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中文摘要  

本研究針對短纖維複合材及仿生階層複合結構建立了一套以深度神經網絡預

測應力應變曲線的流程。從古至今，材料的發展一直都在帶領著人類生活不斷地進

步。近年來，因為電腦計算模擬技術、3D列印及機器學習等先進技術的蓬勃發展，

材料的設計得以更加深入地探討，能拓展的層面也越來越廣。因此，透過機器學習

輔助，在廣大的設計空間中藉由預測應力應變曲線來更加了解材料性質，找尋符合

需求的材料，是本研究主要的宗旨。 

短纖維複合材料的材料性質受許多因素影響，如纖維形狀、纖維含量、纖維的

的方向性及基體材料與纖維之間的介面的品質等。三維的有限元素分析能精準的

預測短纖維複合材料的材料性質；然而，計算需耗費相當大的計算資源及成本。因

此，本研究利用主成分分析（PCA）降維後訓練了深度神經網絡（DNN）預測模型，

建立材料組成物的性質以及由有限元素分析（FEA）得來的應力應變曲線的關係，

以預測短纖維複合材料的應力應變曲線，再由應力應變曲線求得其各應變下的應

力與勁度。此預測模型材料性質的決定係數（R2）皆高達 0.9以上，而預測之應力

應變曲線與真實值之應力應變曲線比較下的相對最大誤差大部分都小於 10%。此

外，本研究亦提出應用理論引導之機器學習（TGML）以及兩階段機器學習（two-

phase learning）之方法來提升預測模型之準確度。而上述方法可延伸應用於其他具

非線性材料性質之複合材料分析。 

另外，自然環境中生物材料具有相當好的機械性質與多功能性，因此值得我們

作為設計材料時的參考。本研究的仿生階層複合結構是啟發自骨頭的拓墣與竹子

的階層密度分佈。本研究運用主成分分析降維後訓練了另一個深度神經網絡預測

模型，建立複合材各階層之體積分率與來自二維三角晶格彈簧模型（LSM）模擬得

到的應力應變曲線的關係，以預測具破壞行為之仿生階層複合結構的應力應變曲

線，再由其應力應變曲線求得最大強度及韌性。此部分預測模型韌性的決定係數高

達 0.85，而強度的決定係數亦達 0.8。因此可驗證此預測模型可以準確且有效地預

測材料的應力應變曲線，在廣大的設計空間中能夠更快速地了解材料性質，更進一

步去促進材料設計的發展與最佳化。 
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Abstract 

In recent years, attributed to the advancement in computational simulations and 3D 

printing experiments, the development of materials has made considerable progress. 

Despite these material analysis methods providing highly accurate predictions of material 

properties, they are not feasible to explore the colossal design space of structural materials 

due to the high cost and time consumption. Therefore, in this research, machine learning 

techniques are utilized to predict stress-strain curves of different composite materials and 

further understand the mechanical behaviors of composites. 

Firstly, this study predicts the mechanical response of short fiber-reinforced 

composites (SFRCs). The properties of SFRCs greatly depend on several factors, such as 

fiber shape, fiber content, fiber orientation, and the interphase quality between fiber and 

matrix materials. Three-dimensional finite element analyses (FEA) for the SFRCs predict 

composite properties accurately; however, the tremendous consumption of computational 

cost and time is a critical disadvantage. With the aid of machine learning techniques, the 

predictions of the composite properties can be produced effectively and accurately at the 

same time when having a sufficient amount of data. In this research, we propose a 

machine learning approach via training a deep learning network with the FEA dataset to 

predict the nonlinear mechanical response of short fiber-reinforced composites. Moreover, 

theory-guided machine learning (TGML) and two-phase learning approaches are adopted 

to enhance predictive performances. Our results show that TGML and two-phase learning 

methods can capture more information on the data and thus improve predictive 

performances. The proposed method can be extended to other composite analyses with 

nonlinear mechanical behavior. 

Secondly, the mechanical responses of bio-inspired layered structural composites are 
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predicted in this work. Biological materials evolve extraordinary protective systems to 

survive the competitive environment, thus having outstanding mechanical properties and 

multifunctionality. For instance, bone and bamboo are both bio-composites with superior 

mechanical properties. In this research, the composite structures are inspired by the 

topology of bone and the density distribution of bamboo. To explore the vast design space 

of structural materials, we developed a machine learning-based surrogate model using a 

combination of principal component analysis (PCA) and deep neural networks (DNN) 

and predicted the entire stress-strain behavior of the bio-inspired layered composite 

structures. The results show that the surrogate model is accurate and efficient for 

investigating the design space. The proposed approach in this work can be extended to 

other composite structures to accelerate material design and optimization.  

 

Keywords: Machine Learning, Deep Neural Network, Short Fiber-reinforced Composite, 

Theory-guided Machine Learning, Two-phase Learning, Bio-inspired Layered Structural 

Composite 
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Chapter 1 Introduction 

1.1 Background and Motivation 

 Composites have permeated our daily lives and have played an important role in the 

evolution of human civilization. Humans have been using composite materials for 

thousands of years in different ways and in various applications. Date back to 1500 B.C., 

Egyptians and Mesopotamian builders and artisans used straws to reinforce mud bricks, 

pottery, and boats. In about 1200 A.D., composite bows were invented by Mongols with 

a combination of bones, horns, bamboo, and wood bonded with natural pine resin. The 

powerful and accurate composite bows led Genghis Khan to dominate almost half of the 

world. During World War II, many composite materials were developed and moved from 

research to actual production with the advantages of being light-weighted and strong. 

Since then, the usage of composite materials has begun to expand rapidly. 

 

 

Fig 1.1: Toughness and stiffness for different materials [1]. 

 

Most engineering structural materials require stiffness and toughness; however, as 

shown in Fig 1.1, the properties of stiffness and toughness are mutually exclusive. By 

contrast, composite materials, which are made of two or more distinct materials with 
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diverse mechanical, physical, and chemical properties, have different performance 

characteristics. Due to the combination of typically soft and stiff materials, the stiff-soft 

mechanism, hierarchical geometry, and multiscale hybrids give the composite better 

mechanical properties. Besides synthetic composites, composites also exist in nature. For 

instance, bone, composed of collagen and hydroxyapatite in a hierarchical geometry, has 

not only outstanding strength-to-weight and stiffness-to-weight ratio but also a 

remarkable fracture toughness. As shown in Fig 1.2, synthetic and natural composite 

materials have toughness values far exceeding their basic building blocks. With such 

significant mechanical behaviors, composite materials have drawn more and more 

attention from researchers. 

 

 

Fig 1.2: Projections for natural and synthetic materials [2]. 
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To meet the need for higher and higher strength and stiffness while still having a 

light weight simultaneously, applying composite materials, especially fiber-reinforced 

composites, is a good solution in a wide range of industries such as aerospace, automotive, 

and construction. Fiber-reinforced polymer is one of the most commonly used composites 

since it can offer many benefits, including lightweight, lower material costs, corrosion 

resistance, durability, and design flexibility. Fiber-reinforced polymers have different 

properties and applications depending on the matrixes and reinforcements, their ratio of 

the two materials, the bonding between fiber and polymer matrix, etc. Thus, various 

methods were proposed to analyze the properties of fiber-reinforced polymer composite. 

Knowing the effective responses of fiber-reinforced composites is the key to 

optimizing materials to satisfy the demand of various industries. Hence, many methods 

are proposed to understand more about the mechanical behaviors of materials. Many 

researchers have investigated several homogenization methods based on analytical 

formulations. However, even though homogenization methods can predict material 

properties faster than experiments, these methods have restrictions because of 

mathematical assumptions. Because of the improvement of computational capability, the 

finite element method (FEM) has been widely applied to analyze composite material 

properties [3]. Numerical modeling can predict entire stress-strain curves so we can get 

inelastic properties such as strength and toughness. Nevertheless, the nonlinear behavior 

of materials, consideration of the cohesive interphase, and complexity of structures result 

in a significant increase in the computational costs of FEM, which limits its applicability. 

