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Abstract: Keywords
Early-life failures significantly affect wind turbine availability and early-life failure;
lifecycle costs. This study analyzes commissioning and operational Weibull analysis;
fault records from 1,180 wind turbines to identify dominant early commissioning
failure patterns. Weibull modeling and survival analysis were applied — quality; reliability
to failures occurring within the first 12 months of operation. Results modeling; wind
indicate that approximately 35% of early failures are associated with turbines

installation and commissioning-related deficiencies, particularly in
electrical interfaces and drivetrain assemblies. The findings highlight
the importance of enhanced quality assurance mechanisms during the
installation and early operation phases.

INTRODUCTION

Early-life failures remain a persistent challenge to wind farm availability because they occur
during the initial phase of turbine operation, when stable power production is expected but
corrective actions often involve high logistical costs, warranty disputes, and delayed revenue
recovery. Unlike failures that appear during mid-life operation, early failures are more closely
associated with installation quality, commissioning completeness, acceptance inspection, and early
maintenance decisions [1]. Recent work on inspection-driven quality assurance has also shown
that structured first-article inspection during wind turbine installation and early operation can
improve defect identification, reduce repeated quality deviations, and support reliability
improvement across subsequent turbines in the same project [2]. In practice, early failures may
trigger repeated shutdowns and restarts, which can introduce secondary damage, increase
component stress, and extend total downtime beyond the direct repair period. These characteristics
indicate that early-life reliability should not be evaluated only through simple failure counts.
Instead, quantitative models are needed to describe time-to-failure behavior and to link early
operational disruptions with upstream quality factors introduced during installation and
commissioning [3,4].
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Substantial progress has also been made in data-driven condition monitoring and early fault
detection for wind turbines. SCADA-based anomaly detection, virtual sensing, and multivariate
time-series analysis have been widely used to identify early signs of component degradation and
reduce false alarms under variable operating conditions. These methods have improved the
sensitivity of fault warning systems and provided practical support for operation and maintenance
decisions [5,6]. At the same time, the availability of public datasets and open benchmarks has
gradually improved, allowing researchers to compare detection models under more consistent data
conditions [7]. However, standardized fault descriptions, commissioning records, acceptance
check results, and detailed maintenance logs are still difficult to obtain, which limits
reproducibility and weakens the connection between monitoring results and installation-stage
quality control [8,9]. At the component level, Weibull-based models, failure intensity
formulations, and Bayesian reliability methods have been applied to bearings, converters,
drivetrain subsystems, and other repairable components [10,11]. These studies demonstrate the
value of operational data for reliability assessment, but they also show that reliability estimates
may be incomplete if upstream installation and commissioning factors are not considered [12]. A
key limitation in the current literature is that the mechanism behind the clustering of failures during
the first year of operation remains insufficiently quantified [13,14]. Many existing studies rely on
relatively small turbine samples or short observation periods, making it difficult to separate true
early-life failure behavior from reporting bias, project-specific maintenance practices, or local
environmental effects [15,16]. A large portion of condition-monitoring research focuses on
detection accuracy, false alarm reduction, or warning lead time, but provides limited linkage to
commissioning records that document installation defects, acceptance inspection results, and early
corrective actions [17]. Early-life failures also involve diverse failure modes, particularly in
electrical interfaces, sensors, connectors, control units, and drivetrain assemblies. When these
events are treated as homogeneous failures or grouped into broad categories, failure mechanisms
that are important for quality improvement may be obscured [18,19]. In addition, Weibull
modeling is commonly used to describe early failure behavior, but Weibull summaries alone may
not fully capture covariate effects, censoring structures, and project-level heterogeneity unless they
are combined with survival analysis methods suitable for field reliability data [20,21]. These
limitations are particularly important for wind farm quality management because early-life failures
are not only technical events after grid connection. They often reflect the combined effect of
manufacturing variation, transport damage, installation deviation, incomplete commissioning, and
insufficient early maintenance response. For large wind farms, defects repeated across multiple
turbines can lead to clustered failures, repeated crane mobilization, spare-part shortages, and
prolonged availability loss. Therefore, early-life reliability assessment should move beyond
component-level fault prediction and provide field-scale evidence that can help operators identify
which commissioning deficiencies are most strongly associated with early failures. Such evidence
1s necessary for improving acceptance inspection, prioritizing early monitoring resources, and
reducing repeated defects during the transition from construction to stable operation. Against this
background, the present study examines commissioning and operational fault records from 1,180
wind turbines, with a specific focus on failures occurring within the first 12 months of operation.
Weibull modeling is used to describe early-life failure behavior at the population level, while
survival analysis is applied to evaluate time-to-failure patterns under censored observations.
Beyond estimating overall early-life failure rates, this study links failure occurrence with
commissioning-related deficiencies and identifies dominant early failure patterns. Particular
attention is given to electrical interfaces and drivetrain assemblies because these systems
frequently appear in early operational disruptions and are closely related to installation quality,
connection reliability, and early maintenance response. The purpose of this study is to provide
field-scale quantitative evidence for improving quality assurance during installation and
commissioning. Its practical significance lies in supporting more targeted acceptance inspection,
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earlier identification of repeated defects, and more effective monitoring strategies during the early
operational phase.

