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Abstract 

FRP bars have been utilized widely to replace steel bars in concrete beams due to their excellent corrosion resistance. 

Therefore, this paper aims to propose an efficient procedure based on artificial neural network (ANN) and reliability 

analysis to predict the moment capacity, the failure modes, and the resistance reduction factor for the design of concrete 

beams reinforced by FRP bars. In particular, 200 FRP RC beams are collected to train and verify the ANN model. In 

addition, a source code based on the Monte Carlo method is developed in MATLAB for the reliability analysis. The ANN 

model and the Matlab code are integrated to determine the failure probability, the reliability index, and the resistance 

reduction factor of FRP RC beams by rigorously considering the uncertainty of numerous variables. According to the 

findings of this study, ANN can be applied to predict the ultimate moment of FRP RC beams well since the mean and CoV 

of the model error are only 0.98 and 0.12, respectively, which are better than those obtained from ACI 440.1R. Furthermore, 

the resistance reduction factors for the design of FRP RC beams by ANN can be taken as 0.65 corresponding to the target 

reliability index of 4.0. 

Keywords: Artificial Neural Network (ANN); Design Guideline; FRP RC Beams; Reliability Analysis; Resistance Reduction Factor. 

 

1. Introduction 

Reinforced concrete (RC) structures have been applied broadly in the civil engineering industry, and they have been 

investigated in numerous studies from the member level, such as columns [1-3], beams [4-6], and slabs [7], to the system 

level, such as frames and buildings [8, 9]. However, steel bars can be easily corroded when working in aggressive 

environments, which reduces structural durability and increases maintenance costs [10]. Therefore, fiber reinforced 

polymer (FRP) bars have been widely used as an alternative to steel reinforcement in concrete structures due to their 

various advantages such as light weight, high strength, and excellent corrosion resistance. 
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To better understand the behavior and develop design standards for FRP RC structures, many studies have been 

conducted, including both experiments [11-13] and numerical simulations [14-16]. Among these, FRP RC beams have 

attracted significant attention from researchers. Although experimental testing provides the most reliable observations 

about practical behaviors of FRP RC beams, it is time consuming and expensive. Another approach is to employ 

numerical simulation such as finite element analysis to analyze the response of FRP RC beams under loading conditions. 

This approach can effectively capture crucial features, including ultimate load, deformation, failure modes, and crack 

patterns. However, issues such as long computational time, convergence difficulties, and software license cost can be 

big challenges. Recently, artificial neural networks (ANNs) have emerged as a promising approach and have been 

applied to explore the response of FRP RC beams [17-20]. This method can surpass the drawbacks mentioned above. 

ANN models mimic the human brain to build computational neural networks that are able to learn and provide 

predictions using input data. ANN includes three types of learning processes that are supervised learning, unsupervised 

learning, and reinforcement learning. In supervised learning, the predicted outputs are compared directly with the actual 

outputs to determine the error. Unsupervised learning does not require the actual outputs, as the outputs are forecasted 

using the correlation of the input data. In reinforcement learning, problems involve what to do; how to map situations 

to actions to maximize a numerical reward signal. Generally, supervised learning is the most commonly applied to solve 

civil engineering problems [16, 18, 19].  

Regarding reliability analysis, it is applied in many studies to determine the failure probability and reliability indices 

of FRP RC beams due to uncertainties of variables such as material properties, section dimensions, applied loads, and 

error of the prediction models. These uncertainties are represented by probabilistic models leading to a probabilistic 

distribution of the structural resistance. Consequently, it can result in the failure of the beams. Currently, some studies 

related to reliability analysis of FRP RC beams have been conducted [21-23]. Most of these studies calibrate the 

reliability indices of FRP beams by using the design equations given in standards, or applying numerical analysis based 

on commercial software. Using design equations to calculate the load-carrying capacity can reduce the computational 

time significantly. However, results are quite conservative, as there are many empirical coefficients and simplifying 

assumptions in the equations. In contrast, numerical simulation can reflect well the practical behavior of FRP RC beams 

and yield quite accurate load-carrying capacity. Therefore, the predicted reliability indices are also more precise. 

However, this method requires substantial computational resources. 

Studies on the behavior and reliability analysis of FRP RC beams have been conducted by [20, 24, 25]. Murad et al. 

[20] employed artificial intelligence/machine learning (AI/ML) to predict the flexural capacity of concrete beams 

reinforced with FRP bars. In their study, an AI/ML model was built by using a database of 116 FRP RC beams. The 

predicted results were compared with those obtained from ACI 440 and CSA S806. Their results agreed well with those 

obtained from experiments, ACI 440, and CSA S806. However, the study was limited to the estimation of FRP beams' 

ultimate load; the reliability analysis for evaluating current design standards was not conducted. Ge et al. [24] applied 

an AI/ML model to predict the bending capacity of concrete beams reinforced with hybrid FRP and steel bars. Based on 

the results compared with experiments, their developed AI/ML model demonstrated good performance, as the predicted 

results agreed well with those from experiments. However, their study did not assess current design standards of FRP 

RC beams. Zhang et al. [26] conducted a numerical study based on AI/ML to predict the flexural capacity of concrete 

beams reinforced with hybrid steel and FRP bars. The outputs from the numerical model were better than those predicted 

by ACI 440.1.  

However, reliability analysis was not carried out in their study to evaluate current design standards of FRP RC beams. 

In several research studies, reliability analysis of concrete beams reinforced by FRP bars was conducted to examine the 

safety of equations given in design standards. Particularly, Feng et al. [22] carried out reliability analysis to evaluate the 

design of FRP-reinforced concrete beams with compression-yielding blocks. In their study, calculation equations were 

established by assumptions such as strain was linearly distributed along the section and concrete tensile strength was 

ignored. Therefore, the prediction equations could not capture the practical behavior of FRP RC beams. The current 

design guidelines and standards were also not evaluated. He & Qiu [27] employed reliability analysis to assess resistance 

reduction factors of FRP RC beams designed by ACI 440.1. Their study utilized equations provided by the standard to 

conduct reliability analysis. This approach saved computational time significantly, but these equations were established 

using many assumptions. Consequently, the results were conservative. Other studies by Zhang et al. [26] and Zhou et 

al. [28] also focused on the reliability analysis of FRP concrete beams, but they targeted shear behavior. Based on the 

review above, it has been found that there is a lack of studies that employ ANNs to conduct reliability analysis and 

predict the load-carrying capacity of FRP RC beams. This method can substantially reduce the computational time while 

still retaining high accuracy. 

