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Abstract 22 

In the present study, numerical analysis was performed to predict the amount of concrete 23 

fragments generated and the distance travelled by the fragments under impact loading using 24 

Smooth Particle Hydrodynamics (SPH). SPH can be used for predicting the amount of 25 

fragmentation or the motion of fragmentations. The obtained results of the SPH analysis 26 

showed that the amount of fragments and the travel distance can change depending on different 27 

velocity-to-mass ratios under same local impact energy. Using the results of the SPH analysis, 28 

artificial neural network (ANN) was constructed to consider the uncertainty from the prediction 29 

of the fragmentations and travel distance. Furthermore, the results of ANN were compared with 30 

the results of Multiple Linear Regression Analysis (MRA). The ANN results showed better 31 

correlation coefficient (R2) than the MRA results. Therefore, ANN showed better improvement 32 

with consideration of the uncertainty from the prediction of fragmentations and travel distance 33 

than the MRA results. Using the constructed ANN, data augmentation was conducted from a 34 

limited number of actual data using a statistical distribution method. Finally, the fragility curves 35 

of the concrete median barrier were obtained to estimate the probability of occurrence of 36 

specific fragmentation amount and travel distance under same impact energy. 37 

38 

Keywords: ANN, Fragility Curve, SPH, Concrete Fragmentation, 39 

40 

1. Introduction 41 

Concrete median barriers (CMB) on highways are typical road safety facilities which often 42 

undergo breakage during vehicle collisions as shown in Figure 1. The concrete fragments 43 

generated from the broken CMBs during such collisions are severe threats because they fly, 44 



scatter around and hit other vehicles approaching via opposite lanes, thereby causing secondary 45 

accidents.  The quantity of fragments generated during such collisions and the distances the 46 

pieces fly, therefore, require accurate predictions because such knowledge of the amount of 47 

fragments depending on the specification of the cross-section and impact severity is imperative 48 

to prevent further secondary accidents. However, there are always uncertainties due to strain 49 

rate effect, size effect, heterogeneous material and characteristics of the impactor. 50 

If the specifications of the CMB and the amount of fragmentation according to the collision 51 

conditions can be predicted up to a reasonable level, the design process of the CMBs can be 52 

tailored likewise, which in turn can reduce further fragment-related accidents.  53 

54 

Figure 1. Concrete fragmentation due to CMB-vehicle collision  55 

56 

In South Korea, if there is more than 2 kg of fragments and 2 m the travel distance, it is inferred 57 



as not having enough performance of the CMB according to real impact test guideline for 58 

vehicle safety guard 2015 [1]. However, such guidelines of fragmentation have not been 59 

followed in the design process of the CMBs. 60 

To note, it is not easy to predict the amount of concrete fragmentation and there is always some 61 

uncertainty in the travelled distance because prediction of the amount of concrete fragments 62 

under impact loading shows sensitive results depending upon the specifications of the cross-63 

section and motion of the impactor. In particular, if there is any difference in the amount of 64 

fragments due to combination of impact velocity and impact mass under same impact energy, 65 

it may be necessary to improve the standard established based on the impact energy. 66 

In the past, to predict the behavior of concrete under an impact load, finite element method 67 

(FEM) was adopted by several researchers, such as Orbovic et al. [2], Zhang et al. [3], Ranade 68 

et al. [4], Kim et al. [5] and Kim et al. [6]. However, according to Lee et al. [7], Lee et al. [8] 69 

and Kim et al. [9], the FEM has a limitation in predicting the fragmentation amount since it 70 

simulates fragmentation through element deletion.  71 

Therefore, in place of FEM, Smooth Particle Hydrodynamics (SPH), which is mesh-free 72 

method by Rabczuk et al. [10], can be used to predict the amount of fragments and travelled 73 

distance by the fragments under impact load.  74 

Recently, Kim et al. [11] used SPH to estimate the amount of the concrete fragments. In 75 

addition, Multiple Linear Regression Analysis (MRA) was conducted based on concrete 76 

thickness, compressive strength, reinforcement ratio, impact velocity, impact mass and impact 77 

location. However, the data obtained from MRA did not show high correlation coefficient (R2) 78 

because in MRA there remains an error in the linear relationship between the independent and 79 

dependent variables as shown in Figure 2. Thus, to predict the amount of fragments, artificial 80 

