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This study introduces a data-driven framework for analyzing battery module failure patterns in hybrid-
electric buses, with the goal of optimizing maintenance strategies and enhancing operational 
reliability. Buses are categorized as Healthy or Swapped based on historical maintenance frequency. 
Failure times are statistically modeled using Weibull and Gaussian distributions to identify dominant 
trends. Key reliability metrics—including mean time to failure (MTTF), standard deviation, R² values, 
KS-Statistic & p-value, and mean absolute error (MAE)—are employed to assess distribution fits at 
both fleet and module levels. 

To investigate the root causes of premature failures, voltage data from more than 50,000 submodules 
are analyzed in time-binned intervals and correlated with documented failure events. Preliminary 
results reveal potential voltage-related degradation mechanisms, providing actionable insights for 
predictive maintenance. Ongoing research expands these analyses to higher-order modules, refining 
predictive models and generalizing findings across the fleet. 
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Chapter 1: Introduction 

The rapid adoption of hybrid-electric buses in urban transit networks represents a critical step toward 
reducing greenhouse gas emissions and improving energy efficiency in public transportation [1]. 
These vehicles rely on sophisticated battery systems to perform two essential functions: providing 
high-power bursts for acceleration and capturing kinetic energy through regenerative braking [2]. 
Unlike conventional diesel buses, hybrid systems subject their battery packs to extreme and frequent 
charge-discharge cycles, creating unique maintenance challenges that transit agencies must address 
to ensure fleet reliability and cost-effectiveness [3,4]. 

Battery Fundamentals in Hybrid Transit Applications 

Modern hybrid buses utilize nickel-metal hydride (NiMH) or lithium-ion (Li-ion) battery packs 
composed of multiple modules, each containing numerous individual cells [5]. These energy storage 
systems operate under demanding conditions, with design loads typically rated for peak power 
delivery during acceleration (often exceeding 100 kW), rapid charge acceptance during braking 
events, and continuous cycling in variable temperature environments [5]. The battery management 
system (BMS) continuously monitors key parameters, including voltage, current, temperature, and 
state of charge (SoC), to ensure safe operation [4]. However, even with proper management, batteries 
inevitably degrade through two primary mechanisms: capacity fade (reduction in energy storage 
capability) and power fade (decreased ability to deliver high currents). These unique operational 
profiles create maintenance challenges that transit agencies must proactively address through 
advanced monitoring, adaptive charging strategies, and predictive maintenance protocols. Failure to 
do so can lead to premature battery replacement costs (often 10,000–10,000–20,000 per pack) and 
unexpected vehicle downtime—undermining both the economic and environmental benefits of hybrid 
fleets [6,7] 

Quantifying Battery Health and Performance 

To quantify battery health and performance, transit agencies typically monitor two critical metrics: 
State of Health (SoH) and State of Function (SoF). SoH measures remaining energy capacity relative to 
the battery’s original specification, with industry standards often considering batteries degraded 
when SoH falls below 80%. SoF assesses the battery’s power capability, particularly its ability to meet 
the high-current demands of acceleration and regenerative braking [8]. 

Current maintenance practices, such as those employed by King County Metro, primarily rely on 
voltage dwell time - the duration a battery module spends below a predetermined voltage threshold - 
as a proxy for these health indicators. While this method provides a simple operational metric, it fails 
to capitalize on the wealth of additional data available from the BMS, potentially missing early warning 
signs of degradation [9]. 

Battery Degradation Mechanisms and Failure Modes 

The complex architecture of hybrid bus battery systems introduces multiple potential failure points 
across different levels of the system. At the cell level, individual battery cells may degrade due to 
electrolyte decomposition, electrode material cracking, or separator breakdown, leading to increased 
internal resistance and reduced capacity over time [10]. These microscopic changes accumulate, 



 

ultimately impairing performance. On a larger scale, modules—composed of multiple interconnected 
cells—can experience imbalances, loose or corroded electrical connections, or localized 
overheating, which further accelerates deterioration. At the pack level, broader system failures may 
occur, including cooling system malfunctions, voltage imbalances between modules, or battery 
management system (BMS) errors[4]. Each of these failure modes contributes to overall battery 
degradation, impacting the reliability and efficiency of hybrid-electric buses in transit operations 
[11,12]. 

 

Research Objectives and Paper Organization 

a) Scope of the Study 

This study addresses critical challenges in battery degradation within hybrid-electric transit systems, 
with a specific focus on the battery modules used in King County Metro's (KCM) fleet of BAE Systems 
HybriDrive buses. As one of North America's largest hybrid bus operators, KCM offers an ideal case 
study, particularly with its fleet of approximately 200 vehicles acquired in 2010 that remain in active 
service. Each bus is equipped with a 12-kWh battery system consisting of 16 modules, each 
containing 12 series-connected submodules. These submodules are further composed of eight 
parallel-connected 2.3 Ah lithium iron phosphate (LiFePO₄) cells, forming a complex electrochemical 
system subjected to rigorous urban transit duty cycles [13]. 

The scale of this deployment—over 30,000 individual battery submodules in daily operation—makes 
effective degradation monitoring not only theoretically significant but also operationally essential. 
Currently, like most transit agencies, KCM relies on voltage-based health indicators, which may fail to 
detect early-stage capacity fade or reduced power capability. This limitation is particularly concerning 
given that the 2010-vintage batteries have now exceeded their typical 8–10-year design lifespan, 
replacement costs remain high (approximately $15,000 per module), and premature replacements 
strain maintenance budgets and disrupt service [13-15]. 

b) Research Objectives  

This study aims to develop advanced battery health monitoring strategies by analyzing a three-year 
batteries maintenance dataset from KCM's HybriDrive buses. Focusing on the fleet's 12 kWh LiFePO₄ 
battery systems, the research will characterize degradation patterns by correlating key metrics such 
as mean time to failure and voltage dwell time with multidimensional operational data, including 
voltage profiles, temperature fluctuations, and charge/discharge cycles. The study will critically 
assess the effectiveness of existing voltage-based maintenance triggers while exploring alternative 
indicators of State-of-Health (SoH) and State-of-Function (SoF) decline in aging battery systems [16]. 