2.Materials and Methods

2.1 Sample and Study Area Description

This study uses commissioning and operational data from 1,180 utility-scale onshore wind turbines
installed at several wind farms located in regions with similar wind conditions and grid access.
The turbines were commissioned between 2018 and 2022 and had rated capacities ranging from
1.8 to 3.3 MW. All turbines operated under manufacturer-defined control settings during the early
operational stage. Only turbines with complete commissioning records and fault documentation
covering the first 12 months of operation were included. Turbines that underwent major
component replacement or structural modification before grid connection were excluded so that
the observed failures reflect early operational behavior rather than post-commissioning
interventions.

2.2 Study Design and Group Definition

A retrospective cohort approach was used to examine early-life failure behavior and its relation to
commissioning quality. Turbines were classified according to whether a failure occurred within
the first 12 months after grid connection. For further analysis, failures were categorized as
commissioning-related or non-commissioning-related based on maintenance descriptions and
service records. Commissioning-related failures included events linked to installation errors,
incorrect adjustment, or incomplete acceptance procedures. The comparison group consisted of
failures associated with external events or normal operational degradation. This classification
follows standard industry practice and enables evaluation of the contribution of commissioning
deficiencies to early failure occurrence.

2.3 Failure Identification and Quality Control

Failure events were identified using maintenance logs, fault codes, and service reports recorded in
the wind farm management system. Each event was reviewed to confirm the affected subsystem,
repair action, and time of occurrence. Electrical interfaces, sensors, converters, and drivetrain
assemblies were treated as separate failure categories. Quality control steps included cross-
checking fault codes against written reports, removing duplicate records, and excluding non-failure
activities such as scheduled inspections or software updates. Only events requiring corrective
maintenance were retained to maintain consistency across turbine models and sites.

2.4 Data Processing and Reliability Modeling

Failure time was defined as the interval between the grid connection date and the first recorded
failure within the 12-month observation window. Early-life failure behavior was first described
using a two-parameter Weibull distribution,

F(t)=1-exp I— (%)Bl ,

where F(t) denotes cumulative failure probability, B is the shape parameter, and n is the scale
parameter. To account for censored data and to compare failure risk across categories, a survival
model was applied,

h(t)=hy(t) exp (Xy),
where h(t)is the hazard function, hy(t) represents the baseline hazard, and X includes
commissioning-related indicators. Model parameters were estimated using maximum likelihood,
and proportional hazard assumptions were checked using residual diagnostics.
2.5 Observation Window and Endpoint Definition
For each turbine, the observation period began at grid connection and ended at the first recorded
failure or after 12 months of operation, whichever occurred first. Turbines without recorded
failures during this period were treated as right-censored observations. An early-life failure was
defined as any unscheduled event requiring corrective maintenance within the observation
window. This endpoint definition is consistent with common reliability analysis practice and
supports comparison of early failure behavior across large turbine populations.

pg. 55




3.Results and Discussion

3.1 Fleet-wide characteristics of early-life failures

Analysis of the 1,180 turbines shows that early-life failures were unevenly distributed among
subsystems. Electrical interfaces and control-related components accounted for the largest number
of recorded events, while drivetrain-related failures occurred less frequently but were associated
with longer repair times and greater operational impact. This contrast reflects a common fleet-
level pattern in which electrical faults are frequent but short in duration, whereas drivetrain faults
are less frequent but more disruptive. Similar subsystem-level distributions have been reported in
recent fleet reliability studies, where drivetrain and gearbox failures contribute a disproportionate
share of downtime despite lower occurrence rates [22,23]. Fig. 1 provides a reference example of
this imbalance between failure frequency and downtime contribution, which helps place the
present first-year observations in a broader operational context.
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Fig.1.Distribution of failure frequency and associated downtime among major wind turbine subsystems in the
early operational stage.
3.2 Weibull and survival analysis of early-life failure behavior
Weibull modeling of failures occurring within the first 12 months indicates a clear early-life failure
phase rather than a constant random-failure regime. The estimated shape behavior corresponds to
a higher hazard level shortly after commissioning, followed by a gradual reduction as operation
stabilizes. Survival analysis further distinguishes turbines with commissioning-related issues from
those without such records. The resulting survival curves do not converge rapidly, indicating that
part of the early failure risk is established at handover rather than generated solely by later
operating conditions. These results support a reliability interpretation in which early-life failures
arise from latent weaknesses introduced during installation and commissioning and then revealed
under normal loading, thermal cycling, and start—stop operation [24,25].
3.3 Contribution of commissioning and installation deficiencies
Approximately 35% of early-life failures were linked to installation and commissioning
deficiencies. Electrical interfaces and drivetrain assemblies appeared most often in this group. For
electrical systems, common mechanisms include connector seating quality, grounding practice,
cabinet workmanship, and strain relief for sensor wiring. These issues may pass basic functional
checks but fail under vibration and temperature variation. For drivetrain assemblies, the records
are consistent with sensitivity to assembly quality, including fastening practice, tolerance control,
lubrication handling, and alignment-related stress. Such conditions can accelerate wear or trigger
protective shutdowns early in operation. Previous studies have noted similar challenges in
quantifying early-life mechanisms because commissioning data and maintenance records are often
incomplete or inconsistent [26,27]. By directly linking commissioning records with first-year
failure timing, the present analysis provides clearer fleet-scale evidence of these mechanisms.
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3.4 Comparison with existing studies and implications for quality assurance

