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As a key connecting and load-bearing component of aero-engines, the process quality of the compressor casing 

directly determines the service life and reliability of the engine. During outer ring electron beam welding, inherent 

fluctuations in material and equipment parameters easily lead to excessive deformation, crack propagation, and 

dimensional drift caused by residual stress. Considering parameter uncertainty, this work conducts robust design to 

reduce welding deformation and residual stress. Firstly, five process parameters are selected to represent the five 

factors of process reliability (Personnel, Equipment, Materials, Process Methods, Environment). A factorial design 

is applied to generate simulation schemes, and welding simulations are carried out in SYSWELD to obtain samples 

of maximum deformation and maximum stress. Secondly, a response surface surrogate model is built via stepwise 

regression and validated by goodness-of-fit test and analysis of variance. Subsequently, global sensitivity analysis 

is performed using the Sobol method, and uncertainty quantification is implemented through Monte Carlo sampling 

with parameter distributions determined by equipment precision and expert experience. Finally, an equal-weight 

robust optimization model is solved by the particle swarm optimization algorithm. Results show that the optimized 

scheme significantly reduces the mean values of maximum deformation and stress while suppressing their 

fluctuations effectively. The proposed framework provides a systematic solution for process improvement of key 

aero-engine components. 
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1. Introduction 
The compressor is a core component of aero-

engine(Zhao et al. 2022). As the primary load-

bearing and connecting component of the 

compressor, the casing acts as a critical carrier for 

maintaining structural integrity and airtightness 

(Nezym 2005). For large-scale casings with 

complex structures, it is often necessary to 

assemble multiple components into an integral 

blank through welding. During the welding 

process, the uneven heating-cooling cycle induces 

residual stresses and welding deformations, 

which may lead to issues such as crack 

propagation or excessive geometric deviations. In 
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practical production, process parameters typically 

fluctuate within a certain range due to equipment 

deviations, and drastic temperature changes also 

lead to random fluctuations in material 

parameters, resulting in the uncontrollability of 

residual stresses and deformations. 

In recent years, numerous studies have 

focused on robust design. (Sameer and Birru 2019) 

identified the optimal combination of four process 

parameters using TOPSIS and grey relational 

analysis. (Lei et al. 2021) compared three robust 

design methods for low- and high-dimensional 

optimization and proposed the Space Reduction 

Optimization strategy to enhance the performance 

and efficiency of traditional methods. (Chen et al. 

2024) implemented distributionally robust 

optimization for robust design by minimizing the 

expected worst-case performance in observation-

influenced uncertainty distributions, validating it 

in transonic turbulent aerodynamic shape 

optimization. 

However, most existing studies have 

neglected the impact of parameter uncertainties, 

especially in the context of complex welding 

processes for aero-engine components. Against 

this backdrop, this paper focuses on the electron 

beam welding process of the aero-engine 

compressor casing outer, and considers the 

influence of the uncertainty of parameters on the 

residual stress and welding deformation. The 

structure of this paper is organized as follows: 

Section 2 introduces the theoretical background; 

Section 3 establishes the surrogate model of the 

compressor casing; Section 4 presents the results 

of sensitivity analysis, uncertainty quantification 

and robust design based on the surrogate model; 

and Section 5 draws conclusion. 

2. Method 
This study is mainly consists of three stages. Firstly, 

based on the SYSWELD software, a numerical 

simulation model for the electron beam welding 

process of the compressor casing outer ring is 

established through mesh generation, material 

definition, boundary condition setting and 

constraint definition to predict the residual stress 

and welding deformation. Secondly, process 

parameters are identified to implement factorial 

design. Simulation calculations are conducted 

according to the experimental scheme to acquire 

sample data, and a response surface surrogate 

model is built. Global sensitivity analysis is 

subsequently performed using the Sobol variance 

decomposition method. Finally, uncertainty 

quantification of process parameters is performed 

via Monte Carlo simulation. A robust design 

approach is employed to minimize residual stress 

and deformation, finding the optimal parameter 

combination that balances quality and reliability. 
 

 
Fig. 1.Technical roadmap for research 

2.1.Response surface methodology 
Response surface methodology (RSM) is a classic 

surrogate model approach based on polynomial 

regression. Its core idea is to approximate the 

nonlinear relationship between input parameters 

and output responses with low-order polynomials. 

