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Abstract

:

Additive manufacturing (AM) is being used increasingly for repair and remanufacturing of aeroengine components. This enables the consideration of a design margin approach to satisfy changing requirements, in which component lifespan can be optimized for different lifecycle scenarios. This paradigm requires lifecycle cost (LCC) modeling; however, the LCC models available in the literature consider mostly the manufacturing of a component, not its repair or remanufacturing. There is thus a need for an LCC model that can consider AM for repair/remanufacturing to quantify corresponding costs and benefits. This paper presents a dynamic LCC model that estimates cumulative costs over the in-service phase and a nested design optimization problem formulation that determines the optimal component lifespan range to minimize overall cost while maximizing performance. The developed methodology is demonstrated by means of an aeroengine turbine rear structure.
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1. Introduction


Suppliers of aeroengine components are operating in an increasingly uncertain product development environment. The need to design more efficient aeroengines is driving manufacturers to shorten development time. This means that suppliers have to initiate their design work long before mature requirements are available [1]. As a result, there is a high probability that requirements will change not only during the design process but also during operation. This has a significant impact on design targets related to the lifespan of components in future aircraft programs.



While components are typically designed for a required lifespan of about 30 years, there is growing interest from customers to increase lifespan due to economical and environmental factors. For example, the resale of aircraft among airlines introduces new lifespan requirements that need to be satisfied during the aircraft’s re-certification process [2]. One example is the Boeing 737-200, which made its first commercial flight in 1970 for Air California [3]. Although the airline is not operating anymore, its aircrafts continue their service after several resales. Lifespan extensions are also occurring in military aircrafts. The B-52H fleet is likely to be in operation for nearly 100 years as the U.S. Air Force is committing to flying the aircraft into the 2050s [4]. This means that aircrafts are going to be in operation for a longer time than what they were designed for.



Another reason for extending the lifespan requirement is growing demand from customers for sustainable products [5]. In response to these demands, manufacturers are increasingly interested in applying circular economy (CE) strategies, which aim at maintaining products in the economy for as long as possible [6,7,8]. One way of adopting a CE strategy is to extend the lifespan of the component through upgrades and re-certification [9].



Finally, unforeseen events, such as the ongoing Covid-19 pandemic, can alter the aviation business dramatically, emphasizing the need to assess alternative lifecycle scenarios and find new ways to utilize equipment. From a design perspective, these changes in lifespan requirements can become a true source of corrective reworks and schedule delays. That is because suppliers would start the development work based on immature input requirements regarding lifespan. Therefore, there is a growing interest to develop aeroengine components that already take into account the possible life extensions that could occur during the life of an aircraft.



One possible way to meet changing lifespan requirements in aerospace components is by increasing design margins [10]. This results in robust component designs that allow accommodating a wide range of lifespan requirements provided the anticipated changes are compliant with engine certification. However, this strategy typically results in over-designing components, which negatively impacts performance (e.g., through increased weight) and manufacturing costs. An alternative approach is to design a component based on a preliminary lifespan and to modify the geometry as soon as requirement changes occur.



This alternative can be made possible using additive manufacturing (AM), which enables material deposition on existing components [11]. Using AM, the initial design geometry can be adapted during the development and operation stages [12]. However, this strategy has drawbacks too. If the changes in lifespan requirements are too many or unforeseen, the cost of such modifications could overcome the cost of adopting a robust component design with high design margins. Providing aeroengine suppliers with a modeling approach that optimizes the impact of AM-adapted designs on lifecycle cost (LCC) can be helpful and effective.



This paper presents a modeling approach to assist in design decisions based on a cost-benefit analysis of different component design strategies. A dynamic LCC model is developed to estimate costs over a component’s lifecycle while considering its remanufacturing by direct energy deposition (DED), the most commonly used AM process in the repair/remanufacturing of products because of its ability to restore metal-based parts in a layer-by-layer manner [13]. The LCC model is used in solving an optimization problem for determining the optimal range of component design lifespan to minimize lifecycle cost while maximizing performance. The proposed methodology enables designers to assess geometric adaptability (introduced by AM deposition) to accommodate changes in lifespan requirements.



1.1. Changing Lifespan Requirements


Various factors can influence a component’s lifespan. Here, we distinguish between internal and external factors. Internal factors are controllable during the design process and can alter degradation mechanisms impacting structural integrity. External factors cannot be controlled by the designer but impact functionality, cost, and performance. They account for uncertainties that originate from consumer behavior as well as issues such as changes in legislation and aircraft operation profile and maintenance strategies.



