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Motivation 

1. For complex engineering problems, multi-fidelity modeling has 

been used to achieve efficient reliability analysis by leveraging 

multiple information sources. However, most methods require 

nested training samples to capture the correlation between different 

fidelity data, which may lead to a significant increase in 

computational cost.  

2. Existing multi-fidelity surrogate-based modeling methods often 

use a scaling factor and an error term to represent the relationship 

between different fidelity samples. However, the scaling factor and 

error term cannot completely consider possible nonlinear 

relationships, which may lead to an incorrect trend and unreliable 

predictions. JZ
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Main idea 

1. To improve the model’s ability to represent the relationship 

between information with different fidelities, we introduce the 

nonlinear autoregressive scheme and construct a multi-fidelity 

surrogate named the nonlinear autoregressive multi-fidelity Kriging 

(NAMK) model. 

2. In the process of model refinement, the traditional learning 

function is replaced by a collective multi-fidelity learning function, 

which selects new sampling points from the multi-fidelity sample 

space by comprehensively considering the sampling cost and the 

correlation between multi-fidelity samples.  

3. To further reduce the number of samples, instead of directly 

sampling, nested low-fidelity samples are generated using a 

constructed residual model when selecting high-fidelity samples. JZ
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Proposed method 

The main steps of the proposed 

method are as follows: 

1. Initial multi-fidelity samples are 

selected within the specified parameter 

range, and the NAMK is used to build 

the initial surrogate model. 

2. The integrated learning function 

determines the location and fidelity 

level of new samples. 

3. Once a high-fidelity sample is 

selected, nested low-fidelity samples 

are generated using a residual model, 

and the model is updated with the new 

samples. 

4. The active learning process is 

terminated using a stopping criterion 

based on relative error estimation, and 

failure probability results are obtained. Fig. 1  Flowchart of the proposed method 
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Case 1: multimodal function 

Table 1  Results of different methods for the multimodal function 

Fig. 2  Boxplots of cost (a) and relative error (b) of different methods 
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Case 2: 4-D PARK function 

Table 2  Results of different methods for the 4-D PARK function 
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Case 3: vehicle side impact problem 

Table 3  Results of different methods for the vehicle side impact problem 

Fig. 3  Relative error of failure probability of different methods (shown in log-scale) 

Case studies 

JZ
US-A



Case studies 
Engineering application: aircraft tubing 

Table 4  Results of different methods for the aircraft tubing problem 

Fig. 4  Simulation results of the high-fidelity model (a) and low-fidelity model (b) 
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Conclusions 

1. The proposed multi-fidelity modeling and active learning-based 

reliability analysis method improves the efficiency and accuracy of 

failure probability estimation. 

2. The NAMK model effectively captures the nonlinear relationships 

between multi-fidelity samples, enhancing the accuracy of the 

surrogate model. 

3. The multi-fidelity learning function, considering both multi-fidelity 

sample correlation and sampling cost, adaptively determines the 

location and fidelity level of new samples. 

4. The use of the residual model to generate nested low-fidelity 

samples reduces the number of low-fidelity model calls when high-

fidelity samples are selected by the learning function. JZ
US-A




