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1. Introduction 
 

Increasing concerns about environmental pollution and 

irreparable damage from the use of nondegradable products 

have encouraged the application of eco-friendly materials in 

various industries (Kamarian and Song 2022). Natural 

fibers (NFs) are inexpensive, lightweight, biodegradable, 

and abundant with wide applications in the manufacturing 

of composite products in various industries, including 

automobiles, construction, furniture, and railways. 

Among the NFs available in the market, abaca fiber 

(AF) is a contender for the production of NF composites. 

The AF originates from a plant called Musa textilis (Ochi 

2006). The Philippines is the world’s largest producer of 

abaca, supplying approximately 84% of the global demand, 

which averages 68,000 t annually (Barba et al. 2020). 

Morphologically, AF resembles a banana plant with 12–30 

stems originating from a central root system, giving it a  
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bushy appearance. Each stalk can grow to 4–8 m and these 

stalks are plucked to form AF. The fibers are usually 1.5–

3.5 m in length and have different colors: white, brown, red, 

black, or purple  (Vijayalakshmi et al. 2014). AF is one of 

the strongest NFs available on the market and is currently 

used in many applications. Owing to its high mechanical 

strength, durability, flexibility, high resistance to saltwater, 

buoyancy, and long fiber length, it has great potential as a 

renewable fiber source for industrial applications. This fiber 

consists of approximately 60% cellulose, 21% hemicellulose, 

12%–16% lignin, and 1% pectin (Sun et al. 1998). Its high 

stiffness and strength are caused by three important 

microstructural features: a high Runkle ratio (Liu et al. 

2013), a high ratio of cellulose to hemicellulose and lignin 

(Vijayalakshmi et al. 2014), and a microfibril angle oriented 

close to the fiber bundle (Madsen and Gamstedt 2013). AF-

reinforced composites have been the subject of numerous 

studies in recent years, and their behavior has been 

extensively investigated under bending (Vijaya Ramnath et 

al. 2014), tensile (Vasquez and Diaz 2017), compressive 

(Manickavasagam et al. 2014), impact (Shaik and 

Subramanian 2021, Vijaya Ramnath et al. 2014), and 

thermal (Li et al. 2017) loads. 

Chicken eggshells are a poultry byproduct and have 

been listed as one of the worst environmental pollutants 

worldwide. They comprise a three-layered structure: a 
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Abstract.  The main goal of the present study was to assess the effects of eggshell powder (ESP) and halloysite nanotubes 

(HNTs) on the mechanical properties of abaca fiber (AF)-reinforced natural composites. For this purpose, a limited number of 

indentation tests were first performed on the AF/polypropylene (PP) composites for different HNT and ESP loadings (0 wt.% ~ 

6 wt.%), load amplitudes (150, 200, and 250 N), and two types of indenters (Vickers or conical). The Young’s modulus, hardness 

and plasticity index of each specimen were calculated using the indentation test results and Oliver-Pharr method. The accuracy 

of the experimental results was confirmed by comparing the values of the Young’s modulus obtained from the indentation test 

with the results of the conventional tensile test. Then, a feed-forward shallow artificial neural network (ANN) with high 

efficiency was trained based on the obtained experimental data. The trained ANN could properly predict the variations of the 

mentioned mechanical properties of AF/PP composites incorporated with different HNT and ESP loadings. Furthermore, the 

trained ANN demonstrated that HNTs increase the elastic modulus and hardness of the composite, while the incorporation of 

ESP reduces these properties. For instance, the Young’s modulus of composites incorporated with 3 wt.% of ESP decreased by 

30.7% compared with the pure composite, while increasing the weight fraction of ESP up to 6% decreased the Young’s modulus 

by 34.8%. Moreover, the trained ANN indicated that HNTs have a more significant effect on reducing the plasticity index than 

ESP. 
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cuticle on the outer surface, a spongy layer, and an inner 

layer (Kang et al. 2010). The chemical composition (by 

weight) of eggshells is reported to be 94% calcium 

carbonate, 1% magnesium carbonate, 1% calcium 

phosphate, and 4% organic matter (Tsai et al. 2006). Studies 

have shown that eggshells can replace 75% of commercial 

CaCO3 and talc as biofillers in polypropylene composites. 

Furthermore, various efforts have recently been made to 

reuse eggshells as valuable items, such as environmentally 

friendly catalysts, advanced materials for bone tissue 

stabilization, adsorbents of some metal particles, and 

microporous calcium oxide (Jena and Sahoo 2019, Jirimali 

et al. 2018, Xu et al. 2019). 

Halloysite nanotubes (HNTs), Al2Si2O5(OH)4.2H2O, 

belong to a subgroup of Kaolin clays, which are unique and 

versatile nanomaterials constituting a double layer of 

aluminum, silicon, hydrogen, and oxygen. HNTs have a 

porous structure that has been adopted as a reinforcing 

agent in plastic composites (Deng et al. 2008, Liu et al. 