Several studies have been published on consumers’ behavior throughout the in-service phase [14,15,16]. These studies are mainly survey-based. Results showed that consumers are requesting products that live longer through the continuous restoration of the product’s value. Typical drivers for restoration are cost efficiency and environmental friendliness of the product, hence promoting a transition to circular economies [17]. One way to achieve this is through repair/remanufacturing in a cost-efficient manner. Other factors such as the effect of waste management policies on consumers’ decisions to recycle, reuse, dispose of, or store different components were investigated [14]. Although component repair and recovery can be the most favorable from an environmental and economical perspective, the lack of manufacturers responsibility and the user practice of airlines are considered as major barriers preventing repair from becoming the dominant end-of-life (EOL) option [18]. While customer preferences for different EOL strategies have been a major point of interest in the literature, there is a lack of research investigating costs associated with recovery strategies. In the aerospace industry, it is quite challenging to determine accurately the optimal design lifespan at early stages of product development. This is due to the complexity of aircraft systems and the high degree of functional and physical integration involved. As a result, there is a high degree of uncertainty associated with lifespan requirements. A common way of managing changes in the lifespan requirement of an aerospace component is by performing additional low-cycle fatigue (LCF) analysis and considering updated and more precise load cases based on components tested in-service.




1.2. Adaptability and Robustness


The terms adaptability and flexibility are used interchangeably in the literature to refer to a system’s property that allows it to respond to requirement changes occurring after the system is in operation in a timely and cost-effective manner [19,20]. In order to eliminate confusion between design flexibility and adaptability, Ross et al. made a distinction between adaptability and flexibility through the location of the change agent [21]. A change agent is defined as the force that brings about the change. If the change agent is external to the system, then the change under consideration is a flexible-type change. If the change agent is internal to the system, then it is an adaptable-type change. In general, flexibility tends to be challenging to assess and quantify as it deals with a system’s ability to respond to scenarios that may never have been envisioned by the designers.



We adopt the above-mentioned distinction between adaptability and flexibility and focus on adaptability induced by additive remanufacturing in aeroengine components. Some researchers quantify adaptability by proposing a metric based on a component’s option value (OV), defined as the difference between the gain in value after the component is upgraded and the expected present cost of upgrading [20,22].



Robustness, on the other hand, is a separate design characteristic. Although both robustness and adaptability refer to the ability of a system to handle change, there is a difference between the nature of change and the system’s reaction to change in each case. Adaptability implies the ability of a design to satisfy changing requirements, whereas robustness involves satisfying a fixed set of requirements despite changes in the system’s environment or within the system itself [12]. Figure 1 illustrates schematically these three different design approaches. P1 and P2 are two different time periods during the component’s lifespan. P1 is defined as the initial time period during which the component design occurs and P2 as a time period during which changes in the required lifespan occur. As shown in Figure 1, traditional design approaches favor designs that are optimized to satisfy original requirements (point-optimal design). Over time, these requirements might change resulting in a performance gap. Uncertainty regarding future requirements makes it difficult to design for required design changes. One way of tackling this uncertainty in requirements is through adopting a robust component design. This will reduce the performance gap resulting from changes in requirements however will introduce a performance gap at the initial period due to the over-design of the component. Therefore, an alternative approach is to consider an adaptable component design. The chosen design characteristics may not be justified in the context of optimizing the system for the initial set of requirements, however, these characteristics will allow the system to evolve as requirements change during operation, reducing the performance gap (see Figure 1).



Through integrating adaptability in design, several options are made available, such as the option to service for life extension or to upgrade. These options do not need to be set in the initial design, they can be exercised after the aircraft is in operation, depending on how events unfold. Most studies reported in literature address adaptability introduced by modularity [23,24]. A product can be designed, redesigned, upgraded, produced, and outsourced more easily when it is divided into relatively independent modules. However, for highly integrated components, classical modular approaches are not possible [25]. In addition to modularity, AM has the potential to increase a component’s adaptability through altering the existing product geometry by adding material to adjust its shape and dimensions. Despite this, fundamental questions of applicability and cost-effectiveness of introducing design adaptability by AM remain unanswered. To answer these questions, a comprehensive LCC model is needed to perform a cost-benefit analysis.