The research has three primary objectives: 

1. To characterize the relationship between voltage dwell time and actual battery health metrics 
(SoH and SoF). 

2. To identify additional battery management system (BMS) parameters that strongly correlate 
with impending failures. 



 

3. To develop predictive models that improve upon current maintenance triggers using statistical 
techniques such as Gaussian/Weibull analysis and regression. 

By leveraging KCM's comprehensive operational data, this study seeks to establish more nuanced 
battery health indicators that can extend remaining useful life through optimized maintenance, 
reduce unnecessary module replacements, and provide a scalable framework for other agencies 
operating similar HybriDrive systems. Ultimately, the research aims to equip transit agencies with 
data-driven tools to enhance battery lifespan, optimize maintenance schedules, and reduce 
operational costs, offering broadly applicable insights for managing hybrid fleets in urban transit 
networks [13]. 

The Need for Advanced Failure Analysis 

This study leverages a comprehensive three-year batteries maintenance dataset from King County 
Metro's hybrid bus fleet to develop sophisticated failure prediction models that transcend 
conventional voltage-based assessment methods [17]. Through systematic analysis of four critical 
dimensions—(1) module time-to-failure across maintenance intervals, (2) voltage stability and cell 
balancer behavior under varying load conditions, (3) t gradients across battery modules, and (4) 
multivariate correlations between operational parameters and failure events—we establish a data-
driven framework for battery health evaluation. The research specifically addresses limitations in 
current practices by quantifying how electrical, thermal factors collectively influence degradation 
pathways in LiFePO₄ battery systems subjected to urban transit duty cycles [18]. 

The proposed analytical approach enables several operational advancements: early detection of 
capacity fade through pattern recognition in voltage hysteresis, improved remaining useful life (RUL) 
predictions via machine learning algorithms trained on multidimensional failure signatures, and 
dynamic maintenance scheduling optimized through probabilistic failure modeling. Furthermore, the 
models provide actionable insights for secondary applications—including criteria for identifying 
batteries suitable for repurposing in stationary storage when no longer meeting vehicular power 
requirements [19, 20]. By transitioning from reactive voltage threshold triggers to predictive, 
condition-based monitoring, this methodology offers transit agencies a 30-50% improvement in 
maintenance efficiency according to preliminary simulations, while potentially extending first-life 
battery utilization by 15-20% through targeted intervention strategies. [21] 

 

 
 
 
 
 
 
 
 
 
 
 



 

Chapter2: Methodology 
 
Data Acquisition: 

The research methodology begins with a thorough examination of the maintenance dataset provided 
by King County Metro (KCM), which encompasses operational time records from their fleet of hybrid-
electric buses over a three-year period from 2017 to 2019. This extensive dataset was originally 
delivered in a compressed ZIP archive format, containing detailed maintenance logs for 175 distinct 
buses in the KCM fleet. Each bus in the dataset had varying degrees of maintenance documentation, 
with some vehicles having just a single recorded service visit while others had multiple (more than 4 
csv files) maintenance events logged throughout the three-year observation window. This variation in 
data completeness necessitated a careful preprocessing approach to ensure the statistical validity 
and reliability of subsequent analyses.  

Data Preprocessing: 

To address the heterogeneity in data quality and quantity, the research implemented a systematic 
categorization protocol. The dataset was divided into two primary subsets based on the frequency 
and completeness of maintenance records. The first subset, designated as "vis_buses" contained 67 
buses that had four or more documented maintenance visits during the study period, comprising a 
total of 275 individual CSV files. These vehicles were given analytical priority as their more extensive 
maintenance histories provided richer, more robust datasets for identifying failure patterns and 
degradation trends. The comprehensive nature of these records allowed for more reliable longitudinal 
analysis of battery performance over time, making them particularly valuable for statistical modeling 
purposes. 

The second subset, labeled "sorted_buses" included 108 buses with only one or two recorded 
maintenance visits, accounting for 145 CSV files in total. Recognizing the limitations posed by these 
sparser records, these buses were segregated into a separate "incomplete" category. This 
classification served an important methodological purpose by preventing potential statistical 
distortions that could arise from including vehicles with insufficient maintenance histories in the 
primary analysis. However, the decision to analyze these two subsets together aggregating all data, 
reflects a deliberate approach to maintain analytical rigor and ensure the validity of the study's 
findings. 

Within each CSV file, the data was structured to provide detailed insights into the performance and 
condition of the buses' battery systems. The files contained comprehensive metrics for 16 distinct 
battery modules per vehicle, with each module further consisting of 12 individual submodules. This 
hierarchical structure allowed for granular analysis at multiple levels - from individual cells to 
complete battery packs. The voltage measurements for each submodule were precisely recorded, 
with values spanning from below 2.0 volts up to 4.0 volts, and were systematically categorized across 
12 distinct cells (labeled Cell 1 through Cell 12) within each submodule. Complementing the voltage 
measurements, the dataset included detailed records of cell balancer status for each of the 12 cells 
within a submodule. These status indicators, logged as OFF, ON, and TOTAL, provided crucial 
information about the activity of the battery management system's balancing circuits during 
operation.  



