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ABSTRACT 

 

Certification of composite aerostructures is typically achieved via analysis 

supported by testing, following the building block approach. Analysis of failure and 

crash at different scales, as well as design iterations and optimization, require fast and 

validated numerical models. Given the complexity and interactions of multi-failure 

mechanisms in composites, high-fidelity FE models are often needed to explicitly 

simulate the behavior of individual layers and their interlaminar interfaces, using a mix 

of continuum and discrete damage models. However, high-fidelity FE models require a 

considerable amount of time to set up, calibrate, and perform. On the other hand, low-

fidelity modeling approaches, such as laminate-based smeared models, may provide 

reduced accuracy in some cases, while offering shorter simulation times and thereby 

lower computational costs.  

In this study, progressive failure of Open-Hole Tension (OHT) tests on HEXCEL 

IM-7/8552 quasi-isotropic laminates are investigated using both low- and high-fidelity 

FE models. A Machine Learning (ML) technique is then employed to perform a 

comparative study between the inputs and outputs of these models. The ultimate goal is 

to identify areas in the FE parameter space where the low-fidelity model can be used as 

a substitute for the high-fidelity model with reasonable accuracy and to discover the 

relationships among main parameters to reproduce high-fidelity results from the low-

fidelity model in an accelerated manner. To generate the low-fidelity model, a laminate-

based FE model was created in LS-DYNA, using a continuum elasto-plastic damage-

based material card, MAT081. The model parameters were varied randomly, and 

simulations were performed to generate a large database of low-fidelity FE results. 

Similarly, a ply-based FE model employing MAT261 for continuum intralaminar 

damage modeling combined with cohesive tiebreak contacts to capture discrete 

interlaminar delamination was created. This high-fidelity model was also used to 

generate another database of simulation results. Both databases were used to create a 

training set for an ML model, aiming to study the correlation between low- and high-

fidelity inputs that result in similar failure responses. The results enable increasing use 

of low-fidelity FE models to generate data for the training of ML models.1 
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INTRODUCTION 

 

Advanced composite materials are increasingly being utilized in aerospace 

components due to their exceptional specific strength and stiffness. Additionally, 

composites exhibit higher resistance against fatigue and corrosion, compared to their 

metallic counterparts, enabling the development of efficient designs while ensuring the 

safety of aerospace structures. In recent years, prominent aircraft models such as the 

Boeing 787 and Airbus A350 are composed of composites constituting at least 50% of 

their total weight [1]. It is anticipated that the utilization of composites in aerospace 

structures will continue to experience substantial growth in future designs. 

Analytical tools are essential for the design, manufacturing, and certification 

processes of composites. They enable engineers to predict and analyze performance, 

optimize designs, identify manufacturing issues, and provide analysis supported by tests 

for certification purposes [2]. One of the most well-established tools for failure analysis 

of composites is the finite element (FE) method [3]. Failure analysis by FE can be 

conducted using both low-fidelity and high-fidelity configurations. While low-fidelity 

approaches may yield lower accuracy, they offer the advantage of faster and more cost-

effective analysis. On the other hand, high-fidelity approaches are computationally 

more demanding, despite their relatively higher accuracy [4], [5]. 

Although high-fidelity models strive to incorporate as many underlying physics and 

geometry aspects of the problem as possible, low-fidelity and reduced-order modeling 

techniques are employed by intentionally neglecting one or more components from the 

model while minimizing the loss in overall accuracy. Low-fidelity finite element (FE) 

approaches are achieved through various techniques, including reducing dimensions 

(from 3D to 2D or 1D), implementing coarser meshing, simplifying elemental 

calculations, and assuming continuum elements for discrete structures [6]. In reduced-

order modeling approaches, the principal mechanisms contributing to the outcome are 

included, while secondary mechanisms are often neglected in the analysis.  

For failure analysis of composites, a low-fidelity analysis approach involves 

representing the entire laminate or sub-laminate as a continuum and disregarding the 

individual ply-level and interlaminar interactions. While this method has its own 

limitations and drawbacks including the inability to explicitly consider delamination, it 

provides fast and relatively reliable responses in some configurations including 

dispersed quasi-isotropic lay-ups [7]. It is worth mentioning that fast simulation is 

required for model calibration, allowables prediction at the coupon-level, and design 

optimization at larger scales [8]. Finding the specific ranges of FE parameters in which 

the low-fidelity model can perform as well as the high-fidelity model is always 

challenging. 

