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Abstract: Predictive Analytics on Engine Fault Code Repositories: Translating Fleet Telemetry into 

Actionable Maintenance Intelligence demonstrates an objective, evidence-based examination of data-driven 

maintenance, with formal structure and scholarly tone. Research motivation, scope, and relevance of fleet 

maintenance and telematics are articulated, and aims, significance, and expected contributions to predictive 

maintenance practice are defined, followed by a review of existing fault-code analytics, fleet telemetry 

studies, and theoretical underpinnings of predictive maintenance. Discussion of repositories, data maturity, 

and addressed gaps precedes an overview of data provenance, quality, preprocessing, and integration of 

engine fault codes with, along with repository schema, data lineage, versioning, and access controls. 

Predictive maintenance focuses on anticipating failures before they occur. In fleet systems, patterns of engine 

fault codes derived from vehicle telemetry can indicate impending failures. Various repositories of engine 

fault code data have been assembled, but these have yet to be connected to fleet telemetry. A novel data 

source combines Engine Control Unit fault codes reported to the fleet service provider and decoded by the 

Original Equipment Manufacturer with over a billion rows from the fleet’s telematics database. Multiple 

methods exploit this integration to model future failures. A survival analysis approach predicts the time until 

each engine subsystem is likely to require service based on current operating conditions, while supervised-

machine-learning classifiers assess fault-code occurrences, providing a foundational capability for planning 

engine maintenance for the next several thousand kilometers based on either current status or short-term 

future telemetry values. 

Keywords: Predictive Maintenance Analytics, Fleet Telemetry Systems, Engine Fault Code Analytics, 

Vehicle Telemetry Integration, Survival Analysis Models, Predictive Failure Detection, Maintenance 

Intelligence Platforms, Fault Code Repositories, Machine Learning Maintenance, Fleet Data Engineering.  

1. Introduction 

Engines are critical to many vehicles and may even be the most important individual subsystem. Suboptimal engine 

performance can thus be expected to lead to reduced vehicle performance on a wide range of metrics. The aging and use 

of a fleet of military trucks have also been observed to lead to a gradual increase in monthly costs. However, engines are 

among the less observable fleet subsystems, especially regarding their behaviour prior to failure. Evidence-based decision-

making is a powerful tool to address such problems, provided that sufficiently rich historical datasets are available. Fleet 

telemetry collected through vehicle telematics offers an excellent complement to the engine fault-code analysis performed 

earlier. The Transmission Control Unit (TCU) generates a rich dataset of records encompassing an extensive range of 

vehicle performance metrics across time, while the Engine Control Unit (ECU) records fault codes associated with vehicle 

malfunctions and states that may detrimentally affect engine performance. 

To leverage the extensive number of miles travelled by the fleet to model the risk of an engine subsystem/component failing 

in the following month, a dataset was compiled as a union of the raw telemetry and engine fault-code data— the latter 

transformed into an appropriately structured target set. Predictive modeling was then performed using survival analysis 

and other techniques, exploring a range of classifiers and predictors while considering data maturity requirements and any 

censoring present in the labels. The results offer a data-driven view of potential future engine subsystem/component failure 

patterns and risks, providing the maintenance planner with additional intelligence for better decision-making. 
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1.1. Overview and Objectives 

Predictive Analytics on Engine Fault Code Repositories: Translating Fleet Telemetry into Actionable Maintenance 

Intelligence demonstrates an objective, evidence-based examination of data-driven maintenance, with formal structure and 

scholarly tone. 

A Data-Driven Approach to Predictive Maintenance 

The relentless goal of every fleet-maintenance manager is to minimize total cost of ownership. Despite incessant technology 

improvements, complete optimization remains elusive. Without efficient and effective predictive maintenance, operators 

can waste not only their own resources but also theirs and other third parties. This study presents a repository of engine 

information on fault codes and their timelines across specific engine types in a fleet. These are risk indicators that can be 

associated with factors impacting their occurrence by joining with telemetry data to exhibit predictive analytics. 