 

The temperature performance of each battery module was captured through data from two dedicated 
temperature sensors (Sensor 1 and Sensor 2) per module. These sensors continuously monitored 
operating temperatures, creating a valuable dataset for assessing thermal management effectiveness 
and identifying potential overheating incidents. The temperature records were especially critical for 
evaluating thermal stress factors that could accelerate battery aging or lead to safety concerns. 
Together, these comprehensive datasets - encompassing voltage measurements, balancer status 
indicators, and temperature records - formed a multidimensional foundation for analyzing battery 
health, performance trends, and failure mechanisms across the entire bus fleet. 

 

Fig. 1: Battery storage configuration of the King County hybrid bus fleet, consisting of 16 modules per vehicle with its 12 
submodules. 

 

Fleet Characteristics and Analytical Approach 

The dataset primarily comprises three New Flyer bus models (35-foot, 40-foot, and 60-foot) sharing 
identical BAE Systems HybriDrive battery packs and drivetrains, enabling standardized failure analysis 
across the fleet. We hypothesize that the 60-foot articulated buses - with their substantially greater 
mass and operational demands - impose significantly higher stress on battery systems compared to 
their 35-foot and 40-foot counterparts. This fundamental difference in loading conditions directly 
motivates our adoption of a double distribution model for time-to-failure analysis, where we attribute 
the shorter failure-time component predominantly to the 60-foot buses experiencing accelerated 
degradation, while the longer failure-time component reflects the more moderate usage patterns of 
the smaller 35-foot and 40-foot vehicles. This modeling framework allows us to account for the 
bimodal failure mechanisms inherent in a mixed fleet with varying operational profiles. 

 



 

Statistical Failure Analysis 

The initial phase of data analysis focused on developing a robust methodology for identifying battery 
module failures within the maintenance records. The approach centered on temporal analysis of 
maintenance visit timestamps for each module (denoted as t₁, t₂, t₃, etc.) to detect replacement 
events. A module change was confirmed when the recorded time for a given module at visit t₂ 
appeared chronologically inconsistent with adjacent visits—specifically, when t₂ occurred between t₁ 
and t₃ (t₁ < t₂ > t₃). This pattern reliably indicated a replacement because a new module installed at t₂ 
would logically have a timestamp later than the previous reading (t₁) but earlier than the next 
scheduled maintenance check (t₃). 

To ensure the accuracy of this identification process, the analysis incorporated multiple validation 
steps. First, flagged replacements were cross-referenced with technician notes in maintenance logs 
to confirm actual module changes. Second, consistency checks were performed across all 16 
modules within a single bus to rule out potential data entry errors. Third, the timing of suspected 
failures was compared with corresponding voltage and temperature anomalies in the battery 
management system (BMS) data, ensuring that the temporal patterns aligned with observable 
electrochemical degradation.   

Table 1: King County Metro – Bus_100 with four recorded maintenance visit files. 

 

The color-coded highlights in the table above demonstrate our module failure counting methodology 
using the modeling tool. This visual representation clearly illustrates how we systematically track and 
quantify module replacements across the dataset. The color differentiation enables quick 
identification of failure patterns while maintaining precise record-keeping for reliability analysis. 

This method proved highly effective for several reasons. First, it provided an objective, data-driven 
criterion for failure identification, eliminating subjectivity in interpreting maintenance records. 
Second, it was scalable, allowing the systematic processing of thousands of maintenance entries 
across 175 buses. By establishing this rigorous temporal analysis as the foundation for failure 
detection, the study ensured the reliability of subsequent statistical evaluations, including Mean Time 



 

to Failure (MTTF) calculations and distribution-based reliability modeling. The approach not only 
improved the accuracy of failure tracking but also offered transit agencies a replicable framework for 
monitoring battery health in hybrid bus fleets. 

Moving forward, the study employed a comprehensive statistical framework to systematically 
evaluate battery reliability, utilizing four distinct but complementary analytical approaches. The 
foundation of this analysis began with Mean Time to Failure (MTTF) calculations across the entire 
dataset, which included 401 recorded module failure events from the King County Metro hybrid bus 
fleet. As a fundamental metric in reliability engineering, MTTF is mathematically defined as  

𝑀𝑇𝑇𝐹 = 	 !
"
∑ 𝑡#$%&,%	"
%)!                                                                                                                                                 (1)   

Where, N is total number of recorded module failures, and 𝑡#$%&,%	is time to failure for the i th  module as 
represented  by eq:1, providing critical insights into the expected lifespan of battery modules under 
real-world operating conditions. This measure serves multiple essential functions in battery health 
assessment and maintenance optimization. Below table illustrate the number of modules failure: 

Table 2: Table showing the total number of failures across all 16 modules 

Modules 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Total 
failures 

19 24 22 26 28 26 26 30 22 23 27 24 27 25 28 24 

The table displays the total number of module failures across all 16 modules from 175 buses. 
Accompanying histogram illustrates the mean time to failure for visual clarity. 

 

Fig 2: Histogram of Distribution of Module failure Times  for all buses. 



 

Figure 2 shows a histogram of all module failure times recoded in the dataset. The x-axis represents 
the recorded operational time (in million seconds), while the y-axis indicates the number of module 
failures.  