Recently, machine learning techniques have been applied to composite analysis based on 

data generated from either homogenization or finite element methods. Predictions of the 

outputs can be immediately produced after we feed inputs into a trained machine learning 

model. However, a sufficient amount of data is required to ensure that the prediction is 
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reliable.  

It is widely accepted that the performance of a deep neural network (DNN) model 

can be enhanced by getting a larger dataset. Nonetheless, obtaining a large dataset is often 

arduous because of high time and cost consumption. Therefore, there is a need to apply 

techniques such as theory-guided machine learning (TGML) or two-phase learning to 

create high-performance learners trained with limited data.  

 

1.2 Literature Review 

With notable advantages like high toughness, high strength, light weight, and ease 

of fabrication, composite materials offer a possible solution for various usages. 

Composites play an essential role in civil engineering [4], automotive fabrication [5], 

aerospace industry [6], and also military technology [7]. To fulfill the need for a wide 

range of applications, researchers regard understanding the mechanical properties of 

composite materials as a crucial key. 

Defined as materials made by mixing two or more chemically and physically distinct 

components, composites are divided into three types based on the material of the matrix 

phase. These include: metal matrix composites (MMCs) [8, 9], ceramic matrix 

composites (CMCs) [10-12], and polymer matrix composites (PMCs) [13, 14]. These 

matrixes bind the fibers together while the fibers are the load-bearing component of the 

composites. Hence, the materials of fibers are also important for the composites, which 

attracted researchers to investigate composites composed of different types of fibers. In 

particular, carbon fibers and glass fibers are the most commonly used in composites [15]. 

Besides, with the increasing environmental awareness, the high cost of carbon fibers, and 

the threat of a shortage of raw materials, the demand for natural fibers [16, 17] and 
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recycled fibers [18-20] is rising. 

 For short fiber-reinforced composites (SFRCs), the external loads are not directly 

applied to fibers. The load is applied to matrix materials and then transferred to the fibers 

by fiber ends and the surfaces of fibers. Consequently, the fiber aspect ratio greatly 

influences the properties of SFRCs [21, 22]. Moreover, the properties of short fiber-

reinforced composites also significantly depend on several factors such as fiber shape 

[23], fiber content [24, 25], fiber coating [26, 27], fiber arrangement [28], and fiber 

orientation [29]. In addition, the effect of the interphase between fibers and matrix should 

also be taken into account since it affects the load transferring to fibers and thus has a 

large impact on the material properties [30-32]. 

 

 

Fig 1.3: Multiscale simulation strategy for virtual testing of SFRCs [33]. 

 

 Since so many factors affect the mechanical behavior of SFRCs, researchers have 

made an effort to analyze the properties of SFRCs. Takayanagi et al. [34, 35], Halpin [36-
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38], Christensen [39], and Epaarachichi et al. [40] derived models to predict the stiffness 

of SFRCs. Several homogenization methods have been suggested to calculate the 

effective material behavior [41-44]. Although the homogenization theory can predict 

composite properties fast, homogenization methods are limited because some are only 

valid when the fiber volume fraction is low [45-47] or the fibers are in particular shapes 

[48]. Therefore, researchers carried out experiments [49-51] and numerical simulations 

such as FEM [3, 33, 52-56] that offer highly accurate predictions of composite properties. 

For instance, as shown in Fig 1.3, Wang et al. [33] presented a multiscale approach to 

generate a microscale representative numerical model of aligned fiber composites, 

investigate the mesoscale mechanical performance of possible material defects, and 

predict macroscale effective properties and failure behaviors of SFRCs. 

 In recent decades, understanding the properties of bio-inspired composites has been 

a popular subdiscipline of material science. After millions of years of evolution, natural 

materials are equipped with unique protective systems to survive the competitive 

environment, which leads to the outstanding mechanical properties and multifunctionality 

of natural materials. Naleway et al. [57] proposed the eight most common structural 

design elements in biological materials, including fibrous, helical, gradient, layered, 

tubular, cellular, suture, and overlapping, as shown in Fig 1.4. Based on these design 

elements, researchers have endeavored to understand the complicated composite 

structures composed of the building blocks and their effects on mechanical behavior [58-

61]. For example, as shown in Fig 1.5, Libonati et al. [62] manufactured bone-inspired 

composite samples and investigated their fracture behavior in mechanical tests. The bone-

inspired design is proved to be crucial for toughness improvement and balance with 

material strength. Additionally, a computational framework is proposed by Libonati et al. 

[63] to predict the failure and behavior of bone-inspired composites. As another 
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enlightening natural material, bamboo is taken as a gradient structure with different 

volume fractions in each layer, as shown in Fig 1.6. Long et al. [64] conducted tensile 

tests and finite element analyses to show the effect of gradient topology on the mechanical 

behavior of the bamboo structures. The biological dataset in this thesis is inspired by bone 

and bamboo, which can be classified as cellular and gradient structures. 

 

 

Fig 1.4: The eight most common biological structural design elements [57]. 
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Fig 1.5: Bone-inspired composite. (a) Biomimetic approach. (b) Schematic of the 

sample geometry, applied loading condition, and corresponding stress-strain curve for 

the base materials. (c) Types of composites [62]. 

 

 

Fig 1.6: Natural bamboo with both gradient and cellular structures. (a) Cross-section of 

natural bamboo. (b) The volume fraction of each layer [64]. 
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 Although conducting experiments and FEM can predict composite properties 

accurately, the efficiency, high computational cost, and large time consumption are huge 

drawbacks. Hence, implementing machine learning-aided property prediction can be a 

significant breakthrough by training an ML model with a sufficient dataset [65]. Gu et al. 

[66] trained ML models with data labeled by the FEM model and predicted the strength 

and toughness of 2-D composites in a checkerboard system. Fig 1.7 depicts the flow chart 

of their ML approach for an 8 by 8 composite system. Their results demonstrate their ML 

models’ capability to predict mechanical properties accurately and thus offer the 

opportunity to study more extensive systems.  

Stress-strain curves contain information on material mechanical properties, such as 

strength, stiffness, and toughness. Yang et al. [67] predicted the entire stress-strain curves 

of binary composites by implementing principal component analysis and ML. Fig 1.8 

presents the workflow of their modeling process for the 121-square-block composite plate 

system. Their study shows the potential of using machine learning methods to predict 

stress-strain curves. 

 There are several ways to improve the predictive performances of ML when the 

amount of data is limited. For instance, transfer learning, two-phase learning, and TGML 

are suitable methods to apply. Transfer learning is applied to improve a learner from one 

domain via transferring information from a related domain [68, 69]. Thus, transfer 

learning is often used when large data volumes are unavailable [70]. Jung et al. [71] 

generated a sufficiently large dataset with a low computational cost while less accuracy 

by homogenization theory to train the DNN model. Subsequently, transfer learning was 

applied to fine-tune the pre-trained DNN model with a relatively small but accurate FEA 

dataset. The framework of their transfer learning approach is depicted in Fig 1.9. Their 

results show that ML and transfer learning techniques can improve the accuracy and 
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efficiency of composite analysis while having a small dataset. In addition, two-phase 

learning is another ML technique to enhance the predictive model’s performance. As its 

name implies, two-phase learning uses two algorithms together. The first algorithm is 

used for collecting essential characteristics from the dataset, and the second algorithm is 

used to predict the values. The approach shows great potential to produce correct and 

effective predictions [72]. Last but not least, theory-guided machine learning (TGML) is 

the other ML application in engineering problems. TGML relies on not only virtual or 

physical data but also the physical laws related to the problem (i.e., theory or domain 

knowledge). During the training process of ML models, a theory can be utilized to define 

physics-based features or any element in the model architecture. Zobeiry et al. [73] 

adopted TGML to predict the damage properties of composites. Their proposed strategy 

shows the effectiveness of TGML in reducing experimental efforts for damage 

characteristics in composites. 

