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Abstract 4 

This work aims to develop an approach for the reliability-based analysis for the design and repair 5 

of pressurized pipes by means of composite solutions. To this end, the approach uses a simulation 6 

method to estimate the failure probability of the solution based on the Monte Carlo approach and 7 

a Polynomial Chaos Expansion surrogate metamodeling strategy. This combination allows us to 8 

reduce the computational time required for evaluating the system´s probability of failure as well 9 

as extracting the Sobol’ indices during the sensitivity analysis stage. The uncertainties related 10 

with the composite solution were obtained by means of the Digital Image Correlation approach, 11 

allowing us to extract the Probabilistic Distribution Functions (PDF) of its main mechanical 12 

parameters. This methodology is validated through the design and repair of a pressurized pipe 13 

using a carbon fiber solution and roll wrapping technology. The results show the strong potential 14 

of the proposed methodology for the safety evaluation of pressurized composite pipes. 15 
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1 Introduction 27 

There are many applications of pressurization based on liquid storing and gas and oil 28 

transportation, e.g. underground steel pipelines are one of the most effective and safest systems 29 

for oil and gas transportation over a long distance [1, 2]. Due to their exposure to environmental 30 

agents, metal pipes can corrode, considerably affecting their useful life and thus the economy of 31 

the countries [3]. The behaviour of metal pipes is well known, in terms of both mechanical design 32 

and lifecycle problems. Furthermore, most of these applications are subject to different 33 

regulations and standards, and are frequently revised in the knowledge progress [4]. 34 

Step by step, new material solutions have been replacing the traditional steel applications towards 35 

composite materials [5]. This is due to their combination of properties providing a high 36 

performance index [6][7] [8], and a good long-term performance [9-11]. Therefore, these new 37 

materials represent a very interesting solution for high corrosion and mechanical loaded 38 

environments, e.g. chemical industry piping. Within this context, the most common material 39 

solution is the fiber-reinforced polymer (FRP), mainly by carbon (CFPR) or glass (GFPR) fiber 40 

into an epoxy resin matrix [5, 8, 12-14] . Several techniques could be used for manufacturing FRP 41 

pipes, [1, 5, 9, 12, 14, 15]. Among them, roll wrapping technology is interesting, since it opens 42 

up a new field of application: the reparation of steel pipes [5, 16-18]. The use of this approach for 43 

repairing pipes could overcome the main problems of the traditional methods, as well as offering 44 

better resisntance and performance [16].  45 

However, these new composite solutions entails difficulties to determine accurately its properties 46 

due to the preesnce of heterogeneous properties [19] and their highly directional behaviour [20] 47 

[21]. Within this context, the contact techniques are not capable of properly capturing the 48 

mechanical behaviour of these solutions [22-24]. To overcome this drawback,  several full-field 49 

optical methods have been developed [25][26][27]. Among them, Digital Image Correlation 50 



(DIC) has become as one of the most promising tools. This method allows us to obtain a full-field 51 

of displacements and strains through the use of correlation-based matching procedures and 52 

numerical differentiation algorithms [28]. Thanks to this major advantage, DIC has been widely 53 

used for the experimental testing of composite solutions under different loading configurations 54 

[22][29-31][32-34]. Data obtained by this method is commonly used for the evaluation of strain 55 

distribution, damage analysis and microstructure observation [22, 29, 34, 35] and, to a lesser 56 

extent, as input for probabilistic analysis [36]. This approach, probabilistic analysis, is considered 57 

to be the most reliable strategy for numerical simulation of composite solutions [37] [38, 39]. In 58 

contrast to deterministic methods, the main goal of these approaches is to determine the 59 

probability of failure of a mechanical system under the influence of different uncertainties, such 60 

as loads or material properties among others [38]. Studies carried out by Rafiee and Ali Torabi 61 

[38] and Rafiee et al. [40] [39], highlights the relevance of considering these manufacturing 62 

uncertainities since it is highly likely that composite prototypes experience faliures bellow the 63 

deterministic value. As stated Sriramula  and Chryssanthopoulos [21], these uncertainities mght 64 

be considered at a constitutent, ply or component level. The estimation of this probability of 65 

failure could be carried out by means of approximation methods such as the First (FORM) and 66 

Second Order Reliability (SORM) methods or even by means of simulation strategies such as the 67 

Monte Carlo Sampling (MCS) method [41]. MCS highlights for its simple and direct 68 

implementation [38, 39]. However, the cost of this approach increases rapidly when a low 69 

probability of failure is required [37] , requiring a huge number of simulations and a large 70 

computational time [38]. To cope with this lamination, variance reduction techniques and 71 

metamodels are commonly used [37][42]. As a result of these techniques, it is possible to 72 

construct an equivalent and computationally inexpensive mathematical replica of the system, 73 

allowing the carrying out of huge numbers simulations with great accuracy.  74 

As a consequence, this paper therefore aims to progress the effective integration of the DIC 75 

approach with the latest advances in probabilistic analysis of engineering solutions. To this end, 76 

this approach integrates a surrogate modelling strategy and a reliability analysis with the aim of 77 
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obtaining the failure probability of a composite solution used for the design and repair of 78 

pressurized pipes. In the Methods (Section 2) we describe the composite materials used as well 79 

