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Abstract 

Nowadays, the application of carbon fibre reinforced polymer (CFRP) 

composites in engineering works for strengthening of reinforced concrete 

structures is increase dramatically. CFRP can be used to strengthen the structural 

elements to increase its performance in load carrying capacity, and subsequently 

delaying the deterioration rate or reducing the impact of damage, if any. This 

paper aims to provide an analytical model which is capable to predict the CFRP 

fully confined concrete compressive strength. This analytical model is developed 

by using artificial neural network (ANN) which utilised the data from a new 

database created from the previous experimental works in previous literatures. 

Four input parameters are selected as the training parameters for the ANN, i.e. 

the tensile strength of CFRP (f f), thickness of the CFRP layer (t), CFRP’s Young 

modulus of elasticity (𝐸𝑓) and compressive strength of unconfined concrete (𝑓co). 

The output of the ANN models is to predict the compressive strength of confined 

concrete (𝑓cc). In addition, a comparison was carried out with the predicted value 

from the proposed ANN model in this study and the experimental value from 

literature, and with two other existing mathematical models from previous study. 

The proposed ANN model showed lowest average error in predicting the 

experimental results with only a difference of 5.91 MPa as compared to the actual 

experimental value.  

Keywords: Artificial neural network, Carbon fibre reinforced polymer, CFRP 

confinement, Compressive strength, Resilient building. 
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1.  Introduction 

Fibre reinforced polymer (FRP) is a composite material composed of a fibre 

reinforced matrix polymer. The main composite material’s name which used to 

form the matrix polymer is generally used to address the type of FRP in the market. 

Generally, there are a few types of fibres that are commonly used to form the matrix 

polymer which are aramid, carbon or glass, and sometimes other fibres such as 

paper, asbestos, or wood. For example, if glass fibre is utilised as the main 

ingredient to form the reinforced polymer, then it is calling as glass fibre reinforced 

polymer (GFRP), and if the carbon fibre is used as the main ingredient, then it is 

calling as carbon fibre reinforced polymer (CFRP).  

Commonly, FRP is applied to provide submissive confinement for reinforced 

concrete or masonry columns to increase both compressive and ductile strengths [1]. 

The application of FRP as a strengthening material has been popularly used in the 

past decade due to its good strength, high modulus of elasticity, easy installation and 

cost effective compared with other type of fibres. Many studies have been conducted 

to investigate the behaviour and effect of FRP confinement to the concrete strengths. 

Earlier study by Hosotani et al. [2] has demonstrated the proposed concrete model 

confined to the FRP that applied to circular and rectangular columns. Then, more 

studies have been conducted by other researchers like Kim et al. [3], Lin and Liao 

[4], Masia et al. [5], Ongpeng [6], Akogbe et al. [7], Li and Wu [8], Ismail et al. [9], 

Raza et al. [10], Huang et al. [11] and Tang et al. [12] in applying the FRP to confine 

various shapes of concrete and reinforced concrete columns in investigating their 

behaviour and strength. All studies concluded that the FRP has shown great potential 

in improving the concrete performance.  

Although many studies have been carried out on investigating the concrete 

performance of either fully or partially confined concrete cylinder with FRP, but 

many studies are focusing on the experimental program. Due to the advancement 

of the technology, the capacity of the numerical software available has also 

becoming powerful. Different numerical models are proposed in recent years to 

capture the ultimate compressive strength of such confined concrete columns. 

Some recent studies involving numerical investigation on the concrete cylinder can 

be found in Mazzucco et al. [13], Al-Kamaki et al. [14], and Du et al. [15] and Tang 

et al. [16]. However, there is no study carried out on the model prediction for 

providing the compressive strength of a fully confined concrete cylinder with 

CFRP. Hence, this study focuses on creating a database from the previous studies 

based on the experimental works carried out on CFRP confined concrete column. 

Fig. 1 shows the sample of partially confined CFRP and fully confined CFRP on a 

concrete column in a laboratory testing. A collection of a large number of 

experimental data is therefore essential for this purpose [17]. In this study, a 

database is created from the data collected based on the testing carried out in 

previous studies on CFRP confined concrete column. Then, a new prediction model 

is developed using the artificial neural networks (ANN) using the collected 

database based on the previous studies to predict the concrete compressive strength. 
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Fig. 1. Partially and fully confined column with CFRP. 

2. Methodology  

ANN is basically a computer system which architecture essentially imitates the 

human brain working skills and power in memorising [18]. Artificial neurons work 

similarly to real neurons in the human brain. It is trained to predict the desired result 

based on data that fed into the learning process. Similar to the biological neuron 

network, the digital neuron network has an input layer, a neuron layer, and an 

output layer. Every neuron is typically connected to one another by a link which 

contains weights which integrate complex information. The types of ANN can be 

differentiated by its structure, type of neuron, training database and learning 

algorithms among others [17]. There are evidences that ANN is a powerful tool to 

employ as a prediction tool in the engineering field as in studies by Asteris and 

Mokos [19] and Karimipour et al. [20].  