2008), as well as biological and medical applications 

(Massaro et al. 2017, Santos et al. 2018). Specifically, 

previous research has shown that using HNTs as a 

nanofiller may significantly enhance the compressive 

strength, compressive modulus, and thermal stability, even 

when added to polymers at 3–6 wt.% (Liu et al. 2013, 

Naumenko et al. 2016). 

Polypropylene is one of the most widely used basic 

polymers in the world. It is made up of the polymerization 

of propylene under relatively mild temperature and pressure 

conditions in the presence of catalyst (Busico and Cipullo 

2001, Maddah 2016, Shubhra et al. 2013).  Polypropylene 

has a variety of properties that have led to its widespread 

use, particularly in the plastic and fiber industries. One of 

the most important characteristics of this material compared 

with polymers, such as polyamides, is their non-absorption 

of moisture, which has made it a suitable option for many 

applications. The properties of this material can be 

improved by making some subsequent modification.  
Despite the significant advantages of natural 

composites, they suffer from various drawbacks, including 

relatively poor mechanical properties, high flammability, 

and high moisture absorption. Therefore, materials such as 

ammonium polyphosphate (APP), HNTs, eggshell powder 

(ESP), and magnesium hydroxide (MH) have been used in 

NF composites to partially compensate for some or all the 

aforementioned drawbacks (Balan et al. 2020, Kamarian et 

al. 2022). Regarding composite materials reinforced with 

AFs, Li et al. (2017) investigated the effects of co-

incorporation of nanoclay (NC), APP, and HNTs on the 

flammability, thermal stability, and mechanical properties of 

abaca-fabric/vinyl ester composites. They showed an 

increase in the fire resistance of the composite system at the 

optimal additive content, whereas the tensile and bending 

parameters exhibited a slight decrease. Nguyen Tran et al. 

(2021) analyzed the effects of biowaste ESP materials on 

the flammability and mechanical properties of AF/PP 

composites. They employed the injection molding 

technique to prepare composite specimens and conducted 

different experimental tests, including tensile, bending, and 

horizontal burning tests. The results of this research 

demonstrated the ability of ESP to decrease the flammability 

of the structure, while causing a destructive effect on the 

mechanical properties of the composite system. Shah et al. 

(2013) examined the influence of NC on the flammability 

and tensile properties of AF/PP composites. At the optimal 

NC content, they recorded a substantial enhancement in 

both the tensile properties and the fire resistance of the 

composite. 
During the last decade, the indentation test has become 

the most popular, standard, and straightforward technique 
for characterizing various mechanical properties, such as 
residual stress (Chen et al. 2006), elastic modulus (Bao et 
al. 2004, Lee et al. 2007), hardness (Mahmoudi and 
Nourbakhsh 2011, Saber-Samandari and Gross 2009b), 
stiffness (Molazemhosseini et al. 2013, Saber-Samandari 
and A Gross 2009a) and plasticity index (Barbaz-Isfahani et 
al. 2022). Oliver and Pharr (1992) developed an indentation 
method for evaluating the mechanical properties of various 
materials using different indenter shapes. In the indentation 
test, a controlled load is applied and lifted on a specimen 
using a geometrically well-defined probe to determine the 
force-displacement diagram (Gross and Saber-Samandari 
2009, Oliver and Pharr 2004) and calculate the mechanical 
properties of various materials (Saber-Samandari et al. 
2011, Saber-Samandari and Gross 2009c). For example, 
Sfarra et al. (2013) investigated the mechanical properties 
of eco-friendly composite laminates using the indentation 
method. They manufactured a hybrid laminate, including 
jute Hessian cloth (plain weave) and hemp fibers in an 
epoxy matrix. The elastic modulus and hardness of the 
fabricated composite materials were obtained via 
indentation tests and compared using different non-
destructive techniques. Das et al. (2009) employed the 
indentation method to investigate the mechanical 
performance of graphene-incorporated polyvinyl alcohol 
and poly(methyl methacrylate) matrix composites. Their 
results showed a significant increase in the elastic modulus 
and hardness of the composite specimens only containing 
0.6 wt.% of graphene compared with pure composites. 
Additionally, their study indicated the importance and 
efficiency of the indentation method in characterizing the 
mechanical behavior of composite materials. Hosseinzadeh 
and Mahmoudi (2017) adopted the indentation method with 
the Knoop and Vickers indenters to measure the mechanical 
properties based on the force-displacement diagram. They 
developed a new localized procedure to derive the yield 
stress, work-hardening exponent, and elastic modulus of the 
specimens. Shokrieh et al. (2013) explored the elastic 
modulus, hardness, and plasticity index of composite and 
nanocomposite materials using the indentation method with 
a Berkovich indenter. Their results indicated an increase in 
the normal hardness and elastic modulus of the composite 
specimens with the addition of more nanoparticles to the 
polymer matrix. Furthermore, the plasticity index of the 
nanocomposites decreased with the incorporation of 
nanofillers, indicating an improvement in the elastic 
recovery of the fabricated specimens. 