as the experimental and numerical strategies adopted. In Section 3, we show the experimental 80 

results obtained by the combination of DIC and the reliability approach in the design and repair 81 

of pressurized pipes. Finally, in the Conclusion (Section 4) we summarise the findings and discuss 82 

future studies. 83 

2 Materials and methods 84 

2.1 Composite solution evaluated 85 

Compared to other materials or other composites solutions such as GFPR, carbon fiber 86 

capabilities exceed those of its competitors. It should be noted that the surface of the carbon fiber 87 

is a microcrystalline graphite structure, which entails that the distribution of stresses and the 88 

generation and propagation of fissures can be adjustable [43]. In addition, its resistance to high 89 

temperatures and corrosion must be considered. All this makes carbon fiber the most suitable 90 

material for high-performance pipes [44]. 91 

Hence, the material used for testing was a carbon fiber polymer reinforcement CC 200 T-120® 92 

with a thickness of 0.32mm (Table 1)¡Error! No se encuentra el origen de la referencia., an 93 

epoxy resin matrix CR82® and a hardener Biresin CH80-10®. Technical characteristics of epoxy 94 

resin and hardener are the same as used by García-Martin et al. [36]. The material has been made 95 

from a 200g Plain where 9 plates of 21x29cm have been obtained. The mix ratio, for a specific 96 

amount of 200 g, was 158 g of resin plus 42 g of hardener. 97 

Table 1: Technical characteristics of fibers CC 200T-120®. 98 

Mechanical properties Values 

Thickness (mm) 0.32 

Density (warp x weft) (end/cm) 1.76 



Tex (warp x weft) 500 x 500 

Width (cm) 120 +/- 1 

Weight (g/m2) 200 +/- 5 

Weight per roll (kg) 110 

Tensile strength (MPa) 3530 

Elongation at maximum tensile strength (%) 1.5 

 99 

The first layer of reinforcement was placed with proper orientation, then it was impregnated by 100 

the resin and catalyst mixture. This process was repeated a total of nine times giving as a result a 101 

composite solution made up by nine layers: [±90]9. Each time a layer was added, a light pressure 102 

was exerted in order to remove the resin surplus. To obtain the desired thickness of 2 mm [45], 103 

the mold was machined with the proper measure. The block was cured in a drying oven for 50 104 

minutes, at a temperature of 50 ºC. Once the material was prepared, the specimens were machined 105 

with the proper dimensions (Figure 1). During this process, computer numerical controlled cutting 106 

was used, and programmed according to current regulations specifications [45]. 107 

 108 

 109 

 110 

Figure 1: Manufacturing process: a) dimensions of the tested specimens in mm and; b) image of the 111 

specimens. 112 



2.2 Mechanical characterization of the composite solution: the 2D digital image 113 

correlation method 114 

The composite solution was evaluated by means of tensile tests according to guideline ISO 527 115 

[45]. The electromechanical tensile machine Servosis ME-405/50/5 technical specifications are 116 

shown in Table 2.. 117 

Table 2: Servosis ME-405/50/5 technical specifications. 118 

Maximum Load 500 kN 

Load Cell REP Transducer Type TC4 50kN 

Grip MTS  Model  XSA304A 

 119 

To capture the displacement and strains suffered by the composite solution during the tensile tests 120 

a 2D-DIC approach was used. The acquisition of these images was carried out by means of the 121 

DIC prototype developed by García-Martin et al. [36]. This prototype is composed of a high 122 

resolution camera Canon EOS 700D with a 60 mm prime macro-lens and a PLC connected with 123 

the load cell. 124 

Once the images were acquired, a standard DIC protocol was applied in order to obtain the full 125 

field of displacements and strains. During this stage, the Region Of Interest (ROI) of each image 126 

was split into subsets [46] which allow the images to be tracked  through the Zero mean 127 

Normalized Cross-Correlation (ZNCC) index due to its robustness [47]. During this tracking 128 

stage, it was assumed that each subset could suffer a deformation result of the linear combination 129 

of six degrees of freedom (translation, elongation and shear deformation in the x and y axis) 130 

(Figure 2) (Eq. 1-2) for which the basic form of displacement of a subset is 131 
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where x’ and y’ are the final displacements of the subset; u and v are the displacements 133 

components of the subset center P; Δx and Δy are the distance between the initial center´s subset 134 

and the final position and; 
𝛿𝑢

𝛿𝑥
, 

𝛿𝑢

𝛿𝑦
, 

𝛿𝑣

𝛿𝑥
, 

𝛿𝑣

𝛿𝑦
 are the displacement gradients of the subset. 135 

 136 

Figure 2: Graphical representation of the DIC approach: (a) evaluation of the displacement suffered by a 137 

subset and (b) degrees of freedom considered during the displacement analysis. 138 

Complementary to the ZNCC index, and with the aim of obtaining sub-pixel accuracy, a 139 

refinement stage was carried out by means of the following strategies: i) a bi-quantic b-spline 140 

interpolation scheme to pass from the discrete values of the images (0-255) to a continuum space 141 

and; ii) the Inverse Composition Gauss-Newton method for the minimization of the cost function 142 



that match the reference subset with the deformed one. For more details about the algorithms used 143 

the reader is referred to [47]. 144 

The procedure previously shown was reproduced in all the image´s subsets allowing us to obtain 145 

a full-field of displacements. The strains of the specimens were calculated by means of the Green-146 