Given the notch sensitivity of composites, the open-hole tension (OHT) test is one 

of the key tests in the building block approach for generating allowables at the coupon-

level [9]. Validating numerical models for this crucial coupon is one of the basic 

requirements of the design and certification of composite aircraft [10]. In this study, we 

performed both low- and high-fidelity FE simulations on open-hole tension test coupons 

using the smeared damage approach at the laminate level to implicitly include the effect 

of discrete failure mechanisms such as splitting and delamination, and a ply-based 

approach to explicitly include the effect of delamination. Using both methods, a large 

number of simulations were performed by randomly varying FE inputs. The datasets 

from these simulations were analyzed using machine learning techniques to compare 
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the accuracy of models and to find the areas of FE inputs in which we can rely on a low-

fidelity model and areas in which we need correction factors to produce acceptable 

results from it. The results provide an effective guideline for accurately applying low-

fidelity modeling for notch sensitivity analysis in composites. 

 

MATERIALS AND METHODS 

 

In this study, we are performing explicit FE analysis, using the LS-DYNA package 

on OHT coupon. For the material system, we have used HEXCEL IM7/8552 which is 

a well-studied carbon fiber reinforced composite (CFRP) [11], [12]. The coupon layup 

consists of 16 layers of quasi-isotropic laminate with [45/0/-45/90]2s layup. The 

geometry, loading, and boundary conditions are presented schematically in Figure 1 

below [13]. 

 

 

 
 

Figure 1. Schematic preview of the model’s geometry and boundary conditions 

 

 

Finite Element Models 

 

In the current investigation, we employed the LS-DYNA explicit finite element (FE) 

package to conduct simulations encompassing both low-fidelity and high-fidelity 

approaches. In the scope of this study, we utilized the MAT081 material model for low-

fidelity modeling [14]. MAT081 is an isotropic elasto-plastic damage material model 

that has been successfully used for simulating composite failure by accounting for the 

complex failure of the laminate using the calibrated strain-softening response of an 

element [15]–[17]. In this laminate-based approach, since the interlaminar behavior of 

composites is not simulated, the computational cost as well as the calibration effort is 

significantly reduced. For a simple linear strain-softening damage response, only three 

parameters are needed for model calibration: Young’s modulus (related to the stiffness 

of the element), fracture energy (related to the damage saturation strain of the element), 

and continuum laminate-based strength (related to damage initiation strain of the 

element). It should be noted that it is a common practice to scale the damage saturation 

strain in such approaches based on the element size and following Bazant’s crack band 

scaling law. A schematic representation of the laminate-based model is available in 

Figure 2. 
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Figure 2. Graphical illustration of approaches used in this study for high- and low-fidelity models. 

 

For the high-fidelity model, in the present study, we incorporated LS-DYNA’s 

MAT261, which is an orthotropic damage-based material model specifically developed 

for composites failure by Pinho et al [18]. This model has been used in several 

applications for failure prediction of CFRP composites [13], [19]. It uses physical-based 

failure criteria to provide a representation of the ply-by-ply failure behavior [20]. For 

the interlaminar modeling, we used cohesive tie-break contact in LS-DYNA to represent 

the delamination by utilizing the mode I/II tractions and energies [21]. Although more 

physics is included in this model, the complexity in modeling, as well as the several 

additional parameters needed for the failure model, makes it much less cost-effective in 

comparison to the laminate-based model mentioned earlier. Please refer to Figure 3 for 

better illustrations of the two models. 

 

 

         
 

Figure 3. Low-fidelity (left) and high-fidelity (right) models as visualized in LS-PrePost® 

 

 

For the low-fidelity model, aside from isotropic elastic properties, elemental 

strength, and fracture energy (Se and Gf) are used as variables. For the high-fidelity 

model, there are 14 strength and energy parameters to be calibrated (10 for intralaminar 

and 4 for interlaminar failure properties). To reduce the number of parameters and focus 

only on the main contributing parameters, an initial sensitivity analysis was performed 

by generating 400 realizations of the high-fidelity model while varying all the 

parameters within their respective reasonable ranges. We could then analyze the 

sensitivity of each parameter on the final strength of the OHT coupon. Among the 14 

parameters, we narrowed down to two governing parameters in this coupon, which were 
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intralaminar strength (Xt), and mode II interlaminar (delamination) fracture energy 

(GII). Some examples of the sensitivity analysis results are available in Figure 4 below. 