2. Background


In 2014, Siemens first reported the use of AM in the repair of gas turbine components [26]. Since then, several studies focused on the potential of utilizing AM in repair, refurbishment, and remanufacturing [5,27,28]. These studies consider mostly structural and mechanical properties. Applications are limited to expensive components that endure severe operating conditions and have complex structures and requirements. The benefits of repairing such components instead of replacing them were recognized readily. Moreover, platforms were proposed to allow automated process planning for combined additive and subtractive processes [29,30]. The goal is to improve the surface quality and shape accuracy of the final product. Process planning was performed based on process characteristics, technological requirements, and available resources. Other studies focused on defining product characteristics that impact remanufacturability by AM [31].



2.1. Lifecycle Cost Models for Additively (Re)manufactured Components


Lifecycle cost is also referred to as whole life cost or lifetime cost depending on the industry sector in which the term is being used. It determines the cost-effectiveness of a design by considering all stages throughout the life of a product or system, from conceptual design to disposal. Depending on the product or system, different elements can be considered in its LCC calculation. For example, LCC estimation of a highway pavement considers different cost elements than those of an aeroengine component. Several cost models of varying level of accuracy and complexity exist in the literature.



During the past decade, studies on costs associated with AM gained the attention of many researchers. Most studies aimed at comparing the energy consumption, emissions saving, and costs of subtractive and additive manufacturing processes [16,31,32,33,34]. Other researchers developed models to perform an inter-process cost comparison between different AM process types [35]. Reviewing the evolution of AM cost models, Hopkinson and Dickens were the first to analyze AM costs [36]. Initially, the technology was mainly used for rapid prototyping (RP). Over time, interest of using AM in production has increased. Models were then developed that use rough estimates of machine costs, labor costs, and material costs [36]. These were later improved through considering large production volumes, overhead costs, and material recycling [37]. In 2012, the concept of time-driven activity-based costing (TDABC) was introduced and adopted for AM cost estimations [38,39,40,41]. Time-driven signifies that the allocation depends on the duration of the activities. These studies were the first to examine in detail the economic and energy-related aspects as well as the time necessary to realize AM-based production. The obtained results were used to rate different cost drivers associated with AM processes.



Other studies focused on business models that include activities relevant to pre- and post-processing costs [42,43,44]. Bauer and Malone proposed the use of regression analysis based on data of similar systems to allow the development of cost estimating relationships (CERs) [45]. Experiments were carried out to estimate manufacturing costs with different build scenarios and machine utilization [46]. Results showed that manufacturing time per part is the key factor to optimize the costs of laser AM. Fera et al. analyzed AM from an operations management point of view taking into account availability, performance, and quality loss [47]. A cost estimation model was developed in [48] to assist decision-makers in comparing between traditionally manufactured parts and their AM counterparts. This was achieved by providing a break-even point where the total LCC for both components are equal. Such break-even values can then be used to determine whether or not to opt for AM.



While the predictive capability of LCC models increases as more stages in the life of a part are considered, there is a need to estimate the effective costs associated with additive remanufacturing. Since this requires an analysis over the lifecycle, some recent LCC modeling efforts focused on using a system dynamics (SD) approach [49,50]. System dynamics models can be used to capture information flow and feedback [51]. The decision-maker can thus model a variety of scenarios and observe system performance under different conditions. SD is well suited for modeling continuous processes, systems where behavior changes in a non-linear fashion, and systems within which extensive feedback occurs. As a matter of practice, SD is often used in strategic policy analysis.




2.2. Lifecycle Cost Optimization


In response to industry needs, manufacturers aim at optimizing designs to improve reliability while reducing operation costs. Pelzeter was the first to combine the terms LCC and optimization [52]. His work focused on the optimization of different building designs with respect to LCC-based rankings. Du et al. developed an optimization model to assist designers in choosing a suitable LCC methodology [53]. The objective was to minimize a weighted sum of the mean LCC and its standard deviation. Another framework was proposed to study the impact of design on lifecycle analysis (LCA) [54]. Optimization was integrated into the framework to minimize the product’s environmental impact due to the use of AM processes. Wu et al. proposed an approach for design optimization of plastic injection tooling (mold) using a thermo-mechanical finite element model [55].