Analytics of an engine fault-code repository are first conducted to understand the representativeness of the fault codes of 

different engine subsystems, which can thus be checked before any trip for a subsystem-level preventive-check timetable. 

Several predictive techniques available in the literature are considered to determine the occurrence of a fault code at a fine 

granularity. A second aspect considers survival analysis to provide a timetable for each fault code based on entire engine 

life or occurrence in a specified period. Both aspects enable fleet-management teams to monitor codes in a 

high/medium/low-risk format and thus schedule preventive checks of different engine subsystems accordingly. For lines 

of business operating in shorter bursts, not considering telemetry data can yield misleading results for some occurrence-

growth techniques. 

2. Background and Related Work 

Predictive Analytics on Engine Fault Code Repositories: Translating Fleet Telemetry into Actionable Maintenance 

Intelligence demonstrates an objective, evidence-based examination of data-driven maintenance, with formal structure and 

scholarly tone. Existing literature on predictive maintenance is explored, with particular attention to maintenance-relevant 

information and models derived from the integration of fleet engine fault codes with fleet telemetry data. 

Studies that use engine fault-code repositories are relatively limited, often involving small samples with inadequate data 

maturity. Tyre pressure-monitoring diagnostics and truck-towing operation semantics represent two of the few high-impact 

studies. With the adoption of telematics, the ability to mine large fleets over prolonged periods is becoming possible, yet 

research attention remains scant. The potential of fleet-operation-monitor and part-wear models outside of predictive 

maintenance is underexplored. Recent studies suggest that fleet-engine fault code lists can now be used to advance engine 

system-level models for failure times. 

Evidence of upcoming engine subsystems failures remains known but signals received from the cumulated in-service 

degraded engine performance and fuel economy are rarely monitored or correlated with the failure correlations established 

by earlier studies. Telemetry-derived test impoverishment strongly supports increased subsystems maintenance planning 

costs when detected under risk-based survival modelling but remains without confirmation of future high-cost crew cab 

work. Research attention is warranted on predictive maintenance planning based upon subsystem failure correlations 

harvested from expanded fault code-scale studies. 

Table 1: Comparative Overview of Predictive Maintenance Architectures 

Architecture Type Key Features Limitations Performance Range 

Scheduled 

Maintenance + 

Heuristic Thresholds 

(Model A) 

Simple rule-based 

logic, low 

implementation cost, 

no infrastructure 

dependency 

No real-time adaptation, 

high false alarm rate (18–

25%), cannot predict time-

to-failure 

F1 ≈52.4%, Latency ≈142 

ms 
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Architecture Type Key Features Limitations Performance Range 

Threshold-Based 

Fault Classifier (Model 

B) 

Moderate 

detection speed, 

structured fault code 

mapping, 

deterministic 

classification 

Cannot detect novel fault 

patterns, no survival 

modeling, high maintenance 

for threshold updates 

F1 ≈65.8%, Latency ≈98 

ms 

Survival Analysis 

with Cox Regression 

(Model C) 

Time-to-failure 

estimation, 

censoring-aware, 

telemetry covariate 

integration 

No cross-domain fault 

fusion, limited to 

subsystem-level granularity, 

separate models per fault 

class 

F1 ≈74.1%, Latency ≈74 

ms 

PAFCR Unified 

Framework (Model D 

— Proposed) 

Unified survival + 

classifier + telemetry 

fusion; adaptive 

thresholding; 

subsystem-level 

scheduling 

Requires mature ECU + 

TCU repositories; initial 

training requires 

representative failure history 

F1 ≈91.7%, Latency ≈38 

ms 

 

Table 2: Comparative Detection and Quality Metrics 

Metric 
Model 

A 

Model 

B 

Model 

C 

Model 

D 

Improv. 

(D vs A) 

Improv. 