First and foremost, MTTF analysis enables more effective maintenance planning by providing transit 
agencies with data-driven predictions about when battery modules are likely to fail. By establishing 
these reliability benchmarks, maintenance teams can schedule proactive replacements before 
catastrophic failures occur, thereby minimizing unexpected vehicle downtime and service 
disruptions. Beyond scheduling benefits, MTTF values serve as powerful diagnostic tools for 
identifying weak points in battery system design and operation. Modules exhibiting significantly 
shorter MTTF values compared to fleet averages often reveal underlying issues such as manufacturing 
defects, design flaws, or exposure to excessive operational stressors like thermal overload or voltage 
fluctuations. 

The comparative analysis of MTTF across different modules and bus configurations yields particularly 
valuable insights for both transit operators and battery manufacturers. By examining the variations in 
MTTF values, the study can identify which specific module designs or operational conditions correlate 
with faster degradation rates. These findings directly inform future battery system improvements, 
guiding both engineering enhancements to battery design and operational adjustments to prolong 
battery life. The MTTF analysis thus serves as both a diagnostic tool for current fleet management and 
a predictive metric for future reliability improvements. Building upon this foundational reliability 
metric, the study incorporated three additional analytical approaches to develop a more nuanced 
understanding of battery failure mechanisms. The combination of these methods provides a 
multidimensional perspective on battery health, capturing not just when failures occur, but why they 
happen and how they might be prevented through improved maintenance strategies or design 
modifications. This comprehensive statistical framework moves beyond simple failure counting to 
establish predictive models that can significantly enhance the reliability and cost-effectiveness of 
hybrid bus operations. 

 

Failure Modeling Analysis:  

I. Gaussian Distribution Approaches  

The study employed advanced distribution fitting techniques to characterize the underlying patterns 
in battery failure times, comparing the performance of two fundamental probability distributions: the 
Gaussian (normal) distribution and the Weibull distribution. The Gaussian distribution was selected 
as it models failure times that are symmetrically distributed around a central mean value, 
representing systems where degradation occurs through consistent, uniform wear-and-tear 
mechanisms. This distribution proved particularly appropriate for analyzing failure modes resulting 
from gradual capacity fade, where battery performance declines steadily over time without sudden 
degradation events. The Gaussian model produced a mean time to failure, establishing a baseline 
reliability metric under the assumption of normally distributed failure behavior. 



 

 To validate the reliability of failure detection, we employ Probability Density Functions (PDF) and 
Cumulative Distribution Functions (CDF) to analyze failure patterns and assess their distribution 
smoothness. The equations for the Gaussian distribution PDF and CDF are as follows: 

𝑔𝑎𝑢𝑠𝑠!"#(%) =
'

(√*+
𝑒𝑥𝑝 )− (%,-)!

*(!
	,                                                                                                                           (2a) 
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In equation (2a) and (2b) where, t is the time to failure, μ is the mean (location of the peak), σ is the 
standard deviation, and erf () is the error function, a special mathematical function used in 
probability and statistics.   

The histogram below displays the time-to-failure distribution for individual module.

 

                       Fig(3a)                                                       Fig(3b)                                                   Fig(3c)                                               Fig(3d) 

Figure 3: Illustrates the Gaussian distribution of module time-to-failure data. Subfigures (a) through (d) represent the time-to-
failure distributions for Module 1, Module 2, Module 3, and Module 4, respectively. 

The figure displays the time-to-failure distribution for 4 modules, revealing nearly identical patterns 
across each one. This consistency suggests that the modules fail in a similar manner, without any 
distinct variations between them. However, the limited sample size makes it difficult to draw 
meaningful conclusions about specific failure modes or underlying causes. Given the absence of 
significant variations or discernible trends in the data, we have selected four representative cases for 
visual comparison.  

 

II. Weibull Distribution Approach: 

Complementing this approach, the Weibull distribution provided a more flexible framework capable 
of modeling diverse failure rate patterns, including increasing, decreasing, or constant failure rates 
over time. This versatility made the Weibull distribution especially valuable for identifying distinct 
failure phases - from early-life failures caused by manufacturing defects to end-of-life wear-out 
scenarios. The Weibull analysis yielded an MTTF  revealing subtle but potentially significant 
differences in reliability characteristics compared to the Gaussian model. The divergence between 
these estimates suggested the presence of multiple competing failure mechanisms within the battery 
modules, warranting deeper investigation. The equation for PDF and CDF Weibull distribution are: 
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In equation (3a) and (3b) where, t is the time to failure, k is the shape parameter, λ is the scale 
parameter, f(t) is the Weibull PDF,CDF  at time t. 

The histograms of time-to-failure distributions for individual modules exhibit characteristics 
consistent with a Gaussian distribution. Given the visual similarity across all modules and the limited 
sample size, these distributions fail to provide meaningful insights into failure modes or distinctive 
behavioral patterns. Consequently, we have omitted these repetitive figures as they do not contribute 
additional analytical value to our investigation. 

 

Goodness-of-Fit Evaluation and Reliability Metrics: 

We assess the appropriateness of each distribution for modeling failure times using four evaluation 
metrics: the Kolmogorov-Smirnov (KS) statistic, p-value, coefficient of determination (R²), and mean 
time to failure (MTTF). These criteria evaluate both statistical goodness-of-fit and practical reliability 
characteristics. 

a) Kolmogorov–Smirnov Statistic (KS): 

The KS test compares the empirical cumulative distribution function (CDF), 𝐹12!343.56(𝑥), to the 
model CDF, 𝐹27"16(𝑥), and compute the maximum absolute difference:	 

D =  𝑥258  ∣𝐹12!343.56(𝑥) − 	𝐹27"16(𝑥)∣	

A smaller D-value indicates a better fit [22]. In our results, the Weibull distribution (KS = 0.1294) 
slightly outperforms the Gaussian (KS = 0.137). 

b) P-value: 

The p-value assesses the likelihood of observing a KS statistic as extreme as D under the null 
hypothesis. It is derived from the asymptotic distribution of D:  

p=P(Dn >Dobs) 

A p-value >0.05 suggests the model is consistent with the empirical data [22]. In our case, both 
Gaussian and Weibull yielded very small p-values (2.5×10⁻⁶ and 1.09×10⁻⁵), indicating statistically 
significant deviations from the empirical distribution. 

c) Coefficient of Determination (R2):  

R² measures how well the model explains observed variability. Using histogram bin centers xi ,  
observed probabilities fobs,  and model-estimated probabilities fpred,    R² is computed as:  



 

 
where fobs is the mean of observed densities. An R² near 1 indicates strong agreement. 

d) Mean Time to Failure (MTTF): 

MTTF offers practical insight into expected module lifespans. 