 

 

Fig 1.7: The flow chart of the ML approach using the linear model for an eight-by-eight 

system [66]. 
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Fig 1.8: Workflow of the modeling process to predict stress-strain curve by CNN model 

[67]. 

 

Fig 1.9: The overall workflow for applying transfer learning to predict stress-strain 

curves of fiber composites [71]. 
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1.3 Objectives of the Thesis 

It is noteworthy that machine learning is generally regarded as a powerful tool to 

utilize in real-life applications, including predicting the mechanical properties of 

materials. Hence, this study is aimed to implement machine learning techniques to 

provide predictions of stress-strain curves of composites. We divide this thesis into three 

parts to achieve our goal. Firstly, the predictive model based on deep neural networks will 

be trained with inputs of parameters of the material composition to offer stress-strain 

curve predictions of face-centered-cubic (FCC) structured representative volume element 

(RVE) SFRCs. Secondly, TGML and two-phase learning approaches are applied, and 

their effects on the results are compared. Thirdly, the stress-strain curves of bio-inspired 

layered structural composites will be predicted via another DNN model. We believe the 

work done in this thesis can provide an efficient method to get reliable predictions of 

stress-strain curves and thus help to understand more about materials. 
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1.4 Organization of the Thesis 

The thesis is organized as follows: Chapter 2 gives an overview of the data 

generation and methods used in this thesis, in which the SFRC dataset, bio-inspired 

layered structural composite dataset, principal component analysis, and machine learning 

methods are discussed. Next, the setups and results of the predictive model for stress-

strain curve predictions of face-centered-cubic-structured RVE SFRCs are presented in 

Chapter 3. Further, the procedures, results, and comparisons for applying TGML and two-

phase learning to predict stress-strain curves of the SFRCs are described in Chapter 4. 

Additionally, the results of stress-strain curve predictions of bio-inspired composites are 

included in Chapter 5. Eventually, the conclusions of this thesis are mentioned in Chapter 

6, along with some future works. 
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Chapter 2 Materials and Methods 

In this chapter, the FCC-structured SFRC dataset and the dataset of bio-inspired 

layered structural composites inspired by bone and bamboo are described. Further, 

principal component analysis and the theoretical background of machine learning 

methods are followed. 

 

2.1 Data Generation 

2.1.1 FCC-Structured RVE SFRC Dataset 

As described in Chapter 1, for SFRCs, the load applied to matrix materials is 

transferred to the fibers by fiber ends and the surfaces of fibers. Interphase, a zone of 

finite dimensions between the matrix and the fibers, exists in composite materials. This 

interphase has non-uniform mechanical properties depending on the manufacturing 

machine, materials, and process. Although the interphase thickness may seem small and 

insignificant, the interphase quality is directly linked to the properties of the composite 

material and its mechanical performance. Hence, the effect of interphase will be 

considered in the FEM simulations. 

The FEM accurately evaluates the stress distribution and yield inside a composite 

when the composite is applied to mechanical load. If the numerical method is carefully 

executed, we take the results from the FEM as ground truth. In this study, the commercial 

software ABAQUS [74] is employed. As shown in Fig 2.1, we generated RVE models 

and arranged the fiber into an FCC configuration. To represent the behavior of bulk 

composites, we considered periodic boundary conditions for the RVE [75, 76]. Half of 

the RVE was used to conduct the analysis, and symmetric boundary conditions were 

applied to the back side of the RVE model. About 4,000 to 9,000 elements are required 
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for models with a different aspect ratio of the reinforcements to ensure convergence. 

 

 

Fig 2.1: FCC-structured RVE SFRCs for FEM. (a) Aspect ratio = 1. (b) Aspect ratio = 4. 

(c) Aspect ratio = 7. (d) Aspect ratio = 10. 

 

In normal conditions, fibers have much higher Young’s moduli than the matrix 

materials in most composites. In this study, we assumed the composite was composed of 

an elasto-plastic matrix and linear elastic short fibers. The composite composition can be 

characterized by seven parameters related to the elastic properties (Young’s modulus E0) 

and plastic properties (yield stress 𝜎!, hardening modulus k) of the matrix, the elastic 

properties (Young’s modulus E1) and aspect ratio (AR) of the reinforcements, as also the 

cohesive properties (normal and tangential stiffness components K and the peak values 

of the contact stress tmax) of the interphase. The interphase properties are defined by the 

function of surface-based cohesive behavior in ABAQUS. The Poisson’s ratio of the 

matrix, the Poisson’s ratio of the reinforcements, and the volume fraction of the 

reinforcements are fixed to 0.35, 0.3, and 20%, respectively. After normalizing E1, 𝜎!, 

and k with E0, we can transform the input parameters into a set of six parameters. The 
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normalized six parameters are taken as the input, and the stress-strain curve of the 

composite under uniaxial loading is taken as the output. The ranges of each input 

parameter considered in this study are presented in Table 2.1. These parameters greatly 

influence the stress-strain curves of SFRCs. Examples of the effect of cohesive-related 

parameters, i.e., the ratio of the stress of composites with the effect of interphase to that 

of tie (perfectly bonded) composites, are depicted in Fig 2.2. The relationship between 

these parameters and the stress-strain behavior is a problem of great complexity. Hence, 

implementing deep learning techniques is an excellent choice to predict the nonlinear 

behavior of stress-strain curves of SFRCs. 

 

Table 2.1: Input parameters with given ranges for elasto-plastic composite. 

 

 

 

Fig 2.2: Illustration of the effect of interphase properties K and tmax.  
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2.1.2 Bio-Inspired Layered Structural Composite Dataset 

The bio-inspired layered structural composite dataset was designed based on the 

bone-inspired topology combined with the concept of having various soft inclusion 

densities in each layer like bamboo. For all models in the dataset, the volume density of 

inclusion for the whole structure is fixed at 25.26%. In this study, we chose the elliptical 

pattern, which was proved to have the best mechanical performance in the study of 

Libotani et al. [63], and the volume fractions of each layer are 18.02%, 22.24%, 28.02%, 

35.36%, and 46.80%, which are referred to that of Long et al.’s work [64]. However, 

unlike bamboo structures with gradationally distributed density in each layer, the volume 

fractions are shuffled in this work, as shown in Fig 2.3.  

 

 

Fig 2.3: Illustration of the bio-inspired layered structural composite. 

 

As depicted in Fig. 2.4(a), the topology comprises the inclusion and matrix with a 

dimension of 25600 x 25600 x 1 cubic unit length. Firstly, the matrix is divided into 8x8 

squares. Each square will have two elliptical inclusions with an aspect ratio (AR) of 2.25. 
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Hence, there will be 128 elliptical inclusions in total for each model. Secondly, the whole 

model is divided into 8 layers, and the area of the elliptic inclusion is calculated according 

to the density 𝜌 in each layer. The length of the elliptical inclusion a is obtained as 

follows:  

𝐴𝑅 = 	
𝑏
𝑎 = 2.25 ( 2-1) 

𝜌 = 	
2 × 2.25𝑎 × 𝑎 × 	𝜋

𝐿" 	 ( 2-2) 

𝑎 = / 𝜌𝐿
"

4.5𝜋	
( 2-3) 

 

After knowing all parameters we need to construct the composite structures, the discrete 

particle models are created by in-house Python codes. 

 

  

Fig 2.4: (a) Illustration of the composition of the composite. (b) Illustration of uniaxial 

tensile test simulation and LSM model. 
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We adopted the 2D lattice spring model (LSM) with hexagonal packing particles and 

a triangular spring network to predict the bio-inspired composite materials’ behavior. 

Each particle interacts with its nearest neighbors through harmonic springs (see Fig. 

