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Abstract. Bridge reclaimers play a crucial role in industrial operations; however, their structural integrity is often compromised by environmental exposure and cyclic loading. Meanwhile, traditional deterministic methods may overlook early signs of degradation, compromising maintenance strategies. In this context, this study introduces a probabilistic approach to structural health monitoring, emphasizing its advantages over conventional techniques. Visual inspections revealed cracks in critical regions of a bridge reclaimer’s box girder that deterministic simulations failed to predict. Additionally, finite element analysis was used to identify key monitoring points, followed by the collection of hourly stress and strain data over fifteen days. Using the VibraConf software and the Probabilistic Condition-Based Maintenance methodology, failure probability and reliability indices were computed. The analysis identified a significantly higher probability of failure in the box girder diaphragms, precisely where physical cracks were observed. These findings highlight the limitations of deterministic assessments and demonstrate the value of probabilistic simulations in forecasting failures and prioritizing maintenance. By integrating field observations with numerical and probabilistic tools, this case study provides a robust framework for proactive asset management and more reliable structural health monitoring practices.
Keywords: structural reliability, probabilistic condition-based maintenance, asset management, structural health monitoring; bridge reclaimer.
1 Introduction
Safety and operational reliability are of paramount importance in assets management and maintenance of complex industrial structures, such as bridge reclaimers, leading to a wide range of newly proposed methods [1]. Regarding reclaimers specifically, ensuring structural safety and reliability is essential for maintaining efficient and accident-free operations in industrial environments [2]. Any structural failure can not only cause significant material damage but also pose serious risks to worker safety and operational continuity [3]. Therefore, early and accurate identification of potential failures is crucial to prevent incidents and ensure the safe operation of these machines [4].
One of the most important failure modes of structures is fatigue [5] and deterministic analyses have been a valuable tool in evaluating the lifespan of such structures [6]; however, their ability to identify potential sources of failure is limited [7–9]. This limitation stems from their deterministic nature, which does not account for uncertainties in system parameters, such as variations in loading conditions, material properties, and environmental conditions [10]. As a result, some failures may go undetected during deterministic analysis, increasing the risk of unforeseen incidents [11].
In response to this limitation, new methods such as probabilistic analysis emerge as a complementary approach, offering a more comprehensive view of structural safety [12–14]. Although initially perceived as mutually exclusive, these analyses, when executed in parallel, yield interesting results [15]. In other words, probabilistic analysis complements deterministic approaches by considering inherent system uncertainties [16]. By modeling input variables as probabilistic distributions, probabilistic analysis allows for a more accurate assessment of the likelihood of failures under different operational scenarios [17, 18]. This more comprehensive approach not only enhances the reliability of predictions but also helps identify potential failure sources that might be overlooked by deterministic analysis [19].
Seeking to present efficient alternatives for SRA, [20] discusses a new statistical method utilizing a family of probabilistic methods. To demonstrate the accuracy and effectiveness of the proposed methods, five numerical examples encompassing a range of scenarios (linear and nonlinear, low-dimensional and high-dimensional, explicit and implicit performance functions) were investigated. The results, compared with existing moment methods and Monte Carlo simulation, indicate that the proposed methods offer high accuracy and efficiency.
Using artificial intelligence, a key concept in Industry 4.0, [21] reviews the use of support vector machines, Bayesian methods, and Kriging estimation with active learning for structural reliability analysis. Specifically, it explores machine learning (ML) for approximating limit state functions in conjunction with Monte Carlo simulation, first/second-order reliability methods (FORM/SORM), and importance sampling to efficiently compute probabilities of rare events in complex structures. Aiming to survey diverse ML model structures and their applications in SRA, highlighting critical considerations for managing samples in Monte Carlo simulation, and treating SRA as a pattern recognition or classification task, the authors achieve their proposed objectives by surveying a range of related works.
Also using FORM, [22] presents an integrated framework for the reliability-based design of deep-water vertical subsea separators using a novel collapse strength model. Using numerical methods for accurately representing geometries and imperfections, the model was validated against experimental data and other analytical models, with a case study conducted to demonstrate the proposed methodology. The authors conclude that the developed framework is valuable for designing subsea processing systems, addressing the current lack of technology qualification and standardization for subsea separators.