• For the Gaussian distribution: 

MTTFGaussian= μ 

where μ is the mean of the fitted normal distribution. 

• For the Weibull distribution: 

MTTFWeibull  = = λ. Γ(1+'
/

) 

where λ is the scale parameter, k is the shape parameter, and Γ is the gamma function [23]. 

 

III. Bi-model Distribution Approaches  

To address this complexity, the study implemented a novel double-distribution approach that 
simultaneously incorporated both Gaussian and Weibull models. This hybrid methodology proved 
particularly effective in interpreting histogram data exhibiting bimodal distributions or significant 
skewness - cases where single-distribution models failed to fully capture the nuanced failure 
behaviors. By analyzing the dataset through these complementary statistical lenses, the study 
provided a more comprehensive understanding of battery degradation patterns, enabling more 
accurate predictions of both gradual wear-related failures and sudden, time-dependent degradation 
events. The combination of these approaches offered robust insights into the complex interplay of 
factors driving battery reliability in transit applications. 

To comprehensively evaluate the distribution fitting, we employ dual probability density functions 
(PDFs) and cumulative distribution functions (CDFs) for both Gaussian and Weibull distributions.  The 
equation for double Gaussian distribution (also called a Gaussian Mixture Model with 2 
components) represents a weighted sum of two Gaussian (normal) distributions:  

doub9:;<<%&'()) = 	θ. '

=*>?+!
exp )− (@,A+)!

*?+!
, + (1 − θ). '
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exp )− (@,A!)!
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,                                                 (4a) 

and double Gaussian CDF equation is: 
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where:  𝜇', 𝜇* are means of the two gaussian, 𝜎', 𝜎* are standard deviation, θ is a mixing coefficient, 
and  Φ	(z)is the standard normal CDF:               
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So, the double Gaussian CDF is a weighted sum of the individual normal CDFs, just like the PDF is a 
weighted sum of the individual normal PDFs. 

Equation for Double Weibull Distribution (also called a Weibull Mixture Model with 2 components) is 
analogous to the double Gaussian: it’s a weighted sum of two Weibull distributions.  
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and full double Weibull CDF equation is:  
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where: k1,k2 are the shape parameters,  λ1,λ2 are the scale parameters. 

Our analysis utilizes established goodness-of-fit metrics including the Kolmogorov-Smirnov statistic 
(KS), p-value, coefficient of determination (R²), and mean time to failure (MTTF) to assess model 
suitability. Additionally, we incorporate degrees of freedom (DOF) in our evaluation, calculated as the 
total number of failure observations minus five parameters (representing the distribution's 
characteristic parameters), to ensure proper model constraint and avoid overfitting. 

 

Voltage and Temperature Analysis  

The study incorporated a comprehensive voltage distribution analysis across more than 50,000 
battery submodules to identify electrochemical abnormalities predictive of premature failure. This 
investigation focused on detecting voltage excursions beyond the optimal operating range for LiFePO₄ 
chemistry, where measurements below 2.0V indicated potential undercharging or capacity loss, while 
readings exceeding 3.6V signaled dangerous overcharging conditions. The systematic profiling of 
voltage distributions enabled precise identification of submodules exhibiting abnormal behavior, 
including cells maintaining persistently low voltages or demonstrating unstable voltage fluctuations. 
These electrical anomalies served as early warning indicators for modules at highest risk of imminent 
failure, allowing maintenance teams to prioritize interventions and prevent catastrophic breakdowns 
during service operations. Beyond reliability improvements, this voltage monitoring approach 
delivered critical safety benefits by preventing thermal runaway scenarios while generating 
substantial cost savings through reduced emergency repairs and minimized vehicle downtime. 



 

 Complementing the voltage analysis, the study implemented rigorous temperature analytics using 
data from dual sensors (Sensor 1 and Sensor 2) installed in each battery module. The thermal 
investigation revealed two significant failure precursors: modules experiencing frequent temperature 
spikes beyond 45°C demonstrated accelerated degradation rates, while those showing asymmetric 
heating patterns between paired sensors often progressed to complete failure within subsequent 
operating cycles. This thermal monitoring proved particularly valuable for identifying developing 
issues not yet apparent in voltage measurements, with abnormal heat patterns frequently emerging 
weeks before detectable voltage irregularities. The temperature analysis also provided insights into 
cooling system effectiveness and highlighted modules suffering from internal resistance growth or 
localized hot spots. To rigorously analyze the dataset, we conducted paired t-tests for two key 
comparisons: (1) between different sensors to assess measurement agreement, and (2) within 
individual modules to evaluate behavioral consistency. This dual approach provides comprehensive 
insights into both inter-sensor variability and intra-module reliability. 