The response surface model is based on 

polynomial regression theory, assuming an 

explicit polynomial relationship between the 

system response  and input parameters 

. The commonly used second-

order model is expressed as follows: 

 

where  is the constant term; represent 

the coefficients of linear terms, quadratic terms, 

and interaction terms; and  denotes the random 

error term. 

2.2.Sobol sensitivity analysis method 
Assume the model output is , where 

 denotes the input parameters. 

According to Sobol decomposition theory, the 

model can be expressed as follows: 

 

Through orthogonality conditions, the total 

variance can be decomposed as follows: 
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Accordingly, the first-order Sobol index  is 

defined as follows: 

 

The total-effect index  is given as follows: 

 

2.3.Uncertainty quantification 
Monte Carlo method is the mainly uncertainty 

quantification method (Helton et al. 2006).First, 

define the probability distribution of each input 

parameter to represent its uncertainty, i.e., . 

Then, multiple independent samples  are drawn 

from the uncertainty distribution of the input 

parameters and substituted into a model for 

deterministic computation to obtain the results 

. Finally, the characteristics of the 

output data distribution are statistically analyzed; 

commonly used metrics include the mean  and 

variance , as shown in Eq. (6) and Eq. (7) 

respectively (Price et al. 2022). 

 

 

2.4.Robust Design 
Robust Design (RD) is a methodology that 

focusing on optimizing system performance while 

controlling the fluctuation of uncertain 

parameter(Bidoki et al. 2019). The minimax 

method is a commonly RD approach: it 

establishes a RD model while adopting a 

weighted combination of the mean values and 

standard deviations of output parameters as the 

objective function, and takes the value ranges of 

input parameters as constraint conditions. 

 

where  represents the -th parameter,  

are the upper and lower bounds of  respectively, 

and  is the number of parameters. 

For the smaller-the-better response index 

, its objective function can be expressed as 

follows: 

 

where  denotes the mean value of the response 

parameter,  represents the standard deviation of 

the response parameter,  is the initial mean 

value of the response parameter,  is the initial 

standard deviation of the response parameter, 

 are weight coefficients satisfying 

.  

The robust design of output responses satisfying 

input parameter constraints is a constrained 

optimization problem. Two types of methods are 

available for solving such optimization problems: 

gradient-based methods and metaheuristic 

methods(Nouri and Valadi 2017). Particle Swarm 

Optimization (PSO) is an excellent gradient-

based methods, which reduces the requirements 

for continuous cost functions and variables and 

does not require the derivatives of cost functions 

and constraints(Garg 2016).  

3. Welding Process Simulation Model 
3.1.Introduction to a Compressor Casing 
The compressor casing is a core component of 

aero-engine. Its main structure comprises an outer 

shell that houses the compressor rotor and stator, 

typically featuring an annular configuration with 

longitudinal mounting flanges, as shown in Fig. 2. 
 

 
Fig. 2.Schematic diagram of compressor casing 

3.2.Establishment of the process simulation 
model for a compressor casing outer ring 
3.1.1.Mesh generation 
Based on the 3D design model of the casing outer 

ring, hexahedral elements were adopted to 

generate 3D meshes through rotational sweeping, 

with the element size ranging from 

. The mesh was refined to ensure at 

least three layers of elements in this region. 
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Fig. 3.3D design model and process simulation model 

3.1.2. Definition of boundary conditions 
Parameters including welding speed, welding 

energy and ambient temperature were set 

according to the actual working conditions during 

component welding.  

A Gaussian heat source was used to 

represent the welding heat input, where the top 

diameter, bottom diameter and penetration depth 

were set to be no less than the measured 

dimensions of the loading area near the weld, and 

other relevant parameters are listed in . 

The constraint positions were consistent with 

the fixture locations employed in the actual 

welding process of the component. 
 