In addition to experimental approaches, artificial neural 
networks (ANNs) have been implemented to predict the 
mechanical properties of materials over a wide range of 
applications (Guo et al. 2021, Ming et al. 2021, Wang and 
Zhang 2021), based on experimental tests’ outputs or 
computerized simulations’ results (Cao et al. 2006, Haj-Ali 
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et al. 2008, Khalvandi et al. 2022). In most cases, feed-

forward neural networks are employed, in which the input 

data and the initial conditions considered for designing the 

experiments are related to laboratory results, which are 

categorized as the outputs of the neural networks. Relating 

the data to one another can be considered a linear regression 

problem. Similar studies that focused on the combination of 

ANNs and indentation tests suggest the possibility of highly 

accurate estimation of mechanical properties by extracting 

force-depth diagrams and calculating the desired properties 

(Arbabi et al. 2016). More specifically, feed-forward ANNs 

have shown high potential in interpreting and forecasting 

Vickers hardness with acceptable precision (El-Rehim et al. 

2020). The efficiency of ANNs in predicting the elastic-

plastic properties of composite materials can be proven via 

indentation tests. For instance, this approach has been 

employed to estimate the fatigue lifespan (Lee et al. 1999, 

Vassilopoulos et al. 2007), detect thermal damage (Sarhadi 

et al. 2022), and investigate the fiber size effects (Uddin et 

al. 2022) in composite materials. Therefore, the application 

of ANNs can be a suitable choice for constitutive modeling 

during the material design process. 

Regarding the limited research works in the field of AF/ 

PP composites' behavior under indentation test, this study 

aimed to assess the effects of HNT and ESP additives on the 

obtained mechanical properties of AF/PP composites via the 

indentation method. Indentation tests were conducted on the 

composites with different additives with varying load 

amplitude using two types of indenters (Vickers or conical). 

A feed-forward ANN was then trained to predict the 

mechanical properties of the AF/PP/ESP/HNT composites. 

The trained network exhibited high accuracy in estimating 

various parameters, including the Young’s modulus, 

hardness, and plasticity index.   

 
 
2. Materials and methods 

 
2.1 Preparation of eco-friendly AF/PP/ESP/HNT 

composite materials 
 

Here the process of preparing AF/PP composite samples 

with HNT and ESP additives are explained. It should be 

 

 

noted that the basic composite (AF/PP) is composed of 

30wt.% AF and 70wt.% PP. In the first step, AFs were cut 

into fibers with short length. The fibers were then mixed 

with PP, and the resulting mixture was placed in an oven at 

60 oC overnight and dried. In the next step, the AFs, PP 

(Chemko S.C.Corp., South Korea), HNT, and ESP 

(Edentown F&B, Poonglim Industrial Co. Ltd, South 

Korea.) were poured into an extruder (SJZS-10B, Wuhan 

Ruiming Experimental Instrument Manufacturing Co., Ltd., 

China). In the extruder, the mixture passed a path with four 

different zones at temperatures of 175, 180, 185, and 190 
oC. After leaving the extruder, the molten composite passed 

over a conveyor in the form of filament that was exposed to 

a cooling system. The filament was then cooled to room 

temperature and inserted into a miniature granulator to be 

turned into pellets of the same size. The process in the 

extruder and turning into uniform pellets was repeated once 

more to achieve a more homogeneous composite. The AF/ 

PP/ESP/HNT composite pellets were placed in a mold and 

subjected to a hot press at 180 ℃ and pressure of 7 MPa. 

The composite sheet was then released and allowed to cool 

to room temperature. It was finally cut to dimensions 

suitable for the indentation test. The manufacturing process 

of AF/PP/ESP/HNT composites is briefly shown in Fig. 1. 

Nine different composite sheets were fabricated for three 

HNT loadings (0, 3 and 6wt.%) and three ESP loadings (0, 

3 and 6wt.%), based on Taguchi method (see Table 1). 

 
2.2 Indentation method 

 

The mechanical properties of the fabricated specimens 

were investigated using an indentation instrument, as shown 

in Fig. 2. Vickers or conical diamond indenters (Figs. 2b 

and 2c) were employed to perform normal loads up to 150, 

200, and 250 N for each specimen, and the maximum load 

was maintained for 5 s to reduce the creep effect. The 

samples were perpendicular to the tip of the indenter during 

the indentation tests (Saber-Samandari and Gross 2009a). 

Afterward, the indenter was withdrawn from the specimens 

at the same rate in the unloading segment. The applied force 

on the indenter was measured by the load cell, while the 

penetration depth of the indenter was assessed using a linear 

movement sensor, as depicted in Fig. 2. 