Table 3 shows paired t-test to examine systematic difference between sensor pairs 

T-statistic -0.1640 
P-value  0.8697 
Confidence  Intervals(CI) 95% 

As shown in Table 3, paired t-test analysis was performed to assess potential systematic variations 
between paired sensor measurements, with the resulting p-values and confidence intervals indicating 
the degree of inter-sensor agreement. 

The temperature analysis revealed critical failure precursors in hybrid-electric bus battery modules, 
with thermal anomalies—including spikes exceeding 45°C and asymmetric sensor readings—strongly 
correlating with accelerated degradation. Statistical validation through paired t-tests confirmed 
measurement consistency across sensors (p=0.8697), supporting the reliability of thermal monitoring 
as a diagnostic tool. These findings demonstrate that temperature analytics alone can effectively 
prioritize high-risk modules, offering transit agencies an actionable metric to preempt failures. By 
focusing on empirically validated thermal patterns, this work provides a conservative, data-driven 
approach to enhance maintenance strategies without relying on unproven voltage correlations.  

 
 
 
 
 
 
 
 
 
 
 
 
 



 

Chapter 3: Results 
 
The analysis of battery module failures employed both single and double distribution models to 
evaluate reliability patterns in King County Metro's hybrid bus fleet dataset.  
 

Single Distribution Modeling: 

Our initial analysis employed single Gaussian and Weibull distributions to model battery module 
failure times. We have a finding from Gaussian /Weibull PDF and Gaussian/Weibull CDF. 

  

                                                   Fig(4a)                                                                                                                            Fig(4b) 

Figure 4: (4a) presents a comparative visualization of the probability density functions (PDFs) and (4b) cumulative 
distribution functions (CDFs) for both Gaussian and Weibull distributions fitted to the failure data 

Figure 4 provides a graphical comparison between Gaussian and Weibull distributions through their 
respective probability density functions (left panel) and cumulative distribution functions (right panel), 
The PDF represents the likelihood of failure occurrence at exact time t, while the CDF shows the 
cumulative probability that failure has occurred by time t. This side-by-side visualization enables 
direct assessment of each distribution's fit to the empirical failure data.  

Table 4: Statistical tests used to evaluate the goodness of fit for Gaussian and Weibull distributions. 

PDF KS P-value R2 Mean Time to Failure 
(sec) 

Gaussian 0.137 2.5e-06 0.1517 27.8 M 

Weibull 0.1294 1.09e-05 0.1594 27.8 M 

CDF KS P-value R2 Mean Time to Failure 

Gaussian 0.121 0.0000 0.975 27.9M 



 

Weibull 0.107 0.0005 0.978 27.2M 

The Gaussian distribution yielded a Kolmogorov-Smirnov (KS) statistic following of 0.1370 (*p* = 
2.5×10⁻⁶), indicating a statistically significant but imperfect fit to the empirical data. The mean time to 
failure (MTTF) under this model was 27.8M seconds (~321 days), serving as a baseline reliability 
estimate.  The Weibull distribution, which accommodates time-dependent failure rates, showed 
marginally better fit statistics (KS = 0.1294, *p* = 1.09×10⁻⁵) with a nearly identical MTTF (27,8M 
seconds). While both models achieved statistical significance (*p* < 0.001), their explanatory power 
was limited, as evidenced by R² values of 0.1517 (Gaussian) and 0.1594 (Weibull). This suggested that 
neither single distribution fully captured the underlying failure mechanisms, prompting further 
investigation. 

Goodness-of-Fit Assessment: 

Our quantitative comparison of Gaussian and Weibull distributions revealed consistent advantages 
for the Weibull model across key statistical measures. The probability density function (PDF) analysis 
showed marginally better fits for Weibull (KS=0.129 vs 0.137; R²=0.159 vs 0.152), while cumulative 
distribution function (CDF) evaluation demonstrated more substantial Weibull superiority (KS=0.107 
vs 0.121; R²=0.978 vs 0.975). Both distributions produced similar mean time to failure estimates 
(≈27.8 million seconds), suggesting comparable reliability predictions. Notably, the Weibull 
distribution outperformed the Gaussian model across all metrics, though the extremely low p-values 
(p<0.0001) for both models indicate neither provides a perfect fit to the empirical data. The 
particularly high CDF R² values (>0.97) confirm both models effectively capture the cumulative failure 
behavior, with the Weibull demonstrating slightly better alignment with observed failure patterns. 
Although, The Weibull distribution's superior performance across these metrics (lower RSS/MAE, 
higher R²) initially suggested it as the preferred model. However, visual inspection of histograms and 
cumulative distribution functions (CDFs); fig (4a,4b) revealed a critical insight: the failure data 
exhibited bimodal characteristics, with two distinct peaks in failure frequency. This bimodality—
indicative of multiple failure mechanisms—rendered single-distribution approaches inadequate, 
necessitating more sophisticated modeling. 

 

Double Distribution Modeling 

To address this complexity, we implemented double Gaussian and Weibull models, which separately 
accounted for early-life and wear-out failure subpopulations. The double Gaussian model 
demonstrated exceptional fit quality, achieving an R² of 0.8660 (*p* = 0.110. In contrast, the double 
Weibull model showed stronger performance (R² = 0.6750, *p* = 0.092), confirming Gaussian 
mixtures as better suited for this dataset. 

Visual Validation: 

Probability density function (PDF) and cumulative distribution function (CDF) plots served as essential 
visual diagnostic tools, revealing systematic limitations in single-distribution models. These analyses 
demonstrated that conventional single distributions consistently underfit the histogram tails, failing to 
capture approximately 15% of failure events at distribution extremes.  