Lagrangian strain tensor using the gradients obtained during the evaluation of the displacements 147 

[36]. In order to obtain the full field strain, this procedure was applied throughout ROI. 148 

The success of the tracking carried out during the DIC approach strongly depends on the random 149 

intensity distribution of the ROI, wich must present the following features: distinct, unique, non-150 

periodic and stable grayscale [48]. Due to the absence of a proper gray variation on the specimen´s 151 

surface, it was necessary to apply an artificial Speckle pattern using the approach defined by 152 

Garcia-Martin et al. [36]. This strategy allows us to obtain a suitable Speckle pattern through the 153 

perturbation of a regular circular grid, wich was printed and applied with the help of an elastic 154 

prime over the specimen surface. 155 

Apart from the considerations previously shown, the images captured by the sensor suffer from 156 

lens distortion that could be considered as another source of error [47]. The minimization of this 157 

error requires the removal of the these radial and tangential distortions. Therefore, the present 158 

case applied the calibration procedure proposed by Vo et al. [49]. 159 

In order to guarantee the accuracy and quality of the data obtained with the DIC approach, it is 160 

mandatory that all previously determined steps are carried out by skilled technicians. First, the 161 

prototype must be properly configured to synchronize all data. A bad Speckle pattern with 162 

insufficient contrast could cause the subsets not to be detected correctly and the correlation was 163 

not performed. In addition, all parameters have to be defined according to the test configuration 164 

for the correlation algorithm runs properly. Finally, the calibration process has to be carefully 165 



carried out in order to obtain a high accuracy in the results, since a bad calibration could cause 166 

incoherent displacements and strains. 167 

2.3 Numerical strategy for the reliability analysis 168 

As stated in the Introduction, the main goal of the reliability analysis is to find the probability 169 

function of a mechanical system under the influence of different uncertainties. These uncertainties 170 

could be considered at material (random variables and random field) or ply level (layer-wise 171 

random variable). For the present study, we considered the mechanical uncertainties of the 172 

composite solution at ply level. These uncertainties were extracted by means of the DIC approach 173 

previously described. The evaluation of the probability function was carried out through the 174 

Monte Carlo (MC) approach following the next formulation (Eq. 3). The input data required for 175 

the MC simulation was obtained combining a finite element modelling simulation with a surrogate 176 

metamodeling strategy, allowing reduction of computational costs as well as the estimation of the 177 

Sobol’ indices for the sensitivity analysis of the mechanical solution. The proposed workflow was 178 

carried out with different number of plies until the probability of failure of the model was less 179 

than the minimum threshold of probability of failure (optimal solution) (Figure 3). This failure 180 

threshold corresponds to the reliability target (β) which guarantees the safety of the model. 181 

𝑃𝑓 = 𝑃𝑟𝑜𝑏[𝐺(𝑌) ≤ 0] = ∫ 𝑝𝑦(𝑌)𝑑𝑌

 

𝐺(𝑌)≤0

 (3) 

 182 

where Pf is the probability of failure; G is the performance function; Y is the variable´s vector and 183 

py is the joint probability density function. 184 

 185 



 186 

Figure 3: Workflow adopted for the reliability analysis. 187 

2.3.1 Definition of the performance function for the reliability analysis: the Tsai-Wu failure 188 

criterion 189 

Among the different methods able to simulate the failure of composite solutions, the Tsai-Wu 190 

failure criterion is one of the most used in the literature [7, 12, 14, 50]. This criterion assumes that 191 

the failure of a composite solution takes places when the Failure Index (FI) (Eq. 4) is higher than 192 

1 [51]. 193 

𝐹𝐼 = 𝐹1𝜎1 + 𝐹2𝜎2 + 𝐹3𝜎3 + 𝐹11𝜎1
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XT ≡ Tensile strength 195 

XC ≡ Compressive strength 196 

YT ≡ Tensile strength in the transversal isotropic surface 197 

ZT ≡ Tensile strength in the transversal isotropic surface 198 

YC ≡ Compressive strength in the transversal isotropic surface 199 

ZC ≡ Compressive strength in the transversal isotropic surface 200 

Sxy; Syz; Szx ≡ Shear strength in the transversal isotropic surface 201 

According to the formulation previously exposed, the performance function of a composite 202 

solution in terms of Tsai-Wu failure criterion could be expressed as (Eq. 5). Taking this into 203 

consideration, the composite solution is operating in the safety range if G>0 and in the failure 204 

state if G<0, and the surface G=0 is the limit state of the solution. 205 

G=1-FI (5) 

 206 

where G is the performance function and FI is the failure index obtained from the Tsai-Wu 207 

criterion. 208 

2.3.2 Metamodeling strategy 209 

The proposed methodology considers the use of the MC sampling method for solving the 210 

probability of failure of the system (Eq. 3). To achieve reliable results, thousands of simulations 211 

are required for solving the problem. The computational cost of this task is unacceptable most of 212 

the times, so it is necessary to establish an alternative that offers reliable results with a lower 213 

computational cost. In this context, the so-called surrogate models or metamodels allow the Input-214 

