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ABSTRACT

ANOMALY DETECTION AND ROOT-CAUSE DETERMINATION FOR
AUTOMOTIVE APPLICATIONS USING DEEP LEARNING

AND XAI MODELS

MEHMET EMİN MUMCUOĞLU

MECHATROCIS ENGINEERING Ph.D DISSERTATION, JULY 2025

Dissertation Supervisor: Prof. MUSTAFA ÜNEL

Keywords: Anomaly Detection, Predictive Maintenance, Explainable AI,
Heavy-Duty Vehicles, Fuel Efficiency, Air Pressure System, LSTM Autoencoder,

Human-in-the-Loop, Large Language Models

Anomaly detection in heavy-duty vehicles (HDVs) is crucial for predictive mainte-
nance and efficient fleet management, yet it poses considerable challenges due to the
complex interplay between mechanical systems, diverse operational conditions, and
limited labeled data. Traditional diagnostic approaches often fall short, struggling
with false alarms and lacking interpretability, which can undermine user trust and
delay critical interventions. Addressing these challenges necessitates robust, data-
driven anomaly detection frameworks that combine precision with explainability, in-
formed by domain knowledge and human expertise. This thesis develops two tailored
anomaly detection frameworks specifically designed for critical HDV applications:
(1) detecting excessive fuel consumption under varying operational conditions, and
(2) early detection of air pressure system (APS) failures. Excessive fuel consump-
tion significantly impacts operational efficiency and regulatory compliance, whereas
APS failures frequently result in costly breakdowns and downtime. Each application
demands unique methodological considerations due to the inherent variability and
complexity of the underlying data.

For fuel consumption anomaly detection, a novel quartile-based labeling method was
introduced, considering weight-normalized fuel consumption and multi-level road
slope segmentation. Utilizing bagged decision trees, this supervised approach clas-
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sifies operational anomalies at high accuracy across diverse driving datasets from
Turkey and Germany, achieving up to 92.2% accuracy and an F1 score of 0.78.
An interactive fleet monitoring dashboard further provides actionable insights for
fleet operators by visually identifying anomalous trips and facilitating targeted in-
terventions. For APS failure detection, the thesis explores semi-supervised learning
through Long Short-Term Memory (LSTM) Autoencoders, enhanced by a human-in-
the-loop framework incorporating expert analysis. These models effectively identify
subtle temporal deviations preceding mechanical failures with an overall F1 score
of 0.75. Additionally, the Explainable Boosting Machine (EBM) model achieved an
excellent balance of predictive accuracy (91.4%, F1 score: 0.80) and interpretabil-
ity, complemented by a Large Language Model (LLM)-based agentic system that
provides expert-level diagnostic reasoning and transparency.

This thesis emphasizes interpretability by integrating explainable AI techniques
alongside human expertise, thus enhancing diagnostic reliability and user trust.
These interpretable frameworks enable clear root-cause analysis, reduce false alarms,
and improve practical decision-making across diverse operations. The developed
methodologies offer versatile and adaptable solutions for sustainable fleet manage-
ment, with potential future expansions toward real-time anomaly detection, multi-
fault classification, and integration into automated, closed-loop predictive mainte-
nance systems.
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ÖZET

OTOMOTİV UYGULAMALARI İÇİN DERİN ÖĞRENME VE
AÇIKLANABİLİR YAPAY ZEKA KULLANARAK ANOMALİ TESPİTİ VE

KÖK-NEDEN ANALİZİ

MEHMET EMIN MUMCUOĞLU

MEKATRONİK MÜHENDİSLİĞİ DOKTORA TEZİ, TEMMUZ 2025

Tez Danışmanı: Prof. Dr. MUSTAFA ÜNEL

Anahtar Kelimeler: Anomali Tespiti, Kestirimci Bakım, Açıklanabilir Yapay Zekâ,
Ağır Vasıtalar, Yakıt Verimliliği, Hava Basıncı Sistemi, LSTM Autoencoder,

