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ABSTRACT

This research demonstrates how Artificial Intelligence (AI) can be used to keep
military vehicles' engines running smoothly, with a special emphasis on Armored
Fighting Vehicles. The transition from old-fashioned maintenance techniques to
more forward-thinking predictive maintenance, powered by Al, is set to greatly
improve the efficiency of military operations. By using sophisticated data analysis
and sensor technologies, predictive maintenance allows for continuous monitoring
of equipment, which in turn leads to better readiness and more efficient use of
resources. The results show that using Al for predictive maintenance can transform
the way Armored Fighting Vehicles are operated, make it easier to plan missions,
and increase the overall efficiency of operations. These advantages, however, require
addressing challenges such as collecting sensor data, setting up dependable
communication networks, and ensuring the security of systems. Therefore, the
introduction of AI offers a way to refine maintenance strategies, cut down on
expenses, and guarantee optimal performance, thereby strengthening the readiness
of troops and the effectiveness of the military as a whole.
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1. Introduction

In contemporary warfare, vehicles’ reliability, readiness, and maintenance
efficiency play an increasingly crucial role in the overall capability of military
forces. These vehicles, laden with high-tech integrated systems, are the
backbone of any modern army. The engine, being one of the most vital parts,
necessitates constant and timely maintenance to ensure optimal performance.
However, traditional methods of vehicle maintenance are both time and resource
intensive. With the advent of cutting-edge technologies like Artificial Intelligence
(AI), we are now experiencing a significant paradigm shift in preventive and
predictive maintenance procedures. This study aims to explore the ramifications
and potential advancements of implementing Al in the maintenance of AFVs’
engines.

Advanced data analytics and sensor technologies facilitate predictive
maintenance, significantly affecting force structure, military doctrine, and
strategic planning [1]. Below are the primary impacts:

o Boost in Equipment Preparedness: Predictive maintenance makes real-time
monitoring of equipment functionality possible.
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e Augment Operational Preparation: Accurate anticipations of equipment upkeep
requirements allow military strategists to arrange and dedicate resources to maintenance
effectively.

e Optimal Usage of Resources: The adoption of predictive maintenance supports optimal
resource distribution within military outfits. Advanced detection of equipment problems
enables proactive scheduling of maintenance activities, leading to cost reductions and
improved allocation of resources like personnel, replacement parts, and maintenance
facilities.

e Extended Equipment Durability: Military assets can attain an extended lifespan when
potential maintenance problems are identified and resolved at an early stage, thanks to
predictive maintenance.

e Increased Force Readiness: Predictive maintenance ensures necessary equipment
availability on demand, reducing the likelihood of equipment deficits or malfunctions during
critical missions, which in turn improves operational efficiency and force readiness.

e Data-centric Decision-making: Maintenance activity and equipment performance data
produced by predictive maintenance provide actionable insights, facilitating informed
decision-making ranging from tactical to strategic levels. It offers vital insights into resource
allocation optimization, maintenance tendencies, and equipment reliability.

e Revision in Maintenance Outlook: Predictive maintenance implementation involves a
cultural shift towards proactive and data-dependent strategies in maintenance. Thus, it
becomes essential for military organizations to cultivate the requisite abilities, organize
training initiatives, and establish structures to effectively administer predictive maintenance
practices.

Predictive maintenance serves the purpose of predicting imminent failures or malfunctions
in engine operations and making proactive adjustments. This approach utilizes data
patterns, advanced analytics, and Artificial Intelligence (AI) techniques, particularly Machine
Learning (ML), to analyze and forecast the maintenance needs of vehicle engines.

An integral component of predictive maintenance, the Internet of Things (IoT), provides
real-time data collection and monitoring possibilities to inspect the engine’s operability
minutely for any irregularities. By capitalizing on IoT-led predictive maintenance plans,
military logistics can promptly prevent disruptive vehicle breakdowns, enhancing the overall
efficiency of wartime mission logistics.

1.1. Essence of Predictive Maintenance

Predictive maintenance serves the purpose of predicting imminent failures or malfunctions
in engine operations and making proactive adjustments. This approach utilizes data
patterns, advanced analytics, and Artificial Intelligence (AI) techniques, particularly Machine
Learning (ML), to analyze and forecast the maintenance needs of vehicle engines.