Output response of a complex system to be approximated with a low number of inputs thanks to 215 

its compactness and analytical scalability. Within this context, one of the most robust and used 216 



metamodeling strategies is the Polynomial Chaos Expansion (PCE) [52], especially in the 217 

propagation of uncertainties in engineering applications [53]. 218 

Initially developed by Wiener [54], the PCE is a stochastic metamodeling strategy that 219 

approximates the behaviour of a system by means of a spectral representation of random variables 220 

in terms of a set of multivariate polynomials. This method assumes that the physical model, in 221 

this case the numerical simulation, can be represented as a finite variance model, f(X), whose 222 

input x is a random vector of independent and constrained variables XϵRM. The independence of 223 

the input parameters allows us to build these polynomials as a tensorization of univariate 224 

polynomials with respect to the marginal PDF´s and where the mathematical equation can be 225 

summarized as follows (Eq. 6). 226 

𝑌 ≈ 𝑓(𝑋) = ∑ 𝛾𝑎𝜑𝑎(𝑋)

𝛼∈𝐴

 
(6) 

where 𝛼 = {𝛼1 ⋯ 𝛼𝑀} is the multi-index, 𝐴 ⊂ 𝑁𝑀 is a set of indices for the multivariate 227 

orthonormal polynomials, 𝛾𝑎 are deterministic coefficients to be computed and 𝜑𝑎(𝑋) are 228 

multivariate orthonormal polynomials. 229 

The estimation of the coefficients exposed in (Eq. 6) was carried out by means of a least square 230 

minimization problem between the vector of random inputs (X) and the model responses (Y) as 231 

follows (Eq. 7): 232 

𝜑𝛼 = 𝑎𝑟𝑔𝑚𝑖𝑛
1

𝑁
∑ [𝛾(𝑖) − ∑ 𝛾𝛼𝜑𝑎(𝑥(𝑖))

𝛼∈𝐴

]

2𝑁

𝑖=1

 (7) 

In order to overcome a possible over-fitting situation in the presence of high-dimensional inputs, 233 

the proposed methodology uses the adaptive sparse PCE based on the least angle regression 234 

proposed by Blatman and Sudret [55]. This method applies the least angle regression algorithm 235 



[56], based on a regularized version of the equation 7, to obtain a sparse PCE metamodel. This 236 

strategy proves to be very effective in engineering problems with high dimensions [55]. 237 

It is worth mentioning that all the metamodels are built from a limited number of inputs coming 238 

from the Design of Experiments (DoE). Thus, it is essential to assess the quality of the computed 239 

surrogate model. To this end, we propose to be use the modified version of the Leave-one-out 240 

error [57] (Eq. 8-9). This metric of error offers a good compromise between fair error estimation 241 

and affordable computational cost. 242 

𝐿𝑂𝑂 𝑒𝑟𝑟𝑜𝑟 =
1

𝑁
∑ (
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)

𝑁

𝑖=1

2

 

(8) 

𝐿𝑂𝑂𝑒𝑟𝑟𝑜𝑟∗ = 𝐿𝑂𝑂𝑒𝑟𝑟𝑜𝑟 ∗ (1 −
𝑐𝑎𝑟𝑑𝐴

𝑁
)

−1

(1 + 𝑡𝑟(𝜑𝑇𝜑)−1) 
(9) 

 243 

where 𝑌(𝑋(𝑖)) is the computational model; 𝑓~𝑃𝐶𝐸(𝑋(𝑖)) is the surrogate model obtained from a 244 

specific DoE with N samples; ℎ𝑖 is the i-th diagonal term of matrix 𝐴(𝐴𝑇𝐴)−1𝐴𝑇; 𝐴 the 245 

experimental matrix; card A is the number of terms in the truncate series and; 𝜑 =246 

{𝜑𝑖𝑗 = 𝜑𝑗(𝑥(𝑖)), 𝑖 = 1, … , 𝑁; 𝑗 = 1, … , 𝑐𝑎𝑟𝑑𝐴}. 247 

The reduced computational cost of the surrogate metamodeling strategy allows the application of 248 

the MCS for different purposes. According to this, it is possible to calculate the influence of each 249 

input in the final result of the model. Within this context one of the most used strategies is the 250 

estimation of the Sobol’ indices. These indices assume that the variance of the model (output) can 251 

be described as a sum of the variances of the inputs (Eq. 10). The normalized version of each 252 

variance with respect to the total one allows us to obtain de Sobol’ indices with different orders 253 

(from 1 to 2n-1) (Eq. 11). The sum of these indices is the total Sobol’ index whose value is equal 254 

to 1. 255 

𝑉(𝑌) = ∑ 𝑉𝑖

𝑖

+ ∑ ∑ 𝑉𝑖𝑗

𝑗>𝑖

+ ∑ ∑ ∑ 𝑉𝑖𝑗𝑘

𝑘>𝑗𝑗>𝑖

+

𝑖𝑖

… 𝑉123..𝑁 (10) 

 256 



where V(Y) is the variance of the model; Vi=V(E(Y|Xi)) is the first order partial variance; 257 