An interesting aspect of probabilistic methods is their applicability to mechanical assets, as in the cases presented above, and structures. For example, [23] proposed a framework with two main components: first, a novel expanded inverse first-order reliability method, termed E-IFORM by the authors; and second, an adaptive surrogate model to improve simulation efficiency among other tasks. The authors report that the proposed methodology yielded efficient and effective results for applications to systems such as a soil slope, an excavation pit, a strip footing, and a retaining wall, all within the geotechnical engineering field.
In the context presented, this paper uses the Probabilistic Condition Based Maintenance [19] approach to analyze the structural reliability of a bridge reclaimer used in the fertilizer processing industry. Presenting this analysis through a case study, this paper distinguishes itself from related works not only by the new methodology proposed but also by conducting field inspections that corroborated the numerical simulation results, as several cracks were identified in the box girder of the structure. Additionally, it presents the projected probability of asset failure under different cycle number scenarios.
1.1. Objectives
The objective of the present work is to introduce a new probabilistic methodology for the structural reliability analysis of mechanical assets and structures. To achieve this, a case study is conducted for validation, with the following specific objectives:
· Field investigation to identify regions with cracks;
· Understanding the characteristics of the asset as well as the deterministic response of its failure analysis;
· Probabilistic analysis using the new method proposed here to identify critical failure regions of the asset, along with a discussion of areas with a higher risk of failure in the reclaimer.
2 Probabilistic Condition-Based Maintenance
Reliability studies originate from two main approaches: The first is deterministic, based on calculated or collected data from analytical and experimental studies; the second is probabilistic, where results are treated statistically to infer future outcomes [24]. While Condition-Based Maintenance (CBM) is one of the most classic deterministic techniques [25], Probabilistic Condition-Based Maintenance (PCBM) is based on CBM but it takes a probabilistic approach. Nevertheless, although PCBM addresses the uncertainties of deterministic evaluations, both systems can be used complementarily [19].
Still according to [19], PCBM employs experimental data or virtual simulations of mechanical systems under dynamic loads to generate β and PF. While these two parameters are the key variables to be monitored in the proposed model, applying PCBM requires determining the probability distribution for the selected random variables – in this case, the ultimate tensile strength and the maximum and minimum stresses. Statistical characteristics such as the mean, standard deviation, and coefficient of variation are calculated for these variables. Several methods can be used to fit the input data to a probability distribution, including the Weibull, Log-normal, Log-logistics, Normal, and Logistics functions, yielding results in β and PF form. In parallel, this approach has high potential when used with FORM [26, 27].
The First-Order Reliability Method is a cornerstone technique in SRA and engineering risk assessment, known for its efficiency in estimating failure probabilities of complex systems [28]. To do so, the method operates on the principle of transforming the original correlated non-normal random variables (U) into uncorrelated standard normal variables (V). This transformation simplifies the problem, allowing linear approximations to be effective. Striking a balance between computational feasibility and accuracy, the FORM usually defines U, whose distributions may vary and may or may not be dependent on each other, transforming them into statistically independent standard normal variables V. Consequently, the fault function G(U) is rewritten as a function of the variables V, denoted as g(V). On the other hand, the fault surface g(V) equals zero and is then approximated by a linear or hyperplane surface at the point with the shortest distance to the origin, identified as the design point in the space of reduced variables (V∗) [29, 30].
In this context, applying the FORM method can be simplified through the definition of an algorithm, where the steps are listed in Table 1.