 
Fig. 4.Schematic diagram of the heat source 

Table 2. Process parameters 

Parameter Setting 

Welding Speed 20mm/sec 

Top Diameter  8mm 

Bottom Diameter 6mm 

Penetration Depth 7mm 

Accelerating Voltage 120kV 

Beam Current 26mA 

Energy per Unit Length 156J/mm 

Welding Efficiency 0.8 

Ambient Temperature 20  

Total Cooling Time 1500s 

Rigid Clamp Time 1200s 

Unclamp Time 300s 

4. Results 
4.1.Establishment of response surface model 
4.1.1.Input and output parameters 

To characterize the five elements of process 

reliability analysis (personnel, equipment, 

materials, process methods, and environment), 

five adjustable parameters in SYSWELD—

thermal conductivity ( ), penetration depth ( ), 

ambient temperature ( ), welding energy ( ), 

and cooling time ( )—were selected as the input 

parameters of the response surface model. It 

should be noted that, in this study,  represents 

the preset target value of the molten pool depth in 

the heat source model, which can be directly set 

and adjusted in the SYSWELD welding 

simulation software.The model was constructed 

with maximum deformation ( ) and maximum 

stress ( ) as the output process indicators. 

4.1.2.Sample acquisition 
A factorial design was adopted to investigate the 

influence law of input parameters on process 

indicators. A two-level coding scheme was used 

to represent the low and high levels of each factor. 

Simulation calculations are performed according 

to the experimental scheme, yielding 23 sets of 

valid samples (Table 3). 
 

Table 3. Sample data 
No        

1 -1 -1 -1 -1 -1 0.15285 685.19 

2 1 -1 -1 -1 1 0.13965 679.52 

3 -1 1 -1 -1 1 0.14907 677.08 

4 1 1 -1 -1 -1 0.14048 674.44 

5 -1 -1 1 -1 1 0.16185 693.40 

6 1 -1 1 -1 -1 0.12415 696.23 
7 -1 1 1 -1 -1 0.13326 694.33 

8 1 1 1 -1 1 0.12724 681.89 

9 -1 -1 -1 1 1 0.19769 800.11 

10 1 -1 -1 1 -1 0.19053 831.88 

11 -1 1 -1 1 -1 0.18801 986.42 

12 1 1 -1 1 1 0.22446 944.08 

13 -1 -1 1 1 -1 0.17849 1040.7 
14 1 -1 1 1 1 0.17384 1001.6 

15 -1 1 1 1 1 0.18338 995.01 

16 1 1 1 1 -1 0.17950 1030.1 

17 -1 0 0 0 0 0.17192 694.40 

18 1 0 0 0 0 0.17357 681.84 

19 0 -1 0 0 0 0.17898 686.27 

20 0 1 0 0 0 0.17196 677.01 

21 0 0 -1 0 0 0.16547 682.51 
22 0 0 0 0 1 0.17096 695.11 

23 0 0 0 0 0 0.17082 694.95 

 

4.1.3.Maximum deformation 
Variables are screened by stepwise regression 

method, and a second-order response surface 

model for maximum deformation is constructed. 

The overall fitting performance of the model is 

presented in Table 4. 
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Table 4. Model fitting metrics 

S R-sq R-sq(Adjusted) 

0.0036357 99.06% 97.70% 
 

The coefficient of determination of the model 

reached 99.06%, and the adjusted coefficient of 

determination was 97.70%, indicating that the 

model can explain 97.70% of the variation in 

maximum deformation, with only 2.3% of the 

variation attributed to random errors. This 

demonstrates the strong explanatory power of the 

model for the data. 
 

Table 5. Analysis of Variance Table 

Source of 

Variation 
df Adj-SS F-value P-value 

Model 13 0.0125 73.001 0.0000 

Linear 5 0.0106 161.000 0.0000 

 1 0.0001 7.809 0.0209 

 1 0.0000 0.002 0.9664 

 1 0.0008 63.392 0.0000 

 1 0.0094 709.450 0.0000 

 1 0.0003 24.144 0.0008 

1 0.0001 5.067 0.0509 

1 0.0003 20.126 0.0015 

1 0.0004 30.767 0.0004 

1 0.0002 16.883 0.0026 

1 0.0005 35.204 0.0002 

1 0.0001 6.213 0.0343 

1 0.0002 18.909 0.0019 

1 0.0002 11.790 0.0075 

Square+ 

Inter
8 0.0002 18.003 0.0001 

Error 9 0.0001 0.0000  

Total 22 0.0127   
 

As shown in Table 5, the overall P-value of the 

model is close to 0.0000, and the F-test is highly 

significant, indicating that the response surface 

model has a strong explanatory ability for the 

maximum deformation. The first-order terms are 

highly significant as a whole, among which 

(Adj-SS = 0.0094) exerts the greatest influence. 