Vij=V(E(Y|Xi,Xj)) is the second order partial variance, etc. 258 

𝑆𝑖 =
𝑉𝑖

𝑉(𝑌)
, 𝑆𝑖𝑗 =

𝑉𝑖𝑗

𝑉(𝑌)
, etc (11) 

where Si is the first order Sobol’ index and Sij is the second-order Sobol’ indices. 259 

3 Experimental results 260 

3.1 Analysis of the roll wrapping solution by means of 2D-DIC 261 

3.1.1 Test setup 262 

A total of fifty-one tensile tests were carried out following the BS EN ISO 527-5:2009 guidelines 263 

[45]. The images for the DIC analysis were adquired each 400 N of traction force increment, 264 

taking the first image without load in order to obtain the reference image. Previously to the tests, 265 

a preparation stage was carried out with the aim of optimizing the results obtained during the 266 

tensile tests. This stage comprised the following steps: i) definition of the ground sample distance 267 

(GSD) as well as the aperture of the lens; ii) application of the Speckle pattern and; iii) the 268 

geometrical calibration of the camera. 269 

The images were acquired with the same camera configuration used by García-Martin et al. [36]. 270 

Taking these values into account, a Speckle pattern was designed using the methodology proposed 271 

in Section 2.2, using a diameter of 0.324 mm and a step of 0.432 mm and obtaining a covering 272 

factor of 44 % [58]. Finally, this pattern was printed and applied on the specimen surfaces by 273 

means of an elastic prime (Figure 4). The quality of the pattern was evaluated through the Mean 274 

Intensity Gradient (MIG) value [59], obtaining an average value of 50. This value was considered 275 

acceptable taking into account the method used [59]. 276 

For the camera calibration we used the calibration approach defined in Section 2.2, adquiring a 277 

total of 22 images. The following inner parameters were obtained (Table 3). 278 

Table 3:  Internal parameters obtained during the calibration of the camera. Unit*: pixel. 279 



Parameter Initial Refined 

Focal length* 

fu 1.36286×104 1.5206×104 

fv 1.36286×104 1.5208×104 

Principal point* 

u 7.2084×102 2.5118×103 

v 1.3378×103 2.0986×103 

Radial distortion 

coefficients 

a0 0 -8.5316× 10-2 

a1 0 3.3055×10-1 

a2 0 1.0130×101 

Tangential distortion 

coefficients 

p0 0 -3.0724×10-3 

p1 0 1.5447×10-2 

 280 

 281 

 282 

Figure 4: Digital Image Correlation campaign: a) set-up used and; b) detail of the Speckle pattern 283 

applied. 284 

3.1.2 Displacement and strain results 285 

In order to obtain the displacamet and strain on each test specimen, DIC approach defined in 286 

Section 2.2 was carried out with the open-source software Ncorr [60]. A subset size of 20 × 20 287 

pixels and a 35 % overlap (step of 7 pixels) were considered to ensure a proper DIC configuration 288 

[46], obtaining a full fiel displacement and strains in all the ROI (Figure 5). 289 

 290 



 291 

Figure 5:  Displacements and strains obtained by the 2D-DIC approach: a) displacements (Y) in mm; b) 292 

strains (Y) in mm/mm and c) strains (X) in mm/mm. 293 

Taking into consideration the test set-up, the state of stresses along the central area (ROI area) 294 

could be considered to be constant. Therefore, if the material is homogeneous, the expected 295 

maximum principal strains will be reached at the same time in all the ROI. However, the results 296 

of the DIC tests revealed a heterogeneous distribution of the strains in the longitudinal and 297 

transverse directions and thus the presence of different mechanical properties along the composite 298 

structure. These heterogeneities could be attributed to local variations during the manufacturing 299 

process [36]. 300 

3.1.3 Extraction of the PDF functions 301 

As stated in Section 2.3, the reliability analysis requires prior knowledge of the probability density 302 

functions of the material´s variables. The population of each variable evaluated by means of the 303 

DIC approach was extracted during the next strategy (Figure 6)(Table 4): i) creation of several 304 



virtual extensometers to evaluate the Young’s Modulus and Poisson’s ratio and; ii) extraction of 305 

maximum principal strain for the evaluation of the ultimate capacity of the material. 306 

With the aim of obtaining a wide population, eight virtual extensometers were placed in each 307 

specimen. Four of them were placed vertically (y axis) and other four were placed horizontally (x 308 

axis) (Figure 6). In this way, a total of 204 values were obtained for the Young’s Modulus and 309 

Poisson’s ratio. 310 

This wide population allowed to calculate a significant average value and covariance associated 311 

with each of the parameters. In this sense, it is worth mentioning the high value of the covariance 312 

associated with the Poisson’s ratio. Generally high covariance values of the Poisson’s Ratio are 313 

obtained in comparison with those of other parameters [61] [36]. These high values are mainly 314 

due to the importance of fiber alignment in the manufacturing process as well as the low average 315 

value of the Poisson’s ratio of the CRFP. 316 

The reliability analysis approach proposed in Section 2.3 allow quantifying the uncertainty of the 317 

mechanical properties previously obtained. In order to introduce this uncertainty, it was necessary 318 

to adjust these data to a probabilistic distribution. 319 

 320 



Figure 6: Extraction of the mechanical parameters: evaluation of the Young’s modulus and Poisson’s 321 

ratio by means of virtual extensometer. 322 

Table 4: Results obtained from the mechanical characterization of the specimens using DIC approach. 323 