In this study, a collection of database on the compressive strengths of CFRP 

confined circular concrete samples was created. The range of parameters for the 

proposed database is tabulated in Table 1. The database was employed to provide 

enough information for the training, validation and testing of ANN model. Overall, 

the created database contains 243 test results from the related previous studies in 

the literature. The database collection consisted of four input parameters which was 

the ultimate tensile strength of CFRP (f f), thickness of the CFRP layer (t), CFRP’s 

Young modulus of elasticity (𝐸𝑓), and compressive strength of unconfined concrete 

(𝑓co) while the target output was the compressive strength of confined concrete 

(𝑓cc). The dimension of the concrete cylinder employed in this study was 150 mm 

× 300 mm with the length-to-diameter ratio (h/d) as 0.5. 

Table 1. Range of parameters for the proposed database 

Input parameter t  

(mm) 

fco 

(MPa) 

fcc 

(MPa) 

ff 

(MPa) 

𝐸𝑓 

(MPa) 

Max 1.50 82.13 146.4 4580 377 

Min 0.11 6.2 19.4 1265 82.7 

Mean 0.36 39.44 83.66 3502 256.46 
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In this study, the ANN model was developed using MATLAB R2018b. The 

architecture of the proposed model was designed by using trial and error method. 

Fifteen trials ANN models were trained using different number of neurons to get 

the best network configuration of the ANN model. The Mean Square Error (MSE) 

was adopted to determine the best ANN model in this study. MSE is the average 

squared difference between outputs and targets. Lower values are better. Zero 

means no error. The neurons with the lowest MSE can be considered as the best 

network to predict the compressive strength of CFRP fully confined concrete 

column. Other criteria used to choose the network with best performance was by 

analysing its regression value (R-value) which measure the correlation between 

outputs and targets. An R-value of 0 indicate random relationship, while 1 indicate 

close relationship. Hence, R-values and MSE were used as the main criterion to 

select the idealised network in this prediction study.   

The ANN models were developed with one layer of hidden neurons. In this study, 

the transfer function used in the ANN model was log-sigmoid for the hidden layer 

while pureline for the output layer. The training algorithm utilised was Levenberg-

Marquardt as according to study by Goh et al. [21], Levenberg-Marquardt algorithm 

in ANN gave the best generalisation performance in prediction. This algorithm 

typically requires more memory but less time. Training automatically stops when 

generalisation stops improving as indicated by an increase in the MSE of the 

validation samples. The designed network used in this analysis was named NN 4-n-

1, where the first digit number representing the inputs while the last digit representing 

the output of the ANN model as illustrated in Fig. 2. The number of hidden neurons 

was stated in between in the input and output layers.   

 

Fig. 2. Schematic diagram of ANN model. 

The database was normalised before they were fed to train the ANN model. The 

objective of data normalisation was to reduce the data redundancy if any and 

minimise the amount of storage space needed to save the data to make it easier to 

maintain. Sixty percent from the data was randomly selected as the training data to 

train the network. The network learnt by adjusting the errors automatically during 

the learning process. Another 20% randomly selected data from the database was 

specified as validation data which was used to evaluate the data generalisation. The 

remaining 20% in the database was classified as testing data. The testing data has 

no influence on training and thus an independent network performance 

measurement can be provided during and after training. 
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The values from the ANN output were the used in a comparison study with two 

existing mathematical models to validate the efficiency of the proposed ANN 

model. The two existing mathematical models employed for this comparison study 

were models proposed by Matthys et al. [22] with nonlinear relationship and 

Mander et al. [23] with second-order relationship. The formulation to calculate the 

predicted full confinement compressive strength for these two models are presented 

in Table 2.  

Table 2. Existing mathematical models for FRP confined concrete. 

Author Formula 

Matthys et al. [22] 
 

Mander et al. [23] 

 

 

 

The following equation which was proposed by Al Abadi et al. [24] was applied 

to employ to calculate the lateral confining stress (𝑓𝑙).  

 𝑓𝑙 =
2 ×  𝑓𝑓  × 𝑡

𝑑
 

where, 𝑓𝑓 = Ultimate tensile strength of CFRP, t  = Thickness of CFRP layer, d = 

Diameter of concrete cylinder. 

3. Results and Discussion 

As mentioned in the previous section, MSE was employed in this study as the 

indicator for stopping the network training, while regression value was used to 

check the correlation between the outputs and targets. Fig. 3 presents the MSE 

values obtained from the ANN training and validation process using the different 

number of neurons. From Fig. 3, it is observed that the MSE values for the model 

training starts with a large value and then continue to decrease to a smaller value. 