3. Proposed Methodology


The model presented in this paper is the result of a collaboration with a supplier of aeroengine components. The interest of the industrial partner is motivated by the fact that altering a component geometry by AM once it is in operation requires extra activities such as undergoing re-certification to ensure that it is safe and that it meets new lifespan requirements. This implies additional costs that may outweigh costs associated with a robust design strategy in which margins are added. Therefore, a good design strategy should balance the trade-off between robustness and adaptability so that LCC is minimized while performance is maximized.



The methodology is based on integrating a dynamic LCC model with a nested optimization approach. The model allows the assessment of an alternative mean-of-life extension that uses AM to adapt component geometry during operation. Figure 2 provides a flow diagram in which the starting point is to select the required component lifespan range based on historical data and customer preferences. The selected range is used as an input to an optimization problem that determines the Pareto set of design alternatives associated with the bi-objective problem of minimizing LCC and maximizing performance, where a factor of safety is used to represent the latter. It is estimated based on results obtained using the thermo-mechanical analysis model presented in [56].



Suppliers of aerospace components cannot predict during the preliminary design phase whether customers will prefer to extend the life of a component (rather than just replacing it with a new one) and to what extent this life extension would be. As described in the introduction, these choices are largely dependent on economic factors and the customer’s desire for more durable products.



We make the assumption that the customer may decide at any point in a component’s lifespan whether it is economically efficient to extend the life of the component or to replace it. Therefore, the LCC of both options is evaluated continuously throughout the component’s lifetime so that the option presenting the lowest LCC can be determined at any time. Let us consider for example the highly volatile fuel price. In a market with high fuel prices, a heavy component with high design margins may imply higher LCC compared to a lighter component which is adapted and extended multiple times throughout its lifecycle. Conversely, if the fuel prices are low, a robust design with high margins that does not require life extension may be the preferred option.



In addition, different geometries of the AM deposited part can be considered at different times throughout the in-service phase extending the lifespan accordingly. To that end, the model used in [9,57] is expanded by treating the required component lifespan as an optimization variable for which the LCC of different component designs is evaluated. The LCC model is then used in a nested optimization problem to determine if, when, and how a component can be remanufactured throughout the in-service phase. The next section demonstrates the proposed methodology by means of an aeroengine turbine rear structure (TRS) design example, for which a dynamic LCC model is developed and used.



Additively Deposited Stiffener on an Aeroengine Turbine Rear Structure


One possible strategy to adapt to changing lifespan requirements is to extend the life of a TRS by additive deposition of a circumferential stiffener on its shroud. Figure 3 depicts the geometrical configuration of the TRS and the deposited stiffener along with the corresponding design optimization variables considered in this study.



The design problem considers the parent component geometry, the deposited stiffener geometry, an AM process parameter, and the time throughout the in-service phase at which the stiffener is deposited. Note that the proposed methodology is applicable to both existing and newly designed components.



3.1.1. Lifecycle Cost Model


The present value (PV) of the LCC (denoted by   V P  ) is used to discount all future costs:


   V P  =  ∑  t = 0   N T     C t    (  1 + r  )  t   ,  



(1)




where   C t   is the sum of costs in year t, r is the discount rate, and   N T   is the in-service period. While most published research focuses on purchasing and production costs, a deeper understanding of costing structures is required. This is because AM has a significant impact on many aspects of the production and operations chain. The main categories considered in the proposed LCC model are discussed below along with the relationships used to estimate associated costs. Most of these are adopted from [9] and modified to accommodate changes in component lifespan over time.



Material cost is given by


   C 1   ( t )  =  α  m a t    W  t o t a l   ,  



(2)




where   α  m a t    is the monthly price of Inconel 718 per weight obtained from historical data recorded over 30 years [58]. It is assumed that the same price trend will occur. Cyclic repetition of the price data was used to estimate prices over a wider time range.   W  t o t a l    is the sum of the TRS component weight (  W  T R S   ) and deposited stiffener weight (  W  s t i f f   ) calculated from their corresponding volume and material density. The associated plot in Figure 4 displays material costs introduced at every component replacement process during the in-service period along with material costs associated with the stiffener deposition. All costs are discounted to their present value.