Composite solution evaluated 

Parameter 
Number of 

data 
Mean 

Covariance 

(%) 

Lower 

bound 

Upper 

bound 

E -Young’s modulus (GPa) 204 50.7088 4.07 45.0583 57.0596 

ν -Poisson’s ratio (-) 204 0.0574 41.95 0.0138 0.1462 

T -Maximum principal tensile 

(MPa) 
51 402.5128 8.33 309.5652 461.5762 

 324 

Along with this test, the goodness-of-fit tests of Chi-Square, Kolmogorov–Smirnov and 325 

Anderson-Darling were performed. These techniques allow us to accept or reject the hypothesis 326 

that mechanical properties are drawn from populations with a specified distribution [62]. Finally, 327 

a curve fit method was performed with the aim of obtaining the PDFs. 328 

The candidate PDFs considered were Normal, Log-Normal, Weibull, and Gamma. The 329 

acceptance/rejection of distribution is provided in Table 5 where zero indicates acceptance of 330 

assumed distribution parameters, and unity indicates rejection. As shown in Table 5, for some 331 

parameters there are several candidate PDFs which pass all tests. 332 

Table 5: Goodness of fit (GOF) probability; N-Normal, LN-Lognormal, W-Weibull, G-Gamma; 0-333 

Accept and 1-Reject. Chi-Square (Chi), Kolmogorov-Smirnov (KS) and Anderson-Darling (AD) tests of 334 

the Young’s Modulus (E), Poisson’s ratio (ν) and Maximum principal tensile (T).  335 

PDF N LN W G 

GOF Chi KS AD Chi KS AD Chi KS AD Chi KS AD 

E 1 0 0 0 0 0 1 1 1 0 0 0 

ν 1 0 1 0 0 0 1 0 0 0 0 0 

T 0 0 0 0 0 0 0 0 0 0 0 0 

 336 



Along with these statistical tools, the physical considerations of the parameters were taken into 337 

account, obtaining a Log-Normal distribution for the Young’s Modulus and Poisson’s Ratio and 338 

a Weibull distribution for the maximum principal tensile stress (Table 6 and Figure 7). These 339 

curves are consistent with those obtained in similar experiments [61]. 340 

Table 6: Probabilistic distribution functions of the Young’s Modulus (E), Poisson’s ratio (ν) and 341 

Maximum principal tensile (T) of the specimens. 342 

Parameter Distribution 
µ (Log-Normal)/ 

A (Weibull) 

σ (Log-Normal)/ 

B (Weibull) 

E Log-Normal 3.9253 0.0405 

ν Log-Normal -2.9422 0.4176 

T Weibull 417.0948 14.8402 

 343 

 344 

Figure 7: Graphical representation of the PDFs of each parameter: (a) Log-Normal distribution of the 345 

Young’s modulus (E); (b) Log-Normal distribution of the Poisson's ratio (ν) and (c) Weibull distribution 346 

of the maximum principal tensile (T). 347 



3.2 Definition of the numerical models 348 

Taking into account the main applications of the roll-wrapping technique, two numerical models 349 

were considered for the reliability analysis: i) the design of a new composite pipe and; ii) the 350 

repair of a corroded steel pipe. Both numerical simulations were carried out in the FEM software 351 

ABAQUS 2019®.  352 

On the one hand, the composite pipe was modelled considering the following parts: i) a non-353 

structural polymer liner with 2 mm of thickness; ii) a composite wrap made up of several 354 

composite layers with 0.32 mm of thickness. The wrap part was meshed as a continuum shell with 355 

reduced integration and eight nodes SC8R elements, while the liner was meshed with in-plane 356 

general purpose shell elements with four nodes, S4R. Convergence analyses were done in both 357 

models in order to obtain a mesh size which could give good precision results without penalizing 358 

enormously the time needed to run the models. This is a paramount aspect to consider because 359 

the models had to be repeated 200 times in order to obtain the surrogate models, as it was 360 

explained in Section 2.3.2. So, convergence studies were performed using elements between 20 361 

and 1 mm size. It was observed that using elements smaller than 10mm the results did not 362 

improved significantly, but the sizes of the whole models and the time to run them grew 363 

exponentially. Finally, a 10 mm size element was considered enough precise for both models. For 364 

the loading and boundary conditions, we used an internal pressure on the inside wall of the pipe 365 

of 11.2 MPa and plane strain boundary constraints. Under these conditions the principal stresses 366 

which works in the pipe were the hoop tensile stresses [63]. 367 

On the other hand, we also considered a corroded steel pipe retrofitted with the composite solution 368 

exposed in Section 2.1. and by means of roll-wrapping technology. In this sense, the numerical 369 

model was made up of the following parts: i) a steel pipe with 4 mm of thickness; ii) a corroded 370 

area on which the effective thickness is 2 mm (half of the initial one); iii) a non-structural putty 371 

layer and; iv) a roll-wrapping solution made up of different composite layers of 0.32 mm thickness 372 



each. It is worth mentioning that the loads and boundary conditions were the same as those 373 

previously exposed. 374 

The number of layers in each numerical simulation were determined during the reliability 375 

analysis. To this end, the iterative approach defined in Section 2.3. was applied, defining a 376 

maximum probability of failure of 0.00135 (reliability index of 3.0). This strategy was carried out 377 

in the mathematical software MATLAB with the assistance of the open-source library UQLab 378 