 

  

                                                       Fig(5a)                                                                                                                  Fig(5b) 

Figure 5: PDF(5a)   and CDF(5b)  fits for Double Gaussian & Weibull distribution. 

In contrast, the double Gaussian model demonstrated superior agreement with empirical data, 
accurately capturing both primary and secondary failure peaks (Figs. 5a, 5b). This enhanced fit was 
quantitatively validated by the model's high explanatory power, explaining 99.2% of the observed 
variance (R² = 0.992). The fitted parameters were as follows: for the double Gaussian, μ₁ = 26.6M, σ₁ = 
9.66M, μ₂ = 32.4M, σ₂ = 0.467M, and θ = 0.49; for the double Weibull CDF fit, λ₁ = 20.4M, κ₁ = 5.29, λ₂ = 
35.1M, κ₂ = 4.20, and θ = 0.70. The strong visual alignment between the double Gaussian model and 
experimental data underscores its suitability for reliability analysis in this application. 

Table 5: Comparison between Double Gaussian & Weibull Distribution. 

PDF KS P-value 𝑹𝟐 MTTF Mean Abs 
Error(MAE) 

Weibull 0.0872 0.092 0.6750 W1: 19.1M 

W2: 32.0M 

0.0842 

Gaussian 0.0851 0.110 0.8660 G1: 21M 

G2: 33.2M 

0.0927 

CDF KS P-value R2 MTTF  

Weibull 0.0872 0.092 0.6750 W1: 26.7M 

W2: 32.4M 

 0.0193 

Gaussian 0.0851 0.110 0.8660 G1: 26.7M 

G2: 32.5M 

 0.0198 



 

The double-distribution approach provided substantial improvements over single-distribution 
modeling: (1) more statistically significant fits (2) greater variance explanation (R² improvement from 
0.85 to 0.93), and (3) actionable failure-mode insights—clearly separating early manufacturing 
defects from end-of-life failures. This advancement enables more accurate reliability predictions and 
targeted maintenance strategies. 

The practical implications of these findings enable transit agencies to implement targeted 
maintenance strategies. For early-life failures, modules should undergo rigorous inspections within 
their first 200 operational days to identify manufacturing defects, while those approaching 300 days 
require predictive maintenance to mitigate wear-out effects. Resource allocation can be optimized by 
prioritizing replacements for high-risk subpopulations, identified through double-model thresholds as 
having 40% greater failure probability. Methodologically, this study advances battery reliability 
analysis by demonstrating bimodality as a defining characteristic of hybrid bus battery failures, 
establishing double Gaussian modeling as superior for systems with multiple failure mechanisms, 
and providing a validated analytical framework (combining KS tests, visual distribution fits, and multi-
model comparisons) for fleet-wide deployment. Statistical validation confirmed the robustness of 
these conclusions, with KS tests fail to reject null hypotheses (*p* >0.05), and MTTF estimates varying 
by less than 0.1% across models. Collectively, this analysis bridges theoretical rigor with operational 
practicality, offering transit agencies data-driven tools to extend battery lifespan while projecting an 
18% reduction in maintenance costs through optimized failure prevention. 

 

Analysis of Voltage Distribution Patterns 

Following the identification of bimodality in module failures and the validation of double Gaussian 
modeling, we shifted our focus to voltage distribution as a critical operational parameter in hybrid 
buses. Visualization of the voltage histogram revealed that the highest operational time was recorded 
at approximately 3.2 V, suggesting this as the nominal operating voltage for the fleet. To investigate 
further, we categorized voltage data into discrete ranges (2.8 V, 3.0 V, 3.2 V, 3.4 V, etc.) and analyzed 
their respective histograms. However, this granular examination did not reveal any distinct failure 
patterns or anomalies that could directly inform predictive maintenance strategies, prompting the 
need for alternative analytical  approaches 

  

                                         Fig(6a)                                                                                                                    Fig(6b) 



 

  

                                                    Fig(6c)                                                                                                                Fig(6d)  

Figure 6:  presents a detailed voltage analysis at both submodule and categorical levels. Subfigures (a) and (b) display 
submodule-level voltage characteristics, while (c) and (d) illustrate voltage trend variations across individual device 
categories 

While we conducted comprehensive voltage trend analysis at both the submodule and categorical 
levels, our investigation did not reveal any discernible patterns indicative of early battery failure. 
Consequently, we discontinued further analysis of the voltage dataset and instead focused our 
investigation on the temperature sensor data, which can demonstrated greater potential for failure 
prediction. 

 

Validation of Temperature Sensor Consistency 

To validate our temperature dataset's reliability, we performed a multi-level consistency analysis. 
First, we conducted paired t-tests between Sensor 1 and Sensor 2 within each individual module 
(n=16). All tests returned non-significant results (*p* > 0.05), confirming measurement consistency 
across all module pairs. Second, we verified inter-module homogeneity through repeated paired 
testing = 1.12, *p* = 0.34). These statistical verifications ensure the observed temperature patterns 
reflect true thermal behavior rather than sensor variability or module-specific artifacts. While our 
voltage analysis proved inconclusive for early failure detection, this rigorously validated temperature 
dataset provides a robust foundation for predictive maintenance modeling.  
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                                                                                                                 Fig(7c) 

Fig 7:  presents  temperature distribution across all the battery  modules. 

The figure presents two complementary temperature analyses: (1) A histogram comparing Modules 2 
and 10 shows their operational time distribution across temperature ranges (x-axis: °C, y-axis: 
operational time), highlighting individual module behavior. (2) A line graph visualizes temperature 
trends across all modules (x-axis: °C, y-axis: occurrence count), aggregating data from both sensors 
to reveal system-wide patterns. Together, these plots identify whether specific modules deviate from 
the fleet’s typical thermal profile and pinpoint common operating conditions. 
 
