal operation from abnormal emission conditions.

In contrast, the thresholds for ME Supply Fuel Flow,
ME Return Fuel Flow, ME Supply Fuel Temperature,
and ME Return Fuel Temperature were derived from the
distribution of the cleaned operational dataset. Since no
universally accepted operational limits are available for
these parameters under actual ship operating conditions,
the observed operational ranges were adopted to
represent normal engine behavior during the monitoring
period. Consequently, observations falling outside these
ranges were considered indicative of abnormal
operational conditions and were assigned as anomalous
during the adaptive labeling process.

Each observation was subsequently assigned an
operational label according to the screening results.
Observations with all parameters remaining within their
respective operational thresholds were classified as
Normal Operation, whereas observations containing one
or more parameters outside the predefined thresholds
were categorized as Anomalous Operation. The adaptive
labeling procedure is illustrated in Figure 2, and the
resulting labels were subsequently used as the target
classes for Random Forest model development.

I11. RESULTS AND DISCUSSION

A. Dataset Characteristics

The operational dataset used in this study was
collected continuously over an 11-day voyage, providing
a comprehensive representation of the vessel's operating
conditions under actual service. Prior to model
development, the raw dataset underwent a series of
preprocessing procedures, including the removal of
duplicate records, missing values, and observations
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containing zero values. Zero-value observations were
excluded because they generally correspond to engine
shutdown conditions or invalid sensor readings that do
not represent actual engine operation. Following the
preprocessing stage, a total of 347,587 valid observations
were retained for subsequent analysis. The large number
of observations provides sufficient operational variability
to capture different engine operating conditions, thereby
improving the robustness of the developed machine
learning model.

Subsequently, each observation was automatically
labeled using the threshold-based operational screening
procedure described in Method. Observations with all
monitored parameters remaining within their respective
operational thresholds were classified as Normal
Operation, whereas observations containing one or more
parameters outside the predefined thresholds were
classified as Anomalous Operation. This labeling process
established the ground truth required for supervised
learning. To preserve the temporal characteristics of the
operational data and to better represent practical
implementation, the labeled dataset was divided
chronologically into 278,069 observations (79.998%) for
model training and 69,518 observations (20.002%) for
model testing.

The distribution of the training and testing datasets is
presented in Figure 3, while a summary of the processed
dataset is provided in Table 3. The adopted data split
provides sufficient observations for model learning while
maintaining an independent testing dataset for evaluating
the model's generalization capability. Moreover, the
chronological splitting strategy minimizes the possibility
of data leakage between the training and testing phases,
resulting in a more realistic assessment of model
performance under actual ship operating conditions.
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TABLE 3.
OPERATIONAL PARAMETERS USED IN THIS STUDY

Description

Value

Observation period
Total valid observations
Training dataset
Testing dataset
Training proportion

Testing proportion

11 days
347587
278069

69518
79.998%

20.002%

B. Performance of Random Forest Classification

The performance of the developed Random Forest
classifier was evaluated using five widely adopted
classification metrics, namely Accuracy, Precision,
Recall, Fl-score, and the Area Under the Receiver
Operating Characteristic Curve (ROC-AUC). The
evaluation results are summarized in Figure 5, while the

corresponding confusion matrix and ROC curve are
presented in Figures 4 and 6, respectively. Overall, the
proposed model achieved high classification
performance, indicating its capability to effectively
distinguish between Normal Operation and Anomalous
Operation based on the selected operational parameters.
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Figure. 4. Confusion matrix of the Random Forest classifier.

The confusion matrix presented in Figure 4 provides
a detailed visualization of the classification results for
both operational classes. The large number of correctly
classified observations (True Positives and True
Negatives) demonstrates that the model successfully
learned the operational patterns contained in the training
dataset. Meanwhile, the relatively small number of False
Positives and False Negatives indicates that only a
limited number of observations were misclassified. From

an operational perspective, minimizing false-negative
predictions is particularly important because undetected
anomalous operating conditions may delay corrective
actions and potentially increase engine emissions or
reduce operational efficiency. Conversely, a small
number of false-positive predictions is generally
acceptable since they primarily trigger additional
inspections rather than overlooking actual anomalies.
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Figure. 5. Classification performance metrics of the Random Forest model.
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Figure. 6. Receiver Operating Characteristic (ROC) curve of the proposed model.