Manufacturing cost is given by


   C 2   ( t )  =  β  m a n    ( L S + L E )  +  γ  m a n   ,  



(3)




where   β  m a n    is the manufacturing cost per cycle and   γ  m a n    is a fixed cost accounting for machine tooling costs. Variable costs are assumed to be linearly proportional to the number of cycles the TRS can achieve. “Per cycle” cost estimation is used as it reflects the TRS design lifespan (assuming 1460 flying cycles per 12 months) and geometry. This in turn impacts the manufacturing time, required labor, and machine maintenance, which are components of the manufacturing cost [59].   L S   and   L E   are the component’s design lifespan and life extension due to the deposited stiffener respectively.   L S   is linearly interpolated using 82 months for a TRS with 11 Kg outer shroud and 329 months for a TRS with 78 Kg outer shroud.   L E   is estimated using the thermo-mechanical analysis developed by Al-Handawi et al. to model and evaluate the additive deposition process [56]. As displayed in Figure 4, manufacturing costs show a similar trend to that of material costs but with significantly higher values.



Transportation cost is given by


   C 3   ( t )  =  α  t r a n s    W  T R S   ,  



(4)




where   α  t r a n s    is the transportation cost per unit weight. These account for costs associated with the transportation of a new TRS to the operation site in order to replace an old TRS. The additive deposition of a stiffener is done on site throughout the service period in response to changes in requirements. Transportation costs are only applicable during component replacement activity and not during on-site component remanufacturing. Therefore, the combined weight of the TRS and the deposited stiffener   W  t o t a l    does not impact cost.



Fuel cost is given by


   C 4   ( t )  =  α  f u e l    ( L S + L E )   W  t o t a l   ,  



(5)




where   α  f u e l    is the fuel price per weight. As future fuel price prediction is outside the scope of this paper, historical annual price data recorded over 80 years interval was used assuming that fuel prices will follow the same trend. In order to obtain monthly fuel prices from the available annual price data, we linearly interpolated data between years [60]. Moreover, it is assumed that 0.029 gallons of fuel are consumed per kg weight per engine cycle. Results show non-linear behavior of fuel prices over time and an increase in fuel consumption after the stiffener deposition due to the added weight.



Replacement cost is given by


   C 5   ( t )  =  γ  r e p l   ,  



(6)




where   γ  r e p l    is the constant cost of service labor to install a new TRS.



Repair cost is based on Thomsen et al. [9]:


   C  6 i    ( t )  =   $ 1.41 [ 1 −  e  − K ( t / λ )   ]   c y c l e   .  



(7)







Assuming the TRS use phase is 1460 flying cycles per year, the above equation is rewritten as


   C 6   ( t )  =   $ 173 [ 1 −  e  − K ( t / λ )   ]   m o n t h   ,  



(8)




where K = 2 and  λ  =   L S ( − l n   ( 0.9 )   −  1 K    )  . Repair costs are linearly interpolated and proportional to the probability of failure and calculated in terms of US dollars per month. The present value of repair costs increases exponentially towards the end of a component’s design lifespan. As shown in Figure 4, component remanufacturing during operation reduces repair costs throughout its remaining useful life.



Inventory cost is given by


   C 7   ( t )  =  α  i n v    W  T R S   +  β  i n v   L S +  γ  i n v   ,  



(9)




where   α  i n v    is a constant representing material cost at the TRS fabrication time,   β  i n v    is the cost per designed TRS cycle, and   γ  i n v    is a constant representing the cost of depot labor. The values used for   α  i n v   ,   β  i n v   , and   γ  i n v    are listed in Table 1. They are adopted from Thomsen et al. [9] and were obtained from subject matter experts (SMEs) at GKN Aerospace Engine Systems Sweden for the specific TRS case study. Inventory cost considered in the cost model is a function of the properties of available spare parts. Inventory cost is assumed constant throughout the desired service period, therefore its present value depreciates over time.



Salvage cost is given by


   C 8   ( t )  =  α  d i s p   −  β  d i s p    W  t o t a l   ,  



(10)




where   α  d i s p    is the disposal cost per TRS and   β  d i s p    is the price per weight of scrap metal sold. Salvage cost results displayed in Table 4 show negative cost values indicating that the income from this cost category is greater than the cost.



Recertification cost is given by


   C 9   ( t )  =  γ  r e c e r t   ,  



(11)




where   γ  r e c e r t    is the fee of issuing a supplemental type certificate for propulsion turbine engines with take-off thrust over 25 KN according to the European Union Aviation Safety Agency [61].