Döngüde İnsan Yaklaşımı, Büyük Dil Modelleri

Ağır vasıtalarda (HDV) anomali tespiti, kestirimci bakım ve etkin filo yönetimi
için kritik öneme sahip olsa da, mekanik sistemlerin karmaşık etkileşimleri, farklı
operasyonel koşullar ve sınırlı etiketlenmiş veriler nedeniyle önemli zorluklar taşı-
maktadır. Geleneksel tanılama yöntemleri sıklıkla yanlış alarmlarla karşılaşmakta
ve açıklanabilirlikten yoksun kalmaktadır; bu da kullanıcı güvenini azaltmakta ve
kritik müdahaleleri geciktirebilmektedir. Bu zorlukları aşmak için, alan bilgisi ve
uzman görüşleriyle desteklenen, hassasiyet ve açıklanabilirliği bir araya getiren, veri
odaklı ve güçlü anomali tespit sistemlerine ihtiyaç duyulmaktadır. Bu tez kap-
samında, ağır vasıtalarda kritik uygulamalar için özel olarak tasarlanmış iki anomali
tespit çerçevesi geliştirilmiştir: (1) farklı operasyonel koşullar altında aşırı yakıt
tüketimini tespit etmek ve (2) hava basıncı sistemi (APS) arızalarını erken aşamada
belirlemek. Aşırı yakıt tüketimi, operasyonel verimliliği ve düzenleyici uyumluluğu
önemli ölçüde etkilerken; APS arızaları, yüksek maliyetli arızalara ve iş duruşlarına
yol açmaktadır. Bu uygulamaların her biri, verilerin doğasındaki karmaşıklık ve
değişkenlikten dolayı özgün metodolojik yaklaşımlar gerektirmektedir.

Yakıt tüketimi anomalilerinin tespiti için, ağırlık-normalize edilmiş yakıt tüketimini
ve çok seviyeli yol eğimi segmentasyonunu dikkate alan, çeyrek temelli (quartile-
based) yenilikçi bir etiketleme yöntemi geliştirilmiştir. Torbalanmış karar ağaçları
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(bagged decision trees) kullanılarak gerçekleştirilen bu denetimli yöntem, Türkiye ve
Almanya’daki çeşitli sürüş veri setlerinde %92,2’ye varan doğruluk oranı ve 0,78 F1
skoru ile operasyonel anomalileri yüksek hassasiyetle sınıflandırmaktadır. Ayrıca
geliştirilen etkileşimli filo izleme paneli, operatörlere anormal seyahatleri görsel
olarak belirleme ve hedefli müdahaleler yapma konusunda eyleme dönüştürülebilir
içgörüler sunmaktadır. APS arıza tespiti için ise uzman analizleriyle güçlendirilmiş
döngüde insan yaklaşımına (human-in-the-loop) sahip Uzun Kısa Süreli Bellek
(LSTM) Autoencoder ile yarı denetimli öğrenme yaklaşımı incelenmiştir. Bu mod-
eller, mekanik arızalardan önce ortaya çıkan ince zamansal sapmaları, toplamda 0,75
F1 skoru ile etkili şekilde belirlemektedir. Buna ek olarak, Açıklanabilir Güçlendirme
Makinesi (EBM) modeli %91,4 doğruluk ve 0,80 F1 skoru ile öngörülebilirlik ve yo-
rumlanabilirlik arasında mükemmel bir denge kurmuş; Büyük Dil Modeli (LLM)
tabanlı bir aracı sistemle desteklenerek uzman düzeyinde tanısal mantık yürütme ve
şeffaflık sağlanmıştır.

Bu tezde, açıklanabilir yapay zekâ teknikleri ile insan uzmanlığının bütünleştirilme-
sine önem verilerek tanısal güvenilirlik ve kullanıcı güveni artırılmıştır. Oluştu-
rulan yorumlanabilir çerçeveler, net kök-neden analizini mümkün kılmakta, yanlış
alarmları azaltmakta ve çeşitli operasyonlarda pratik karar almayı iyileştirmekte-
dir. Geliştirilen yöntemler sürdürülebilir filo yönetimi için çok yönlü ve uyarlanabilir
çözümler sunarken, ileride gerçek zamanlı anomali tespiti, çoklu hata sınıflandırması
ve otomatik kapalı döngü kestirimci bakım sistemlerine entegrasyon gibi genişletme
potansiyeline sahiptir.
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1. INTRODUCTION