The ROC curve shown in Figure 6 further confirms
the discrimination capability of the developed Random
Forest model. The ROC curve is located close to the
upper-left corner of the graph, indicating a favorable
balance between the True Positive Rate and False
Positive Rate over various decision thresholds.
Consistent with this observation, the high ROC-AUC
value demonstrates that the proposed model possesses
strong generalization capability and can reliably
distinguish between normal and anomalous operating
conditions. These results suggest that the developed
classifier is sufficiently robust for anomaly detection
using real operational data collected during actual ship
operations.

C. Feature Importance Analysis

In addition to its classification capability, the
Random Forest algorithm provides feature importance
scores that quantify the relative contribution of each
operational parameter to the classification process. The
feature importance values are calculated based on the
cumulative reduction of Gini impurity contributed by
each feature across all decision trees within the forest.
Consequently, parameters that consistently provide
greater improvements in node purity during tree
construction receive higher importance scores. Although
feature importance does not indicate a direct causal
relationship, it provides valuable information regarding
which operational variables contribute most significantly
to distinguishing between Normal Operation and
Anomalous Operation.
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Figure. 7. Feature importance of the operational parameters obtained from the Random Forest model.

The feature importance results are presented in
Figure 7. As shown, each operational parameter
contributes differently to the developed classification
model. Parameters with higher feature importance values
were more influential in determining the classification
outcome, whereas parameters with lower values
contributed less to the decision-making process.

These findings indicate that the operational
parameters do not equally influence the occurrence of
anomalous operating conditions. Therefore, the

parameters with the highest feature importance values
were further analyzed from an engineering perspective to
explain their relationship with the physical mechanisms
governing NOx formation in marine diesel engines.
D. Engineering NOx
Formation
Based on the feature importance ranking presented in
Figure 7, the operational parameters are discussed in
descending order according to their contribution to

Interpretation  of Anomaly
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anomaly classification. The results indicate that the  variations in ship speed directly affect the propulsion
occurrence of NOx emission anomalies is not governed  power demand and consequently alter the engine load
by a single operational parameter but rather by the  [23]. As engine load increases, a greater quantity of fuel
combined effects of ship operating conditions, fuel s injected into the combustion chamber, resulting in
system characteristics, and combustion behavior.  higher in-cylinder pressure and combustion temperature.
Therefore, the engineering interpretation presented in  Elevated combustion temperatures promote the
this section focuses on the dominant parameters  formation of thermal NOx through the extended
identified by the Random Forest model and their  Zeldovich mechanism, which is recognized as the
relationship with the physical mechanisms responsible  dominant NOx formation pathway in marine diesel
for NOx formation. engines operating under high-temperature conditions.

Among the evaluated parameters, Speed Through  The relationship between ship speed, engine load,
Water (STW) exhibited the highest contribution to  combustion temperature, and NOx formation is

anomaly classification. From an engineering perspective, illustrated in Figure 8.
Ship Speed — Engine load  —  Fuel injection l—. Combarstion - Ihe:mal. N — MNox Emission
| temperature formation

Figure. 8. Relationship between ship speed, engine load, combustion temperature, and NOx formation.
improves atomization and promotes more stable
The next influential parameters are associated with ~ combustion. Conversely, deviations from the optimum
the fuel system, particularly fuel temperature and fuel  fuel  temperature may  deteriorate  combustion
flow. Fuel temperature strongly influences fuel viscosity,  characteristics, leading to localized high-temperature
which subsequently affects spray atomization, fuel-air  regions that increase NOx formation. This combustion
mixing, and combustion quality [24]. Maintaining the = mechanism is conceptually illustrated in Figure 9.
fuel temperature within its recommended operating range

Combaustion Flame
Fuel temperature Fuel wisCosity Fuel atomization . Mox Emission
efficlency temperature

Figure. 9. Relationship between fuel temperature, fuel atomization, combustion quality, and NOx formation.