 

 

 
Figure 4. Examples of the sensitivity analysis for high-fidelity model’s parameters 

 

 

Based on the performed sensitivity analysis in the previous step and the data 

available in the literature for elastic and strength properties of IM7/8552 lamina, we 

could specify the fixed parameters and ranges of variables for both models to simulate 

the OHT coupon failure [22]–[26]. It should be noted that the elastic properties of the 

quasi-isotropic laminate to be used in the low-fidelity model were calculated using 

IM7/8552 lamina properties and based on the classical lamination theory (CLT) [27]. 

Values used for the fixed and variable parameters for both models are available below 

in Tables I and II. The parameters are categorized and reported as elastic and failure 

properties, respectively. 

 

 
TABLE I. IM7/8552 ELASTIC PROPERTIES USED IN THE HIGH-/LOW-FIDELITY 

SIMULATION OF THE OHT COUPON [22]–[25] 

High-fidelity Elastic Parameters 
Values/ 

Ranges 
Low-fidelity Elastic Parameters 

Values/R

anges 

Longitudinal Modulus E11 161 GPa Calculated Elemental Young’s Modulus (Ee) 61.7 GPa 

Transverse Modulus E22=E33 11.4 GPa Calculated Elemental Shear Modulus (Ge) 23.2 GPa 

In-plane Shear Modulus G12 5.17 GPa Calculated Elemental Poisson’s Ratio (υe) 0.332 

Out-of-plane Shear Modulus G23 3.98 GPa   

In-plane Poisson’s ratio υ21 0.023   

Out-of-plane Poisson’s ratio υ32 0.436   
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TABLE II. FIXED AND VARIABLE RANGES FOR DAMAGE PROPERTIES OF IM7/8552 USED 

IN THE HIGH-/LOW-FIDELITY SIMULATION OF THE OHT COUPON [22]–[26] 

High-fidelity Damage Parameters 
Values/ 

Ranges 

Low-fidelity Damage 

Parameters 

Values/ 

Ranges 
Longitudinal Tensile Strength XT 0.7 - 3.8 GPa Elemental Tensile Strength Se 0.4 - 1.9 GPa 

Longitudinal Compressive Strength XC 1.20 GPa Elemental Fracture Energy Gf 50 - 150 kJ/m2 

Transverse Tensile Strength YT 111 MPa   

Transverse Compressive Strength YC 199.8 MPa   

In-plane Shear Strength SL 92.3 MPa   

Fiber Tensile Fracture Energy Gf
T 196.2 kJ/m2   

Fiber Compressive Fracture Energy Gf
C 80 kJ/m2   

Matrix Longitudinal Fracture Energy Gm
L 0.38 kJ/m2   

Matrix Transverse Fracture Energy Gm
T 0.26 kJ/m2   

Shear Fracture Energy GIIC 1.34 kJ/m2   

Interlaminar Failure Stress (Normal) Sn 60 MPa   

Interlaminar Failure Stress (Shear) Ss 90 MPa   

Interlaminar Mode I Fracture Energy GI 0.2 kJ/m2   

Interlaminar Mode II Fracture Energy GII 0.2 - 1.8 kJ/m2   

 

 

Consequently, we performed 50 high-accuracy high-fidelity simulations, each 

taking about 2 hours, based on randomly generating the aforementioned governing 

parameters. On the other hand, based on the very short amount of time required to 

simulate the low-fidelity model, 1200 simulations were performed, each taking 2.5 

minutes. The results of these simulations were collected and then transferred into the 

machine learning framework for further analysis. 

 

Machine Learning Framework 

 

Despite producing a relatively large amount of data points from low-fidelity 

simulations, only 50 data points were generated using the high-fidelity approach. This 

small amount of data may pose a challenge for machine learning analysis using 

traditional deep learning methods. However, probabilistic machine learning methods 

such as Gaussian process regression (GPR) have emerged as a promising regression 

method in such cases. By utilizing Bayesian inference and assuming a Gaussian 

distribution, this approach effectively handles limited data by considering uncertainty 

in predictions.  