2.4(b)). Stiff, soft, and interphase harmonic springs are the bonds connecting the stiff-stiff 

particles, the soft-soft particles, and the stiff-soft particles, respectively. The parameters 

of the harmonic springs referred to parameters in our previous work [61] are shown in 

Table 2.2. The potential energy in a harmonic spring is denoted as a function of the spring 

length l, the assigned stiffness of k, the equilibrium spring length l0, and the elongated 

spring length at breakage lb: 

𝑈(𝑙) 	= 	 5
1
2
𝑘(𝑙 − 𝑙#)", 𝑙 < 	 𝑙$

												0	,																			𝑙	 > 	 𝑙$		
 ( 2-4) 

 
where l0 is 100 unit length. Once the spring is extended longer than lb, the spring breakage 

dissipates energy stored in the spring, and we eliminate the broken spring from the model.  

 

Table 2.2: Parameters of the Harmonic Springs for Different Phases. 
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 We employed the LAMMPS code [77] to conduct  uniaxial tensile test simulations 

of the composite models. A 250 x 1500 notch is added to each model to simulate the mode 

I fracture. By displacing the left and right boundaries with 2.56 x 10-3 unit length per step 

and conducting energy minimization for every strain of 0.001, the loading-minimization 

cycles can ensure that the model's load transfer is correct. The stress-strain curve data is 

collected during the displacement-controlled simulations. 

 

2.2 Principal Component Analysis 

 Principal component analysis (PCA), a dimensionality reduction method, identifies 

an orthonormal basis and projects the data into a lower dimension [78]. The PCA 

algorithm involves the following steps: 

1. Standardize the n-dimensional dataset. 

2. Construct the covariance matrix. 

3. Calculate the eigenvectors and eigenvalues from the covariance matrix. 

4. Sort the eigenvalues by decreasing order to rank the corresponding eigenvectors. 

5. Choose m eigenvalues that correspond to the m largest eigenvalues, where the 

new feature subspace’s dimensionality is m (m	≤	n) 

6. Construct a projection matrix J from the first m eigenvectors. 

7. Transform the n-dimensional input by the projection matrix J dataset D to obtain 

the new m-dimensional feature subspace. 

Implementing PCA expresses a large set of variables with a smaller one but retains 

most of the information in the large set. A smaller set of variables is easier to explore and 

visualize, making data analyses much more efficient and straightforward. Hence, for a 

large dataset like stress-strain curves, PCA is an appropriate method to reduce the 
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variables of a dataset while preserving as much explanation of the data as possible. 

 

2.3 Machine Learning Approaches 

2.3.1 Fundamental Concepts of Machine Learning 

Machine learning is usually defined as a method that learns from data and experience 

to find patterns in the dataset and the operating rules and finally achieve artificial 

intelligence. As shown in Fig 2.5, traditional programming is a process that humans input 

rules or programs and data to be processed and then get the answers. On the other hand, 

in machine learning, the algorithm automatically formulates the rules from the data. These 

rules can further be applied to newly observed data to produce new predictions.  

 

Fig 2.5: Comparison between traditional programming and machine learning. 

  

 The three main elements of machine learning are representation, evaluation, and 

optimization [79]. Representation means that the choice of the hypothesis space 

determines whether it can be learned. Therefore, the way to represent the input or the 

selection of the features to use is what matters. Furthermore, an evaluation function 

differentiates good models from bad ones. Last but not least, optimization is the algorithm 

to search for the optimal model. 
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 When it comes to the different types of machine learning, supervised learning and 

unsupervised learning play crucial roles. In supervised learning, we have access to labeled 

input-output pairs that help train the model. Once the model is determined, it can provide 

predictions from new and unknown data labels. Supervised learning is further classified 

into two subgroups: regression and classification tasks. Regression tasks predict a 

continuous quantity, while classification tasks assign observations into discrete categories. 

On the other hand, unsupervised learning is an entirely different type of task. There are 

many situations where the “right answers” are unobservable, infeasible to obtain, or the 

“right answers” do not even exist. Hence, unsupervised learning helps identify the pattern 

or structure in data. Those models are often trained for clustering and dimensionality 

reduction without provided labels. 

 

2.3.2 Deep Learning 

Deep learning is a specific subdivision of machine learning in AI that learns the 

pattern from data by successive layers of incremental meaningful representations. The 

word “deep” in deep learning means that multiple layers are used in the network. Classical 

machine learning techniques, or so-called shallow learning, only transform the input data 

into one or two successive representation spaces by transformations such as decision trees. 

However, such techniques cannot attain the sophisticated representations required by 

intricate problems. On the other hand, deep learning automatically learns all the features 

by the layer-by-layer method in which increasingly complex representations are 

developed and by learning all layers of representation jointly. It substitutes complex 

multistage pipelines with a simple, straightforward, and end-to-end deep learning model, 

thus significantly simplifying the machine learning workflows.  
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2.3.2.1 Deep Neural Network (DNN) 

A deep neural network is composed of multi-layered artificial neural networks 

(ANNs) inspired by information delivering and scattered communication nodes in 

biological systems, as illustrated in Fig 2.6. These artificial neurons obtain weighted 

inputs from other nodes and generate output through a differentiable activation function. 

The following expressions describe the mathematical notation of the inner processing by 

the neuron: 

>𝑢 =@𝑤%𝑥% − 𝑏
&

%'(
𝑧 = 𝑔(𝑢)

 ( 2-5) 

where xi is ith input, wi is the weight of the ith input, b is the bias, g(∙) is the activation 

function, u is the activation potential, and z is the output of the neuron. We can see a DNN 

model as a series of chained functions: 

𝑦 = 𝑓(𝑥) = 𝑓(*)(𝑓(*,()(…𝑓(")(𝑓(()(𝑥)))) ( 2-6) 

where N is the number of layers of the deep learning model, and y stands for the final 

output. As shown in Fig 2.7, Chollet clearly illustrated the training loop [80]. The goal of 

using a deep neural network is to map inputs to targets via a deep sequence of data 

transformations (layers). By observing many examples of inputs and targets, these layers 

store the weights of the inputs. In each training loop, the loss function measures how far 

the outputs are from the actual targets and computes a distance score (i.e., loss score), 

capturing how well the network has done on this specific example. Next, the optimizer 

updates the weights according to the loss score, which implements the backpropagation 

algorithm to find a network with a minimal loss. 
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Fig 2.6: Illustration of a DNN model. 

 

 

Fig 2.7: Illustration of the training loop. [80] 

 

2.3.2.2 Activation Layer 

Activation layers are layers with activation functions that define how the output is 

transformed by the weighted sum of the input from a node or nodes in a neural network. 

Many activation functions are nonlinear to learn the complex relationships in the data. 
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Hence, deep learning models can deal with more sophisticated tasks. For instance, 

rectified linear unit (ReLU), one of the most commonly used activation functions in deep 

learning, is a piecewise linear function that will output the input directly if it is positive; 

otherwise, it will output zero. This function solves the vanishing gradient problem; 

however, it occurs the dying ReLU problem [81]. Thus, activation functions like leaky 

rectified linear unit (Leaky ReLU), exponential linear unit (ELU) [82], and Gaussian error 

linear unit (GELU) [83] are introduced to avoid the dying ReLU problem. The equations 

of ReLU, Leaky ReLU, ELU, and GELU are shown in Equations 2.7 to 2.10, where x is 

the input tensor to a neuron. These activation functions are used in the grid-search 

hyperparameter tuning to optimize the DNN architecture in this research. 

l ReLU function: 

𝑓(𝑥) = max	(0, 𝑥) ( 2-7) 

l Leaky ReLU function: 

𝑓(𝑥) = L					𝑥									𝑖𝑓	𝑥	 > 	0
					𝛼𝑥							𝑖𝑓	𝑥	 ≤ 	0 ( 2-8) 

l GeLU function: 

𝑓(𝑥) = 0.5𝑥	(1 +	tanh(/
2
𝜋 (𝑥 + 0.044715𝑥

-))) ( 2-9) 

l ELU function: 

𝑓(𝑥) = L
			𝑥																						𝑖𝑓	𝑥 > 0
		𝛼(𝑒. − 1)					𝑖𝑓	𝑥 < 0  ( 2-10) 

 

 

 

 



doi:10.6342/NTU202201971

 27 

2.3.2.3 Performance Metrics 

Different performance metrics are used to evaluate the results of the machine 

learning models depending on the learning tasks. For regression models, mean squared 

error (MSE), mean absolute error (MAE), and r-squared score (R2) are the commonly 

used evaluation methods to measure the accuracy of the predictive results. MSE shows 

the mean of the distance from each point to the predicted regression model. The squaring 

is crucial to reduce the complexity of negative signs. When the model is closer to actual 

data, the MSE is smaller and thus is more accurate. 