Therefore, this study aims to develop a feasible and efficient procedure based on ANN and reliability analysis to 

predict the ultimate moment and failure mode and propose the resistance reduction factor for the design of FRP RC 

beams. At first, the ANN model is trained in Matlab using FRP RC beams collected from previous experimental studies. 

This ANN model is validated with the results from experiments and ACI 440.1R. Then a source code for the reliability 

analysis is developed using the Monte Carlo method. This source code is integrated with an ANN model in MATLAB 

to estimate ultimate moment, failure probability, and reliability index. In addition, design equations and resistance 

reduction factors of ACI 440.1R are also evaluated by the proposed process. 



Civil Engineering Journal         Vol. 12, No. 05, May, 2026 

1759 

 

2. ANN Model for Predicting Moment Capacity of FRP RC Beams 

The ANN model is developed by using available data from FRP RC beams to predict the outputs such as load-
carrying capacity and failure modes. Based on this unique characteristic, ANN can overcome limitations of conventional 
numerical approaches, including long computational time and expensive software licensing costs. The structure of an 

ANN includes three main components that are the input layer, hidden layers, and output layer, as depicted in Figure 1. 
At the beginning of the training stage of the ANN model, the available data (xi) will be provided to the neurons of the 
input layer. Then weights (wij) and bias (bi) are applied to transfer the information to hidden layers as given in Equation 
1. The output of each neuron in a hidden layer serves as input data to determine the values of neurons in the subsequent 
layer. Furthermore, activation functions are employed to transfer the signals among layers and yield results in the output 
layer. Some popular activation functions used to train the ANN models are the logistic sigmoid function (Equation 2), 

the hyperbolic tangent function (Equation 3), and the linear function (Equation 4) (see Figure 2). 

𝑆𝑗 = ∑ 𝑤𝑖𝑗𝑥𝑖 + 𝑛
𝑖=1 𝑏𝑖  (1) 

𝑓(𝑧) =
1

1+𝑒−𝑧  (2) 

𝑓(𝑧) =
2

1+𝑒−2𝑧 − 1  (3) 

𝑓(𝑧) = 𝑧  (4) 

where, Sj is the value of each neuron in the hidden layer; xi are the input values; wij and bi are weights and bias, 

respectively; f(z) is activation function (AF) used to transfer values in the hidden layers and output layer. 

 

Figure 1. Typical layers of an ANN model 

   

(a) Linear function (b) Logsig function (c) Tansig Function 

Figure 2. Some typical activation functions 

In this study, the ANN algorithm provided by MATLAB is applied to train the model for the prediction of the 
ultimate moments and failure modes of FRP RC beams. There are three available algorithms given in MATLAB named 

Levenberg-Marquardt (LM), Bayesian regularization (BR), and scaled conjugate gradient (SCG). Among the three 
algorithms, the LM method shows better performance in terms of convergence rate, generalization ability, and prediction 
accuracy compared to the other algorithms. These advantages have been demonstrated in previous studies [19, 29, 30]. 
Therefore, this method is adopted in this research. To train the ANN model, 200 FRP RC beams are collected from 
experimental studies. The parameters used for the input layer are section width bc (mm), section height hc (mm), concrete 
compressive strength fc (MPa), area of FRP bars Af (mm²), elastic modulus of FRP bar Ef (MPa), FRP tensile strength ffu 

(MPa), and reinforcement-to-balanced reinforcement ratio pf /pfb. The actual outputs include ultimate moments and 
failure modes of FRP RC beams. It should be noted that the ANN model built in this study is applied for FRP RC beams 
subjected to static gravity loads. To account for other loading types such as impact loads, blast loads, or environmental 
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conditions, experimental data obtained from these conditions should be collected to train the ANN model. However, 
they are out of the scope of this study. The precision of the trained ANN model can be represented by the coefficient of 
determination R-squared (R²), and the absolute percentage error (MAPE), which are calculated by the following 

equations [31]: 

𝑅2 = 1 −
∑ (𝑌𝑖−𝑌̂𝑖)2𝑘

𝑖=1

∑ (𝑌𝑖−𝑌̄)2𝑘
𝑖=1

  (5) 

𝑀𝐴𝑃𝐸 =
1

𝑘
∑ |

𝑌𝑖̂

𝑌𝑖
− 1|𝑘

𝑖=1   (6) 

where, 𝑌𝑖  is the measured values; 𝑌𝑖̂  is the predicted values; 𝑌̄ is the mean of measured values; k is the number of 

specimens.  

3. Design by ACI 440.1R 

Several standards and guidelines have been established for the design of FRP RC beams, among which ACI 440.1R 

[32] is one of the most widely applied design documents. In these design guidelines, the cross section of the beam is 
assumed to remain plane under loading conditions, and strain distributes linearly along the height of the section. In 
addition, to simplify the design equations, the nonlinear stress distribution of concrete along the height of the 
compression zone is converted to the equivalent rectangular stress block using specified coefficients (Figure 3). The 
ultimate moment of the FRP RC beams is strongly dependent on the types of failure modes, as the stress and strain of 
concrete and FRP in each failure mode are significantly different. To determine the type of failure of the beam, the 

reinforcement ratio (pf) is compared with the balanced reinforcement ratio (pfb) calculated by Equation 7. If pf /pfb>1, the 
failure mode is assumed to be concrete crushing. The moment capacity of this case is determined by Equation 8. If             
pf /pfb<1, the failure mode is FRP rupture. The ultimate moment is calculated by Equation 10. The values of moments in 
Equations 8 and 10 are multiplied with a reduction factor calculated by Equation 12 to determine the design moment 
capacity: 

𝜌𝑓𝑏 = 𝛼1𝛽1
𝑓𝑐

𝑓𝑓𝑢

𝐸𝑓𝜀𝑐𝑢

𝐸𝑓𝜀𝑐𝑢+𝑓𝑓𝑢
  (7) 

𝑀𝑛 = 𝐴𝑓𝐸𝑓𝜀𝑐𝑢
𝛽1𝑑−𝑎

𝑎
(𝑑 −

𝑎

2
)  (8) 

𝑎 =
𝐴𝑓𝑓𝑓

0.85𝑓𝑐𝑏
  (9) 

𝑀𝑛 = 𝐴𝑓𝑓𝑓𝑢 (𝑑 −
𝛽1𝑐𝑏

2
)  (10) 