An integral component of predictive maintenance, the Internet of Things (IoT), provides
real-time data collection and monitoring possibilities to inspect the engine’s operability
minutely for any irregularities. By capitalizing on IoT-led predictive maintenance
plans,military logistics can promptly prevent disruptive vehicle breakdowns, enhancing
the overall efficiency of wartime mission logistics [11,12].

1.2. The Transformative Potential of Predictive Maintenance

Predictive maintenance represents a transformative potential to develop savvy military
force structures and strategies. Adapting to this advanced methodology, armed forces
can reorient their maintenance paradigm from reactive measures to preemptive ones,
thus improving the equipment’s lifecycle, effectiveness, and cost-efficiency.

Moreover, predictive maintenance paves the way for hierarchical maintenance management,
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unifying maintenance activities across the operational framework. This centralized approach
serves to improve synchronization between maintenance teams, cut down redundancy,
and increase response speed to maintenance warnings, thus escalating performance
output on the field.

1.3. Remaining Challenges

While promising, the implementation of predictive maintenance in military operations does
present its set of challenges. Key issues include standardization of data sources,
cybersecurity threats, lack of technical expertise, and AI model transparency. Nonetheless,
by addressing these challenges head-on and investing in skill development and
infrastructure, military forces can harness predictive maintenance’s full potential to enhance
not only equipment longevity and readiness but overall operational success in the modern
battlefields.

In this study, we delve deeper into the intricacies of transforming traditional maintenance
methods into predictive ones, analyzing these challenges and potential solutions, and
exploring how predictive maintenance redefines our understanding of military logistics
and warfare.

2. Related Work

This chapter dives deep into the intricate details of the existing research and advancements
within the domain of Predictive Maintenance for Automotive Vehicle Engines. Our researched
area of focus is Military Logistics. The military vehicles’ utilitarian nature enforces crucial
challenges that mandate error-free coordination and top-notch reliability. In this context,
the need for predictive maintenance is not merely optimal; it transforms into an absolute
necessity.

2.1. Earlier Studies and Developments

Leading the way in the domain of Predictive Maintenance for Military Logistics is the
pioneering research conducted by Suresh Chandra Padhy[2]. This vital study navigated
through uncharted landscapes of predictive maintenance within the specific military
framework. The authors elaborated on a thoughtfully designed theoretical model for
bestowing predictive maintenance to military vehicles, assigning specific priority to key
parameters such as engine performance, temperature variables, and fuel efficiency.

Complementing the existing literature pool, Prajit Sengupta [3] directed his research
towards the potential application of Machine Learning algorithms in predicting possible
failures in military vehicles. This profound study contributed significantly to the body of
knowledge, revealing essential insights into various algorithms’ capability of pattern
recognition, and predicting, and subsequently preventing, probable vehicle failures.

2.2, Machine Learning in Promoting Predictive Maintenance

As technology evolved, the scope for Predictive Maintenance widened. The increased
application of sensors and telemetry devices progressed to more sophisticated predictive
maintenance models. Samatas, G.G.'s work [4] is a testament to this technical evolution,
highlighting how marrying IoT devices and Machine Learning can remarkably enhance the
accuracy of predictive models. The models adeptly capture real-time data impacting not
only the engine performance but extending to the complexities of mechanized components
of military vehicles.

Advancing on this technological trend, Xu. G.'s research [5] ventured further into the
universe of Artificial Intelligence (AI) for predictive maintenance. With Al’s implementation,
these predictive models moved beyond predicting mechanical failures. They developed a
unique capability of forecasting the remaining useful life of various elements making up
the military engine components.

2.3. Military-Specific Predictive Maintenance
Military logistics possess inherent features that differentiate them from other common
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operations. Acknowledging these distinct characteristics, Prajit Sengupta envisioned a
series of modifications suitable for military-specific applications [6]. The innovative proposal
embedded considerations for external variables-terrain and weather data. Both these
elements significantly affect vehicle performance alongside practical aspects such as the
ease of salvaging and replacing parts under realistic, often challenging field conditions.