Table 1 Taguchi design of experiments for the composite samples at three levels of 0%, 3% and 6% HNTs, and 

three levels of 0%, 3% and 6% ESP 

No. Sample Code 
Composition 

HNT (wt.%) ESP (wt.%) 

1 H0E0 0 0 

2 H0E3 0 3 

3 H0E6 0 6 

4 H3E0 3 0 

5 H3E3 3 3 

6 H3E6 3 6 

7 H6E0 6 0 

8 H6E3 6 3 

9 H6E6 6 6 
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The loading-unloading diagram of the indentation test is 

presented in Fig. 3a. According to this diagram, 𝑃𝑚𝑎𝑥 , 

ℎ𝑚𝑎𝑥 , ℎ𝑐 , ℎ𝑓 , and 𝑆 = 𝑑𝑝/𝑑ℎ  represent the maximum 

load, maximum depth, contact depth, final depth, and 

contact stiffness, respectively. These parameters can be 

obtained from the load-displacement diagram to calculate 

the mechanical properties of the specimens. According to 

the Oliver-Pharr method (Oliver and Pharr 1992), hardness 

can be calculated using: 

𝐻 =
𝑃𝑚𝑎𝑥

𝐴
 (1) 

where 𝐴denotes the projected contact area. According to  

 

 

 

Figs. 3(b)-(d), the projected contact area of the Vickers and 

conical plates can be determined by Eqs. (2) and (3) based 

on Oliver-Pharr reports (Oliver and Pharr 2004, Pharr et al. 

2009). 

𝐴 = 4ℎ𝑐
2 𝑡𝑎𝑛2 𝜃 &𝜃(𝑉𝑖𝑐𝑘𝑒𝑟𝑠) = 136° (2) 

𝐴 = 𝜋ℎ𝑐
2 𝑡𝑎𝑛2𝜓&𝜓(𝐶𝑜𝑛𝑖𝑐𝑎𝑙) = 140. 6° (3) 

Moreover, the elastic modulus of specimens can be 

calculated using: 

𝐸𝑟 =
√𝜋

2

𝑑𝑝

𝑑ℎ

1

√𝐴
 (4) 

 

 

Fig. 1 Schematic of manufacturing process of AF/PP/ESP/HNT composites 

  

Fig. 2 a) Indentation test setup, and corresponding b) Vickers and c) conical indenters 
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1

𝐸𝑟
=
1 − 𝜈𝑠

2

𝐸𝑠
+
1 − 𝜈𝑖

2

𝐸𝑖
 (5) 

where 𝐸𝑟  is the residual modulus of the indentation 

contact, which can be derived from the load-displacement 

diagram. 𝐸𝑠  and 𝐸𝑖  denote the elastic moduli of the 

specimen and diamond Vickers or conical indenters, 

respectively (𝐸𝑖 = 1141𝐺𝑃) (Gross et al. 2010). Moreover, 

𝜐𝑠  and 𝜐𝑖  are the Poisson’s ratios of the fabricated 

specimens (equal to 0.35 (Vilaseca et al. 2010)) and 

indenters (equal to 0.07 (Gross et al. 2010)), respectively. 

The plasticity index (𝜓) is defined as the elastic-plastic 

behavior of materials under external forces. The plasticity 

index can be calculated using the following equation, as 

reported by (Barbaz-Isfahani et al. 2022, Briscoe et al. 

1998): 

 

 

 

𝜓 =
𝐴𝑙 − 𝐴𝑢

𝐴𝑙
 (6) 

where 𝐴𝑙  and 𝐴𝑢  are the areas under the loading and 

unloading curves (Fig. 3a). The plasticity index ranges from 

0 to 1 for polymeric materials with viscoelastic-plastic 

behavior, 𝜓 = 0 indicates fully elastic behavior and 𝜓 =
1 represents fully plastic materials. 

  

 

3. Artificial neural networks 

 

The indentation experiments were conducted on the 

fabricated composite materials utilizing two types of 

indenters (Vickers and conical) under various maximum 

loads of 150, 200, and 250 N. Because the Young’s modulus,  

 

Fig. 3 a) Load-displacement curve in the indentation tests, and schematics of b) contact geometry of indenter and 

specimens for c) Vickers and d) conical indenters 

 

Fig. 4 General schematic representation of the trained ANN 
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hardness, and plasticity index are known as the intrinsic 

properties of the materials, the magnitude of the maximum 

applied load and indenter type may not result in various 

values for such material properties. Therefore, only the 

various weight ratios of HNTs and ESP could affect the 

Young’s modulus, hardness, and plasticity index values. 

This statement has been graphically presented in subsection 

4.3., where no significant difference can be observed among 

the calculated mechanical properties. 

