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Abstract
This section describes the application of the presented methods to subsystem level problems. The components and features discussed in this paper are: a turbine subsystem and the secondary air system. This paper is the second one of three papers addressing the application of the methods, tools and processes to component, subsystem and system level tasks (see also Case Study 3 and 6). The introductory sections of the three papers give an overview of the practical application of the presented methods, tools and processes within Rolls-Royce.
1.0 Methods, Tools and Processes
1.1 Simulation based design process

Due to increased availability of compute resources more and more simulation work can be done during the development of gas turbine engines. These simulations help to increase the knowledge about the proposed design solutions in the early phases of a development task. Using this increased knowledge the decision making is improved and the risk for the development task is reduced. 

The basic automated design process has been described in the first paper of this series (case study 3). This basic process is described here in more detail as shown in Figures 1 and 2. The high level flow chart in Figure 1 shows the human interaction with the process. As mentioned in the paper about case study 3 it is very important to keep the design team involved in the simulation driven design process and the automated analysis task. As shown in Figure 1, the whole process kicks off with an optimization launch meeting. During this meeting the design objectives, the constraints and any other factors influencing the design are discussed and agreed. Using this agreed set of objectives and constraints the initial values for the design variables are set and fed to the detailed simulation process (see Figure 2). The output of the detailed simulation process is assessed for convergence to an optimum solution. If the optimum solution is reached a post-optimization review is performed otherwise new sets of design variables are selected and fed into the detailed simulation process. The post-optimization review assesses the output of the simulation driven design process. The key in this review is to understand the optimized solution and be able to explain why this is an optimized solution. It is very important to ensure that the simulation driven design is not treated as a “black box” approach. If no acceptable design solution can be found another meeting is called to review and/or reformulate the design objectives. Using a modified set of design objectives and/or constraints the process is started again.
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Figure 1: High level flowchart for a simulation based design process.
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Figure 2: Low level flowchart for a simulation based design process.

The lower level simulation driven design process is given in Figure 2. The design variables from the high level process, the parametric geometry and the parametric analysis models are used as an input for the regeneration of the simulation models for the current instance of the design. This instance of the design is analysed and the required responses, constraints and objective functions are calculated. The automated process then assesses these outputs against the defined acceptance criteria and classifies the design instance either as feasible or unfeasible. 
This generic simulation driven design process is used for various different simulation tasks to assess and improve the design solution. On of the typical analysis tasks is a Monte-Carlo simulation to assess the robustness of the design solution. This method is briefly described in the next section.
1.2 Monte-Carlo simulation

Monte Carlo simulation (MCS) techniques as described in Figure 3 are a class of sampling algorithms for randomly simulating a design or process, given the stochastic properties of one or more random variables, with a focus on characterizing the statistical nature (mean, variance, range, distribution type, etc.) of the responses (outputs) of interest [1].   Monte Carlo methods have long been recognized as the most exact method for all calculations that require knowledge of the probability distribution of responses of uncertain systems to uncertain inputs.  To implement a Monte Carlo simulation, a defined number of system simulations to be analyzed are generated by sampling values of random variables (uncertain inputs), following the probabilistic distributions and associated properties defined for each.
Monte Carlo simulation is also the traditional method for reliability analysis.  The probability of failure is estimated simply as the ratio of the number of points violating constraints to the total number of sample points:  Pf = Nfailed/Ntotal.  The reliability, or probability of satisfying requirements, is then 1-Pf.  Other information gathered through MCS includes response statistical information (including standard deviation/variance for assessing robustness), visual response scatter, response PDF/CDF (probability density function, cumulative distribution function) information, and a measure of the relative effects of each random variable on a response (identifying key random variables that drive response variability).  

[image: image3]
Figure 3: Monte-Carlo simulation.

1.3 Vision

The current simulation driven design process works in a forward step: the variability or uncertainty of the design inputs is measured and assessed. This input variability is then transformed into the variability of the outputs. These are then assessed against the allowable output variability and the process is repeated until a satisfactory variation on the output side is achieved. The ideal way of doing this would be the reverse way: defining the target output variation and then derive the acceptable variation on all the design inputs in one step. This so called “inverse” analysis is depicted in Figure 4 (curved arrow at the bottom) as the long term vision for the simulation driven design process.