neural network (ANN) was used which considers nonlinearity. 81 



(a) Obtained results without data 

classification 

(b) Obtained results with data 

classification 

Figure 2 Comparison of SPH results with MRA prediction [11]82 

83 

In the current study, to evaluate structural performance of CMB, impact analysis was performed 84 

using SPH, while fragmentation amount and travelled distance were predicted using ANN. The 85 

obtained results from ANN were compared with the field test. Finally, fragility curves of 86 

specific CMB have been presented to evaluate structural performance, i.e. the fragmentation 87 

amount and travelled distance based on ANN. 88 

89 

2. SPH model to predict the travel distance of the fragments 90 

In general, SPH increases the accuracy of analysis using high density. On the other hand, higher 91 

particle density increases the analysis time. Therefore, in order to improve the efficiency of the 92 

analysis, a numerical model that can reduce the analysis time without significantly affecting 93 

the analysis result is needed. In this section, the theoretical background of the analysis model 94 

development will be described. 95 

96 



2.1.Theoretical background of SPH  97 

SPH is a mesh-free particle method based on Lagrangian formulation. Each state of particle is 98 

represented by a set of particles. SPH considers interactions and material properties of each 99 

particle within the range of formulation. The formulation is based on the dirac delta function. 100 

If the dirac delta function is changed to a kernel function, the function is as shown below 101 

f(x) = ∫ 𝑓(𝑥′)Ω 𝑊(𝑥 − 𝑥′, ℎ)𝑑𝑥′                                         (1) 102 

where,  𝑊(𝑥 − 𝑥′, ℎ)  is the kernel function, Ω  is volume of the integral, f(x)  is the kernel 103 

approximation, and dx′ is an infinitesimally small volume. 104 

The approximation of the spatial derivative ∇ ∙ f(x) is obtained simply by substituting f(x) with 105 ∇ ∙ f(x), that is 106 ∇ ∙ f(x) = ∫ [∇ ∙ 𝑓(𝑥′)]Ω 𝑊(𝑥 − 𝑥′, ℎ)𝑑𝑥′                                   (2) 107 

The particle information is computed as the sum of adjacent particles in domain with a finite 108 

number of particles. The continuous form of kernel approximation can be written in discretized 109 

form as  110 

f(x) = ∑ 𝑚𝑗𝜌𝑗𝑁𝑗=1 𝑓(𝑥𝑗) ∙𝑊(𝑥 − 𝑥𝑗 , ℎ)                                  (3) 111 

where, 𝑚𝑗 is mass, 𝜌 is density, and N is the total number of particles.  112 

The value of a function at a particle can be approximated using the average of the values of the 113 

function at all the particles by the smoothing function. Therefore, the particle approximation 114 

of a derivative can be expressed as 115 ∇ ∙ f(x) = −∑ 𝑚𝑗𝜌𝑗𝑁𝑗=1 𝑓(𝑥𝑗) ∙ ∇𝑊(𝑥 − 𝑥𝑗 , ℎ)                                   (4) 116 

∇W in the above equation is gradient which is evaluated at particle j. A detailed explanation of 117 

SPH can be found in Liu and Liu [12]. 118 

119 



3. Introduction of the developed local impact model 120 

In general, the vehicle model of National Crash Analysis Center (NCAC) based on European 121 

standard EN-1317, which is widely used for vehicle collision analysis around the world, did 122 

not simulate any local collision between the lower corner zone of the steel cargo compartment 123 

and the upper zone of a CMB. This is because no large deformation occurs in the front portion 124 

of the vehicle during a collision. Therefore, it is necessary to develop a detailed local analysis 125 

model which would simulate such a local collision, and to define external forces (impact mass 126 

and impact velocity). 127 

In the local analysis model, the concrete comprised the SPH whereas the wire-mesh comprised 128 

beam elements. The concrete material model and wire-mesh for numerical analysis was 129 

Continuous Surface Cap (CSC) Model [13, 14] and Piecewise Linear Plasticity based on elasto-130 

plastic material model.  131 

Figure 3 shows the concept of the local collision analysis model. However, no experimental 132 

data are available that can predict the local impact energy during a secondary collision from 133 

the total impact energy. Therefore, the local impact energy (impact mass and impact velocity) 134 

was estimated in reverse analysis by comparing with the damaged areas after collision. 135 

136 

Figure 3 Conceptual drawing of the local impact SPH model137 



The impact location and impact velocity were obtained from the video of field test [16, 17, 18]. 138 