Much of the recent literature on wind turbine reliability emphasizes fault detection and
classification using SCADA and condition-monitoring data. These approaches improve detection
speed but address failures after underlying weaknesses are already present. In contrast, the results
presented here highlight the preventive value of commissioning-stage quality control. Fig. 2
illustrates a typical data-driven fault detection workflow used in current practice, which operates
downstream of installation activities. The comparison suggests that improved commissioning
quality assurance can reduce the number of early alarms, service interventions, and availability
losses before advanced monitoring methods are required. From an operational standpoint, the
findings support stricter acceptance checks for high-risk electrical interfaces and drivetrain-related
work, as well as improved digital traceability linking commissioning actions to early operational
outcomes [28,29]. Such measures can help convert early-life reliability from a reactive
maintenance issue into a controllable installation-quality target.
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Fig.2.Standard data-driven process used for fault detection based on wind turbine
operational signals.

4.Conclusion
This work reports a field-based analysis of early-life failures in wind turbines and shows that a
significant portion of first-year reliability risk is linked to installation and commissioning quality.
Using fault records from 1,180 turbines, Weibull modeling and survival analysis were applied to
characterize early failure behavior. The results indicate that early-life failures are not random but
are associated with latent conditions introduced during installation, especially in electrical
interfaces and drivetrain assemblies. The main contribution of this study is the use of time-to-
failure methods to quantify early-life reliability and to connect failure occurrence directly with
commissioning-related deficiencies, extending previous studies that have mainly emphasized
operational fault detection. From an engineering perspective, the findings suggest that improved
quality assurance, clearer acceptance checks, and better documentation during installation and
commissioning can reduce early downtime and maintenance cost more effectively than relying on
monitoring systems alone. The study is limited by the length of the observation period and by
variation in the detail of fault descriptions across sites. Further research should include longer
follow-up, more detailed commissioning records, and operational load information to support
refinement of reliability-oriented commissioning practices.
References
Barbosa, I. A. (2025). Root Cause Analysis of Automotive System Failures: A Predictive
Maintenance Approach (Master's thesis, Universidade do Porto (Portugal)).

pg. 57




Zhang, Y., Gu, W., & Wang, J. (2025). Research on First Article Inspection (FAI)-Driven Quality
Assurance Methods for Wind Turbine Installation and Operation & Maintenance and Their
Effect on Reliability Improvement. Available at SSRN 6094206.

Susanin, V., & Kabashkin, I. (2025). W-Model Framework for Reliability-Centered Lifecycle
Modification of Aircraft Components. Inventions, 10(4), 68.

Liu, S., Liu, X., & Feng, H. (2025, November). Research on AI-Driven Visual Design and
Immersive Interactive Experiences Based on Multimodal Cognition and User. In
Proceedings of the 2025 International Conference on Digital Society and Intelligent
Computing (pp. 734-740).

Belgacem, H., & Chihi, 1. (2025). Toward Reliable and Intelligent Sensor Systems: A
Comprehensive Study of Fault Diagnosis and Mitigation. IEEE Sensors Reviews.

Liu, S., & Yim, J. (2025). Research on Generative Al Creation Systems Based on Visual Language
Modeling: Human-Machine Collaboration and Cognitive Feedback Mechanisms.
Available at SSRN 6139770.

Kopalidis, T., Solachidis, V., Vretos, N., & Daras, P. (2024). Advances in facial expression
recognition: A survey of methods, benchmarks, models, and datasets. Information, 15(3),
135.

Gao, G., Ma, X, Lu, C., & Gao, R. (2026). Reliability Analysis and Application Research of SMS
Communication Systems in Medical Notification Scenarios.