𝑐𝑏 = (
𝜀𝑐𝑢

𝜀𝑐𝑢+𝜀𝑓𝑢
) 𝑑  (11) 

𝜙 = {

0.55    𝑓𝑜𝑟 𝜌𝑓 ≤ 𝜌𝑓𝑏  

0.3 + 0.25
𝜌𝑓

𝜌𝑓𝑏
    𝑓𝑜𝑟𝜌𝑓𝑏 < 𝜌𝑓 < 1.4𝜌𝑓𝑏

0.65    𝑓𝑜𝑟 𝜌𝑓 ≥ 1.4𝜌𝑓𝑏

  (12) 

where, fc is the compressive strength of concrete (MPa); ffu is the tensile strength of FRP bars (MPa); Ef is the elastic 
modulus of FRP bars (MPa); 𝜀c𝑢 is the ultimate compressive strain of concrete; 𝜀f𝑢 is the ultimate tensile strain of FRP 

bars; Af is the area of FRP bars (mm2); b is the width of the beam section (mm); d is the effective depth of the beam 
section (mm); α1 and β1 are coefficients to transform the actual concrete compressive stress distribution to an equivalent 
rectangular stress block. 

 
                                                                                        (a)                                      (b)                                   (c) 

Figure 3. Stress and strain distribution along the section of FRP RC beams: a) cross section; b) strain distribution;                         

c) stress distribution 
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4. Test Database and Model Error 

Many experimental studies have been conducted to investigate the flexural behavior of FRP RC beams, focusing on 

load-carrying capacity, crack formation, deformation, and failure modes [33–40]. The flexural behavior of FRP RC 

beams can be evaluated using either three-point or four-point bending tests. However, four-point bending tests are 

generally preferred because they provide a clearer representation of failure modes and crack propagation, as reported in 

several studies [37, 41]. Based on these experimental investigations, a database of 200 FRP RC beams was compiled, 

including two typical failure modes: concrete crushing and FRP rupture. Approximately 76% of the collected specimens 

(around 154 beams) exhibited concrete crushing failure. In contrast, FRP rupture is generally avoided because it leads 

to a more brittle failure mode. Consequently, this type of failure is not recommended in some design standards, such as 

CSA S806. 

The distributions of concrete compressive strength fc, FRP tensile strength ffu, section width bc, section height hc, and 

FRP elastic modulus 𝐸𝑓 for the collected beams are presented in Figure 4. As shown in Figure 4a, the section widths 

range from 100 mm to 500 mm, with approximately 93% of the specimens falling between 100 mm and 250 mm. The 

section heights vary from 150 mm to 550 mm, with nearly 75% of the beams having heights between 200 mm and 400 

mm (Figure 4b). Figure 4c shows that the concrete compressive strength ranges from 20 MPa to 102 MPa, while about 

90% of the values lie between 25 MPa and 55 MPa. The tensile strength of FRP bars ranges from 520 MPa to 2069 

MPa, with around 70.5% of the values between 520 MPa and 1200 MPa (Figure 4d). Similarly, the elastic modulus of 

FRP bars varies widely from 36 GPa to 200 GPa, although nearly 75% of the values fall between 36 GPa and 60 GPa 

(Figure 4e). Figure 4f illustrates that the ratio pf /pfb ranges from 0.6 to 10, while most tested beams have values lower 

than 5. Therefore, the collected dataset of FRP RC beams covers a wide range of parameters and can serve as a reliable 

source for training the ANN model. 

 

a) Width of the section     b) Height of the section 

 

c) Concrete compressive strength    d) FRP tensile strength 
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e) FRP elastic modulus              f) Reinforcement-to-Balance reinforcement ratio 

Figure 4. Distribution of some main parameters of the tested FRP RC beams 

Out of the 200 collected beams, 150 specimens were used to train the ANN model, while the remaining 50 beams 

were used to validate the model and evaluate its prediction error. The results of the trained ANN model are presented in 

Table 1 and Figure 5. As shown in Figure 5-a, the trained ANN model predicts the ultimate moment capacity of FRP 

RC beams with high accuracy, achieving an R² value of 0.966 and a MAPE of 0.11. These values indicate strong 

predictive performance of the ANN model. 

It should be noted that no official threshold values for R² and MAPE are specified in current design standards. ANN 

models are generally trained to avoid overfitting and to achieve high R² values and low MAPE values, since higher R² 

and lower MAPE indicate greater prediction accuracy. In general, acceptable ranges for R² and MAPE are approximately 

0.90–0.99 and 1%–10%, respectively, as reported in various studies [17, 24, 29]. 

Table 1 and Figure 5-b compare the failure modes predicted by the ANN model with those observed experimentally. 

For concrete crushing, the trained ANN model correctly predicted 100% of the cases, corresponding to 109 beams. In 

the case of FRP rupture, 92.7% of the failure modes predicted by the ANN model matched the experimental results 

(Figure 5-b). The relatively lower prediction accuracy for FRP rupture compared to concrete crushing can be attributed 

to the smaller number of FRP rupture specimens in the dataset. In addition, the limited amount of data within the 

transition zone (1.0 < 𝑝𝑓/𝑝𝑓𝑏<1.4), where FRP rupture is more likely to occur, also contributes significantly to this 

difference in prediction accuracy. 

To evaluate the prediction error of both the ANN model and ACI 440.1R, each method was applied to estimate the 

ultimate moment of 50 beams whose section dimensions, material properties, and ultimate moments are listed in Table 

2. For the ANN model, the mean and coefficient of variation (CoV) of the model error were 0.98 and 0.12, respectively. 

Based on distribution fitting in MATLAB, the Gumbel distribution was found to provide the best fit for the ANN model 

error, as shown in Figure 6-a. For ACI 440.1R, the Gumbel distribution also provided the best fit, with a mean and CoV 

of 0.97 and 0.17, respectively (Figure 6-b). 

The values of the mean and CoV clearly indicate that the ANN model predicts the moment capacity of FRP RC 

beams more accurately than the design equations of ACI 440.1R. Since the ANN model reduces the CoV of the test-to-

prediction moment ratio compared to ACI 440.1R, it can improve the reliability index of the investigated beams. 