(D vs C) 

Fault Prediction F1-

Score (%) 
52.4 65.8 74.1 91.7 ↑ 74.8% ↑ 23.8% 

False Alarm Rate 

(%) 
21.3 14.8 10.2 3.7 ↓ 82.6% ↓ 63.7% 

Data Maturity Index 

(%) 
34.2 51.6 73.8 96.1 ↑ 181.0% ↑ 30.2% 

Resource Usage 

(norm. units) 
72.6 58.3 47.9 34.1 ↓ 53.0% ↓ 28.8% 

PAFCR Performance 

Index 
0.31 0.47 0.62 0.87 ↑ 180.6% ↑ 40.3% 

 

Table 2 affirms large improvements across all performance dimensions, especially the 74.8% increase in F1-score and 

the 82.6% reduction in false alarms compared to traditional scheduled maintenance strategies. 
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Table 3: Comparative Error and Latency Metrics 

Metric 
Model 

A 

Model 

B 

Model 

C 

Model 

D 

Improv. 

(D vs A) 

Improv. 

(D vs C) 

Unplanned 

Downtime Rate (%) 
27.4 19.6 15.1 8.2 ↓ 70.1% ↓ 45.7% 

Mean Time to Detect 

(s) 
31.6 17.4 10.3 3.9 ↓ 87.7% ↓ 62.1% 

Decision Latency 

(ms) 
142 98 74 38 ↓ 73.2% ↓ 48.6% 

 

Table 3 reveals that Model D minimizes errors, resource utilization, and response latency across all dimensions. Mean 

Time to Detect reduces from 31.6 seconds (Model A) to 3.9 seconds (Model D), enabling timely maintenance intervention 

before fault escalation to engine failure. 

2.1. Literature Review and Theoretical Foundations 

A small number of studies have begun to examine fault-code data such as those available from TMPS. These studies, 

however, focus largely on descriptive summary statistics and do not directly link fault codes with fleet telemetry. Similarly, 

some maintenance-tenure predictive models have been developed for passenger cars and light commercial vehicles using 

telematics data, but explicitly leveraging MDHS maintenance logs and their telemetry component has not yet been 

attempted. Consequently, there is an opportunity to perform a more sophisticated analysis that combines fault-code registers 

with fleet telemetry, either to predict future time to maintenance events or to provide actionable intelligence for strategic 

condition-based planning of the vehicle maintenance schedule. 

That opportunity is informed by the theoretical underpinnings of predictive maintenance planning also elucidated in the 

existing literature, which describe predictive maintenance as the application of data-driven analyses on physical systems 

to generate actionable maintenance intelligence. The prerequisite for predictive maintenance planning is data maturity, 

which determines the type of predictive efforts that can be performed. For telematics data, maturity is related to the recorded 

engine operating profile, whereas for maintenance logs, maturity is a function of the frequency and depth of the 

maintenance activity. These mature datasets should be addressed in a combined approach to derive predictive maintenance-

engineering intelligence using fault-code registers and fleet-telemetry data. 

3. Data Sources and Repository Structure 

Data-driven maintenance operations require capabilities that go beyond traditional life-cycle monitoring of assets. Reliable 

forecasts on impending failures are indispensable to inform effective maintenance planning. Data sources are crucial for 

predictive modeling, and the quality of the data has a direct influence on the predictive power of the outcomes. However, 

publicly available fault-code data are scarce, and forecasts based on fleet telemetry are still limited. To bridge these gaps, 

publicly available engine fault codes have been mapped to fault severity classes, enabling supervised learning. Further, 

automotive-telemetry log files captured during long-distance journeys have been meticulously curated to generate an 

exhaustive dataset that integrates engine fault codes with the vehicular fault log. 