Consequently, a code in MATLAB was developed, and a 

series of shallow ANNs were trained to predict the Young’s 

modulus, hardness, and plasticity index values of the 

fabricated composite materials based on the input 

parameters of the trained networks (i.e., weight ratios of 

HNTs and ESP). This type of ANN is a feed-forward ANN 

constituting one input layer with two inputs, one hidden 

layer containing several neurons, and one output layer with 

three output data. Our trained ANN functioned based on the 

backpropagation algorithm, and all the input and output 

data were normalized by dividing each dataset by the 

corresponding maximum value. 

A schematic of the ANN was presented in Fig. 4. 

According to this figure, the input parameters were directly 

connected to all the neurons in the hidden layer. In the first 

run of the network, the initial weights and biases were 

randomly defined and specified for each neuron in the 

hidden layer. Employing Eq. (7), the summation of the 

calculation process for each neuron is multiplied by a 

certain function called the activation function, represented 

by k(x), where Wi and bi represent the weights and biases, 

respectively. In this study, the sigmoid function was 

considered the activation function (Eq. (8)). 

To minimize the prediction errors and examine the effect 

of the networks’ learning rule, the Levenberg-Marquardt 

(LM) algorithm along with the Bayesian Regularization 

(BR) algorithm were utilized. Afterward, 70% of the 

experimental data were used during the training process of 

 

 

the ANNs, and the remaining 30% of the data were 

considered for the testing and/or validation of the trained 

neural networks. In the case of networks with the LM 

learning rule, there were three data categories: training, 

testing, and validation. In contrast, networks with the BR 

learning rule only held two datasets: training and testing. 

The data were randomly distributed over the training, 

testing, and validation categories. After each cycle of error 

minimization, if necessary, the weights and biases were 

updated, and the outputs of the networks were calculated 

using Eq. (7). 

𝑂𝑢𝑡𝑝𝑢𝑡 = 𝑘(𝑥) [∑𝑊𝑖 .   𝑥 + 𝑏𝑖

𝑛

𝑖=1

] (7) 

𝑘(𝑥) =
1

1 + 𝑒−𝑥
 (8) 

To study the effects of the number of neurons in the 

hidden layer, which might have affected the predictions of 

the trained networks, the number of 1 up to 7 neurons along 

with 1 up to 10 neurons were defined in the hidden layer, 

where the LM and BR algorithms were the learning rules of 

the ANN, respectively. 

To clarify the workflow performed in this study, a 

flowchart showing the complete scheme of the various 

methods employed, including sample preparation, indentation 

experiments, and ANN, was presented in Fig. 5. 

 

 

4. Results and discussion 
 
4.1 Indentation results 
 

As mentioned in the previous section, indentation tests 

were conducted to evaluate the mechanical properties of the 

fabricated specimens. Fifty-four indentation tests were  

 

Fig. 5 Flowchart of the research procedure 
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performed on nine series of fabricated specimens with 

various ESP and HNT weight fractions using two indenters 

(Vickers and conical) under three force amplitudes (150, 

200, and 250 N). Based on Fig. 6, the indented spots reveal 

that the contact area of the indentation increased with 

enhanced maximum applied force. Fig. 7 displays some of 

the load-displacement curves obtained from the indentation 

tests at various maximum loads using different indenters. 

The naming of the composite systems in Fig. 7 is such that 

H6E0 represents a composite specimen comprising 6 wt.% 

HNTs and 3 wt.% ESP, V and C represent the Vickers and 

conical indenters, respectively.  

As the load-depth results show, the penetration depth of 

the indenters increased with an increase in the maximum 

load of the indentation tests. In addition, owing to the sharp 

shape of the conical indenter, its penetration depth was 

 

 

 

greater than that of the Vickers indenter in all the 
specimens. A comparison of the loading and unloading 
curves of the specimens with different additives indicated 
that the HNTs were more effective in improving the stiffness 
of the fabricated specimens than the pure composites. The 
nanoscale dimensions of HNTs with ideal mechanical 
properties and high aspect ratios of clay nanoparticles 
(Gitiara et al. 2021, Kamarian et al. 2022, Wu et al. 2013), 
compared with the micro-dimensions of ESP, could explain 
the improvement in the stiffness of the HNT-incorporated 
composite specimens. The residual elastic modulus and 
plasticity index of the composite specimens were 
determined from the force-depth curves. In addition, the 
elastic modulus and hardness were calculated using Eqs. (1) 
and (5), respectively. Accordingly, the effects of the HNTs 
and ESP on the obtained indentation results were discussed 
further. 

 

Fig. 6 Residual indentation of a) Vickers and b) conical indenters after applying loads of 150, 200, and 250 N 

 

Fig. 7 Indentation load-displacement of specimens with different maximum forces and indenters, including a) H0E0, b) 

H0E6, c) H6E0, and d) H3E3 

321



 

Saeed Kamarian et al. 