The P-value of the quadratic and interaction terms 

is 0.0001, which demonstrates the existence of 

significant nonlinear effects in the model, and the 

interaction term  contributes the most. 
 

4.1.4.Maximum stress 

Similarly, the response surface model for 

maximum stress is established by the stepwise 

regression method. The overall fitting 

performance and analysis of variance of the 

model are presented in Table 6 and Table 7. 

 
Table 6. Model fitting metrics 

S R-sq R-sq(Adjusted) 

10.9784606 99.72% 99.38% 

 
Table 7. Analysis of Variance Table 

Source of 

Variation 
df Adj-SS F-value P-value 

Model 12 429867.0958 297.215 0.0000 

Linear 5 320561.0878 531.934 0.0000 

 1 112.9204 0.937 0.3559 

 1 3346.0290 27.762 0.0004 

 1 25020.2407 207.591 0.0000 

 1 288323.6253 2392.199 0.0000 

 1 3708.6838 30.771 0.0002 

1 67288.0926 558.284 0.0000 

1 84922.1247 704.592 0.0000 

1 6222.1727 51.625 0.0000 

1 6239.5386 51.769 0.0000 

1 5923.8036 49.149 0.0000 

1 12956.5290 107.499 0.0000 

1 1055.9413 8.761 0.0143 

Square+ 

Inter
7 109306.0080 129.558 0.0000 

Error 10 1205.2660   

Total 22 431072.3618   

 

4.2.Global sensitivity analysis 
The Sobol variance decomposition method was 

used to quantify the contribution of input 

parameters to the outputs of maximum 

deformation and maximum stress, clarifying the 

individual contribution, total contribution, and 

interaction characteristics of each parameter. 
 

4.2.1.Maximum deformation 
As shown in Fig. 5, ambient temperature is the 

core control parameter for maximum deformation. 

Its first-order sensitivity index  is as high as 

0.9431, and the total effect index  is 0.9526, 

contributing more than 95% of the total variance. 

Welding energy is the secondary influencing 

parameter, accounting for approximately 4% of 

the total variance. In contrast, thermal 

conductivity, penetration depth and cooling time 

have virtually no substantial impact on maximum 

deformation. 
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Fig. 5.Comparison chart of sensitivity indices for 

maximum deformation 

4.2.2.Maximum stress 
As illustrated in Fig. 6, ambient temperature is the 

core control parameter for maximum stress. Its 

sensitivity index  is 0.9112 and the total effect 

index  is 0.9114. The difference between  

and  is only 0.0002, indicating that the 

independent effect of this parameter is absolutely 

dominant, and its interaction with other 

parameters is extremely weak. Welding energy 

accounts for approximately 9% of the total 

variance and serves as a secondary influencing 

factor. In contrast, the effects of thermal 

conductivity, penetration depth and cooling time 

are negligible. 

 
Fig. 6.Comparison chart of sensitivity indices for 

maximum stress 

4.3.Uncertainty quantification(UQ) 
The normal distribution of cooling temperature is 

fitted based on the 2024 temperature data of the 

equipment location to determine its mean and 

standard deviation. For the remaining parameters, 

the mean values of their normal distributions are 

set according to the actual welding process 

parameters of the components, while the standard 

deviations are comprehensively determined based 

on equipment accuracy and engineering 

experience. The specific variation ranges are 

presented in Table 8. A total of  Monte Carlo 

samplings are performed on the input parameters, 

and the statistical characteristics of the output 

indicators are calculated by the surrogate model. 
 

Table 8. Fluctuation characteristics of input 

parameters 

      

Mean 
1(base

line) 
7 20.7 156 1200 

Std. 0.01 
0.066

67 
5.59 0.78 20 

 

4.3.1.Maximum deformation 
As shown in Table 9 and Fig. 7, the coefficient of 

variation of the maximum deformation is 3.41 %, 

and the width of the 95% confidence interval is 

0.0214 mm. The relative deviations between 

extreme values and the mean are all less than 7 %, 

indicating favorable overall stability. The 

uncertainty distribution of the maximum 

deformation presents a bimodal skewed 

distribution. The primary peak concentrates in the 

range of 0.167–0.172 mm, while the secondary 

peak appears around 0.152 mm. This 

phenomenon reveals that quadratic terms and 

interaction effects lead to the formation of two 

stable states. 
 