 

𝑀𝑆𝐸 = 	
1
𝑛@(𝑦% − 𝑦Y%)"

&

%'(

 ( 2-11) 

 

MAE is an arithmetic average of the absolute errors, which is described by the following 

expressions: 

𝑀𝐴𝐸 =	
1
𝑛@|𝑦% − 𝑦Y%|

&

%'(

 ( 2-12) 

 

Denoted as R2, the coefficient of determination is a statistical measure representing the 

variance proportion for a dependent variable explained by the variables in the regression 

model. In other words, R2 indicates how well the data fit the regression model. The more 

accurate the predictive model is, the closer the value of R2 score is to 1. 

 

𝑅" = 1 −
𝐸𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑	𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒
𝑇𝑜𝑡𝑎𝑙	𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 = 1 −

∑ (𝑦% − 𝑦Y%)"&
%'(

∑ (𝑦% − 𝑦d%)"&
%'(

 ( 2-13) 
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Chapter 3 Stress-strain Curve Predictions of SFRCs 

 In this chapter, the detailed training setup and the results of the predictive model are 

presented. For predicting the stress-strain curves, the regression model is based on DNN. 

Fig 3.1 shows the process of predicting the stress-strain behavior of the SFRCs. The ML 

model training and analyses of the results are done by Python codes. 

 

 

Fig 3.1: Illustration of the workflow to predict stress-strain curves of SFRCs. 

 

3.1 Dataset Preparation 

We collect our data by finite element simulation as described in section 2.1.1. 

Because of the limit of computational resources, 814 samples were randomly assigned 

with the six material parameters to perform FEM simulation. The input and output 

formats are depicted in Fig 3.2. In this work, the FEM results are taken as ground truth. 

The FEM dataset of 814 samples was divided into training, validation, and testing sets at 

a ratio of 8:1:1. Both training and validation sets were used in the training stage. In 

contrast, the testing set was not involved in training but only used to evaluate the model 

performance. We normalized each input parameter to values between 0 and 1 before 

training. The distribution of each parameter in the dataset is shown in Fig 3.3. The output 

data, the stress evaluated at 101 strain points from the stress-strain curves, are represented 
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as arrays of stress values (referred to as stress vectors). Using strain vectors adds no useful 

information to the model since strain vectors are constant for all inputs. Firstly, the stress 

vectors are standardized to center at mean of 0 with standard deviation of 1 by column. 

Using standardization retains valuable information about outliers and lowers the 

sensitivity of machine learning algorithms to them. Next, the dimensionality of the stress 

vectors is reduced via PCA. PCA is only fit on training data to get the orthogonal basis, 

which is defined by principal component vectors. Based on this basis, training and 

validation data are transformed. The stress vectors are transformed into 5-dimension 

vectors composed of the first 5 principal components, as demonstrated in Fig 3.2. Defined 

as the sum of eigenvalues normalized by the sum of all eigenvalues (∑ 𝜆///∑ 𝜆//(#(
%'(

0
%'( ), 

the cumulative explained variance is 99.99%. The cumulative explained variance ratio 

with respect to the number of dimensions is depicted in Fig 3.4. Subsequently, we 

normalize the reduced dimension data (the 5 most important principal components) to 

values between 0 and 1. By the procedures mentioned above, the DNN model can learn 

more efficiently in a lower dimension space to obtain better predictive performance with 

less training data. 

 

 

 

Fig 3.2: Input (material properties) and output (stress-strain curve data transformed to 5-

dimension data via PCA) formats. 
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Fig 3.3: Distribution of each composite composition. (a) 𝜎y/E0 (b) k/E0 (c) E1/E0 (d) AR 

(e) K (f) tmax. 

 

 

Fig 3.4: Cumulative explained variance ratio with respect to the number of dimensions. 
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3.2 DNN Model Setup 

 

Fig 3.5: DNN architecture. 

 

We chose a DNN architecture to employ a flexible model to learn the complicated 

stress-strain behavior of the composites. As shown in Fig 3.5, the DNN architecture is 

composed of a series of unit layers which includes a dense layer, batch normalization, and 

activation function in each unit layer. Batch normalization is a method known for its 

capability to make training faster and more stable [84].  

Each eigenvalue obtained via PCA represents the explained variance in each 

principal component. However, conventional loss functions for regression problems, such 

as the mean squared error loss function, cannot communicate with our DNN model that 

some principal components are more important than others. Hence, we show our DNN 

model the various importance of principal components by constructing a customized loss 

function to weight errors in each principal component by the correspondent eigenvalue. 

The weighted mean squared error (WMSE) is defined as follows: 
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𝑊𝑀𝑆𝐸 =	
1
𝑛@@𝜆//(𝑌		/,%3456 − 𝑌		/,%

7468)"
0

/'(

&

%'(

 ( 3-1) 

To optimize the DNN architecture, we implement the grid-search technique to find 

the best combination of hyper-parameters. The architecture with the lowest average 

weighted mean squared error after five epochs was chosen in the following search space: 

• Number of neurons in each dense layer = [40, 50, 60, 70, 80, 90, 100] 

• Number of hidden unit layers = [3, 4, 5, 6] 

• Activation function = [ReLU, LeakyReLU, GeLU, ELU] 

The results of the grid-search after five epochs were obtained over 5-fold cross-validation, 

as demonstrated in Table 3.1 to Table 3.4. 

 

Table 3.1: Average WMSE results with ReLU activation function. The minimum value is 

highlighted in red. 
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Table 3.2: Average WMSE results with LeakyReLU activation function. The minimum 

value is highlighted in red. 

 

 

Table 3.3: Average WMSE results with GeLU activation function. The minimum value 

is highlighted in red. 
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Table 3.4: Average WMSE results with ELU activation function. The minimum value is 

highlighted in red. 

 

 

 The chosen architecture has 80 neurons in each dense layer, five hidden unit layers, 

and ELU as an activation function. This DNN architecture has 27,685 trainable 

parameters. The Adam optimizer, a popular algorithm in the field of deep learning, was 

employed to train the DNN model [85]. Also, we set the batch size to 8 in this model. 

Moreover, early stopping was adopted once the validation loss did not improve within 20 

steps to avoid over-fitting. 

 After the training, the 101-dimensional stress-strain curves were obtained from the 

output, i.e., the 5-dimensional normalized principal components, via reverse 

normalization, reverse PCA, and reverse standardization. 
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3.3 Results and Discussion 

Table 3.5: Evaluation metrics of predictive models. 

 

We selected the model that had a minimum loss on validation data as the final 

predictive model. The loss history during training, examples of predictive stress-strain 

curves, and regression scatter plots of the predictive model are plotted in Fig 3.6 to Fig 

3.13. Table 3.5 demonstrates the evaluation metrics of R2 score, MSE, and MAE 

corresponding to training, validation, and testing data. The maximum relative error of 

each stress-strain curve is defined as follows:  

Maximum Error = max i9!
"#$%,9!&'(

9!&'(
, … , 9!))

"#$%,9!))&'(

9!))&'( j ( 3-2) 

The histogram of 82 testing data’s maximum error is presented in Fig 3.14. From the 

results, we can see impressive performances of all R2 scores higher than 0.9 and 

maximum error lower than 10% for most of the predicted stress-strain curves compared 

to ground truth (FEM). These results show that DNN models have great potential to be 

used as surrogate models to provide accurate predictions of stress-strain curves from 

material parameters efficiently. 
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Fig 3.6: 8 comparisons between the predicted stress-strain curve and the actual stress-

strain curve (FEM). 
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Fig 3.7: Loss history of the predictive model. 