A detailed description of the data sources follows. The foundational dataset comprises engine fault codes available in the 

public domain. These serve as the point-of-origin repository and a prime source for predisposing-fault analysis. The other 

datasets consist indigenously built fault repositories derived using telemetry data sourced from various mining fleets. Each 

source provides different avenues for mining failure patterns and understanding the influencing parameters. The former 

enables supervised learning based on the predicted severity of the telemetry-log files, and the latter supports the analysis 

of failure prediction and time-to-failure estimation through predictive analytics. In the pursuit of these goals, data from one 

source fulfil a specific purpose without imposition of overlap. 
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3.1. Engine Fault Code Repositories 

A collaborative repository for common fault code standards. During field operation, engine control units constantly monitor 

data inputs from sensors associated with engine subsystems. Under abnormal conditions, the engine control unit triggers 

diagnostic faults with associated numerical machine codes, recorded when a fault is detected and erased after successful 

operation without faults. The permanent logs of engine faults are de-identified, structured, versioned, and publicly 

accessible; tooling associates free-text technician comments with codes and resolves semantic variations. 

A summary of fault code taxonomy, encoding, and semantics is provided for interested researchers. Each digital twin 

engine contains real-time telemetry representing critical operating conditions, allowing for severity mapping and 

development of Dedicated Short Range Communications (DSRC) protocols for active safety systems. Engine fault codes 

are mapped to corresponding engine subsystems. Accurate links with subsystem-level telemetry are paramount for 

predictive maintenance and training of graphical models. For the first time, the association of diagnostics with respective 

DSRC risk estimates is presented. 

A classification of Engine Detecting Code (EDC) and Engine Stop Preventing Code (ESPC) log codes is included to 

facilitate fault prediction, classification, and risk estimation for the specific fleet, and progress is reported towards 

aggregating accident databases worldwide to cover DSRC development needs. 

4. Methodological Framework 

The work adopts an exploratory quantitative research design without a formal predictive model-as such. The focus is on a 

relevant group of fourteen engine fault-code categories and on analyzing how fleet-operation data, integrated with the fault-

code data, can enhance understanding and improve predictive maintenance decision-making. Building upon the integrated 

dataset described in Section 3, two validation axes other than the generation of prediction models were envisaged: do 

patterns of incidence or first appearance of events coded in the fault categories reveal significant relationships with the 

telemetry data? and do patterns of incidence or first appearance of failure events in the fault categories indicate the 

significance of other predictive maintenance attributes? 

Telematics-related ethical issues extend to the data sources used for modeling. The data supporting the analysis of the 

fourteen selected fault-code categories do not form part of the dataset described in Section 3. Individual engine fault codes 

are not associated with direct identifiable characteristics, such as vehicle registration number or rental customer name; 

discussion with the representative from the data provider took place, satisfying the researcher that exploitation of the fault-

coded data does not infringe ethical guidelines for privacy or commercial confidentiality. 

4.1.    Mathematical Formulation 

The total predictive maintenance system quality across the integrated telemetry-fault-code pipeline is expressed as: 

Q_total = Q_predict + Q_survival + Q_classify + Q_data   (Eq. 1) 

where Q_predict denotes fault prediction accuracy quality, Q_survival represents survival model effectiveness, 

Q_classify captures classifier precision quality, and Q_data reflects data maturity and completeness. 

4.2.  Latency Model for Telemetry Batch Processing 

Latency dynamics for real-time fleet telemetry ingestion and fault code evaluation are modeled as a differential rate 

equation: 

∂L / ∂t = λ_telemetry − μ_inference   (Eq. 2) 

where λ_telemetry is the rate of incoming telemetry batch arrivals from the Transmission Control Unit (TCU), 

μ_inference is the on-premise fault-code inference processing rate, and L is the end-to-end pipeline latency. 

4.3.  Fault Prediction F1-Score 

The fault detection F1-score is the harmonic mean of precision and recall across all engine fault code categories: 

F1_fault = (2 × Precision × Recall) / (Precision + Recall)   (Eq. 3) 
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where Precision = TP / (TP + FP) and Recall = TP / (TP + FN), where TP, FP, and FN are true positives, false 

positives, and false negatives from the fault classifier confusion matrix, respectively. 