 

 

 
4.2 Verification investigation 
 
In this study, the accuracy of the experimental data 

obtained from the indentation tests was examined. Composite 
specimens comprising AF and PP, without any additives, 
were prepared and subjected to indentation tests. Based on 
the approach described in section 2, the Young’s modulus of 
the specimens was calculated to be 2.36 GPa. Next, tensile 
specimens made of the same composite (pure AF/PP) were 
prepared. The ASTM D638 standard was used to conduct 
tensile tests on the prepared samples. A universal testing 
machine (R & B Inc., Korea) with a 2.5-t load cell was used 
to complete the tensile test. The crosshead speed was set at 
2 mm/min. From the experimental results, the mean value 
for the Young’s modulus of the composite system was 2.38 
GPa, indicating an error of less than 1%. Therefore, it can 
be concluded that the experimental data from the 
indentation test were sufficiently accurate to rely on. 

 

4.3 Artificial neural networks 
 

As described in section 3, we normalized the data to be 
implemented in the prediction process using the trained 
ANNs by dividing each dataset by its corresponding 
maximum value. According to the calculated mechanical 
properties, the maximum Young’s modulus and hardness 
belonged to the H6E0 specimens, while the H0E0 samples 
exhibited the maximum plasticity index. The indentation 
test results indicated that the elastic modulus, hardness, and 

 

 

plasticity index were not dependent on the type of indenter 

and applied maximum force because they were the intrinsic 

properties of the materials (Fig. 8). 

ANNs were employed to investigate the various 

conditions that might affect the material properties during 

the indentation tests. Accordingly, various numbers of 

neurons were defined in the hidden layer to relate the inputs 

to the outputs. In general, two factors were encountered 

after the convergence of the trained ANNs’ calculations. 

The first parameter for interpreting ANN results was 

themean squared error (MSE). We expected the gradual 

convergence of this parameter for each dataset and its 

reduction at each epoch with respect to its corresponding 

latest epoch. More specifically, the MSE reduced at any 

subsequent epoch of the ANN. Moreover, a higher number 

of neurons in the hidden layer may affect the MSE, the 

higher the number of neurons, the lower the MSE. The 

MSE is usually defined by Eq. (9), where YExp and YNet 

represent the experimental data and predictions of the 

trained ANNs, respectively. 

In addition to the MSE, we introduced another index 

called the determination coefficient, R2, to monitor the 

predictions of the networks and their accuracy. This 

parameter is given by Eq. (10), where 𝑌𝐸𝑥𝑝̅̅ ̅̅ ̅̅  is the mean 

value of the experimental data. Higher values for this index, 

reaching the magnitude of 1, indicate the accuracy of the 

predictions, thus, the trained ANN can properly estimate the 

behavior of the material based on the input and output data. 

 

Fig. 8 Comparison between the calculated a) Young’s moduli, b) hardness, and c) plasticity indices among the four 

types of indentation test specimens 
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2
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The ANNs could make desirable predictions of the 

experimental data, where LM algorithm trained the ANNs 

and the number of neurons increased to 7. In the case of 

using the BR algorithm, the best predictions were attained 

by the network with ten neurons in the hidden layer. To 

clarify this, we refer to the variations in the MSE value with 

respect to the number of neurons in the hidden layer. 

Fig. 9a presents the MSE values versus the number of 

neurons in the hidden layer of the ANN, where the LM 

algorithm is the learning rule of the trained networks. As 

can be seen, the worst predictions belong to ANNs with 1–4 

neurons in their hidden layers, where the MSE values of the 

training, test, and validation data fluctuate. In contrast, 

when the number of neurons in the hidden layer varied from 

5 to 7, a semi-stable MSE trend was observed. Specifically, 

as the number of neurons in the hidden layer reached 7, the 

MSEs were close to each other. Consequently, when LM is 

the learning rule of the trained ANNs, the best prediction 

 

 

 

was made by the ANN with a 2×7×3 configuration, in 

which 2, 7, and 3 represent the number of inputs, neurons in 

the hidden layer, and output parameters, respectively. 

As stated previously, we used two different learning 

rules for feed-forward ANNs, and we now discuss the trend 

of the calculated MSE as a function of the neurons in the 

hidden layer of the ANNs whose governing algorithm is 

BR. In these ANNs, when we defined 1–5 neurons in the 

hidden layer, the MSE values, particularly for the test data, 

decreased or fluctuated. More specifically, no stable trend 

was observed. When we considered 6–10 neurons in the 

hidden layer of the trained ANNs, the MSE values of the 

train and test data remained constant, and no further decrease 

was observed. Therefore, in the case of ANNs with the BR 

algorithm as learning rule, the desired network configuration 

was 2×10×3 (Fig. 9b). 

Comparing the LM and BR algorithms, we found that 

the BR algorithm was more robust than the LM algorithm 

regarding the MSE because the decreasing trend of the 

corresponding MSEs was smoother with the least 

fluctuations. 

In contrast to the MSE, which exhibits a decreasing 

trend with an increasing number of neurons in the hidden 

layer, R2 increased as the number of neurons was increased.  