Gurmu, A., Fallah Tafti, F., Mills, A., & Kite, J. (2026). Defects in Modular Building Construction:
A Systematic Lifecycle Review and Implications for Sustainable Delivery. Sustainability,
18(8), 4000.

Xu, D., Chen, H., & Gui, H. (2026). Unified Online Estimation Method for SOC, SOH, and Power
Capacity Considering Safety Boundary Consistency in Battery Management Systems.

Awadalla, M., & Murugesan, M. (2026). Bayesian Fractional Weibull Regression for Reliability
Prognostics and Predictive Maintenance. Mathematics, 14(1), 169.

Zhang, Y., Gu, W., & Wang, J. (2026). Construction of Wind Farm Asset Health Index Based on
Multi-Dimensional Indicators and Analytic Hierarchy Process and Its Correlation with
Operational Performance. Authorea Preprints.

Chaudhry, M., Shafi, 1., Mahnoor, M., Vargas, D. L. R., Thompson, E. B., & Ashraf, I. (2023). A
systematic literature review on identifying patterns using unsupervised clustering
algorithms: A data mining perspective. Symmetry, 15(9), 1679.

Jiao, Y., Wang, A., Zhao, B., & Shi, T. (2026). The Impact of Visual Language Strategies in Public
Art Creation on Community Spatial Perception and Public Behavior.

Grife, M. J., Ludot, A., Shields, M., Kolios, A., Pulikollu, R., & Dimitrov, N. (2026). Review and
quantification of major risks in wind farm development and operation. Wind Energy
Science Discussions, 2026, 1-56.

Yu, X. (2026). Enhancing Search Efficiency through LLM-Based User Memory Systems for
Query Matching and Intent Modeling.

Garcia, J., Rios-Colque, L., Pefia, A., & Rojas, L. (2025). Condition monitoring and predictive
maintenance in industrial equipment: An nlp-assisted review of signal processing, hybrid
models, and implementation challenges. Applied Sciences, 15(10), 5465.

Yu, X. (2026). Al-Driven Personalization across Domains for Local Categorical Query
Understanding and Context-Aware Retrieval.

Shipley, R. J., Miller, B. A., & Parrington, R. J. (2022). Introduction to failure analysis and
prevention. Journal of Failure Analysis and Prevention, 22(1), 9-41.

Wang, Y., Feng, Y., Fang, Y., Zhang, S., Jing, T., L1, J., ... & Xu, R. (2025). HERO: Hierarchical
Traversable 3D Scene Graphs for Embodied Navigation Among Movable Obstacles. arXiv
preprint arXiv:2512.15047.

pg. 58




Eliwa, M. S., Al-Essa, L. A., Abou-Senna, A. M., El-Morshedy, M., & El-Sagheer, R. M. (2024).
Theoretical framework and inference for fitting extreme data through the modified Weibull
distribution in a first-failure censored progressive approach. Heliyon, 10(14).

Su, X., Du, T., & Wang, X. (2025). Real-Time Motion Planning and High-Precision Control
Method for Six-Axis Industrial Robotic Arms Based on Multi-Source Error Compensation.

Walgern, J., Stratmann, N., Horn, M., Then, N. W., Menzel, M., Anderson, F., ... & Fischer, K.
(2025). Reliability and O&M key performance indicators of onshore and offshore wind
turbines based on field-data analysis. Wind Energy Science Discussions, 2025, 1-29.

Gao, X., & Lan, Y. (2025, December). Data-Driven Identification Method for Low-Voltage
Distribution Station-User Relationships Based on Voltage Sequence Correlation. In 2025
7th International Academic Exchange Conference on Science and Technology Innovation
(IAECST) (pp. 508-512). IEEE.

Shipley, R. J., Miller, B. A., & Parrington, R. J. (2022). Introduction to failure analysis and
prevention. Journal of Failure Analysis and Prevention, 22(1), 9-41.

Gao, X. (2025). Research on Knowledge Stickiness and Bargaining Power Evolution in
Distributed Innovation of Electric Power Enterprises Based on the LSSVM-Copula-
Bayesian Framework. Available at SSRN 5966594.

Humphreys, K. L., & King, L. S. (2025). Measuring early experiences: Challenges and future
directions. Developmental Cognitive Neuroscience, 101637.

Gao, X., Chen, J., & Huang, M. (2026, January). Research on Risk Dependency Structures and
Resource Allocation Optimization in New Energy Technology Collaboration within
Enterprise Distributed Innovation. In 2026 International Conference on Electrical
Engineering, Intelligent Control and Artificial Intelligence (EEICAI) (pp. 43-47). IEEE.

Elnerud, P., & Esseen, E. (2023). Function analysis and design of a hydrofoiling search and rescue
vessel from a user perspective.

pg. 59