The impact energy was further predicted by combining various masses and from a comparison 139 

of the analysis results with the field test results of the damaged area. Detailed information on 140 

the estimation of the impact energy can be found in Kim et al. [11]. 141 

The scope of analysis was selected based on the specifications of the CMB set in South Korea 142 

and United States. Table 1 shows the scope of this, further details of the scope of study can be 143 

found in Kim et al. [11]. 144 

Table 1. The scope of parametric study 145 

Minimum Maximum 

Compressive strength 25.5 MPa 34.5 MPa 

Thickness 150 mm 250 mm 

Reinforcement ratio 0.0 0.4 

Impact location from the top 

surface 

80 mm 140 mm 

Impact 

energy 

3.2 kJ 

Velocity 17.0 km/h 22.8 km/h 

Mass 160 kg 280 kg 

10.8 kJ 

Velocity 17.0 km/h 36.0 km/h 

Mass 210 kg 970 kg 

18.0 kJ 

Velocity 17.0 km/h 36.0 km/h 

Mass 360 kg 1,600 kg 

146 



3.1. The Developed SPH model for prediction of fragmentations147 

The size of the numerical model was 3,000 x 1,270 x depth parameter mm3. Typically, the 148 

shape of a CMB becomes thicker toward the lower end. However, in the current study, a 149 

reduced numerical model has been developed to improve efficiency by assuming the shape of 150 

a slab. This is because specification of the lower part of a CMB does not play any role in 151 

reducing the quantity of the fragments. Since the boundary condition of the side part did not 152 

affect the generation of fragments in prior study [11], the length of the CMB used in this present 153 

study was 3,000 mm with 10 mm particle spacing. 154 

Model verification was conducted by comparing with Xiao et al. [15], since impact velocity, 155 

structure size, and shape of projectile are similar to the local impact from the CMB-truck 156 

collision. The damaged area and crack patterns of the numerical model were compared with 157 

experimental test data as shown in figure 4, and it was concluded that the developed model is 158 

acceptable for predicting the amount of fragmentation. A comparison of detailed verification 159 

and development can be found in Kim et al. [11].160 

161 

(a) Experimental results (20F-c) 

(Xiao et al. [15]) 

(b) Analysis results (20F-c) 

(Kim et al. [11]) 



Figure 4 SPH numerical model verification 

162 

3.2. Prediction and verification of travel distance 163 

The travel distance of the fragments was predicted using the initial velocity of fragmentation 164 

after collision to reduce the analysis time, as shown in Figure 5. If the initial velocity is Vxy, it 165 

can be divided into Vx and Vy components. Furthermore, the fall time, i.e. the time taken by the 166 

fragments to fall down to the ground, was calculated using the height of the CMB (1,270 mm) 167 

as follows.168 

1270 =  Vyt +  
12 𝑎𝑡2                                                                     (5)169 

Where, Vy is the velocity in the direction of gravity (mm/s), t is time (sec) and a is gravitational 170 

acceleration (9810 mm/s). t can be calculated using quadratic formula.171 

172 

The travel distance was predicted using the obtained fall time as follows.173 

Vx × t = L                                                                       (6)174 

Where, Vx is the lateral velocity (mm/s), t is time (sec) and L is the travel distance (mm).175 

176 

Figure 5 Prediction concept of travel distance of fragments177 

The predicted result and the analysis result were then compared (see Figure 6). Analysis result 178 



is the travel distance of developed model and the prediction value is the predicted travel 179 

distance of the developed model at a specific time. Expected data from analysis result is linear 180 

expected travel distance based on the result of the developed model. The developed model in 181 

this study ignores air resistance, but considers gravity. When calculating with 1270 / Vy = t 182 

without considering gravity, the travel distance was at least 1.3 times higher than the analysis 183 

result. Therefore, in order to improve the accuracy of prediction, gravitational acceleration was 184 

considered. Figure 6(a) shows the result of prediction of travel distance at 0.1 sec. It was found 185 

from the error of 2.4% (7 mm) compared to analysis result. Figure 6(b), (c) and (d) shows the 186 

predicted travel distances at 0.1 sec, 0.08 sec and 0.06 sec. However, these results did not 187 

terminate normally due to non-convergence. Therefore, the travel distance at the error time due 188 

to non-convergence was compared from the data of 0.1 sec, 0.08 sec and 0.06 sec. The error 189 

were 10.1% (53 mm), 9.5% (30 mm) and 0.7% (2 mm) from Figure 6(b), (c) and (d). It was 190 

found from obtained results to predict the behavior of fragments within 10.1%. In this study, 191 

considering the computational cost, the travel distance was predicted by measuring the velocity 192 

at 0.06 – 0.1 sec when the concrete fragments were generated after the collision.193 