 

Fig. 9 MSE trends of the train, test, and validation data, with ANN learning rules of a) Levenberg-Marquardt (LM) 

algorithm and b) Bayesian regularization (BR) algorithm 

 

Fig. 10 Variation of R2, for ANN learning rules of a) LM algorithm and b) BR algorithm 
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The ideal value of R2 is 1, thus, as this parameter approaches 

1, we can trust the accuracy of the trained ANN. This 

implies that the predictions of the ANNs are close to the 

input data. In other words, where R2 = 1, the predictions of 

the ANNs and experimental data are the same, and if we 

plot the data with respect to each other, we would realize 

that the fitting function will be Y=X. 

Fig. 10a depicts the variations in R2, where the LM 

algorithm is the learning rule of the ANNs. Considering 1–4 

neurons in the hidden layer, the R2 value fluctuates between 

0.66 and 0.98, indicating that 66% and 98% of the data 

were around the regression line, respectively. Whereas, 

when the number of neurons in the hidden layer varied from 

5 to 7, 95.6% and 99% of the data were close to linear 

regression. Consequently, in this case, the proper 

configuration of the hidden layer contains 7 neurons. 

For the second type of trained ANNs with the BR 

algorithm as the learning rule, R2 values were in the range 

of 0.46 up to 0.99, where 1–5 neurons were defined in the 

hidden layer (Fig. 10b). Afterward, where 6–10 neurons 

were defined in the hidden layer, the R2 values stood around 

0.98 and 0.99 for the test and train data, respectively. This 

implies that 98% and 99% of the test and train data lie on 

the regression line or are located in the neighborhood of this 

line. Therefore, the BR algorithm performs better than the 

LM algorithm as a learning rule (Fig. 11). 

As a concluding remark on the trained ANNs, the BR 

algorithm provided more precise predictions than the LM 

algorithm. Consequently, we considered the network with a 

2×10×3 configuration as the desirable network, which was 

trained by the BR algorithm. This network had two input 

parameters (i.e., weight ratios of HNTs and ESP), 10 

neurons in the hidden layer, and 3 output parameters (i.e., 

Young’s modulus, hardness, and plasticity index). Our 

interpretation of the fabricated composites under the 

indentation test was based on the predictions of the trained 

ANN, which have been depicted in Fig. 12. 

 
4.4 Effects of HNTs and ESP on mechanical 

properties of AF/PP composites using ANN 

 

As aforementioned, the effect of incorporating HNTs 

 

 

and ESP on the mechanical behavior of filled eco-friendly 

AF-reinforced composites was predicted using ANNs. Fig. 

12 depicts the contour of the Young’s modulus behavior 

with various loadings of HNTs and ESP into the AF/PP 

composites, indicating the effect of different loadings of 

HNTs and ESP. The results indicate that the addition of 

HNTs increased the Young’s modulus of the composite 

specimens. For instance, the Young’s moduli of composite 

specimens containing 3 and 6 wt.% of HNTs increased by 

25.7% and 44.4% compared with neat specimens, 

respectively. As mentioned earlier, the ideal mechanical 

properties of the HNTs and their high aspect ratios could 

explain the variations in the mechanical properties of the 

composite specimens containing HNTs. Relatively similar 

behavior was observed by previous researchers regarding 

the effect of NC on the Young’s modulus of AF-reinforced 

composites. Shah et al. (2013) showed that as the NC 

content increased to 15%, the tensile modulus of PP/AF 

composites increased. Furthermore, Manickam et al.  

(Manickam et al. 2021) observed that adding up to 4% NC 

increased the tensile modulus of glass/abaca hybrid epoxy 

composites. Based on the results displayed in Fig. 12, it was 

concluded that, owing to their lower mechanical properties 

and aspect ratio, adding ESP into the composite specimens 

could significantly decrease their Young’s modulus. For 

example, the Young’s modulus of a composite with 3 wt.% 

of ESP decreased by 30.7% compared with the pure 

composite, while increasing the weight fraction of ESP up 

to 6% decreased the Young’s modulus by 34.8%. The ESP 

agglomeration and the micro-size of ESP particles could 

increase the stress concentration of composites filled with 

these particles, which could also cause the reduction in the 

mechanical properties. In a similar study on PP/AF 

composites, Nguyen Tran et al. (2021) observed that with 

an increase in the ESP loading (up to 4%), the tensile 

modulus of the composite samples decreased. The results 

were obtained for a composite system comprising 15% AF. 

Meanwhile, the simultaneous addition of HNTs and ESP 

increased the Young’s modulus of the composite specimens 

compared with the neat composite specimen. However, the 

enhancement of the Young’s modulus for specimens 

containing both HNTs and ESP particles was lower than  

 

Fig. 11 Applied regression to all data based on the a) LM algorithm and b) BR algorithm 
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that for specimens incorporating only HNTs. For example, 

the Young’s modulus of the specimen incorporated with 6 

wt.% HNTs along with 6 wt.% ESP increased by 

approximately 4.5%. From comparing the results in Fig. 