Table 1. FORM algorithm. Adapted from [31]
	1.	Transformation to standard normal space: Using transformations such as Rosenblatt or Nataf, the original variables 𝑈 are converted into standard normal variables 𝑉
2.	Identification of the design point: The design point 𝑉∗ is found by solving the optimization problem in Eq. 1, where this point is the closest point on the limit-state surface to the origin in the standard normal space
  (Eq. 1)
3.	Linearization of the limit-state function: At 𝑉∗, the limit-state function is approximated using the first-order Taylor series expansion shown in Eq. 2
  (Eq. 2)

4.	Reliability index calculation: The reliability index is the distance from the origin to the design point, according to Eq. 3
  (Eq. 3)

5.	Probability of failure: Finally, the probability of failure is estimated using the reliability index, where Φ is the cumulative distribution function of the standard normal distribution (Eq. 4)
  (Eq. 4)



Although the method entails a certain numerical complexity, such as defining the design point 𝑉∗ and transforming variables into standard normal variables, computers to perform this processing enable the widespread application of FORM. As a result, the method's efficiency makes it suitable for high-dimensional variable spaces and complex limit-state functions, however, its accuracy relies on the linear approximation at the design point. Consequently, this can result in errors for highly nonlinear or discontinuous functions and, in most cases, the discrepancy between the approximated and the actual probability of failure is negligible for practical structural applications [19]. 
3 Case study
3.1 The asset
The equipment investigated in this article is a bridge reclaimer (Fig. 1) from a fertilizer plant. These reclaimers are defined as a mobile and/or rotating mechanical assembly, typically installed in a storage yard with the function of reclaiming piled material [32], collecting the bulk material on one end of the stockpile and feeding it to a conveyor belt moving to the plant [33]. Corroborating, [34] exposes that these equipment have versatile applications, being utilized across industries ranging from fertilizer to mining, coal-fired power plants, supplying bulk carriers in ports and terminals, and lumber yards, for instance [35, 36].
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Figure 1. Bridge reclaimer [37]. Those equipment are volumetric machines and are classified in [m3/h] for capacity based on the average density of the material to be recovered.
In terms of maintenance and extending the lifespan of this equipment, a major challenge is related to the fact that reclaimers typically operate exposed to harmful environments, such as large daily thermal fluctuations and the combined effects of sun and rain, as well as constant load oscillations [38]. Additionally, due to the type of material they process, damage to these assets and consequently their maintenance and lifespan must be carefully analyzed to ensure safe operating conditions of the plant.
3.2 Cracks identified through visual inspection
The generation of cracks in bridge reclaimers can be attributed to various factors, with corrosion and fatigue being two of the main causes. Concurrently, corrosion compromises the integrity of components, weakening vulnerable areas and creating sites prone to crack initiation. Additionally, repetitive loading and unloading operations, typical of reclaimer operations, can induce fatigue in materials, especially at stress concentration points, leading to premature failure [39]. Consequently, the formation and propagation of cracks in critical components of the asset can be accelerated by the combination of these two processes [40, 41].
During field maintenance on the discussed bridge reclaimer, several cracks were identified through visual inspection. According to Figure 2, these observations occurred primarily on the upper flanges of the inner section.
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Figure 2. Cracks were identified within the main box girder of the reclaimer in three distinct regions.
3.3 Deterministic analysis: Evaluating the possibility of having cracks 
In the deterministic fatigue approach, criteria such as Goodman play a crucial role in assessing the lifespan of assets [42]. This criterion considers the interaction between mean stress and alternating stress to predict fatigue failure in materials subjected to cyclic loading, aiding in the evaluation of stresses and strains in various structures. Consequently, critical locations prone to fatigue are identified, and preventive measures are implemented to ensure the structural integrity and operational safety of these defined assets [43].
In this context, Figure 3 shows that the results for the reclaimer indicate fatigue failures for the structures of the chassis, conveyor, rake, and main beam.
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Figure 3. Failure isolayers in static analysis (a) and deterministic fatigue analysis (b). According to the Goodman criterion, the analyzed components are not approved
Regarding the failures found through simulation, the failures in the drive platform, rakes, chassis, tow connection, and main beam were consistent with field observations. In addition, the conveyor showed a significant accumulation of material, making it impossible to verify in the field the stress regions obtained in the model, and the regions of highest stress were validated based on multi-body simulation with flexible bodies. However, there were no failures in static and fatigue simulations for the diaphragms of the main beam, despite the numerous cracks in this region during field inspection, as presented in the above section.
Since the deterministic analysis failed to identify the cracks observed in the field and the calculation process was revisited, ensuring there were no human errors, it was concluded that this identified behavior was in an area not identifiable by deterministic analysis. Therefore, seeking alternatives to explain this phenomenon, SRA was performed to understand the system better. For this purpose, the probability of failure and the fatigue reliability index were calculated using the VIBRACON Structural Reliability software, which utilizes the FORM in its methodology.