Therefore, the ANN model developed in this study has the potential to enhance practical design compared to ACI 

440.1R. Additional details are provided in Figure 7, where the values of 𝑀𝑡𝑒𝑠𝑡/𝑀𝐴𝑁𝑁 are distributed within a narrower 

range than those of 𝑀𝑡𝑒𝑠𝑡/𝑀𝐴𝐶𝐼. Specifically, almost all 𝑀𝑡𝑒𝑠𝑡/𝑀𝐴𝑁𝑁  ratios fall within the range of 0.8 to 1.2, whereas 

𝑀𝑡𝑒𝑠𝑡/𝑀𝐴𝐶𝐼 values fluctuate over a wider range of 0.75 to 1.35. 

Table 1. Failure modes of FRP RC beams obtained from experiments and ANN 

Failure mode 
Number of beams  

from test 

Number of beams  

predicted by ANN 

Percentage  

(%) 

Concrete crushing 109 109 100 

FRP rupture 41 38 92.7 
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a) Moment capacity      b) Failure mode 

Figure 5. Moment capacity and failure modes of the trained data predicted by ANN 

Table 2. Ultimate moments predicted by ANN and ACI 440.1R 

Specimen 
bc 

(mm) 

hc 

(mm) 

fc 

(MPa) 

Af 

(mm2) 

Ef 

(GPa) 

ffu 

(MPa) 

Mtest 

(kNm) 

Mtest 

/MANN 

Mtest 

/MACI 
Ref. 

2T10B 180 230 30 157.1 50.0 1190 23.44 1.20 0.98 

Abed et al. [33] 2T12B 180 230 30 226.2 50.0 1190 31.13 1.23 1.12 

3T16B 180 230 30 603.2 50.0 1190 38.06 1.01 0.94 

SA-B10-1 125 200 33.12 157.1 56.0 1565 14.95 1.15 0.91 

Shamass & 

Cashell [38] 

SA-B10-2 125 200 33.12 157.1 56.0 1565 15.43 1.19 0.94 

R-B10-1 125 200 35.52 157.1 54.0 1356 15.54 0.83 0.93 

R-B10-2 125 200 35.52 157.1 54.0 1356 15.50 0.83 0.93 

N-2#12-10-3.05 150 200 41.01 226.2 49.3 1075 24.47 0.97 1.11 

Wang et al. [40] 

N-4#12-10-3.13 150 200 41.01 452.4 49.3 1075 27.77 1.07 0.96 

N-2#12-8-2.69 150 220 41.01 226.2 49.3 1075 25.36 0.84 0.97 

N-4#12-10-2.78 150 220 41.01 452.4 49.3 1075 32.56 0.98 0.94 

N-2#14-8-2.70 150 220 41.01 307.9 51.7 1102 32.96 0.94 1.09 

N-4#14-10-2.78 150 220 41.01 615.8 51.7 1102 36.25 1.35 0.92 

N-5#12-10-2.51 150 250 41.01 565.5 49.3 1075 37.90 0.90 0.80 

NB#10 200 300 34.4 166.3 43.9 1003.4 37.60 0.84 0.91 

Mostafa et al. [37] 

NB#12 200 300 34.4 267.5 45.7 983.5 53.20 1.00 1.03 

NB3#10 200 300 34.4 249.5 43.9 1003.4 50.80 0.98 1.03 

NB#16 200 300 34.4 452.9 49.2 988.5 61.10 0.90 0.92 

NGI#12 200 300 34.4 274.1 48.5 951.4 50.30 0.94 0.94 

NGII#12 200 300 34.4 294.8 48.3 980.2 52.10 0.93 0.95 

NGIII#12 200 300 34.4 300.4 49.0 980.7 51.60 0.92 0.92 

COMP-00 200 240 35.3 508.1 43.4 885 41.37 1.02 0.92 

Almusallam et al.  

[39] 

COMP-25 200 240 35.3 508.1 43.4 885 39.06 0.96 0.87 

COMP-50 200 240 36.4 508.1 43.4 885 39.35 0.96 0.86 

COMP-75 200 240 36.4 508.1 43.4 885 40.60 0.99 0.89 

ISO2 200 300 43 573.0 45.0 600 80.40 1.11 1.04 

Benmokrane et al. 

[34] 
ISO3 200 550 43 573.0 45.0 600 181.70 1.08 1.08 

ISO4 200 550 43 573.0 45.0 600 181.70 1.08 1.08 
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N2#13G2 200 400 33.5 261.2 67.0 1639 82.78 0.94 0.85 

El-Nemr et al.  

[36] 

N3#13G1 200 400 33.5 384.9 48.7 817 81.34 1.06 0.82 

H2#13G2 200 400 59.1 261.2 67.0 1639 101.59 1.04 0.85 

H3#13G1 200 400 59.1 384.9 48.7 817 85.58 0.94 0.76 

N5#15G2 200 400 29 970.4 69.3 1362 129.32 1.00 0.84 

N6#15G1 200 400 33.5 1161.9 50.0 762 118.73 0.79 0.76 

H5#15G2 200 400 73.4 970.4 69.3 1362 178.00 1.04 0.74 

H6#15G1 200 400 73.4 1161.9 50.0 762 177.73 0.91 0.79 

N5#15G3 200 400 33.8 970.4 59.5 1245 110.58 0.86 0.70 

N2#25G3 200 400 33.8 1019.3 60.3 906 115.93 0.82 0.72 

H5#15G3 200 400 73.4 1040.0 59.5 1245 188.37 1.07 0.81 

H2#25G3 200 400 73.4 1019.3 60.3 906 189.06 1.08 0.82 

N-212-D1-A 140 190 32.1 226.2 63.4 1321 24.51 1.00 1.28 

Barris et al. [35] 

N-212-D1-B 140 190 32.1 226.2 63.4 1321 23.85 0.98 1.25 

N-216-D1-A 140 190 32.1 402.1 64.6 1015 29.82 0.80 1.26 

N-216-D1-B 140 190 32.1 402.1 64.6 1015 29.79 0.79 1.26 

N-316-D1-A 140 190 32.1 603.2 64.6 1015 31.49 0.95 1.16 

N-316-D1-B 140 190 32.1 603.2 64.6 1015 33.13 0.99 1.22 

N-212-D2-A 160 190 32.1 226.2 63.4 1321 21.96 0.87 1.06 

N-212-D2-B 160 190 32.1 226.2 63.4 1321 21.96 0.87 1.06 

H-316-D1-A 140 190 54.5 603.2 64.6 1015 45.00 1.07 1.30 

H-316-D1-B 140 190 54.5 603.2 64.6 1015 44.44 1.05 1.29 

       Mean 0.98 0.97  

       CoV 0.12 0.17  

Notes: bc is width of beams; hc is height of beams; fc is concrete compressive strength; Af is total area of tensile reinforcement; Ef is modulus of reinforcement; ffu is tensile 

strength of reinforcement; Mtest is experimental ultimate moment; MANN is ultimate moment from ANN; MACI is ultimate moment from ACI. 