12a, increasing the addition of ESP in the hybrid-filled 

composites resulted in reduced mechanical properties, 

whereas, incorporation of more HNTs could increase the 

Young’s modulus of hybrid composites due to the reason 

discussed earlier. 
Fig. 12b illustrates the contour of the hardness behavior 

obtained using the ANN method, indicating the effect of 

various loadings of HNTs and ESP particles in eco-friendly 

AF-reinforced composites. The same increasing trend was 

observed for the hardness with the addition of HNTs into 

the fabricated composites and reduced hardness with 

incorporation of ESP particles. Moreover, incorporation of 

both fillers enhanced the hardness, particularly for 

specimens containing more HNTs. Shokrieh et al. (Shokrieh 

et al. 2013) reported that hardness defines the resistance of 

a material to deformation caused by normal forces. Thus, by 

incorporating HNTs with high intrinsic strength and aspect 

ratio into the composite specimens, the indenter interacts 

with stiffer materials. In addition, the addition of ESP 

 

 

decreased the mechanical properties, leading to a reduction 

in hardness. The trend of the hardness indicates that 

incorporation of more ESP decreases the hardness of the 

composites containing both HNTs and ESP particles. For 

instance, the calculated hardness of the specimens 

incorporated with 6 wt.% ESP + 3 wt.% HNTs was 

approximately 0.0502 GPa, while the hardness of filled 

composites with 3 wt.% ESP + 6 wt.% HNTs was 

approximately 0.0649 GPa. The contours of the plasticity 

index behavior based on various loadings of the HNT and 

ESP fillers are shown in Fig. 12c. As reported by Barbaz-

Isfahani (2022), the plasticity index (Ψ) defines the elastic-

plastic behavior of materials under external forces. From 

the results, the plasticity indices of all the composite 

specimens were between 0 and 1, indicating their 

viscoelastic-plastic behavior. Moreover, the addition of 

HNTs and ESP decreased the plasticity index of the 

specimens, compared with pure composites, suggesting an 

increase in the elastic recovery of filler-incorporated 

composites. Thus, the filled composite specimens tended to 

behave elastically compared with the neat ones. The 

addition of nano- and micro-fillers could increase the 

brittleness of the filled composites, which could lead to a 

 

Fig. 12 Distribution contours of a) Young’s modulus, b) hardness, and c) plasticity index of incorporated AF/PP 

composites with different HNT and ESP loadings based on the ANN’s predictions 
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decrease in their plasticity indices. The reduction in the 

plasticity index for specimens containing HNTs was more 

significant than that for the specimens constituting ESP 

particles. For example, the plasticity index of the specimen 

containing 6 wt.% of HNTs decreased by 14.6% compared 

with pure composites, while the plasticity index of 

composites filled with 6 wt.% of ESP decreased by only 

2.3%. 
 

 
5. Conclusions 

 

In the present work, an indentation test was firstly 

performed on AF/PP composites incorporated with HNTs 

and ESP. The experimental datasets were obtained from 

indentation tests for different HNT and ESP loadings, load 

amplitudes, and two indenters. An ANN with high accuracy 

was then trained based on the indentation experimental data 

to predict the mechanical properties of the composites, 

including the Young’s modulus, hardness, and plasticity 

index.  
• The code developed for generating a shallow ANN, 

whose learning rule was Bayesian Regularization algorithm 
and had ten neurons in the hidden layer could act as a robust 
predictor, with the lowest MSE and the highest accuracy, 
regarding the ANN predictions and experimental data from 
indentation test. Furthermore, fitting a linear regression 
revealed that this trained ANN had the potential of 
estimating the variation of the mechanical properties based 
on the intrinsic properties  of materials and the laboratory 
conditions. 

• The indentation results showed that the addition of 
HNTs could increase the elastic modulus and hardness of 
the fabricated composites, whereas, the incorporation of 
ESP reduced the mechanical properties. Furthermore, the 
addition of both HNTs and ESP increased the Young’s 
modulus of the composite specimens compared with the 
pure AF/PP composite. However, the enhancement of 
Young’s modulus for specimens containing hybrid HNT-
ESP particles was lower than that for specimens 
incorporating only HNTs. 

• The hardness of the specimens increased with the 
addition of HNTs into the fabricated composites, and 
reduced with the incorporation of ESP. Moreover, the 
incorporation of both fillers enhanced the hardness, 
particularly for specimens containing more HNTs. 

• The plasticity indices of all the composite specimens 
ranged between 0 and 1, indicating the viscoelastic-plastic 
behavior of the fabricated composite specimens. The 
reduction in the plasticity index for specimens containing 
HNTs was more significant than that for the specimens 
comprising ESP particles, indicating that the composite 
specimens filled with HNTs tended to behave more 
elastically. 
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