It means that the ANN model was learning well during training. The MSE values 

for the model validation of the ANN model also showed a large value initially but 

continue to decrease to the smaller values. However, the MSE values for the model 

validation started to increase when the ANN model employed more than 10 hidden 

neurons. Thus, the number of neurons with minimum value of MSE for model 

validation can be considered as the most efficient ANN model for this study. 

Another filtering criteria for pre-elimination of ANN model can be seen in Fig. 4 

where it shows the R-value for different number of neurons applied.  

After analysing the MSE and R-value from Figs. 3 and 4, the best ANN model 

was selected based on their accuracy and efficiency was NN 4-10-1 as it recorded 

the lowest value of MSE value, and its R-value exceeded 0.95 which was close to 

1. The results for the ANN model training of the NN 4-10-1 are summarised in 

Figs. 5 and 6. 

 

(1) 
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Fig. 3. MSE value for training and  

validation for different number of neurons. 

 

Fig. 4. Regression value (R-Value) for different number of neurons. 

 

Fig. 5. Performance of NN 4-10-1. 

0.95 
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Fig. 6. R-Value for training, validation, test and all for NN 4-10-1. 

Figure 5 illustrates the ANN model’s training performance. The plot in Fig. 5 has 

three lines as the vectors of the 243 inputs and targets were divided into three sets 

randomly. Training on the training vectors continues as long as the training reduces 

the error on the validation vectors from the network. Training is stopped after the 

network memorises the training set which make it generalise the result more poorly. 

This technique automatically avoids over-fitting problem which plagues many 

algorithms for optimisation and learning. Figure 6 depicts the R-value for training, 

validation, and testing for NN 4-10-1 which the line spread around the 45° which 

indicate that the result was neither underestimated nor over estimated. 

After the best network has been selected, the output of the network was 

compared with the experimental results and two other models from Matthys et al. 

[22] and Mander et al. [23] to validate the efficiency of the proposed ANN model 

in predicting the full CFRP confinement concrete cylinder compressive strength. 

Figure 6 presents the comparison of proposed model with the mathematical models 

from previous studies related to experimental works. When there is a perfect 

agreement between the model and the results from experiment, all points will lie 

along the 45° line. 

From Fig. 7, it can be observed that the point distribution of proposed neural 

network lies among the 45° line which indicate that it can performs fairly well when 

it comes to predicting the experimental results. The average error between predicted 

values and experimental values were then calculated. The percentage error of these 

three models is shown in Fig. 8.The proposed ANN model recorded the lowest 

average error of 5.91 MPa to the actual value, followed by model by Matthys et al. 

[22] with of 10.0 MPa, and model by Mander et al. [23] recorded the highest 

average error among three prediction value with 18.78 MPa. This demonstrates that 

the proposed method has good capability to predict the compressive strength of a 

fully confined concrete cylinder with CFRP. 
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Fig. 7. Comparison of proposed model and two other  

empirical models from previous studies with experimental results. 

 

Fig. 8. Percentage error between  

proposed model and two other strength models. 

4. Conclusions 

A collection of database with a total of 243 samples for CFRP confined concrete 

was gathered from all related previous studies. A training process of the ANN 

model was carried out with 15 different number of hidden neurons, and one of the 

best network was selected. The best network selected was NN 4-10-1 based on its 

performance using the indication of MSE and regression values. In order to verify 

the performance of the network, the prediction from the ANN model was compared 

with the actual experimental results and two other existing empirical models from 

previous studies. The proposed ANN model was capable to provide the lowest 

average error in predicting the experimental results with only a difference of 5.91 

MPa as compared to the actual experimental value, while the other two empirical 

models were at 10.0 MPa and 18.78 MPa, respectively. In addition, to prove the 

efficiency of the proposed model, percentage error of these three models were 
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compared. The proposed ANN model gave the lowest percentage of error. In 

conclusion, this study demonstrated that the proposed ANN model is capable to 

provide an accurate prediction of CFRP full confinement concrete compressive 

strength and can be useful as a good prediction tool in the related industry. 

 

Nomenclatures 
 

Ef CFRP’s Young modulus of elasticity 

ff CFRP’s Young modulus of elasticity 

𝑓cc Compressive strength of confined concrete 

𝑓co Compressive strength of unconfined concrete 

t Thickness of the CFRP layer 
 

Abbreviations 

ANN Artificial Neural Networks 

CFRP Carbon Fibre Reinforced Polymer 

FRP Fibre Reinforced Polymer  

GFRP Glass Fibre Reinforced Polymer 

MSE Mean Square Error 
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