[64]. 379 

 380 

 381 

Figure 8: Numerical meshes used: a) new composite steel pipe and; b) retrofitting of a corroded steel 382 

pipe. 383 

3.3 Results obtained during the design of the new composite pipe 384 

With the aim of obtaining the optimal number of layers for the composite pipe previously shown, 385 

an iterative reliability analysis proposed in Section 2.3. was carried out. During each iteration a 386 

PCE of the model response was built considering as random inputs the mechanical variables of 387 

each layer namely: i) Young’s Modulus; ii) Poisson’s ratio and; iii) tensile strength. The PDFs of 388 



these variables were those obtained in the DIC evaluation (Figure 7). Throughout this process we 389 

used the Latin Hypercube Sampling method to create the DoE [65]. This technique is a popular 390 

method that allows us to obtain a random DoE ensuring the uniformity of each sample in the 391 

domains of the inputs. From the present study case several sizes of the DoE were used to build 392 

the metamodel. The accuracy of the metamodel was evaluated by means of the LOO error exposed 393 

in (Eq. 8-9). The metric of this error was complemented by a cross correlation on which we used 394 

a different DoE with the same size. The sparsity of the metamodel was carried out by varying the 395 

maximum degree of the polynomials from 1 to 20, where the optimal degree was selected 396 

according to the smallest LOO error.  397 

After a total of 15 iterations the reliability analysis found a solution which satisfied the failure 398 

criteria. In this situation the degree of the polynomials was 5 with an associated LOO error of 399 

0.0047 and a cross-validation error of 0.005. 400 

According to the numerical results obtained, it was necessary to use a total of 15 CFPR layers to 401 

satisfy the failure criteria previously defined (Pf<0.00135, β>3) (Table 7 and Figure 9). In this 402 

situation, the solution has a probability of failure of 0.00108 and a reliability index of 3.0645 403 

(Figure 10). 404 

Table 7: Results of probability of failure (Pf) and reliability index (β) obtained during the reliability 405 

analysis of the composite pipe with 10, 11, 12, 13, 14 and 15 layers. 406 

Number of layers Pf β 

10 0.5061 0.0154 

11 0.1661 0.9696 

12 0.0480 1.6645 

13 0.0132 2.2200 

14 0.00356 2.6912 

15 0.00108 3.0645 

 407 



 408 

Figure 9: Convergence of the Pf and β during the Monte Carlo Simulation. 409 

 410 

Figure 10: Reliability analysis of the 15 layer´s model: a) PDF function and; b) CFD function. 411 

In order to understand which mechanical variables are the most relevant in the safe design of the 412 

composite pipe, a Sobol sensitivity analysis was carried out. To this end a new MCS was 413 

performed, using in this context a total of 500,000 simulations. During this process it was assumed 414 

that all the layers have the same mechanical properties according to the PDF obtained during the 415 

DIC analysis (Figure 7). The figure indicates that the tensile strength of the material is the most 416 

relevant mechanical parameter in the safety of the solution followed by the Young’s Modulus. 417 



This mechanical property explains 89.00% of the total variance (Figure 11). The great similarity 418 

between the first and the total Sobol-indices highlights the absence of a second-order effect. 419 

 420 

Figure 11: Results obtained during the sensitivity analysis: a) Total Sobol´ indices and; b) First-order 421 

Sobol´ indices. 422 

3.4 Reliability evaluation of a corroded steel pipe retrofitted with CFPR 423 

Apart from the design of new composite pipes, another relevant application of the method could 424 

involve the retrofitting of existing steel pipes. Within this context the most common damage is 425 

the corrosion of the pipe which reduces the resistance section of it. According to this, and 426 

considering the numerical model of the corroded steel pipe defined in Section 3.2, the proposed 427 

iterative reliability analysis was performed. During this analysis we used as inputs the mechanical 428 

variables obtained by DIC (Figure 7) as well as the thickness of the corroded area. The PDF of 429 

this input was assumed uniform, varying from 0% (totally corroded) to 100% (no corrosion). 430 

The results of the iterative reliability analysis showed that the minimum number of layers required 431 

to fulfil the safety requirements (Pf<0.00135, β>3) are 4. With this set-up the probability of failure 432 

is 1x10-5 and the reliability index is 4.26, using MCS with 105 simulation (Figure 12). These 433 

simulations were obtained by means of a PCE metamodel with maximum polynomial degree of 434 



7, a DoE made up by 200 samples and a LOO error of 0.005. This error is similar to the error 435 

resulting from the cross-validation estimated in 0.003. 436 

 437 

Figure 12: Results obtained during the reliability analysis of the corroded pipe retrofitted with 4 layers of 438 