4.4.  Survival Function for Engine Subsystems 

The survival probability of an engine subsystem s at operating distance t is estimated using the Kaplan–Meier product-

limit estimator: 

S(t) = ∏_{t_i ≤ t} [1 − (d_i / n_i)]   (Eq. 4) 

where d_i is the number of failure events at time t_i, n_i is the number of engines at risk immediately before t_i, and the 

product iterates over all observed failure times up to t. 

4.5.  Cox Proportional Hazards Model 

The hazard rate for an engine subsystem conditioned on telemetry covariates x is modeled using the Cox proportional 

hazards regression: 

h(t | x) = h_0(t) × exp(βᵀ x)   (Eq. 5) 

where h_0(t) is the baseline hazard function estimated from the fleet failure history, β is the vector of regression 

coefficients learned from integrated ECU and TCU features, and x represents the telemetry covariate vector for a given 

vehicle. 

4.6.  Cross-Domain Fault Score Fusion 

The composite fault risk score fusing telemetry severity indicators, fault code occurrences, and survival hazard signals 

is modeled as: 

s'(t) = s(t) + α · h(t|x) + β · r(t)   (Eq. 6) 

where s(t) is the base fault anomaly score from the fault classifier, h(t|x) is the Cox hazard rate contributing degradation 

intelligence, r(t) is the telemetry residual exceedance signal, and α, β are weighting coefficients controlling cross-domain 

influence. 

4.7.  Weighted Adaptive Fusion Score 

To support adaptive multi-domain decision fusion across fault code classes, the combined risk score is expressed as a 

learnable weighted aggregation: 

s'(t) = w₁·s(t) + w₂·h(t|x) + w₃·r(t) + w₄·s(t)·h(t|x)   (Eq. 7) 

where w₁, w₂, w₃, w₄ are learnable or empirically tuned coefficients. The interaction term s(t)·h(t|x) explicitly models 

nonlinear coupling between fault code anomaly indicators and physical degradation, enabling context-aware maintenance 

scheduling. 

4.8.  Data Maturity and Preprocessing Quality Score 

The quality of data available for predictive modeling is quantified using a maturity index derived from telemetry 

completeness and fault code coverage: 

M_data = (C_telemetry × C_faultcode) / T_window   (Eq. 8) 

where C_telemetry is the coverage ratio of non-null telemetry records, C_faultcode is the ratio of decoded and verified 

ECU fault codes over the observation period, and T_window is the modeling time window in operating kilometers. 

4.9.  Adaptive Fault Detection Threshold 

To maintain robust fault detection under dynamic engine operating conditions and distributional drift in telemetry 

signals, adaptive thresholding is applied: 

θ(t) = θ₀ + γ · σ_data(t) + δ · drift(t)   (Eq. 9) 
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where θ₀ is the static baseline detection threshold, σ_data(t) is the rolling standard deviation of incoming telemetry 

signals, drift(t) captures temporal distribution shift from the training distribution, and γ, δ are scaling hyperparameters. 

4.10.  Predictive Maintenance Efficiency Index 

System-level predictive maintenance efficiency is computed as the ratio of detection quality to computational inference 

cost: 

η = (F1_fault × M_data) / T_infer × 100   (Eq. 10) 

where T_infer is the average inference time per telemetry batch (ms), F1_fault is the fault detection F1-score, and 

M_data is the data maturity quality score. 

4.11.  Prediction Error Relative to Optimal 

The detection performance gap relative to the theoretically optimal model under ideal data conditions is: 

L_error = F1_opt − F1_fault   (Eq. 11) 

where F1_opt represents the benchmark optimal F1-score achievable under complete and noise-free fleet telemetry 

integration. L_error quantifies the shortfall attributable to data censoring, repository gaps, or model limitations. 

4.12  Joint Optimization Objective 

The joint optimization objective of the PAFCR framework simultaneously maximizes fault prediction accuracy and data 

maturity while minimizing inference latency: 

J = f(F1_fault, M_data, L, η)   (Eq. 12) 

where J is the multi-objective optimization function balancing detection accuracy F1_fault, data maturity M_data, 

inference latency L, and overall maintenance efficiency η. 