HDVs have evolved into rolling sensor networks, continuously streams of telemetry

data to the cloud. From powertrain signals and brake system indicators to driver

behavior and environmental context, this vast data stream promises signi�cant ad-

vances in predictive maintenance�identifying potential faults before they strand a

vehicle or escalate into costly failures. However, as driving patterns diversify, road

conditions �uctuate, and factors such as terrain, load, and driver routines vary sig-

ni�cantly, distinguishing a minor outlier from a safety-critical anomaly becomes ex-

ceptionally challenging. The consequences are signi�cant: downtime directly results

in loss of transport capacity, higher repair costs, and reduced customer satisfaction.

Conventional rule-based diagnostics struggle in this context for two main reasons.

First, the complexity of di�erent vehicles and operating conditions makes manu-

ally de�ned thresholds unreliable. Second, when an alarm is triggered, technicians

require clear explanations of the root cause; otherwise, repeated false alarms erode

trust, causing unnecessary part replacements. Modern deep-learning models address

the �rst issue by learning typical system behaviors directly from historical data.

However, addressing the second challenge necessitates human expertise and model

explainability to ensure the reliability and interpretability of diagnostic systems.

Figure 1.1 summarizes the critical three-way interdependency essential to robust

anomaly detection: validated data streams ensure trustworthiness, human expertise

provides crucial insights and accurate labeling, and intelligent models deliver preci-

sion along with explainability. Each of these elements reinforces the core anomaly

detection engine, enhancing overall reliability and interpretability. Deep neural net-

works o�er substantial predictive power by capturing complex, non-linear patterns

from vehicle data. Yet, engineering expertise remains indispensable. Designing

meaningful features from vehicle signals, validating that model outputs align with

physical reality, and identifying the root causes behind anomalies remain persistent

challenges. These di�culties arise because failures are infrequent, accurately labeled

data is scarce, and operating conditions continually evolve, forcing practitioners to

adopt unsupervised or semi-supervised learning methods. In such scenarios, adopt-
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Figure 1.1 Predictive-maintenance trilemma for HDVs.

ing a human-in-the-loop approach is essential. Domain experts iteratively re�ne fea-

ture selection, assess model explanations, annotate edge cases, and provide feedback,

enhancing model training and enabling robust and e�ective predictive maintenance.

Looking ahead, the rapid advancement of LLMs promises another signi�cant leap

in root-cause analysis. These models have the capacity to capture and utilize ex-

pert knowledge, embedding it within agentic systems that clearly articulate their

reasoning processes. Integrated with traditional deep-learning pipelines analyzing

sensor data, LLM-powered agents can interpret anomalies in plain language, sug-

gest actionable diagnostics, and continuously re�ne their analyses through engineer

feedback. This integration creates a collaborative, self-explaining diagnostic frame-

work, combining the precision of data-driven methods with transparent, expert-level

reasoning.
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1.1 Motivation

Anomaly detection in heavy-duty vehicles poses a wide range of challenges across

di�erent systems and failure types. In this thesis, we focus on two critical and data-

rich problems: excessive FC and APS failures. To tackle these tasks, we develop

tailored approaches that explore e�ective use of ML, feature engineering, and human-

in-the-loop systems�laying the groundwork for scalable and interpretable predictive

maintenance solutions.

1.1.1 Detecting Excessive Fuel Consumption Levels

Anomaly detection is crucial for monitoring HDV performance, as excessive fuel

consumption can arise from subtle mechanical faults or ine�cient driving behaviors.

Customers and �eets often complain about their vehicles' fuel consumption, yet

establishing a reference for fair comparison and detecting excessive or anomalous

usage is far from trivial. Given the increasing availability of on-road data, data-

driven methods have become the most practical approach for early detection and

timely intervention.

Figure 1.2 EU Fleet-WideCO2 Reduction Targets for HDVs.