     
                a) ANN        b) ACI 440.1R 

Figure 6. Model error of ultimate moments predicted by ANN model and ACI 440.1R 
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5. Reliability Analysis 

In the design of FRP RC beams, the nominal values of material properties, geometries, and applied loads are used 

to compute the ultimate moment. However, uncertainties arising from material production, casting specimens, or 

measurement introduce variability into these nominal values. It causes the fluctuation in the value of not only applied 

loads but also the ultimate moments, as shown in Figure 8. In this figure, examples on the distributions of applied 

moment and the moment capacity of the beam are illustrated. Due to uncertainties mentioned above, applied moment 

and ultimate moment distribute in a certain range with a particular type of probabilistic model. Consequently, the 

designed beams fail when the applied moment and the moment capacity intersect with each other, as can be seen from 

Figure 8. This region is named as the failure region (Figure 8-b), and the target of the reliability analysis is to determine 

the probability of this failure region, which is named as the failure probability. The details about the probabilistic models 

of random variables are presented in Tran & Nguyen-Thoi [5]. 

  

(a) Distribution of Mu and ML (b) Failure region of the limit state function F 

Figure 8. Failure region caused by the uncertainty of random variables 

In this section, an efficient reliability analysis procedure based on the trained ANN model and the design equations 

of ACI 440.1R is established. The reliability analysis is to determine the probability of this failure region, as illustrated 

in Equation 13. 

𝑃𝑓 = 𝑃𝑟[𝐹(𝑧1,  𝑧2, . . . ,  𝑧𝑛) ≤ 0]  (13) 

where, Pf is the failure probability; Pr is the probability of the event in the bracket; F is the limit state function; z1, z2, 

…, zn are random variables. In the case of FRP RC beams, the limit state function is established using the applied moment 

and the ultimate moment as shown in Equation 14. 

𝐹 = 𝑀𝐸 × 𝑀𝑢 − 𝑀𝐿  (14) 

where, ME is the model error; Mu is the ultimate moment of FRP RC beams (kNm); ML is the moment caused by the 

applied loads (kNm). To solve Equation 13, Monte – Carlo method is applied in this study as this approach is feasible 

and efficient to apply to any kind of structures. Based on this method, the failure probability, the reliability index and 

the resistance reduction factor of the investigated FRP RC beams designed by ANN and ACI 440.1R are illustrated in 

Figure 9. The details of this figure can be explained as follows: 

(i) For each FRP RC beam, the moment caused by the applied loads ML is calculated. Then ANN and ACI 440.1R are 

employed to compute the value of ultimate moment named as Mu_ANN and Mu_ACI, respectively. The load factors are 

determined by Equation 15. 

𝜆𝐴𝑁𝑁 =
𝑀𝑢_𝐴𝑁𝑁

𝑀𝐿
,  𝜆𝐴𝐶𝐼 =

𝑀𝑢_𝐴𝐶𝐼

𝑀𝐿
  (15) 

After that, N samples of the investigated beams are generated using the probabilistic models of variables given in 

Tran and Nguyen-Thoi [5]. Based on the trained ANN model and ACI 440.1R, the ultimate moment of each sample is 

calculated. Then these values are substituted into Equation 14 to find the value of the limit state function F. 

(ii) If 𝐹 ≤ 0, the sample fails. All the failed samples (Nf) are counted. After that, the failure probability and reliability 

index are determined by Equations 16 and 17, respectively. The values of load factors in step (i) and the reliability 

index are recorded. 
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𝑃𝑓 =
𝑁𝑓

𝑁
  (16) 

𝛽 = −𝛷−1(𝑃𝑓)  (17) 

(iii) Applied loads are scaled and turn back to step (i) to get new values of load factors. 

(iv) Steps (i) to (iii) are iterated until – curve intersects with =T. Determine the load factor corresponding to T, the 

value of resistance reduction factor for the design is computed by Equation 18. 

𝜙𝑑𝑒𝑠𝑖𝑔𝑛 =
1

𝜆𝑇
  (18) 

 

Figure 9. Reliability analysis based on Monte Carlo method and ANN 

In MC method, the accuracy of the predicted failure probability and reliability index is dependent on the number of 

generated samples (N) as indicated in Equation 19. To explore the effects of N on the reliability index and the analysis 

time, two beams named as COMP–00 and 2T10B are analyzed. Results of the analysis are depicted in Figure 10. It is 

obvious that reliability indices are highly sensitive to N at lower sample sizes as can be seen from Figure 10-a. 

Particularly, when N=103 samples, the reliability indices of specimens COMP-00_ANN, COMP-00_ACI, 2T10B_ANN, 

and 2T10B_ACI are approximately 2.93, 3.38, 3.52, and 3.51, respectively. However, when the value of N is 106 

samples, the reliability indices of these samples are about 3.0, 3.18, 3.57, and 4.06, respectively, indicating a maximum 

fluctuation of up to 15.67 % (from 3.51 to 4.06). In contrast, when the value of N rises from 106 to 2.5×106 samples, the 

values of reliability indices of specimens COMP-00_ANN, COMP-00_ACI, 2T10B_ANN, and 2T10B_ACI stabilize 

with minor variations from 3.0 to 3.02, 3.18 to 3.22, 3.57 to 3.58, and 4.06 to 4.08, respectively. Therefore, the number 

of samples plays an important role, and it must be selected to ensure the Error in Equation 19 remains below 10 %. The 

influence of N on the calculation time is demonstrated in Figure 10-b. It is obvious that when the value of N increases 

from 5×105 to 2.5×106 samples, the computational time rises significantly from approximately 135 (s) to 900 (s). 

Therefore, choosing an appropriate value of N is important to balance the accuracy and the computational efficiency. 