Figure 4 depicts sample results for each cost category over the desired service period of 700 months. In the displayed results, the TRS shroud width and thickness are assumed 20 cm and 0.5 cm, respectively. The calculated design lifespan is 240 months. Moreover, it is assumed that a stiffener with 5 cm width and 0.2 cm thickness is additively deposited at the 100th month of operation, causing a life extension of 50 months.



The total present value of the LCC per year is calculated by adding all nine cost components (cf. Figure 5a). An assumption is made that AM remanufacturing is performed only one time throughout the in-service phase; in the example used here, this happens at month 100 (first peak). The other peaks reflect costs associated with replacement processes occurring at the end of the product’s design life. The presented model considers the scenario where the entire TRS is replaced at the end of its lifespan. The TRS is repaired by AM if there is a change in requirements. While repairing the TRS by AM extends its lifespan, it is replaced at the end of the latter. Therefore, the lifespan of the TRS depends on its initial design parameters and whether it is repaired by AM. However, due to the value of the considered in-service period (700 months) and the assumption that AM remanufacturing is performed only once throughout the in-service phase, several TRS replacements may be required. The cumulative LCC over time is shown in Figure 5b. The final value at the end of the desired service period is used as the objective to minimize in the optimization problem.




3.1.2. Optimization Problem Formulation


A nested optimization strategy is used to integrate component and stiffener design optimization with lifespan requirement optimization. The proposed methodology assists designers in selecting an optimum lifespan range to be used as a requirement in early design stages. The flow diagram of the optimization process is shown in Figure 6.



An inner optimization problem is solved to obtain design solutions that minimize LCC and maximize performance. Since there is a trade-off between LCC present value (  V P  ) and safety factor (n), a set of Pareto-optimal solutions is generated. The purpose of the outer loop is to determine values of the lower and upper bounds of the required lifespan range. This is achieved through solving an optimization problem to minimize the distance between the utopia point and the Pareto front generated by the inner optimization loop.



The inner bi-objective optimization problem is formulated as


       minimize  x ^           [  V P   (  x ^  )      − n  (  x ^  )    ]  T         subject  to         x +  W  s t i f f   −  W  T R S   ≤ 0              W  s t i f f    H  s t i f f   − 0.1  W  T R S    H  T R S   ≤ 0             L S  (  x ^  )  ≤  R U                R L  ≤ L S (   x ^   )  ,      



(12)




where    x ^  =  [ x ,  W TRS  ,  H TRS  ,  W stiff  ,  H stiff  ,  L p  , N ]   .



The constraints ensure that the deposited stiffener is contained within the limits of the TRS shroud and that the deposited stiffener weight does not exceed 10% of the parent component weight. The bounds on the component lifespan (which is a function of the design optimization variables) are determined at the outer optimization problem. An ensemble of surrogates is constructed and used based on data obtained from the thermo-mechanical analysis model to facilitate an efficient optimization process [62]. The dynamic LCC model was implemented using the Matlab Simulink toolbox. The optimization problems are solved using the Mesh Adaptive Direct Search (MADS) algorithm [63]. Table 2 summarizes the design optimization variables used in the inner optimization problem along with their bounds.



The outer optimization problem is formulated as


       minimize  x ˇ         D      subject  to         R U  −  R L  − 120 ≤ 0           R L  −  R U  + 12 ≤ 0 ,      



(13)




where    x ˇ  =  [  R U  ,  R L  ]    and   D =  | |    x ^  ∗  −  x  u t o p i a     | |  2    denoting the distance between the utopia point and the closest point on the Pareto front obtained by solving the inner optimization problem. The linear constraints control the minimum and maximum possible component design lifespan range. Table 3 displays the lower and upper bounds of the required lifespan range.




3.1.3. Results


Five different component designs were defined and modeled to assess the impact of different design approaches on LCC throughout the in-service phase. The original component design serves as the reference against which three different adaptable designs (AD) and a robust design (RB) are compared. Table 4 lists the variable values used for each of those designs.



The non-discounted LCC over time is shown for each design in Figure 7a. The cumulative LCC at the end of the in-service period (assumed to be equal to 700 months) is shown in Figure 7b.