[image: image4]
Figure 4: Long term vision for automated design: Achieve “inverse” analysis capability.
The following section will show several examples where the outlined principles were applied to real engine design tasks.
2.0
Application Examples

2.1 
Secondary air systems

The secondary air system is required to cool the high temperature areas in a gas turbine. Especially the high pressure turbine blades need cooling as the gas temperature surrounding them is above the melting temperature for the metal. The secondary air system typically takes air from a cooler area in the gas turbine and feeds it via channels, ducts, gaps etc. into the higher temperature areas of the gas turbine. These secondary air system flows are detrimental to the engine performance so the goal here is to keep them to the absolute minimum required. The flows are typically small and all the gaps and tolerances in the channels and ducts used to guide this secondary air flows have a considerable effect on the overall performance of the secondary air system. Figure 5 shows a simplified high pressure turbine (HPT) casing cross section to illustrate this.

[image: image5]
Figure 5: Simplified HPT casing cross section with outlined secondary air system flows (blue arrows).

In a typical simulation driven design for the secondary air system a Monte-Carlo simulation was performed to assess the variability of the critical flows, temperatures and pressures. Typical results of such an analysis are given in Figure 6. The left of Figure 6 shows the normalized distribution for the pressure value in one of the secondary air system cavities. There was a variation of this pressure of -17% to +11% from the nominal value. Also the distribution was skewed towards the smaller values. If the pressure in this cavity is too high the losses increased which is detrimental to the overall engine performance. On the other hand if the pressure is low adequate sealing to prevent hot gas leakage still must be provided. The predicted variation in pressure was not acceptable and the data from the Monte-Carlo simulation was used to perform an Analysis of Variance (ANOVA) to determine which of the design inputs had the most influence on this variation. The output of such an ANOVA analysis is shown as a pareto plot on the right of Figure 6. In the presented case the pareto plots pointed to one of the design inputs (R220) as the key contributor to the output variation. Reducing the variation of the pressure in this cavity required the adjustment of this design input. Changes in all the other design inputs were not affecting the output variation. This example shows the power of the simulation driven design process in identifying variation in the output and their key driving inputs early in the design process. This information was used to significantly improve the design of the secondary air system.
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Figure 6: Typical results (distribution, sensitivity coefficients) for a critical pressure within a secondary air system cavity.

2.2 Thermo-mechanical analysis of a turbine system

The second example presented in this case study is the preliminary design of a turbine system. This is a simplified multidisciplinary optimization example used for training purposes within Rolls-Royce. Figure 7 shows the definition of the problem with the various design variables and constraints put onto the system.


[image: image8]
Figure 7: Definition of the turbine preliminary design task.

The key output used in this example was the engine performance represented by the achievable tip clearance. This is the gap between the turbine blade and the casing, which should be as small as possible. 

The design variables influencing the tip clearance were:

· Thermal behaviour of the tip clearance control system on the outside of the turbine casing

· Secondary air system cooling air flow going through the turbine casing

· Heat transfer on the back side of the liner 
· Amount of hot gas ingestion in to the sealing cavity at the back of the turbine.

The design was subject to various constraints (arbitrary values for training purpose):

· Liner temperature below 1200K
· Transient temperature gradient across the inner box structure below 520K

· Transient temperature gradient across the outer rail below 620K

As a first step a design exploration was performed. Using this information an optimization of the system was performed. Typical results of the design exploration and sensitivity study for this example are shown in Figure 8. The left side shows the trends of the various outputs with respect to selected design variables as well as ANOVA results to identify the key design variables for each of the outputs. On the right a sample output for a tip clearance optimization is depicted. The overall tip clearance is the plot in the middle and the goal is to minimize the value. It is obvious that the simulation driven design process reduced the tip clearance but then stopped at some value. Looking through the data and plotting one of the constraints (transient temperature gradient across the outer rail below 620K, bottom plot) it can be seen that reducing the tip clearance resulted in an increase of this gradient and it also can be seen that the gradient reached its maximum allowable value and hence the optimization stopped. This is a typical behaviour of any optimization. The objective function is improved until one or more constraints are reached. This means that an optimum solution is sitting right at the constraint boundaries. If variability in the design inputs is taken into account some of the design instances will actually violate the constraints. To avoid this, the last step of the five step process (robust design) needs to be executed. This method will be described in more detail in the final paper (case study 6).
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Figure 8: Typical output from a design exploration, sensitivity study and optimization.

3.0
Conclusion

Several examples have shown the benefits of using a simulation driven design process. Applying simulation allows the design team to perform design explorations, sensitivity analysis and robustness assessments. The data can also be used in ANOVA type analysis to identify the key influence factors for the performance of the design solution. Using all this information the design team can make better informed decisions about the optimal design solution. The optimization and automate design processes helps to achieve better designs by focusing the work on the key levers.
4.0
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