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ABSTRACT 

 
In recent years, there has been a growing interest in using machine learning (ML) to study progressive 
damage and predict strength of notched composite laminates [1] In the literature, training data for ML 
is often generated from simplified progressive damage models by excluding anisotropy and certain 
failure mechanisms such as delamination in order to increase efficiency of data generation. However, 
this may result in inaccurate predictions, especially in cases where delamination is not insignificant 
[2].  
 
The objective of this research is to use ML to predict open-hole tension (OHT) strength and failure 
strain of IM7-8552 quasi-isotropic carbon-epoxy composites after training with data of laminates with 
various laminating sequences. A large set of training data for the ML model was generated using a 
recently developed explicit finite element (FE) model capable of modeling not only matrix cracking 
and fiber failure but also delamination [3]. It employs a discrete crack model (DCM) technique, known 
as the floating node method (FNM) [4, 5], to simulate progressive damage patterns and obtain the 
strength of an OHT specimen. The model has been validated with limited experimental data [3]. In 
contrast to implicit FE, the explicit FE model is more efficient (i.e. significantly shorter CPU times) 
and does not encounter convergence issues while maintaining accuracy.  
 
The training data was generated by repeatedly running the IM7-8552 OHT FE model with various 
lamination sequences [w4/x4/y4/z4]s, where w, x, y and z are the fiber angles, which can assume values 
of either 0, ±20, ±30, ±40, ±60, ±75, 90 degrees, but must be distinct from one another. For example, 
[-204/604/04/-404]s is a valid training datapoint but [-204/604/04/604]s is not. The resulting OHT strength 
and failure strain extracted from each FE model were used to train an ML model to predict OHT 
strength and failure strain for 24 unseen test quasi-isotropic (QI) cases. For each prediction, the 
discrepancies between the ML-predicted and FE-predicted values in strength and failure strain are 
presented as percentage errors with respect to the FE results. An accurate prediction is defined as one 
in which both strength error and failure strain errors are within ±10%. Since there are 24 possible 
combinations of the numbers 0, ±45 and 90, there are 24 possible QI laminates, and the maximum 
possible number of accurate predictions is 24.  
 
By training the ML model (Random Forest) using 5982 generated training data, the ML model has 
successfully predicted 11 out of 24 unseen test cases within the defined acceptable error limits. 
However, the number of accurate predictions can be increased by employing active learning where the 
training data is segmented into two groups, labelled and unlabelled. The former is used to train the ML 
model, which is then used to predict OHT strength and failure strain for each of the 24 unseen test 
cases. Subsequently, some unlabelled data with the highest uncertainty are then recognised as labelled 
data and the ML model is re-trained to predict the same 24 unseen test cases. This process is repeated 
until all (or almost all) unlabelled data are recognised as labelled data. A maximum of 15 (out of 24) 
accurate predictions can be obtained with 5149 (out of 5982) training datapoints. It was also found that 
the definition of “strength” affects the accuracy of the predictions. We have explored alternative 
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definitions of “strength” as the applied stress obtained at the peak load, when the subsequent load drop 
is either 2% or 10% of the peak load. Further research is ongoing to determine the optimal ML model 
and hyperparameters to maximize accurate predictions.  
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