 

 
Fig 3.8: R2 visualization plot of stiffness. 
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Fig 3.9: R2 visualization plot of stress when strain = 0.01. 

  

 

Fig 3.10: R2 visualization plot of stress when strain = 0.02. 
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Fig 3.11: R2 visualization plot of stress when strain = 0.03. 

 

 

Fig 3.12: R2 visualization plot of stress when strain = 0.04. 
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Fig 3.13: R2 visualization plot of stress when strain = 0.05. 

 

 

Fig 3.14: Comparison between predictive performances of ML with FEM for SFRCs. 82 

testing data were used for comparison. 
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3.4 Summary 

In this chapter, a DNN predictive model was trained to predict the stress-strain 

curves based on the SFRC dataset of 814 samples. Our model performs excellently in 

predicting stress-strain curves with R2 scores higher than 0.9 of material properties and 

maximum relative errors lower than 10% for most testing samples. Compared to the cost 

of experiments or computational methods, the ML predictive model can be a real-time 

and efficient tool for obtaining stress-strain curves and material properties. The ML 

method can be extended to analyses of other composites with nonlinear mechanical 

behavior. However, we may sometimes want to predict stress-strain curves of SFRCs with 

unseen aspect ratios. Hence, in the next chapter, TGML and two-phase learning approach 

will be adopted, and the results of applying them will be compared and discussed.  
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Chapter 4 TGML and Two-phase Learning for 

Enhancing Stress-strain Curve Predictions of SFRCs 

As demonstrated in the former chapter, machine learning techniques can help us 

predict stress-strain curves of SFRCs. However, the previous method may occur to some 

obstacles when we want to predict stress-strain curves of SFRCs with unseen aspect ratios 

in the dataset. Hence, in this chapter, we proposed TGML and two-phase learning 

methods to see if they have better predictive performances when predicting stress-strain 

curves of SFRCs with unprecedented aspect ratios. Fig 4.1 shows the workflow for using 

TGML and two-phase learning to predict the stress-strain behavior of the SFRCs. Like 

Chapter 3, the data preprocessing, training of ML models, and analyses of the results are 

done by Python codes. 

 

 

Fig 4.1: The overall workflow for predicting stress-strain curves of SFRCs. 
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4.1  Dataset Preparation 

4.1.1 Dataset for Each Task  

The entire dataset of SFRCs produced by FEM simulations is the same as in Chapter 

3. However, each task is trained by a different portion of the dataset. The dataset for each 

task is depicted in Fig 4.2. For task A, the training data and validation data are the data of 

SFRCs that the aspect ratio equals 1, and the testing data are the data that the aspect ratio 

equals 10. As for task B, the training data and validation data are the data that the aspect 

ratio equals 1 or 4, and the testing data are the data that the aspect ratio equals 10. 

Moreover, for task C, the training data and validation data are the data that the aspect ratio 

equals 1, 4, or 7, and the testing data are the data that the aspect ratio equals 10. Lastly, 

for task D, the training data and validation data are the data that the aspect ratio equals 1, 

4, or 7, and half of the data that the aspect ratio equals 10, and the testing data are the 

other half of the data that the aspect ratio equals 10. In all tasks, samples were split into 

training data and validation data with the percentage of 80% and 20%, respectively. Both 

training and validation sets were used in the training stage, while the testing set was not 

involved in training but only used to evaluate the model performance.  

 

 



doi:10.6342/NTU202201971

 45 

 

Fig 4.2: Illustration of the dataset of each model. 

 

4.1.2 Data Preparation for Model X 

Input parameters of model X are in the range as listed in Table 2.1, and we normalize 

them to values between 0 and 1 before training. The procedure for preprocessing the 

output data is the same as in Chapter 3. Firstly, the stress-strain curves are represented as 

arrays of 101-dimensional stress values. Secondly, the stress vectors are standardized. 

Thirdly, the dimensionality of the stress vectors is reduced via PCA to 5-dimension 

vectors composed of the first 5 principal components. The cumulative explained variance 

of each model is higher than 99.95%. Eventually, we normalize the 5 most important 

principal components to values between 0 and 1 before training. 
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4.1.3 Data Preparation for Model Y 

As mentioned in Chapter 2, TGML relies on data and the fundamental physical laws 

related to the problem (i.e., domain knowledge or theory). This chapter uses Halpin-Tsai 

equations to derive physics-based features (i.e., inputs).  Halpin-Tsai equations are often 

used to predict Young’s modulus of both unidirectional and randomly distributed fiber 

reinforcement composites [37], which is denoted as follows:  

𝐸:
𝐸#
	= 	

1 + 	𝜂𝜉𝜑;
1	 − 	𝜂𝜑;

 ( 4-1) 

𝜂	 = 	
𝐸( 𝐸# − 	1⁄
𝐸( 𝐸# + 	𝜉⁄  ( 4-2) 

𝜉 = 2 × 𝐴𝑅 ( 4-3) 

where 𝐸:  and 𝐸#  are Young’s modulus values of the composite and the matrix, 

respectively. Also, 𝜑;, 𝐸(, and AR are the volume fraction, modulus, and aspect ratio of 

the fibers, respectively. 

In this work, the predicted 𝐸: 𝐸#⁄  was calculated via Halpin-Tsai equations with 

AR and 𝐸( 𝐸#⁄ . The comparison between the predicted 𝐸: 𝐸#⁄  and actual values from 

FEM is shown in Fig 4.3. Further, the derived 𝐸: 𝐸#⁄  was substituted for AR as one of 

the six input parameters. Finally, before training, we normalized the input parameters to 

values between 0 and 1. On the other hand, the output data preprocessing procedures are 

the same as model X. 
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Fig 4.3: Comparison between Halpin-Tsai Derived Ec/E0 and actual values from FEM. 

 

4.1.4 Data Preparation for Model Z 

As depicted in Fig 4.4, the whole model Z training is a two-phase learning process. 

In the first phase, AR and 𝐸( 𝐸#⁄  were taken as the inputs, whereas Young’s modulus 

values from FEM were taken as the outputs. First, the inputs were standardized. 

Subsequently, the 814 samples of the dataset were split as training and testing data in 80% 

and 20%, respectively. Further, the training set was fitted in a 5th-degree polynomial 

model, and the testing set was used to evaluate the model’s predictive performance. As 

shown in Fig 4.5, the model can provide an excellent fit to the data with R2 scores of 

0.9962 and 0.9969 for the training and testing data, respectively. Therefore, the results 

showed that we can obtain accurately predicted 𝐸: 𝐸#⁄ 	from the polynomial model. In 

the second phase, AR was replaced with the predicted 𝐸: 𝐸#⁄  from the first phase as one 

of the six input parameters. Eventually, we normalized the input parameters to values 
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between 0 and 1 before training. On the other hand, the output data preprocessing 

procedures are the same as model X and model Y. 

 

 

Fig 4.4: Illustration of two-phase learning. 

 

 

Fig 4.5: R2 visualization of the 5th-degree polynomial model. 
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4.2 DNN Model Setup 

The DNN architecture for each model in this chapter is the same as in Chapter 3. 

The weighted mean squared error is adopted to show our DNN models that the principal 

components have different importance. The Adam optimizer was chosen to train the DNN 

model. Also, we set the batch size to 8 in these models. Moreover, early stopping was 

adopted once the validation loss did not improve within 20 steps to avoid over-fitting. 

 After the training, we get the 101-dimensional stress-strain curves from the outputs 

(i.e., the 5-dimensional normalized principal components) via reverse normalization, 

reverse PCA, and reverse standardization. 

 

4.3 Results and Discussion 

For each predictive model, we selected the model that had a minimum loss on 

validation data as the final predictive model. The evaluation metrics of R2 score, MSE, 

and MAE corresponding to training, validation, and testing data of each model are 

demonstrated in Table 4.1 to Table 4.12. Moreover, the loss history during training, 

examples of predicted stress-strain curves by different models, regression scatter plots, 

and comparison between performances of the four tasks are plotted in Fig 4.6 to Fig 4.33. 