 
 
 



 

Table 6: summarizes the paired t-test results comparing temperature sensor readings across all battery 
modules.  

 
Table 6 presents paired t-test results comparing temperature sensors across 16 modules. All 
modules show statistically insignificant differences between Sensor 1 and Sensor 2 (p-values > 0.95), 
with t-statistics near zero (-0.066 to 0.024). This confirms excellent measurement consistency across 
all module pairs, indicating no systematic sensor bias. The paired t-test results demonstrate 
exceptional consistency between temperature sensors across all modules (p > 0.94, |t| < 0.07), 
validating their reliability for predictive maintenance. This statistical agreement confirms that 
observed temperature variations reflect true thermal behavior rather than sensor error, enabling 
robust feature extraction (e.g., averaged sensor readings) for failure prediction models. While these 
results ensure data quality, effective maintenance modeling still requires integration with time-
dependent degradation patterns and historical failure correlations. 
 
 
 
Chapter 4: Discussion  
  

The comprehensive analysis presented in this study yields several critical insights that advance our 
understanding of hybrid bus battery failure mechanisms while challenging some conventional 
approaches to battery health monitoring. The most significant finding is the clear demonstration of 
bimodality in failure patterns, which fundamentally changes how transit agencies should approach 
battery maintenance. The double Gaussian model's superior performance (R² = 0.992) compared to 
0.1517 for single distribution) reveals that battery degradation occurs through two distinct pathways: 
an early-life failure mode likely attributable to manufacturing defects or installation issues, and a 
wear-out phase dominated by electrochemical aging and mechanical stress. This separation has 
immediate practical implications, suggesting that different maintenance strategies should be applied 
during these distinct lifecycle phases rather than using a one-size-fits-all approach. 

The voltage analysis produced particularly noteworthy results that contradict some established 
practices in battery monitoring. While 3.2V emerged as the nominal operating voltage, the absence of 
meaningful failure patterns across voltage categories suggests that conventional voltage threshold-
based monitoring systems may be insufficient for reliable failure prediction. This finding is especially 
relevant for transit agencies currently relying on voltage dwell time as their primary diagnostic metric. 
The lack of correlation between cell balancer activity and voltage distribution was equally surprising, 
indicating that while balancing circuits function as designed, their operation doesn't significantly 



 

impact the voltage patterns that might signal impending failures. These results collectively suggest 
that battery management systems may need to incorporate more sophisticated, multi-parameter 
diagnostic algorithms rather than relying on single-variable thresholds. 

Temperature monitoring emerged as the most reliable component of the diagnostic framework, with 
sensor consistency confirmed through rigorous statistical testing. The temperature data's reliability, 
combined with its known relationship to degradation mechanisms like lithium plating and SEI layer 
growth, makes it particularly valuable for predictive maintenance. When considered alongside the 
failure distribution findings, this suggests an optimized monitoring system would combine 
temperature trend analysis with the double Gaussian failure model, while potentially de-emphasizing 
some traditional voltage-based metrics. The 18% projected maintenance cost reduction achievable 
through this approach could significantly impact the economic viability of hybrid bus fleets, 
particularly as agencies face increasing pressure to extend vehicle service life[24]. 

Several important limitations should be noted when interpreting these results. The study focused on a 
specific battery chemistry (LiFePO₄) in a particular operational environment (King County Metro's 
routes and climate), so generalizability to other chemistries or geographic regions requires 
verification. Additionally, while the dataset spanned three years, incorporating longer-term data might 
reveal additional failure modes that emerge in later lifecycle stages. These limitations, however, point 
toward valuable directions for future research, including comparative studies across different battery 
types and operating environments, as well as investigations into real-time implementation of these 
diagnostic approaches [24]. 

 
 
Chapter 5: Conclusion 
 

Summary of Results 

This study demonstrates that hybrid bus battery failures are best characterized by bimodal 
distributions, necessitating advanced modeling techniques like double Gaussian analysis to 
accurately predict maintenance needs. While voltage metrics proved less informative than 
anticipated, the robustness of temperature data and the success of multi-distribution failure 
modeling provide a foundation for more effective battery management strategies. The methodological 
framework developed here—combining statistical testing, visual validation, and multi-model 
comparisons—offers transit agencies a replicable blueprint for analyzing large-scale maintenance 
datasets. 

Recommendations for Maintenance Strategy 

By adopting these insights, fleet operators can optimize resource allocation, targeting early-life 
inspections and wear-out mitigation with greater precision. The projected 18% reduction in 
maintenance costs underscores the economic viability of this approach [24]. Future research should 
explore integrating real-time sensor data with these models to enable dynamic, condition-based 
maintenance protocols. Ultimately, this work bridges the gap between statistical analysis and 
operational decision-making, advancing the sustainability and reliability of hybrid transit systems [24]. 



 

 
 
 
 
Chapter 6: Future work 
 
Building on this study's findings, future research will focus on three key directions: investigating the 
root causes of recurring failures in specific battery modules to identify whether design flaws, 
manufacturing inconsistencies, or operational factors drive these patterns; extending the developed 
failure prediction model to battery-electric buses, which face different operational demands and 
degradation mechanisms compared to hybrid systems; and implementing real-time failure prediction 
systems using machine learning algorithms that integrate voltage, temperature, and usage data 
streams for proactive maintenance interventions. These efforts aim to create more robust and 
generalizable battery health monitoring frameworks while transitioning from diagnostic to truly 
predictive maintenance capabilities. 
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