Similarly, fuel flow reflects the energy demand of the ~ [24]. On the other hand, abnormal variations in fuel flow
engine under different operating conditions. An increase  may indicate irregularities in the fuel supply system,
in fuel flow generally corresponds to higher engine load  potentially causing unstable combustion and abnormal
and greater heat release during combustion. Under  emission behavior. The relationship between fuel flow,
efficient combustion conditions, the resulting increase in ~ heat release, combustion temperature, and NOx
peak flame temperature favors thermal NOx formation  formation is presented in Figure 10.

Fuel Injected Peak combustion
Fuel flow 1 g Heat releass Cylinder pressure =" g Mox Emission
quantity temperature

Figure. 10. Relationship between fuel flow, heat release, combustion temperature, and NOx formation.
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Figure. 11. Proposed framework integrating feature importance analysis with engineering interpretation to support NOx anomaly monitoring and
operational decision-making.

Overall, the engineering interpretation demonstrates  processes occurring during ship operation.
that the operational parameters identified by the Random Unlike previous studies that primarily employed
Forest model are closely associated with the fundamental ~ machine learning to improve predictive accuracy or
mechanisms governing NOx formation in marine diesel  estimate NOx emissions, the present study extends the
engines. Rather than serving solely as statistical role of machine learning by providing an engineering
indicators, the feature importance results provide interpretation of anomaly formation through feature
meaningful engineering insights into the operational  importance analysis [25]. Rather than treating
factors that contribute to emission anomalies.  featureimportance solely as a statistical ranking, the
Consequently, the proposed approach not only improves  identified operational parameters were systematically
the interpretability of the machine learning model but  related to established combustion mechanisms governing
also establishes a direct connection between data-driven ~ thermal NOx formation. This approach enables the
anomaly detection and the physical combustion  classification results to be interpreted in terms of
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physical engine behavior, thereby bridging data-driven
anomaly detection with engineering knowledge [6].
Consequently, the proposed framework not only
improves model interpretability but also provides
practical information that can support operational
decision-making for onboard emission monitoring.

E. Practical Implications

This study demonstrates that feature importance
analysis derived from the Random Forest model can be
used as an approach to identify the operational
parameters that contribute most significantly to the
classification of normal and anomalous operating
conditions. The resulting information provides a basis for
engineering interpretation of the potential relationship
between operational parameters and the occurrence of
NOXx emission anomalies. The proposed implementation
framework is illustrated in Figure 11.

1V. CONCLUSION

This study proposed a Random Forest-based
approach for detecting anomalous operating conditions
associated with NOx emissions using operational data
collected from an actual merchant vessel. A total of
347,587 valid operational observations were obtained
after data preprocessing and adaptive threshold-based
labeling. The developed Random Forest classifier
demonstrated excellent classification performance,
achieving an Accuracy of 96.87%, Precision of 97.35%,
Recall of 93.18%, F1-score of 95.22%, and ROC-AUC
of 99.39%, indicating its capability to reliably
distinguish between normal and anomalous operating
conditions using real ship operational data.

Beyond the classification performance, the feature
importance analysis revealed that the operational
parameters contributed differently to anomaly detection,
with ship speed and fuel system parameters exhibiting
the greatest influence on the classification results. The
subsequent engineering interpretation suggested that
these parameters are closely associated with engine load,
fuel injection characteristics, combustion temperature,
and the mechanisms governing thermal NOx formation.
Therefore, the proposed approach extends the application
of machine learning beyond anomaly detection by
providing an interpretable framework that links data-
driven classification results with engineering knowledge.
This framework has the potential to support onboard
condition monitoring and operational decision-making
for improved NOx emission management in marine
diesel engines. Future studies are recommended to
validate the proposed approach using operational
datasets collected from different vessel types and engine
configurations to further improve its generalization
capability.
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