Due to the same value of aspect ratio in the training set and significant difference between 

the aspect ratio of the training set and that of the testing set, model X1 cannot learn good 

representations of aspect ratio. Therefore, as shown in Fig 4.7, the stress-strain curves of 

SFRCs predicted via model X1 are far from the actual results from the FEM simulation. 

However, the results obtained by model Y1 and Z1 have higher accuracy with a relatively 

low maximum error between prediction and ground truth (FEM) (see Fig 4.11). 

Furthermore, model Y2 and Z2 showed better predictive performance over model X2 in 
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task B. As for task C and task D, the variety of aspect ratios of the training set leads to 

better predictive performances than in previous tasks. In comparison with predictions of 

model X3, those of model Y3 and Z3 are closer to the actual stress-strain curves. 

Additionally, as shown in Fig 4.32, the maximum relative errors of model Y4 and Z4 are 

lower than those of model X4. The results of these four tasks clearly indicate that  

TGML and two-phase learning methods can have better predictive performances. 

Moreover, the results also show that predicted Young’s modulus might serve as a more 

appropriate input feature than the aspect ratio, especially in tasks where the aspect ratio 

of the training set and testing set is in a different range.  

 

Table 4.1: Evaluation metrics of model X1. 

  

 

Table 4.2: Evaluation metrics of model Y1. 
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Table 4.3: Evaluation metrics of model Z1. 
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   (a) 

 

   (b) 

 

   (c) 

 

Fig 4.6: Loss history of task A. (a) Model X1. (b) Model Y1. (c) Model Z1. 
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Fig 4.7: 8 comparisons between predicted stress-strain curves by model X1, Y1, and Z1 

and the actual stress-strain curve (FEM). 
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Fig 4.8: R2 visualization plot of model X1. (a) Stiffness. (b) Stress when strain = 0.01. 

(c) Stress when strain = 0.03. (d) Stress when strain = 0.05. 
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Fig 4.9: R2 visualization plot of model Y1. (a) Stiffness. (b) Stress when strain = 0.01. 

(c) Stress when strain = 0.03. (d) Stress when strain = 0.05. 
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Fig 4.10: R2 visualization plot of model Z1. (a) Stiffness. (b) Stress when strain = 0.01. 

(c) Stress when strain = 0.03. (d) Stress when strain = 0.05. 
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Fig 4.11: Comparison between performances of model X1, Y1, and Z1 in task A. 

 

 

Fig 4.12: Boxplot of maximum error of model X1, Y1, and Z1 in task A. 
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Table 4.4: Evaluation metrics of model X2. 

  

 

Table 4.5: Evaluation metrics of model Y2. 

 

 

Table 4.6: Evaluation metrics of model Z2. 
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    (a) 

 

    (b) 

 

    (c) 

 

Fig 4.13: Loss history of task B. (a) Model X2. (b) Model Y2. (c) Model Z2. 
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Fig 4.14: 8 comparisons between predicted stress-strain curves by model X2, Y2, and 

Z2 and the actual stress-strain curve (FEM). 
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Fig 4.15: R2 visualization plot of model X2. (a) Stiffness. (b) Stress when strain = 0.01. 

(c) Stress when strain = 0.03. (d) Stress when strain = 0.05. 

 



doi:10.6342/NTU202201971

 62 

 

Fig 4.16: R2 visualization plot of model Y2. (a) Stiffness. (b) Stress when strain = 0.01. 

(c) Stress when strain = 0.03. (d) Stress when strain = 0.05. 
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Fig 4.17: R2 visualization plot of model Z2. (a) Stiffness. (b) Stress when strain = 0.01. 

(c) Stress when strain = 0.03. (d) Stress when strain = 0.05. 
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Fig 4.18: Comparison between performances of model X2, Y2, and Z2 in task B. 

 

 

Fig 4.19: Boxplot of maximum error of model X2, Y2, and Z2 in task B. 
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Table 4.7: Evaluation metrics of model X3. 

 

 

Table 4.8: Evaluation metrics of model Y3. 

 

 

Table 4.9: Evaluation metrics of model Z3. 
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    (a) 

 

    (b) 

 

    (c) 

 

Fig 4.20: Loss history of task C. (a) Model X3. (b) Model Y3. (c) Model Z3. 
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Fig 4.21: 8 comparisons between predicted stress-strain curves by model X3, Y3, and 

Z3 and the actual stress-strain curve (FEM). 



doi:10.6342/NTU202201971

 68 

 

Fig 4.22: R2 visualization plot of model X3. (a) Stiffness. (b) Stress when strain = 0.01. 

(c) Stress when strain = 0.03. (d) Stress when strain = 0.05. 
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Fig 4.23: R2 visualization plot of model Y3. (a) Stiffness. (b) Stress when strain = 0.01. 

(c) Stress when strain = 0.03. (d) Stress when strain = 0.05. 
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Fig 4.24: R2 visualization plot of model Z3. (a) Stiffness. (b) Stress when strain = 0.01. 

(c) Stress when strain = 0.03. (d) Stress when strain = 0.05. 
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Fig 4.25: Comparison between performances of model X3, Y3, and Z3 in task C. 

 

 

Fig 4.26: Boxplot of maximum error of model X3, Y3, and Z3 in task C. 
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Table 4.10: Evaluation metrics of model X4. 

  

 

Table 4.11: Evaluation metrics of model Y4. 

 

 

Table 4.12: Evaluation metrics of model Z4. 
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    (a) 

 

    (b) 

 

    (c) 

 

Fig 4.27: Loss history of task D. (a) Model X4. (b) Model Y4. (c) Model Z4. 
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Fig 4.28: 8 comparisons between predicted stress-strain curves by model X4, Y4, and 

Z4 and the actual stress-strain curve (FEM). 
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Fig 4.29: R2 visualization plot of model X4. (a) Stiffness. (b) Stress when strain = 0.01. 

(c) Stress when strain = 0.03. (d) Stress when strain = 0.05. 
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Fig 4.30: R2 visualization plot of model Y4. (a) Stiffness. (b) Stress when strain = 0.01. 

(c) Stress when strain = 0.03. (d) Stress when strain = 0.05. 
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Fig 4.31: R2 visualization plot of model Z4. (a) Stiffness. (b) Stress when strain = 0.01. 

(c) Stress when strain = 0.03. (d) Stress when strain = 0.05. 
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Fig 4.32: Comparison between performances of model X4, Y4, and Z4 in task D. 

 

 

Fig 4.33: Boxplot of maximum error of model X4, Y4, and Z4 in task D. 
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4.4 Summary 

This chapter discusses four tasks to predict stress-strain curves by different portions 

of the SFRC dataset. In each case, three kinds of DNN model training approaches, which 

are training directly by inputs (model X), TGML (model Y), and two-phase learning 

(model Z), are adopted and compared. The results show that the predictive performances 

of model Y and model Z exceed that of model X in all tasks. For model Y and model Z, 

the R2 scores of material properties are much higher, and maximum relative errors are 

lower than that of model X. Additionally, the results also show that by taking predicted 

Young’s modulus instead of aspect ratio as an input feature, the DNN models may capture 

more data characteristics. Thus, the predictive performance may improve significantly, 

especially in tasks where the aspect ratios of the training and testing sets are in a different 

range. 
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Chapter 5 Stress-strain Curve Predictions of Bio-

inspired Layered Structural Composites 

In this chapter, the detailed training setups and the results of the surrogate model are 

presented. The regression model based on DNN was trained to predict the stress-strain 

curves. After obtaining the predicted stress-strain curves, we derive the composites’ 

strength and toughness to evaluate the performance of the predictive model. Fig. 5.1 

depicts the workflow of the modeling process. 