Table 9. UQ table for maximum deformation 

 

 
Fig. 7.UQ Distribution chart of maximum deformation 

Mean Std. CV 
95% Confidence 

Interval 
Min~Max  

0.1669 0.0057 3.41% [0.1519, 0.1733] 0.1467~0.1775 
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4.3.2.Maximum stress 
As shown in Table 10 and Fig. 8, the 95% 

confidence interval width of the maximum 

residual stress reaches 81.78 MPa, and the global 

maximum value is 13.5% higher than the mean 

value, indicating that the stress may rise under 

extreme operating conditions. The uncertainty 

distribution of the maximum residual stress 

exhibits a right-skewed characteristic. The main 

peak corresponds to the stable stress level under 

most working conditions, while the long tail on 

the right side corresponds to a small number of 

high-stress conditions. This indicates that the 

combination of high welding energy and low 

cooling efficiency will cause a significant 

increase in residual stress, leading to potential 

process risks. 
 
 

Table 10. UQ table for maximum stress 

 
4.4.Robust Design 

Since ambient temperature of welding equipment 

cannot be artificially controlled, the ambient 

temperature parameter is fixed at the average 

temperature of the equipment location in 2024. 

Only four parameters are optimized, including 

thermal conductivity, penetration depth, energy 

input and cooling time. The objective function is 

formulated to minimize the sum of the mean and 

standard deviation of maximum deformation and 

maximum residual stress. The optimal 

combination of process parameters is obtained by 

the PSO algorithm, as shown in Table 11.

Table 11. Optimal parameter combination table 

 

Fig. 8.UQ distribution chart of maximum stress 

 
(a) Maximum deformation 

 
(b) Maximum stress 

Fig. 9.Comparison chart of robust design and UQ 

As illustrated in  Fig. 9, with respect to the 

maximum deformation, the distribution curve 

after robust design shifts toward lower 

deformation values compared with the original 

uncertainty results, accompanied by a more 

concentrated distribution and a higher peak. This 

indicates that both the mean value and dispersion 

degree of deformation are effectively improved. 

For the maximum residual stress, robust design 

also achieves significant improvements. The 

corresponding distribution curve is markedly 

narrowed, and the long tail extending toward high 

stress values is substantially reduced, which 

Mean Std. CV 
95% Confidence 

Interval 
Min~Max  

699.8742 22.2009 3.17% [672.17, 753.95] 656.4~794.5 

 (mm) ( ) (J/mm) (s) 

  

Mean(mm) Std. Mean(MPa) Std. 

0.9700 6.8000 20.7 153.6600 1260.000 0.1652 0.0051 677.9792 21.5885 
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effectively suppresses the risks under extreme 

operating conditions. Overall, the proposed robust 

optimization strategy simultaneously reduces the 

mean values and restrains the fluctuation levels of 

both deformation and residual stress. It not only 

improves the overall welding quality but also 

mitigates the uncertainty caused by parameter 

variations, thereby effectively eliminating 

potential extreme risks in the welding process. 

5. Conclusion 
In this study, a process simulation model was 

established for the electron beam welding of the 

aero-engine compressor outer ring. Sample data of 

maximum deformation and maximum stress were 

acquired through numerical simulation, based on 

which a response surface surrogate model was 

established. Global sensitivity analysis and 

uncertainty quantification were subsequently 

performed using this surrogate model, and a robust 

design framework accounting for parameter 

variability was proposed. The results demonstrate 

that the optimal parameter combination significantly 

reduces the mean values of maximum deformation 

and maximum stress while effectively controlling 

their fluctuations. Although this study has achieved 

the intended research objectives, it still has certain 

limitations, primarily manifested in the consistency 

issue between numerical simulation results and 

physical test data. To address this, future research 

will conduct in-depth exploration in the field of 

model calibration and further enhance the accuracy 

of the simulation model by integrating physical 

experiments. 
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