2.4. Promoting Sustainability through Predictive Maintenance

Taking a leap towards sustainability, Zhuo Xiao explored the potential of predictive
maintenance as a crucial tool for establishing sustainable practices [7]. In addition to
curtailing maintenance check frequencies, the study emphasized the environmental gain
and cost-saving aspect emanating from less opportunistic part replacement and labor
conservation.

2.5. Gaps and Opportunities

Despite the visible progress in predictive maintenance for military vehicle engines, notable
gaps exist in the contemporary body of research. To expose the full potential of predictive
maintenance, a more comprehensive study encompassing various types of military vehicles
subjected to diverse environmental and operational conditions is warranted. The uncharted
territory of developing robust predictive models, that distinctly cater to the unique
requirements of military logistics, paves the way for future exploration and research.

In conclusion, this chapter underscores the profound impact of predictive maintenance in
the field of military logistics. The collective insights from numerous studies serve as
steppingstones, contributing perpetually to constant advancements, paving the way for
revolutionary, innovative solutions.

3. Methods and means of Task Solving

The methodology for this research is divided into three primary segments. The initial phase
involves gathering a dataset from the armored vehicles using sensory and monitoring
devices. Following this, the acquired dataset undergoes a preprocessing phase to eliminate
any inconsequential or corrupt data, while also rectifying class imbalance issues. The final
step involves training the proposed multi-layered machine learning model—combining
different algorithms — on the cleaned dataset to anticipate possible equipmentmal
functions. The effectiveness of this compound model in identifying prospective maintenance
challenges is subsequently evaluated using vital metrics.

For the training model selected Automotive Vehicles Engine Health Dataset which contains
19k entries with information about Engine rpm, Lub oil pressure, Fuel pressure, Coolant
pressure, lub oil temp, Coolant temp, and Engine Condition. This synthetic dataset can be
used to train and test machine learning models for predictive maintenance analysis. The
snippet of training dataset can be found in Table 1.

Enginel Luboil Fuel Coolant Lub oil Coolant |Engine
rpm pressure pressure pressure temp temp Condition
700 | 2.49359182|11.7909273 | 3.17898079|84.1441629 |81.6321865 1
767 | 4.59690302|7.49656199 | 1.43277623|84.9241433 [80.2655148 0
1053 2.5338470 |4.2121939 4.7054738 [75.8420977 |75.9815723 0

Table 1. Feature table

Also, snippet of visual correlation of properties in dataset is demonstrated in Figure 1.
Blue dots represent engine condition 0 and orange dots - 1.

The data points were collected from sensory and monitoring devices installed in the armored
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vehicles. This telemetric technique, collecting information from different parts of the vehicle,
presents a holistic overview of the engine’s current state and aids in determining critical
failure patterns.

Data preprocessing is a pertinent step, ensuring the accuracy and reliability of the predictive
models. Prior to modeling, we managed errors and inconsistencies within the dataset,
such as missing values, outliers, and irrelevant information. Methods such as ‘imputation,’
‘normalization,” and ‘scaling” were employed to refine the dataset. Besides, class imbalance,
a common predicament in predictive maintenance tasks where the number of normal
observations significantly outnumbers the instances of failures, was rectified to foster a
balanced learning environment for the ML model. The pipeline for a model training workflow
consists of the following steps:
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Figure 1. Visual representation of the Automotive Vehicles Engine Health Dataset

1. Data Cleaning
a. Preprocess the data, cleaning up any missing values, outliers, or incorrect entries.
b. Normalize or standardize the data as necessary.

2. Exploratory Data Analysis (EDA)
a. Analyze your data to identify patterns, relationships, or anomalies.
b. Visualize data to get a better understanding of it.

3. Feature Engineering and Selection
a. Create new features from existing ones, which could improve the model.
b. Select the features that will be used to train the model.
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4. Model Selection
a. Choose the right machine-learning algorithm for the problem and data.

5. Model Training
6. Model Evaluation

a. Evaluate the model using chosen metrics (accuracy, precision, recall, F1 score, etc.)
on the validation data.