The robust design is associated with an increase in cumulative LCC compared to that of the original design. As for the AD approaches, some resulted in a decrease in LCC (AD 2) while others resulted in an increased LCC (AD 1 and AD 3) when compared to the original design; the increase or decrease depends on the used parameter values. Moreover, as shown in Table 4, identical parameter values were assigned for AD 1 and AD 3 while varying only the deposition month. This has resulted in a relatively large change in the cumulative LCC due to the dynamic cost elements, such as fuel and material prices, associated with the deposition year. This confirms the significant impact of deposition year on LCC. It can be concluded that deciding on whether a robust or an adaptable design approach is more cost-efficient is highly dependent on dynamic parameters. One possible decision is to balance the trade-off between robustness and adaptability.



The results obtained from solving the inner optimization problem quantify the trade-off between LCC and the factor of safety used as a proxy of mechanical performance. For each design lifespan range defined by the outer optimization problem, a Pareto front is generated for which the distance between the utopia point and the closest point on the Pareto front (D) is computed. The outer optimization problem is then solved to minimize D with respect to the lower and upper bounds of the design lifespan range.



Five different initial guesses were chosen randomly, and three local optima were obtained. The best local optimizer is found to be    R L  = 312   months and    R U  = 432   months. Both linear constraints of the outer optimization problem are active. This is because the largest possible lifespan range is striven for as it allows consideration of the largest number of design alternatives. Figure 8 displays the Pareto front obtained at the optimum lifespan range.



Performing comprehensive thermo-mechanical and cost estimation analyses can increase the accuracy of the obtained results. Baumers et al. consider the impact of build time, process energy consumption, number of parts per build, and machine productivity on the total cost associated with AM processes [64]. A finite element-based multi-physics thermal model for laser additive manufacturing was presented in [65]. The developed model can simulate 3D transient temperature and molten pool shape in the laser process by including features of melting and solidification, porous media, and temperature-dependent thermal material properties. Its results can be used to assess the impact of elevated temperature and temperature gradients associated with the AM process on the integrity and lifespan of produced parts.



A parametric study was conducted to investigate the impact of deposited material type. The material types considered in the parametric study include stainless steel, aluminum alloy, titanium alloy, and nickel alloy, commonly used in the aerospace industry. Table 5 summarizes the material density and price used for each material type.



Material powder prices per unit weight used in the parametric study were based on prices provided by a material supplier [66]. The obtained results showed that the use of Inconel 718 powder for the deposited stiffener results in a Pareto front furthest from the utopia point than other material types, rendering it the least favorable material choice.



A sensitivity analysis was conducted to identify the variables with the highest impact on LCC. Specifically, the deposited stiffener axial position, width, and thickness, the TRS shroud width and thickness, and the deposition time were considered. The ranges of the variables are the ones listed previously in Table 2. Price fluctuations during the in-service phase were taken into account. The Sensitivity Analysis tool in Simulink® was used to conduct Monte Carlo simulations and study the influence of different parameters on the model output. All input parameters were assumed to have a uniform distribution. The obtained results are depicted in the tornado plot of Figure 9.



It can be concluded that the deposition time, stiffener width and thickness, as well as the TRS shroud thickness, are monotonic with respect to LCC. Whereas the stiffener axial position and TRS shroud width are inversely monotonic with respect to the LCC. Moreover, the time at which the additive remanufacturing process is performed throughout the in-service phase has the highest influence on the LCC. The deposited stiffener axial position has the least influence on the overall LCC indicating that the TRS inclined shroud has a relatively small impact on the deposited stiffener volume, resulting in no significant increase in LCC.






4. Concluding Remarks


Design margins are being introduced increasingly either explicitly or as a result of other decisions in the early design phase of aerospace components to accommodate changes in requirements. The presented methodology and TRS case study show how design margins can be treated as optimization variables. Specifically, the developed LCC model allows designers to apply design margins dynamically in the form of a stiffener deposited on a TRS shroud that can be optimized with respect to different lifecycle scenarios.



Planning for a gradual extension of life resonates well with flexibility literature [67], which suggests an initial design of a component with relatively low capability while allowing for expansion if changes occur. As geometry alterations happen further in time than the initial design phase, expenditures associated with AM remanufacturing are discounted [68]. Therefore, since the LCC model includes the present value of costs, the benefit of adopting an adaptable component design can now be modeled and considered by design engineers.