This figure also demonstrates that the analysis time in the case of ACI is comparable to that in the case of ANN, which 

implies that the application of ANN can save the calculation time of the reliability analysis significantly compared to 

finite element method or discrete element method. 
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(a) Effects of number of samples on reliability indices (b) Effects of number of samples on calculation time 

Figure 10. The effect of number of samples on reliability indices and calculation time 

6. Results and Discussion 

Table 3 demonstrates an example of the load-scaling process to determine the – curves of beam COMP–00 based 

on the proposed ANN-MC reliability analysis procedure. The section dimension of this beam is 200240 mm with 

concrete compressive strength of 35.3 MPa. The tensile strength, elastic modulus, and area of FRP bars are 885 MPa, 

43.3 GPa, and 508.1 mm2, respectively. The moment caused by external loads at the mid-span of the beam is 24.76 

kNm. This value of the applied moment is then scaled up by factors of 1.27, 1.45, and 1.64 to achieve new applied 

moments of 31.52 kNm, 36.02 kNm, and 40.52 kNm, respectively, as can be seen from Table 3. Corresponding to 

applied moments, load factors and reliability indices calculated by the ANN model and ACI 440.1R are recorded as 

shown in Table 3. These values are utilized to draw the – curves. Using the target reliability indices T=3.0, T=3.5, 

and T=4.0, the horizontal lines =T are determined. Then, the target load factors λT are calculated from the intersections 

between – curves and =T as can be seen from Figure 11. In the case of ANN, the target load factors λT of specimen 

COMP-00 corresponding to the target reliability indices of 3.0, 3.5, and 4.0 are 1.265, 1.423, and 1.59 as shown in 

Figure 11-a. The resistance reduction factors corresponding to these load factors are 0.79, 0.7, and 0.63, respectively. In 

the case of ACI (Figure 11-b), the load factor at the same target reliability index is larger than that in the case of ANN. 

Particularly, the load factors corresponding to the target reliability indices of 3.0, 3.5, and 4.0 are 1.33, 1.515, and 1.71. 

The resistance reduction factors calculated from these load factors are 0.75, 0.66, and 0.58. 

Table 3. Load-scaling process of beam COMP–00 

Scale factor ML (kNm) Mu_ACI (kNm) Mu_ANN (kNm) λACI βACI λANN βANN 

1.64 40.52 45.02 40.68 1.11 2.21 1.00 1.97 

1.45 36.02 45.02 40.68 1.25 2.78 1.13 2.53 

1.27 31.52 45.02 40.68 1.43 3.39 1.29 3.12 

1.00 24.76 45.02 40.68 1.82 4.21 1.64 4.03 

Notes: ML is applied moment; Mu_ACI is ultimate moment obtained from ACI; Mu_ANN is ultimate moment 

obtained from ANN; λACI= Mu_ACI /ML; λANN= Mu_ANN /ML; βACI are reliability indices obtained from ACI; βANN 

are reliability indices obtained from ANN. 

Similar analyses are conducted for other beams including 2T10B, NB#12, ISO2, and N2#13G2. Results including 

target load factors (λT), and design resistance reduction factors (d) at different T are presented in Figure 11, Tables 4 

and 5. These tables demonstrate that the resistance reduction factors decrease significantly when the target reliability 

index increases. This phenomenon is attributed to the fact that to achieve higher reliability indices, the applied load-to-

ultimate load should be reduced, leading to the decrease of d. Particularly, in the case of ANN (Table 4), d of specimens 

2T10B, NB#12, ISO2, and N2#13G2 decline from 0.88 to 0.7, 0.86 to 0.68, 0.82 to 0.66, and 0.85 to 0.69, respectively, 

when T increases from 3.0 to 4.0. The average values of d for the design of FRP RC beams can be taken as 0.84, 0.75, 

and 0.69 corresponding to T=3.0, T=3.5, and T=4.0. In the case of ACI (see Table 4), d of specimens 2T10B, NB#12, 

ISO2, and N2#13G2 decrease from 0.76 to 0.61, 0.75 to 0.59, 0.75 to 0.6, and 0.76 to 0.61, respectively, when T rises 

from 3.0 to 4.0. In this case, the average values of d for the design of FRP RC beams when T=3.0, T=3.5, and T=4.0 

are 0.75, 0.67, and 0.6, respectively. Therefore, it is obvious that the design by ACI 440.1R is more conservative than 

the design by ANN because there are assumptions in the calculations and inclusion of safety factors in the design 
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equations of ACI. In addition, the larger CoV in the case of ACI also reduces the reliability indices compared to those 

obtained from ANN. Consequently, the resistance reduction factors in the case of ACI 440.1R are smaller than those of 

ANN at the same target reliability index (see Table 5). 

  

(a) Predicted by ANN (b) Predicted by ACI 

Figure 11. - relationships of the investigated beams 

Table 4. Resistance factor for the design (d) of FRP RC beams predicted by ANN 

Beam 
βT=3.0   βT=3.5   βT=4.0 

λT d   λT d   λT d 

2T10B 1.132 0.88   1.27 0.79   1.425 0.70 

NB#12 1.16 0.86   1.305 0.77   1.465 0.68 

COMP-00 1.265 0.79   1.423 0.70   1.416 0.71 

ISO2 1.225 0.82   1.37 0.73   1.52 0.66 

N2#13G2 1.17 0.85   1.3 0.77   1.44 0.69 

Average   0.84     0.75     0.69 

Table 5. Resistance factor for the design (d) of FRP RC beams predicted by ACI 

Beam 
βT=3.0  βT=3.5  βT=4.0 

λT d 
 λT d 

 λT d 

2T10B 1.315 0.76  1.47 0.68  1.65 0.61 

NB#12 1.34 0.75  1.505 0.66  1.69 0.59 

COMP-00 1.334 0.75  1.515 0.66  1.71 0.58 

ISO2 1.34 0.75  1.5 0.67  1.68 0.60 

N2#13G2 1.317 0.76  1.465 0.68  1.63 0.61 

Average  0.75   0.67   0.60 

6.1. The Effect of Section Width bc 

The influence of bc on the reliability indices , the target load factor λT and the design resistance reduction factor d 

of the investigated beam is analysed by fluctuating the values of bc in the range from 100 mm to 500 mm. The results 

of the analysis are presented in Figures 12 and 13. Figures 12 demonstrate that bc has minor effect on the relationship 

between reliability index and load factor. Particularly, in the case of ANN (Figures 12-a), the values of λT fluctuate 

slightly around 8.4 % (from 1.43 to 1.55), 7 % (from 1.29 to 1.38), and 5.17 % (from 1.16 to 1.22) corresponding to 