Data - Data S| ML Maodel " Muodel .| Deployment
Preparation e Training 7| Ewvaluation -
Inoactinn
F3
ML Model
Re-training

Figure 2. Workflow of model training

For training were picked following classification models with corresponding
hyperparameters:

No. Model Hyperparameters

1 Random Forest Classifier n_estimators=100, max_depth=50

2 Decision Tree Classifier max_depth=100

3 GaussianNB -

4 Logistic Regression -

5 KNeighborsClassifier n_neighbors=25

6 AdaBoostClassifier n_estimators=150, learning_rate=0.5

To further validate the model’s practicality, scenario-based testing was enacted, replicating
potential real-world conditions. Such tests served as opportunities to observe the model’s
behavior, adaptability, and resilience under various operating conditions, thereby fine-
tuning it for robust and reliable performance.

Lastly, acknowledging the dynamic nature of maintenance in militaries, a framework for
continuous monitoring and updating of the model was instituted. It ensures the model
stays concurrent with newer maintenance trends, operational profiles, and environmental
variables, thereby securing its predictive accuracy over time.

In the coming sections, we dive deeper into each of these aspects and provide illustrative
breakdowns of our methodology, further enhancing our understanding of predictive
maintenance in military logistics.
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4. Results

In our broad study and comparative assessment of machine learning models for the pre-
dictive analysis and diagnostic evaluation of armored vehicle engine health, an array of

models was implemented. Rigorous evaluation was conducted on the performance and

accuracy scores of these analytical models. The algorithms incorporated in this analysise
ncompassed a wide spectrum from the Random Forest Classifier to the Support Vector
Classifier (SVC), including Decision Tree Classifier, GaussianNB, Logistic Regression,
KNeighborsClassifier, and AdaBoostClassifier.

The analysis results revealed that the accuracy range of these different models lay be-
tween 77.46% and 85.93%. Intriguingly, despite the varied complexities of these models,
performance proved not to be solely dependent on algorithm sophistication.

The Decision Tree Classifier, maintaining simplicity and ease of interpretation as its advan-
tages, rendered the lowest accuracy score of 77.46%. This model, though intelligible,
might have fallen into the trap of overfitting or underfitting the data, leading to its com-
paratively reduced performance.

On the other end of the spectrum, both Random Forest Classifier and GaussianNB achieved
high marks for their accuracy - crossing the 84% threshold. This suggests their better
ability to generalize the data patterns and implies their stronger applicability in this con-
text.

Yet, in a somewhat unexpected revelation, the less complex Logistic Regression took the
leap and reached an impressive 85.01% accuracy - comparable, in fact, to the higher,
more complex methods. Turing the tables, the ensemble based AdaBoostClassifier out-
shone its contemporaries achieving the highest prediction accuracy of 85.93%. This clas-
sifier excels by iteratively improving the performance of weak classifiers through effective
reweighting mechanisms. SVC and KNeighborsClassifier closely tail-gated this top player,
garnering respective accuracy results of 85.52% and 85.4%. Table 3 summarizes these
performance results.

No. Model Head 3
1 Random Forest Classifier 84.45%
2 Decision Tree Classifier 77.46%
3 GaussianNB 84.68%
4 Logistic Regression 85.01%
5 KNeighborsClassifier 85.4%

6 AdaBoostClassifier 85.93%
7 SvC 85.52%

Table 3. Machine learning classification model results

Our findings attest to the somewhat superior performance of ensemble methods akin to
AdaBoostClassifier and intricate algorithms such as SVC and KNeighbors Classifier in pre-
dicting vehicle engine health status. However, the marginal differences in accuracy be-
tween the top-performing classifiers warrant further fine-tuning efforts to enhance per-
formance.

The results indicate that future work could be directed towards in-depth parameter opti-
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mization of these models or the inclusion of additional context-specific vehicle data to
augment prediction accuracy. Additionally, with these trained models, it is possible to
predict engine conditions, as outlined in the code snippet depicted in Figure 3.