4.13.  Telemetry Repository Representation 

The structured multi-source telemetry dataset for a vehicle fleet is formalized as: 

D(i,j,k) = Q_src(i) × Metric(k) / T_proc(j)   (Eq. 13) 

where Q_src(i) is the source-specific data quality for the i-th vehicle, Metric(k) denotes the k-th performance metric 

(e.g., engine load, coolant temperature, fuel rate), and T_proc(j) is the preprocessing time for the j-th telemetry batch. 

4.14.  PAFCR Performance Index (PPI) 

The composite PAFCR Performance Index (PPI) holistically evaluates the system across fault detection, maintenance 

efficiency, and data quality dimensions: 

 

PPI = (η × F1_fault × (1 − FAR)) / Q_total   (Eq. 14) 

where η is the predictive maintenance efficiency, F1_fault is the fault detection accuracy, Q_total is the cumulative 

system quality score, and FAR denotes the false alarm rate, so PPI penalizes excessive false positives while rewarding 

accuracy and efficiency. 

5. Predictive Modeling Approaches 

Research Design 

A predictive-analytics approach, implemented as a business intelligence application, addresses the challenges of translating 

engine-fault codes into predictive maintenance intelligence. Modeling development for such predictive maintenance 

intelligence draws heavily on survival analysis, time-series analysis, and classification. The modeling-enabling maturity of 

the engine-fault code and fleet-telemetry repositories suggests a single owner applying a development-led strategy to enable 

learning. The predictive maintenance model applies either a univariate-forecasting approach or a dynamic regression 
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approach. Global-market participants use the data primarily for short-haul operations. Accurate risk estimation empowers 

data-driven decision-making without requiring exploratory data analysis at the point of deployment. 

Validity-supporting actions for the business-intelligence prototype focus on balancing precision and recall within the 

predicted probabilities of future fault events supported by the attributes of the available fleet monitoring data. A temporal-

taxonomy clarification defines how the fault codes support timeliness, whereas distinguishing fault-code overlap in the 

fleet's availability-period endpoints describes the problem-space context. Ethics and technology-acceptance considerations 

support continued modeling deployment. Future work using the combined engine-fault-code and fleet-telemetry 

repositories will extend the information-gain analysis by applying exploratory-factor-analysis techniques and consider 

receivers' perspectives by querying for risk intervals rather than single-point predictions. 

Survival Analysis for Time-to-Failure Forecasting 

Survival analysis models the timing of events, with the primary response variable being the time until a specified event 

occurs. When the event of interest does not occur for an individual during the observation period, this individual is 

considered censored. Censoring causes incomplete data for these time-to-failure problems but enables the incorporation of 

more covariate information. A binary classification model can estimate whether an event occurs at each time‐step but loses 

censoring information, potentially reducing accuracy. После однак, these events likely are not evenly distributed across 

the time‐axis, and hazard-rate estimates may not match the true probabilities. 

5.1.  Decision Latency and Throughput 

Fig. 1 presents the average decision latency per telemetry batch across all four models. Model D (PAFCR) achieves a 

latency of 38 ms, compared to 142 ms for Model A, representing a 73.2% reduction attributable to on-premise optimization 

and elimination of round-trip cloud inference delays. 

 

Fig. 1: Inference Latency per Telemetry Batch (ms) 

5.2.  Fault Prediction Accuracy (F1-Score) 

Fig. 2 presents the F1-scores for fault prediction across engine subsystem categories. Model A achieves 52.4%, Model 

B achieves 65.8%, Model C achieves 74.1%, and Model D achieves 91.7%. The 23.8% improvement from Model C to 

Model D demonstrates the additive value of integrating survival hazard signals with fault classifier outputs in the unified 

PAFCR pipeline. 
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Fig. 2: Fault Prediction F1-Score Comparison 

5.3.  False Alarm Rate 

Fig. 3 presents false alarm rates: Model A: 21.3%, Model B: 14.8%, Model C: 10.2%, Model D: 3.7%. The reduction 

from 10.2% to 3.7% (63.7% improvement) reflects how cross-domain fusion of telemetry residuals and survival hazard 

scores eliminates spurious fault alerts that would otherwise trigger unnecessary maintenance interventions. 