Diesel HDVs continue to dominate long-haul freight transport due to their high en-

ergy density and durability, yet they account for approximately one-quarter of the

European Union's road-transportCO2 emissions (European Environment Agency,

2022). These emissions have increased consistently since 2014, with the exception

of a temporary dip during the 2020 pandemic (European Parliament, 2018). Conse-

quently, the EU has mandated signi�cant �eet-wideCO2 reductions: 15% by 2025,

45% by 2030, 65% by 2035, and 90% by 2040, relative to a 2019 baseline (European

Commission, 2024) (Figure 1.2). Achieving these ambitious targets demands more
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than periodic compliance testing; �eet operators require continuous monitoring to

ensure real-world fuel consumption does not quietly increase over time.

Excessive fuel consumption typically results from two main sources: behavioral in-

e�ciencies (such as aggressive acceleration, prolonged idling, and suboptimal use

of cruise control) that waste fuel even when vehicles are mechanically sound, and

technical ine�ciencies (such as injector drift, turbocharger wear, and under-in�ated

tyres) that elevate fuel consumption under normal driving conditions. Identifying

whether excessive consumption is driven by driver behavior or mechanical faults is

essential for pro�tability and regulatory compliance.

Figure 1.3 Relationship between average fuel consumption, gross combination
weight, and road slope (Mumcuoglu et al., 2023).

However, the complexity and variability of operating conditions complicate anomaly

detection. Factors such as gross vehicle weight, road gradient, vehicle speed, tyre

pressure, ambient temperature, and seasonal variations interact in complex, non-

linear ways. Figure 1.3 illustrates how the variability in average fuel consumption

increases with load and slope, making predictions increasingly uncertain. As a result,

any e�ective detection approach must be context-aware.

Due to the scarcity of reliable ground-truth labels indicating what constitutes �ex-

cessive� fuel consumption, this challenge is framed as an unsupervised anomaly-

detection problem. The goal is to establish a robust baseline model that inherently
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accounts for physical drivers such as load and slope, and subsequently �ags trips

whose fuel consumption signi�cantly deviates from expected levels. By leveraging

physics-informed features (e.g., load-normalised fuel rate) and �exible, learning-

based models capable of capturing both point-in-time and temporal consumption

patterns, this approach becomes feasible. The resulting framework enables a fair,

data-driven separation of behavioral ine�ciencies from emerging mechanical issues,

thereby guiding timely and targeted interventions.

1.1.2 Detecting Air Pressure System Failures

HDVs operate under demanding conditions, frequently leading to mechanical fail-

ures driven by inadequate maintenance planning, the inability to timely identify

anomalies, and suboptimal driving habits. Among the various mechanical systems

vulnerable to such failures, the APS stands out due to its critical role. Central to this

system is the E-APU, which is essential for maintaining proper pressure in air brakes

and suspension systems. Failures within the APS are notably signi�cant, as they

frequently cause HDVs to become stranded roadside, resulting in costly emergency

interventions and diminished customer satisfaction.

Issues within the APS, whether mechanical faults or sensor malfunctions, can result

in overloading and mechanical fatigue, ultimately causing premature E-APU fail-

ures. Detecting these faults at an early stage is essential to prevent vehicles from

becoming immobilized during operation, thus avoiding expensive roadside assistance

and minimizing downtime. Incidents that lead to such breakdowns impose consid-

erable �nancial burdens on vehicle manufacturers and disrupt operations for �eet

operators, negatively impacting overall productivity and pro�tability.

However, accurately detecting APS failures in advance is a complex challenge that

typically requires substantial domain-speci�c expertise. Traditionally, APS issues

are identi�ed manually during routine maintenance inspections or through reactive

procedures triggered by customer complaints, often due to noticeable air leaks. Fig-

ure 1.4 illustrates various examples of failed E-APU units, clearly demonstrating the

severe operational stresses HDVs endure and highlighting the complexity associated

with monitoring and maintaining these components.

Given these complexities and the signi�cant risks associated with APS failures, there

is an urgent need for intelligent vehicle systems equipped with advanced predictive

maintenance capabilities. Despite this necessity, research speci�cally addressing
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