T=4.0, T=3.5, and T=3.0 when bc changes. In the case of ACI (Figures 12-b), the effect of bc is even smaller as shown 

in Figures 12-b. The values of load factors vary negligibly around 4.29 % (from 1.63 to 1.7), 3.45 % (from 1.45 to 1.5), 

and 3.1 % (from 1.29 to 1.33) corresponding to T=4.0, T=3.5, and T=3.0 when bc changes. Figure 13 illustrates that 

bc has negligible influences on the resistance reduction factors (d). In the case of ANN (Figure 13-a), the maximum 

variation of d is around 8 % when bc varies from 100 mm to 500 mm, In particular, they fluctuate in the range from 

0.65 to 0.698, 0.724 to 0.770, and 0.82 to 0.86 corresponding to T=4.0, T=3.5, and T=3.0. Figure 13-b demonstrates 

the effects of bc on the values of d predicted by ACI 440.1R.  
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As can be seen from this figure, d fluctuates from 0.588 to 0.613, which is about 4.2 % when T=4.0. When 

T=3.5, d changes slightly by 3.5 % from 0.662 to 0.686. When T=3.0, d varies from 0.751 to 0.775, which is 

approximately 3.1 %. These values illustrate that the influence of bc on d is not significant. Figure 13-c 

demonstrates that the resistance reduction factors obtained by ANN (d_ANN) are always larger than those obtained 

from ACI (d_ACI). When T increases from 3.0 to 4.0, the values of d_ANN /d_ACI fluctuate in the range from 1.07 to 

1.15. In average, the values of d obtained from ANN is approximately 1.1 times higher than those of ACI. This 

phenomenon can be attributed to the larger value of CoV in the case of ACI compared to that of ANN. When CoV 

is large, the ultimate moment of the investigated beams vary in a wider range, leading to higher failure probability 

and smaller design resistance reduction factor d. 

  

(a) Predicted by ANN (b) Predicted by ACI 

Figure 12. The effect of bc on - relationship of the investigated beam 

 

                    a) d_ANN          b) d_ACI     c) d_ANN /d_ACI 

Figure 13. The effect of bc on the reduction resistance factor for the design of the investigated beam 

6.2. The Effect of Section Height hc 

Figures 14 and 15 demonstrate the effects of hc on reliability indices , the target load factor λT and the design 

resistance reduction factor d of the investigated beam. As can be seen from Figure 14, hc fluctuates in the range from 

150 mm to 550 mm, and it has slight effects on the -λ relationship. In the case of ANN (Figure 14-a), the values of load 

factors increase slightly from 1.42 to 1.51, from 1.27 to 1.35, and from 1.14 to 1.21 corresponding to T=4.0, T=3.5, 

and T=3.0 when hc changes. Similarly, the effect of hc in the case of ACI is also negligible (Figure 14-b). The values 

of load factors vary from 1.6 to 1.67, from 1.43 to 1.5, and from 1.29 to 1.33 corresponding to T=4.0, T=3.5, and 

T=3.0 when hc fluctuates. The effects of hc on the resistance reduction factors for the design of FRP RC beams is shown 

in Figure 15. It is obvious that the values of d  are not significantly affected by hc when it increases from 150 mm to 

550 mm. Particularly, in the case of ANN (see Figure 15-a), the values of d fluctuate in the range from 0.667 to 0.704 

when T=4.0, which is almost 5.6 %.  

When T=3.5, the values of d vary from 0.741 to 0.787, which is only about 6.2 %. Similarly, d changes slightly 

about 6.1 % from 0.826 to 0.877 when T =3.0. Figure 15-b demonstrates the influences of hc on the values of d obtained 

from ACI 440.1R. According to this figure, d varies by 3.1 % from 0.596 to 0.615 when T=4.0. When T decreases to 

1

2

3

4

5

0.8 1.2 1.6 2

R
el

ia
b

il
it

y
 i

n
d

ex
 β

Load factor λ

bc=100 mm

bc=200 mm

bc=300 mm

bc=400 mm

bc=500 mm

β=3.0

β=3.5

β=4.0

1

2

3

4

5

0.8 1.2 1.6 2

R
el

ia
b

il
it

y
 i

n
d

ex
 β

Load factor λ

bc=100 mm

bc=200 mm

bc=300 mm

bc=400 mm

bc=500 mm

β=3.0

β=3.5

β=4.0

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0 100 200 300 400 500 600


d

_
A

N
N

Section width bc (mm)

T = 3.0
T = 3.5
T = 4.0

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0 100 200 300 400 500 600


d

_
A

C
I

Section width bc (mm)

T = 3.0
T = 3.5
T = 4.0

0.95

1

1.05

1.1

1.15

1.2

1.25

0 100 200 300 400 500 600


d
_
A

N
N

 /
d
_
A

C
I

Section width bc (mm)

1 2 3T=4 T=3.5 T=3



Civil Engineering Journal         Vol. 12, No. 05, May, 2026 

1770 

 

3.5, the values of d fluctuate from 0.657 to 0.694, which is about 5.7 %. When T=3.0, d changes slightly from 0.748 

to 0.771, which is approximately 3.1 %. As a result, the fluctuations of d when hc increases from 150 mm to 550 mm 

are not significant. The reason of this phenomenon is that the values of hc does not affect the distributions of samples 

generated in the sampling process. Therefore, hc has little effects on the failure probability, reliability indices, and design 

resistance reduction factors d. In Figure 15-c, the ratio between d of ANN and d of ACI when T=4.0, T=3.5, and 

T=3.0 is depicted. It can be seen from this figure that d obtained from ANN is always larger than d obtained from 

ACI. Particularly, the average value of d_ANN/d_ACI is approximately 1.12. 

  

(a) Predicted by ANN (a) Predicted by ACI 

Figure 14. The effect of hc on - relationship of the investigated beam 

 

                        a) d_ANN          b) d_ACI                 c) d_ANN /d_ACI 

Figure 15. The effect of hc on the reduction resistance factor for the design of the investigated beam 

6.3. The Effect of Concrete Compressive Strength fc 

To investigate the influence of fc on -λ curves and the resistance reduction factor d, the value of fc is fluctuated in 

the range from 20 MPa to 100 MPa. The results of the analysis are depicted in Figures 16 and 17. In the case of ANN, 

-λ curves change slightly when fc increases from 20 MPa to 100 MPa as shown in Figure 16-a. Particularly, λT varies 

from 1.43 to 1.52 (around 7.6 %), from 1.28 to 1.39 (around 8.59 %), and from 1.16 to 1.24 (around 7.83 %) 

corresponding to T=4.0, T=3.5, and T=3.0. In the case of ACI, the effect of fc on -λ curves is also negligible as can 

be seen from Figure 16-b. According to this figure, the values of  vary slightly from 1.65 to 1.71 (around 3.64 %), from 

1.46 to 1.51 (around 3.42 %), and from 1.29 to 1.34 (around 3.88 %) corresponding to T=4.0, T=3.5, and T=3.0, 

respectively. Figure 17 depicts the variation of the resistance reduction factor d for the design of FRP RC beams when 

fc changes from 20 MPa to 100 MPa.  