 

 

Fig 5.1: Workflow of the modeling process. 
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5.1 Dataset Preparation 

We collect our data by LAMMPS simulation as described in section 2.1.2. Because 

of the computational cost and time limit, 200 samples were generated with volume 

fractions of inclusion in shuffled order to perform uniaxial tensile simulation. The 

distribution of strength and toughness of the structures are depicted in Fig 5.2. In this 

chapter, the simulation results are taken as ground truth. The dataset of 200 samples was 

divided into training, validation, and testing data in 64%, 16%, and 20%, respectively. 

Both training and validation sets were used in the training stage, while the testing set was 

only used to evaluate the final performance of the model. The output data, stress-strain 

curves obtained from simulations, were preprocessed before training. Firstly, the stress-

strain curves are represented as arrays of 61-dimensional stress values. Secondly, the 

stress vectors are standardized. Since the stress-strain curves contain the fracture behavior, 

they are more complicated than those of SFRCs mentioned previously. Thus, we need 

more principal components to recover most of the essential characteristics of the data in 

this case. The dimensionality of the stress vectors is reduced via PCA to 16-dimension 

vectors composed of the first 16 principal components. The cumulative explained 

variance (∑ 𝜆///∑ 𝜆//<(
%'(

(<
%'( ) is higher than 99.5%. The cumulative explained variance 

ratio with respect to the number of dimensions is depicted in Fig 5.3. Finally, we 

normalize the 16 most important principal components to values between 0 and 1. 
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Fig 5.2: Distribution of strength and toughness of the bio-inspired structures dataset. 

 

 

Fig 5.3: Cumulative explained variance ratio with respect to the number of dimensions. 
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5.2 DNN Model Setup 

The WMSE is defined for DNN model training as follows: 

𝑊𝑀𝑆𝐸 =	
1
𝑛@@𝜆//(𝑌		/,%3456 − 𝑌		/,%

7468)"
(<

/'(

&

%'(

 ( 5-1) 

To search for optimal DNN architecture for this case, we implement the same technique 

as Chapter 3 to find the best combination of the hyper-parameters. The architecture with 

the lowest average WMSE after five epochs was chosen in the following search space: 

• Number of neurons in each layer = [40, 50, 60, 70, 80, 90, 100] 

• Number of hidden unit layers = [3, 4, 5, 6] 

• Activation function = [ReLU, LeakyReLU, GeLU, ELU] 

The results of the grid-search after five epochs were obtained over 10-fold cross-

validation, as demonstrated in Table 5.1 to Table 5.4. 

 

Table 5.1: Average WMSE results with ReLU activation function. The minimum value is 

highlighted in red. 
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Table 5.2: Average WMSE results with LeakyReLU activation function. The minimum 

value is highlighted in red. 

 

 

Table 5.3: Average WMSE results with GeLU activation function. The minimum value is 

highlighted in red. 
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Table 5.4: Average WMSE results with ELU activation function. The minimum value is 

highlighted in red. 

 

 

The chosen DNN architecture in this chapter has 80 neurons in each dense layer, six 

hidden unit layers, and ELU as an activation function. This DNN model has 35,376 

trainable parameters. The WMSE is adopted to show the DNN model that each principal 

component has particular importance. The Adam optimizer was applied to train the DNN 

model. Also, we set the batch size to 8 in these models. Furthermore, early stopping was 

adopted once the validation loss did not improve within 20 steps to avoid over-fitting. 

 After the training, we transform the outputs, i.e., the 16-dimensional normalized 

principal components, into the 61-dimensional stress-strain curves via reverse 

normalization, reverse PCA, and reverse standardization. 
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5.3 Results and Discussion 

Table 5.5: Evaluation metrics of the predictive model. 

 

 

 The model with the minimum loss on validation data was selected as our final 

predictive model. Table 5.5 lists the evaluation metrics of R2 scores, MSE, and MAE 

corresponding to training, validation, and testing data. Additionally, the loss history 

during training, comparison examples between predicted and actual stress-strain curves 

(from simulation), and regression scatter plots are plotted in Fig 5.4 to Fig 5.7. From the 

results, we can see great performances of R2 score of toughness higher than 0.85 and R2 

score of strength higher than 0.8 when compared to ground truth (LAMMPS simulation). 

These results show that DNN models have great potential to be used as surrogate models 

to efficiently and accurately predict stress-strain curves by simple descriptions of the 

structures. 

 

 

Fig 5.4: Loss history of the predictive model. 
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Fig 5.5: 8 comparisons between the predicted stress-strain curve and the actual stress-

strain curve (LAMMPS simulation). 
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Fig 5.6: R2 visualization plot of strength. 

 

 

Fig 5.7: R2 visualization plot of toughness. 
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5.4 Properties Prediction of Whole Design Space 

In this work, the volume fraction of each layer is 18.02%, 22.24%, 28.02%, 35.36%, 

and 46.80%. As described in section 2.1.2, in our design space, the volume fraction of 

each layer is in shuffled order, which leads to the result of 1620 structures. As shown in 

Fig 5.8, the properties of all structures in the design space are predicted by our DNN 

model. We can find out that the results in Fig 5.8 demonstrate a trend that a higher volume 

fraction of the first layer leads to higher strength and toughness of the composite 

structures, which is the same trend as our dataset (see Fig 5.2). This result shows that the 

DNN model can learn the characteristics of the composite structure data. 

 

 

Fig 5.8: Predicted material properties distribution of the whole design space. 
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5.5 Summary 

In this chapter, a DNN predictive model was trained to predict the stress-strain 

curves based on the bio-inspired layered structural composite dataset of 200 samples. Our 

model performs well in predicting stress-strain curves with R2 scores of 0.85 in toughness 

and 0.8 in strength. The results show great potential to design composites with mechanical 

behavior beyond the elastic zone and can be expanded easily to other design spaces.  
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Chapter 6 Conclusions and Future Work 

6.1 Conclusions 

In attribute to machine learning, novel and advanced techniques are applied to 

various research fields, and material design is no exception. By adopting the combination 

of additive manufacturing or computational methods and ML techniques, we can explore 

the material design space more easily and efficiently. This study provides a machine 

learning approach to predict stress-strain curves of SFRCs that considers the effect of 

interphase via training a deep learning network with the FEA dataset. Moreover, the 

effects of adopting TGML and two-phase learning methods are discussed. In addition, we 

provide another DNN model to predict stress-strain curves of bio-inspired layered 

structural composites. Based on the work presented in this thesis, conclusions can be 

drawn as follows: 

1. A design space for SFRC materials is investigated. The SFRC dataset is created 

from FEM simulation results. 

2. A machine learning approach is provided to predict stress-strain curves of the 

SFRCs. The predictive model results in R2 scores higher than 0.9 for stress in 

different strains and stiffness, along with the maximum relative error lower than 

10% for most of the predicted stress-strain curves compared to ground truth 

(FEM). 

3. The TGML and two-phase learning frameworks are proposed. The predictive 

models show better performances on R2 score or maximum error when 

predicting stress-strain curves of SFRCs. 

4. A design space for bio-inspired layered structural composites is investigated. The 

bio-inspired composite dataset is created from LAMMPS simulation results. 
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5. A machine learning approach is provided to predict stress-strain curves of the 

bio-inspired layered composites. The predictive model achieves R2 scores of 0.8 

and 0.85 with respect to strength and toughness, respectively.  

 

6.2 Future Work 

In this thesis, we focus on the DNN predictive models for SFRCs and bio-inspired 

layered structural composites. Possible directions to extend current work are suggested 

below: 

 

1. Inverse material design. In this work, we see material properties as inputs and 

the stress-strain curves as answers to the ML models. However, in practical 

applications, we know our requirements for the material, but it is hard for us to 

figure out what the composition of that composite can be. Hence, inverse 

material design can be done by the same dataset but using the stress-strain curves 

as inputs and material properties as answers to the ML model. 

 

2. Exploration in other design spaces. The ML framework mentioned in this thesis 

is suitable for many material design spaces. As long as the structures’ material 

composition or geometry can be described or quantified, this ML approach can 

be applied when data is sufficient. It is expected that only a small effort is 

required to adopt this framework in other design spaces. 
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