CFPR: a), b) PDF and CFD functions and; c), d) Sobol´ indices. 439 

It is worth highlighting that the thickness of the corroded part is a critical parameter in this type 440 

of reliability analysis, determining the number of layers required to retrofit the steel pipe. Hence, 441 

it is neccessary to know the minimum thickness of steel for which the 4 CFPR layers fulfil the 442 

safety requirements. To this end, a constrained optimization procedure was carried out using as 443 

cost function the thickness of the corroded part and a probability of failure of 0.00135, 444 

corresponding to a reliability index of 3. In order to achieve this result, the proposed methodology 445 

uses the genetic algorithm described by Goldberg [66]. In this procedure the process starts with 446 

an initial population which is repeatedly modified by randomly selecting individuals from the 447 

current population and using them as parents to produce the offspring of the next generation. 448 

During this process a crossover method creates new individuals on which a mutation strategy 449 



ensure that a few genes are modified, exploring a new search space. After several successive 450 

generations, the population "evolves" towards an optimal solution [67]. For the present study case 451 

the genetic algorithm was based on a population size of 25 individuals with a maximum number 452 

of generations equal to 75. For the sequence of creating new populations one individual was 453 

chosen to automatically pass to the next generation. The fraction of offspring was established in 454 

75%. In order to obtain the global minimum of the problem, a total of 3 runs were carried out, 455 

selecting the run with the best fitness value (Figure 13). The results of this optimization show that 456 

the critical effective thickness is 0.61 mm (15% of the initial section). In this situation the 4-layer 457 

CFPR solution has a reliability index of 3.01 (Figure 14 and 15). 458 

 459 

 460 

Figure 13: Convergence plot obtained during the minimization stage. 461 

 462 

 463 

 464 

 465 



Figure 14: Results obtained during the reliability analysis of a corroded pipe (15% of the initial section) 466 

retrofitted with 4 layers of CFPR: a) PDF and; b) CFD functions. 467 

 468 

Figure 15: Distribution of the Tsai-Wu values along the composite solution: a) in a steel pipe with 50% 469 

of corrosion and; b) in a steel pipe with 85% of corrosion (maximum value for which the 4-layer CFPR 470 

solution is reliable). 471 

4 Conclusions 472 

In this paper a new methodology for the reliability analysis of pressurized composite pipes was 473 

presented. To this end the method uses the data provided by the digital image correlation approach 474 

for the generation of probabilistic distribution function of the different mechanical properties of 475 

the composite solution. We subsequently use this data to build a surrogate model of numerical 476 

simulation, taking into account the stochastic nature of this type of solution. Therefore, an 477 

Adaptive Sparse Polynomial Chaos Expansion was used where the accuracy is evaluated by 478 

means of the Leave one Out error. On the one hand, the Digital Image Correlation approach offers 479 

a robust and low-cost alternative to traditional contact measurement techniques such as linear 480 

variable differential transformers or electrical resistance strain gauges. This alternative is 481 

especially attractive in probabilistic approaches for which a large number of inputs are required. 482 

In this situation it is possible to exploit the full-field nature of the data by means of virtual 483 

extensometers that allowus  to extract the mechanical properties of a sample from different 484 

locations. On the other hand, the use of an Adaptive Sparse Polynomial Chaos Expansion allows 485 

us to mimic the response of a numerical model with great efficiency, requiring a relative low 486 

number of inputs to obtain a good Leave one Out error. For example, the two numerical models 487 

considered during the present study requires only 200 samples to build an accurate metamodel 488 



with an average Leave one Out Error of 0.005. This metric of error, which is compared with a 489 

standard cross validation, is especially efficient since it does not require extra samples to be 490 

obtained for the validation. Once the metamodel is obtained, the cost of each evaluation is 491 

extremely low, allowing us to carry out a reliability analysis, or even a sensitivity evaluation, by 492 

means of the Monte Carlo method. In the context of this study, one numerical evaluation by means 493 

of the FEM method requires 25 secs and assumes the investment of 29 days to carry out one 494 

Monte Carlo simulation. In contrast, the use of PCE metamodeling requires only 2 hours to carry 495 

out this simulation (0.3% of the time required to perform this evaluation with FEM simulations 496 

alone). Additionally, this surrogate model can be used for optimization purposes (e.g. evaluation 497 

of the minimum effective thickness that is able to support a specific composite solution). In this 498 

situation the efficient computation cost of the surrogate model allow us to use evolutionary 499 

optimization strategies able to find the global optimal of the solution as well as the use of 500 

inequalities that introduces uncertainty in the safety evaluation. Within this context the system 501 

was able to save 99.7% of the total time required to obtain the optimal solution by means of FEM 502 

simulations. All these simulations were carried out in a Intel® XEON E3-1240 v3 processor 503 

running at 3.4 GHz with 8 GB RAM DDRII. 504 

Future works will be focused on the use of full-field data provided by the DIC approach to 505 

evaluate the uncertainties of the composite solution from a material level by means of Random 506 

Field theory. Additionally, the proposed methodology will be used within the context of 507 

reliability-based design optimization, integrating minimization algorithms that allow us to 508 

estimate the optimal disposition of the composite solution. Also, the proposed method will be 509 

applied to other fabrics (plain /satin weave) and materials, where different reinforcements 510 

(GDPR) and matrix (especially thermoplastic ones) will be tested. 511 

 512 
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