In terms of model stability, both KNN and GaussianNB prove their mettle with their depen-
dence on statistical principles over numerical optimization techniques. Particularly,
GaussianNB gains an edge with its use of probabilistic formulas, contributing notably to
its stability. These algorithms underscore the merits of statistical learning methodologies
over purely numerical optimization approaches, boosting their standing in this compara-
tive analysis.

import numpy as np
X_test = np.array([[1674,2.501620349,3.624157065,2.043074697,76.77232668,74.64194049]])

# Make predictions on the test data
predicted_condition = abc.predict(X_test)

# Print the predicted engine condition
print("Predicted Engine Condition:", predicted_condition)

Predicted Engine Condition: [@]

Figure 3. Predicting engine condition using trained model

Naive bayes classifier
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Figure 4. Naive bayes classifier and KNN schemes

Guide to Selecting the Suitable Model for Practical Scenarios:

o K-Nearest Neighbors (KNN): KNN becomes a viable choice when dealing with a compact,
well-labelled dataset that is devoid of noise. Its strength lies in identifying non-linear
decision boundaries, hence a suitable option where such irregularities surface. Furthermore,
KNN excels in dynamic environments due to its ability to adapt swiftly to changes. However,
it is important to note that KNN isn‘t an optimal choice for large-scale datasets or datasets
packed with numerous features, due to its considerable computational demands.

e Naive Bayes: Naive Bayes emerges as an effective option when the features considered

dline.info/tmd 81



are independently influential, especially in situations where the featurecount outstrips
the instance-count. It showcases remarkable performance in applications such as text
categorization and spam detection. Due to its pronounced scalability, Naive Bayes can be
an appropriate selection if computational resources are limited. Nonetheless, its
performance may be compromised if the dataset does not adhere to the independent
features assumption, or if certain categories within a categorical variable do not appear
in the training set.

5. Conclusions

The empowerment of military operations through modern technology is paving new avenues
for harnessing the capabilities of machine learning (ML), a prominent branch of artificial
intelligence. Intricately poised at this intersection of advanced computational intelligence
and vehicular military technology is the domain of predictive maintenance for Armored
Fighting Vehicles (AFVs). This remarkable intersection bridges the gap between the potency
of innovative digital technology and traditional military vehicular operations, with the
potential to markedly boost AFV readiness and longevity.

When integrated into AFV maintenance, machine learning algorithms demonstrate
unprecedented prowess in deciphering copious amounts of sensor data [8]. These
advanced algorithms swiftly and accurately identify the early warning signs of possible
malfunctions, there by enabling the formulation of optimally timed and well-structured
maintenance schedules. Utilizing the power of machine learning, operators and
maintenance technicians can successfully minimize unforeseen AFV downtimes, thereby
enhancing operational efficiency [9]. This ushers in a new realm of AFV operations wherein
predictive maintenance ingrained with machine learning assures predictability and reliability
like never before.

Embracing machine learning in the realm of predictive maintenance can instigate a
substantial transformation in the mechanism of AFV operations and associated resource
management. This promises a paradigm shift towards a more streamlined approach to
mission planning, where complex predictive modeling and trend analysis by ML algorithms
can pre-determine precise maintenance windows. This feature subsequently frees military
staff to attend to more pivotal facets of mission planning [13, 14, 15].

However, the assimilation of machine learning with predictive maintenance poses several
challenges. Complexities in managing diverse sensor data and the essential need for
reliable, resilient communication infrastructures are among the technical obstacles to be
overcome. Additionally, cyber-security remains a paramount concern in this digital era.
The accumulated machine learning data must be safeguarded effectively to protect against
potential cyber threats, a crucial aspect given potential catastrophic impacts of a security
breach within a military context [10].

Nevertheless, these challenges, while significant, do not outstrip the potential boons
conferred by the application of machine learning in AFV operations. Surmounting these
hurdles is a prerequisite to unleashing the full capabilities of ML within this novel application.
A successful approach to these challenges promises a transformative future for AFV
operations, with significant advancements in efficiency and effectiveness.

The upshot of an effectively implemented ML-based predictive maintenance methodology
could catalyze comprehensive revamping of AFV maintenance, culminating in noteworthy
cost savings and enhanced operational capabilities. It’s reasonable to envision that the
performance of AFVs would see marked improvement, thereby fortifying combat readiness
and overall efficiency of the military forces. Embracing this shift towards cutting-edge
technology such as ML in routine maintenance schedules, we herald a new era in military
vehicular operations.
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