3.4 Probabilistic analysis
Aiming to conduct the probabilistic analysis of the reclaimer, the first step after scanning and CAD modeling of the asset was the definition of some strain gauge collection points. According to Figure 4, thirteen strain gauges were installed along the box girder.
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Figure 4. Points selected for strain gauge collection. The definition of these points was carried out after finite element analyses, where critical monitoring regions were selected.
After monitoring hourly collections of stresses and strains at the aforementioned points for about fifteen days, the waveforms were examined in each collection to indicate critical moments of operation for fatigue, i.e., moments when alternating stresses were relatively high. By obtaining these collection curves for each point, the application of probabilistic methods can be performed to classify the health of the asset in terms of fatigue. Since this study is somewhat pioneering, the lack of close references for the definition of these parameters made the methodology used here somewhat experimental. However, it was later observed that the hourly collection interval was well-defined, carrying the necessary information for the analysis.
Finally, aiming to perform the probabilistic analysis, the VibraConf software was used to obtain the probability of failure in each of the regions, as well as the reliability index, as shown in Figure 5. It is worth noting that FORM is used in the reliability simulations of this software, and further information about similar software can be found at [31].
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Figure 5. Probability of failure and reliability index calculated for each of the monitoring points. The plots above also help indicate which points are more critical for immediate maintenance: 02, 04, and 05, for example
The simulation estimated the probability of failure and the safety index for each monitored point and region: The region corresponding to point 2 is the most critical, as the current probability of failure is approximately 27%, a value considered concerning. The approach presented above also allows for understanding the asset's lifecycle and making future projections of its behavior. This is because not only the knowledge of the machine's operating conditions is involved in the simulation, but also its technical characteristics. Thus, Figure 6 presents the failure projection for future cycles.
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Figure 6. Probability of failure and reliability index projections
The figure above highlights how PF increases especially at the strain gauge monitoring points 02, 04, and 05. Furthermore, the projection for 109 cycles indicates that this probability could increase to around 38%. Therefore, in the long term, this condition could represent a potential compromise of the structure. It is noteworthy that deeper inspections are recommended, especially in the region of strain gauge 02, to contribute to the identification of the asset's life state.
Finally, the regions near the diaphragms of the box girders presented fissures and cracks, with one of them even evolving, as reported by field inspection. This condition corroborates with the results obtained in the reliability simulation, where there is a greater stress demand observed by the alternating stress and mainly the probability of failure values.
4 Conclusions
This study comprehensively addressed the importance of applying probabilistic methods in the reliability analysis of structures and assets. To do so, a bridge reclaimer was used as a case study, emphasizing the importance of assessing fatigue failures in its critical components. By integrating probabilistic methods into the SRA of the bridge reclaimer, critical aspects of the equipment's behavior were revealed, providing valuable insights for asset management once the probabilistic approach found results not identified in the deterministic analysis.
After monitoring specific regions of the structure, such as those identified near the upper flanges of the main box girder, the simulation exhibited a higher probability of failure for these points, indicating the need for preventive maintenance actions. Additionally, the probabilistic analysis allowed for a projection of the equipment's behavior in future cycles, providing valuable insights for long-term planning. Conducting a case study to validate the concepts and propositions presented here, additional analysis helped to identify that the cracks were directly related to fatigue and corrosion based on the asset's operating conditions. These findings underscore the importance of a comprehensive analysis that considers not only the equipment's service conditions but also the degradation processes that occur over time.
By recognizing the complex interaction among environmental, operational, and structural factors, companies can implement more effective and proactive maintenance strategies to mitigate the risks of failure and extend the service life of assets. With a deeper understanding of failure mechanisms and the use of advanced analytical tools, informed and data-driven decisions can be made, promoting safer and more efficient asset management. Therefore, in this context, the SRA studies must use analyses that consider the variations and probabilistic distributions involved in the systems, such as PCBM, once this ensures that the nuances and uncertainties inherent in the systems are properly addressed.
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