The feedback obtained from practitioners at our industrial partner highlights the importance of the proposed LCC model in raising the designer’s awareness about the economic implications of altering component geometry by AM. Such awareness is vital as AM is a novel manufacturing technology and life extension strategies are going to be increasingly considered and demanded by customers and stakeholders in future aircraft programs [9]. In this context, a sub-supplier can use the proposed model in order to present alternatives to customers and stakeholders, by highlighting the benefits of a design in terms of accommodating life extensions. From this perspective, the approach promotes set-based concurrent engineering (SBCE) principles, in which multiple alternatives are presented and narrowed down over time [69]. This is considered important to promote constructive design iterations with customers and stakeholders.



Although the model was developed for aeroengine components, the proposed approach is likely transferable to and useful in other applications. Our methodology is generalizable provided that the designer uses their experience and knowledge base to define the causal loop relationships and critical elements of the LCC model relevant to a specific application. Moreover, it supports all situations where product modifications are made after production. Therefore, any post-production product updates that can impact product life and maintenance are amenable to it. Finally, life extension strategies realized by re-design through additive manufacturing in broad application areas can also be supported by our approach.



Assumptions made in the proposed model regarding the behavior of some cost elements, such as the fuel and material costs, introduce uncertainty. Future work could focus on quantifying this uncertainty in the optimization process. One way to assess the impact of uncertainty in input parameters on LCC is through using Monte Carlo simulation [70,71].
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Figure 1. Schematic representation of different design approaches. 
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Figure 2. Schematic of the proposed methodology. 
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Figure 3. Cross sectional view through robust and geometrically adaptable turbine rear structure (TRS) shroud designs. 
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Figure 4. Present value of each individual cost category considered in the lifecycle cost model. 
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Figure 5. Lifecycle cost (LCC) throughout the in-service period. 
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Figure 6. Nested optimization methodology for the TRS case study. 
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Figure 7. LCC of different design approaches throughout the in-service period. 
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Figure 8. Pareto front obtained from the optimum design lifespan range. 
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Figure 9. Tornado plot of the sensitivity analysis results. 
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Table 1. Lifecycle cost model parameter values.






Table 1. Lifecycle cost model parameter values.





	Symbol
	Value
	Units





	   ρ  m a t    
	0.0082
	kg/cm   3  



	r
	4
	%



	L
	380
	cm



	   γ man   
	20,000
	USD



	   β man   
	3.33
	USD/cycle



	   α trans   
	4
	USD/kg



	   γ repl   
	5000
	USD



	   α inv   
	5
	USD/kg



	   β inv   
	0.166
	USD/cycle



	   γ inv   
	1000
	USD



	   α disp   
	100
	USD



	   β disp   
	12
	USD/kg



	   γ recert   
	9977
	USD
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Table 2. Design optimization variables for inner optimization problem.
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	Variable
	Symbol
	Units
	Lower Bound
	Upper Bound





	Stiffener axial position
	x
	cm
	4.5
	15.5



	TRS shroud width
	   W TRS   
	cm
	18
	25



	TRS shroud thickness
	   H TRS   
	cm
	0.2
	1



	Stiffener width
	   W stiff   
	cm
	2
	15.5



	Stiffener thickness
	   H stiff   
	cm
	0.2
	2



	AM laser power
	   L p   
	W
	3500
	4500



	Deposition year
	N
	months
	60
	640
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Table 3. Design optimization variables for outer optimization problem.






Table 3. Design optimization variables for outer optimization problem.





	Variable
	Designation
	Unit
	Lower Bound
	Upper Bound





	Upper bound of required lifespan range
	   R U   
	months
	120
	360



	Lower bound of required lifespan range
	   R L   
	months
	360
	600
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Table 4. The five different component designs.
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	Variable
	Original Design
	RD
	AD 1
	AD 2
	AD 3





	TRS shroud width
	20
	24
	20
	20
	20



	TRS shroud thickness
	0.5
	0.8
	0.5
	0.5
	0.5



	Stiffener width
	NA
	NA
	12
	5
	12



	Stiffener thickness
	NA
	NA
	1
	0.5
	1



	Deposition month
	NA
	NA
	100
	100
	350
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Table 5. Parametric study values.






Table 5. Parametric study values.





	Material Type
	Material Density    (   kg / mm  3  )   
	Material Price (USD/kg)





	Alloy 7075
	   2.81 ×  10  − 3     
	727



	Ti-6Al-4V
	   4.43 ×  10  − 3     
	842



	Stainless steel
	   7.7 ×  10  − 3     
	654



	Inconel 718
	   8.2 ×  10  − 3     
	1000
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