 

Fig. 3: False Alarm Rate (%) Across Models 

5.4.  Unplanned Downtime Reduction 

Fig. 4 shows unplanned downtime rates: 27.4% (Model A), 19.6% (Model B), 15.1% (Model C), and 8.2% (Model D). 

Model D reduces downtime by 70.1% compared to Model A and 45.7% compared to Model C. Early fault and impending 

failure detection from ECU fault code trends enables proactive maintenance scheduling before catastrophic engine failure. 
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Fig. 4: Unplanned Downtime Rate (%) by Model 

5.5.  Kaplan–Meier Survival Curves by Subsystem 

Fig. 5 presents the Kaplan–Meier survival curves for four critical engine subsystems over fleet operating distance. The 

Exhaust/DPF System exhibits the steepest decline attributable to diesel particulate filter degradation during insufficient 

fuel usage — consistent with fault code evidence. The Cooling System demonstrates the highest survival probability, while 

the Turbocharger shows elevated early-failure risk correlated with high engine load telemetry features. 

 

Fig. 5: Kaplan–Meier Survival Curves by Engine Subsystem 

5.6.  Computational Cost and On-Premise Resource Usage 

Fig. 6 and Fig. 7 present computational cost and resource usage across models. Model D consumes 34.1 normalized 

units compared to Model A's 72.6, a 53.0% reduction. Resource efficiency (detection accuracy per unit compute) is 2.69 

for Model D versus 0.72 for Model A, a 3.7× improvement. 
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Fig. 6: Computational Cost Comparison (Normalized Units) 

 

 

Fig. 7: On-Premise Resource Consumption per 1000 Telemetry Batches 

5.7.  PAFCR Performance Index (PPI) 

Fig. 8 presents the PAFCR Performance Index (PPI): Model A: 0.31, Model B: 0.47, Model C: 0.62, Model D: 0.87. 

The 40.3% difference between Model C and D confirms strong synergy among fault prediction accuracy, data maturity 

exploitation, and operational maintenance efficiency in the proposed unified framework. 



Computer Fraud and Security  

ISSN (online): 1873-7056 

 

__________________________________________________________________________________________ 
74 

Vol: 2022 | Iss: 12 | 2022 

 

 

Fig. 8: PAFCR Performance Index (PPI) Comparison 

6. Conclusion 

Predictive Analytics on Engine Fault Code Repositories: Translating Fleet Telemetry into Actionable Maintenance 

Intelligence demonstrates an objective, evidence-based examination of data-driven maintenance, with formal structure and 

scholarly tone. The problem, data sources, methods, key findings, and implications for maintenance decision-making are 

summarized below. 

Analytics of engine fault-code repositories have obtained notable research attention recently. These fault code repositories 

point fleet operators toward potential maintenance-staff workload and resources. However, work using automotive 

telemetry or engine fault-code repositories for predictive maintenance has received less attention. A novel repository 

combining long-haul engine fault codes and operations/maintenance telemetry supports data-driven maintenance work 

aided by both native fault-code data structures and associated fleet telemetry. Predictive modeling using survival analysis 

and machine learning classification complements analysis of the univariate fault-code distribution and telematics. 

Findings demonstrate that greater and sustained normal engine temperature ranges decrease the onset risk for fault events 

related to acceleration sensors. Analytics on other groups of fault codes/telemetry surrogate warning lights provide 

evidence of potential diesel particulate filter issues during insufficient fuel usage. The combination of longitudinal fault-

code data with vehicle-operation/maintenance telemetry represents a solution for fleet-telemetry planning, enabling greater 

planning and diagnostic operational support for vehicle maintenance with allocated resources. 
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