To analyze the data from FE models, we used GPR to examine both high-fidelity 

and low-fidelity models' outcomes. Firstly, we employed the GPR model to predict the 

strength of the Open-Hole Tension (OHT) specimen using given inputs for the high-

fidelity model (Xt and GII). Afterward, using the predicted OHT strength value, we 

employed another GPR model to inversely determine the input parameters of the low-

fidelity model. This inverse prediction technique allowed us to establish a correlation 

between the input parameters of the low-fidelity and high-fidelity models to produce 

the same coupon-level behavior. Based on these, we can create a framework that 
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leverages the predictions made by the fast low-fidelity model, but with the accuracy of 

high-fidelity modeling. Figure 5 shows a flowchart of the mentioned framework. 

 

 

 
 

 
 

Figure 5. A flowchart illustrating the multi-fidelity framework, and the resulting calibrated low-fidelity 

model in comparison to high-fidelity FE modeling. 

 

 

RESULTS AND DISCUSSION 

 

The input parameters for both models were picked from a uniform distribution in a 

relatively large range to capture all the variabilities and to be able to compare the two 

models, as the inputs were different in nature. After performing 50 simulations for the 

high-fidelity model and 1200 simulations for the low-fidelity model, and recording the 

strengths of the OHT coupon, we observed a similar trend in the distributions in results. 

Results for OHT strength values are plotted in Figure 6 below. 

 

 

          
 

Figure 6. Distribution of resulted strength for high-fidelity (left) and low-fidelity (right) OHT models 

 

 

Based on the results from both models, we performed GPR training using the input 

parameters and the OHT simulated strength values. Since the input values are not the 

Testing/Calibration Process 

Multi-fidelity Surrogate Framework based on Machine Learning 
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same, we trained the GPR surface separately. A Matérn kernel was used as the GPR 

kernel and its parameters were trained to a score of about 99%. As mentioned in the 

previous section, one of the key advantages of GPR is that it can provide a probabilistic 

zone, which represents a 90% confidence interval. This confidence zone was used in 

predicting the corresponding low-fidelity input ranges for the calibration process (see 

Figure 5). Figure 7 illustrates the fitted GPR surfaces and the respective 90% confidence 

intervals (upper 95% and lower 5%), for both models. 

 

  
Figure 7. Trained GPR surface of the high-fidelity (left) and low-fidelity (right) showing OHT strength, 

based on initial respective parameters (light-colored surfaces show 95% confidence boundaries) 

 

 

Testing and Validation 

 

For testing the entire framework, we used 10% percent of the high-fidelity 

simulation results. Accordingly, the training set was chosen as 90% of the results. The 

input values of the testing set were introduced into the multi-fidelity surrogate 

framework. 90% confidence ranges for low-fidelity input parameters were extracted and 

used in the testing/calibration process (see Figure 5). The results of the testing process 

are available below in Table III. 

 

 
TABLE III. MULTI-FIDELITY SURROGATE FRAMEWORK TESTING DATA 

 HF parameters LF parameters OHT Strength 

Discrepancy 

(%) 
Xt 

(MPa) 

GII 

(kJ/m2) 

Se 

(MPa) 

Gf 

(kJ/m2) 

1 2057 0.79 1586 83.1 4.8 

2 720 0.40 883 59.8 0.9 

3 971 1.52 1162 118.2 1.1 

4 1371 1.00 1329 52.7 2.2 

5 1489 1.68 1493 114.7 3.9 
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CONCLUSIONS 

 

The presented methodology shows substantial potential to correlate results from 

high-fidelity and low-fidelity models, specifically in the context of OHT failure analysis 

of quasi-isotropic laminates. While the accuracy of the combined ML and multi-fidelity 

modeling approach is comparable to that of high-fidelity simulation, the speed is similar 

to the speed of the low-fidelity modeling approach. The current framework has the 

flexibility to be extended to include more input parameters from both high and low-

fidelity models and accommodate different coupon geometries. As shown in this study 

for OHT analysis, not all input parameters may be equally impactful for a given 

geometry. As such, it is important to conduct sensitivity analysis before training ML 

models. The accuracy and robustness of the framework can be further improved in the 

future, by training it with additional simulation data.  
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