In the case of ANN (Figure 17-a), the values of d change from 0.66 to 0.704, 0.729 to 0.785, and 0.813 to 0.855 

when T=4.0, T=3.5, and T=3.0, respectively. In the case of ACI 440.1R (see Figure 17-b), the values of d also vary 

slightly when fc changes from 20 MPa to 100 MPa. When T=4.0, d lies in the range from 0.585 to 0.606. When T=3.5, 

d fluctuate from 0.66 to 0.685. When T=3.0, d varies from 0.746 to 0.0.775. Therefore, fc does not affect the values 

of d much. The main reason is the changes in the values of fc does not lead to the changes in their probabilistic models. 
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As a result, the reliability indices and resistance reduction factors almost remain constant. In Figure 17-c, the comparison 

between d obtained from ANN (denoted as d_ANN) and that of ACI (denoted as d_ACI) is depicted. When T varies from 

3.0 to 4.0, d_ANN/d_ACI ratio fluctuates in the range from 1.07 to 1.14. The average value of d_ANN/d_ACI is approximately 

larger than 1.08. 

  

(a) Predicted by ANN (b) Predicted by ACI 

Figure 16. The effect of fc on - relationship of the investigated beam 

 

                       a) d_ANN         b) d_ACI                c) d_ANN /d_ACI 

Figure 17. The effect of fc on the reduction resistance factor for the design of the investigated beam. 

6.4. The Effect of FRP Tensile Strength ffu 

The effect of FRP tensile strength ffu on the reliability indices , the target load factors λT and the design 

resistance reduction factor d is explored in this section. To do that, the value of ffu is fluctuated in the range from 

500 MPa to 1250 MPa, then the analysis corresponding to each value of ffu is conducted to determine the -λ curves 

and the resistance reduction factors d. The results are depicted in Figures 18 and 19. In the case of ANN (Figure 

18-a), ffu has negligible influence on the -λ curves. When ffu fluctuates in the range from 500 MPa to 1250 MPa, 

the values of λT vary by 6.5 % (from 1.39 to 1.48), 4 % (from 1.25 to 1.3), and 3.6 % (from 1.12 to 1.16) 

corresponding to T=4.0, T=3.5, and T=3.0. A similar trend has been observed in the case of ACI 440.1R (Figure 

18-b) as the values of λT fluctuate slightly from 1.55 to 1.69, from 1.38 to 1.47, and from 1.22 to 1.32 when T=4.0, 

T=3.5, and T=3.0, respectively.  

The values of resistance reduction factors are also affected slightly by ffu as shown in Figure 19. According to this 

figure, when ffu changes from 500 MPa to 1250 MPa, the average values of d corresponding to T=4.0, T=3.5, and 

T=3.0 are 0.7, 0.77, 0.87 in the case of ANN (Figure 19-a). In addition, when ffu varies, the values of d fluctuates from 

0.675 to 0.719, 0.769 to 0.8, 0.862 to 0.89 corresponding to T=4.0, T=3.5, and T=3.0. In the case of ACI 440.1R 

(Figure 19-b), these values are 0.62, 0.69, 0.78, corresponding to T=4.0, T=3.5, and T=3.0 when ffu varies. Particularly, 

when T=4.0, T=3.5, and T=3.0, d changes from 0.592 to 0.645, 0.68 to 0.724, and 0.757 to 0.819, respectively. These 

numbers demonstrate that the resistance reduction factors obtained from ANN are relatively larger than those obtained 

from ACI 440.1R. More details can be found in Figure 19-c. It can be seen from this figure that d_ANN/d_ACI is 

approximately larger than 1.06. 
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(a) Predicted by ANN (b) Predicted by ACI 

Figure 18. The effect of ffu on - relationship of the investigated beam 

 

                       a) d_ANN             b) d_ACI     c) d_ANN /d_ACI 

Figure 19. The effect of ffu on the reduction resistance factor for the design of the investigated beam. 

7. Conclusions 

In this paper, an ANN model is trained in MATLAB by using the database of 200 beams collected from previous 

experimental studies to predict the moment capacity and the failure modes of FRP RC beams. The accuracy of the 

trained ANN model is verified with the experimental results and the design equations of ACI 440.1R. Besides, a 

MATLAB code is developed and integrated with the trained ANN model and the equations of ACI 440.1R to conduct 

the reliability analysis and calibrate the resistance reduction factors of FRP RC beams. Based on the results obtained 

from the analysis, some conclusions are drawn as follows: 

 The trained ANN model can predict the moment capacity of FRP RC beams quite precisely since the mean and 

CoV of Mtest/MANN ratio are only 0.98 and 0.12, respectively. In addition, the trained ANN model also captures well 

the failure modes of the FRP RC beams because it can predict correctly the concrete crushing and FRP rupture 

failure modes up to 100% and 92.7%, respectively, compared to the experimental results. 

 The design equations of ACI 440.1R can also estimate the ultimate moment of FRP RC beams quite accurately 

with the mean and CoV of Mtest/MANN ratio of 0.97 and 0.17, respectively. However, it is still less precise than the 

results from the trained ANN model because the CoV of Mtest/MACI ratio obtained from ACI 440.1R is larger than 

that of the ANN model (0.17 compared to 0.12). 

 The time of the reliability analysis in the case of ANN is almost the same as that in the case of ACI 440.1R, which 

demonstrates that ANN can be a potential approach to replace the finite element method or discrete element method 

when conducting reliability analysis to save computational cost. 

 Based on the results of the reliability analysis, it has been found that the resistance reduction factors for the design 

of FRP RC beams in the case of ACI 440.1R can be taken as 0.6, 0.65, and 0.75 corresponding to T = 4.0,                             

T = 3.5, and T = 3.0. In the case of ANN, these values can be taken as 0.65, 0.75, and 0.8 when T =4.0, T = 3.5, 

and T = 3.0, respectively. 
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