(a) Prediction at 0.1 sec (b) Prediction at 0.1sec



(c) Prediction at 0.08 sec (d) Prediction at 0.06 sec

Figure 6 Prediction of travel distance of fragments

194 

4. Application of ANN to evaluate concrete median barriers under impact195 

To predict concrete fragmentations from CMB, Kim et al. [11] performed numerical analysis 196 

using SPH and predicted the amount of fragments using multiple linear regression analysis 197 

(MRA). However, the MRA, which linearly defines the relationship between the independent 198 

and dependent variables, did not show a high correlation coefficient (R2) when uncertainties 199 

were considered under impact loadings. Therefore, in our present study, ANN was constructed 200 

based on the SPH analysis results to predict the amount of fragmentation and the travel distance 201 

with the consideration of uncertainty.202 

203 

4.1. Development of ANN in Machine Learning204 

ANN is a machine learning technique which comprises input layer, hidden layers and output 205 

layers. The neurons have associated weights and interchange information with each other. 206 

It is important to note that overfitting does not occur while minimizing errors in ANN learning. 207 

In this study, ANN was constructed for optimal learning through variable research on learning 208 

rate, number of layers, epoch, and number of nodes. The loss and MAE (Mean Absolute Error) 209 



is shown in Figure 7 which depends on epoch and learning rate. In the results of train data and 210 

validation data, it was found that learning progressed rapidly at a learning rate of 0.01. However, 211 

a learning rate of 0.0001 requires a lot of epochs to stabilize. Therefore, learning rate of 0.001 212 

was selected where the learning would progress stably.213 

214 

(a) Loss (Prediction of fragmentation) (b) MAE (Prediction of fragmentation)

(c) Loss (Prediction of travel distance) (d) MAE (Prediction of travel distance)

Figure 7 Loss and MAE depending on the learning rate

The loss and MAE (Mean Absolute Error) have been shown in Figure 8 depending on the 215 

number of hidden layers. For 1 hidden layer, the MAE and Loss of train data were found to be 216 

inappropriate since the loss and MAE were slightly higher than the results of the 2, 3, and 4 217 

hidden layers. Furthermore, overfitting also occurs with the 4 hidden layers. However, the 4 218 

hidden layers were selected based on totally considerate learning rate, the number of hidden 219 

layers and the number of nodes.220 

221 



(a) Loss (Prediction of fragmentation) (b) MAE (Prediction of fragmentation)

(c) Loss (Prediction of travel distance) (d) MAE (Prediction of travel distance)

Figure 8 Loss and MAE depending on the number of layers

The number of nodes does not have a fixed value. In general, it is designated by referring to 222 

the number of bits of PC such as 8 bit, 16 bit, 32 bit, 64 bit, 128 bit. Atici et al. [19] 223 

recommended that the upper bound for the required number of neurons in the hidden layers 224 

should be one more than twice the number of input parameters. Since there are 6 input 225 

parameters (thickness, collision location, compressive strength, reinforcement ratio, impact 226 

mass, impact speed), the ANN was constructed with nodes 16, 32 and 64. Furthermore, the 227 

number of nodes were decreased before the final output layers to avoid overfitting with low 228 

MAE and loss. The final ANN was constructed with learning rate of 0.001, four hidden layers 229 

and the number of nodes equals to 32, 16 and 8. The selected activation function was Rectified 230 

linear unit (ReLU) which is efficient and can avoid vanishing gradient problem. A detailed 231 

discussion and example can be found in Hinton [20], Nair and Hinton [21] and Glorot et al. 232 

[22].233 
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234 

4.2.Comparison of the ANN and MRA results 235 

The ANN results of the fragmentation are shown in Figure 9(a) and that of the travel distance 236 

is shown in Figure 9(b) compared to SPH analysis. The results of the prediction of 237 

fragmentation amount shows that the correlation coefficient was 0.9406 (Figure 9(a)). This 238 

indicated that the correlation coefficient of ANN was much better than that of MRA 239 

(R2=0.6425).240 

The correlation coefficient (R2=0.9165) of the predicted travel distance also improved when 241 

compared with that of the MRA (R2=0.5709) (see Figure 9(b)). The above results indicate that 242 

ANN is more effective than MRA in predicting various input parameters while considering 243 

nonlinearity and uncertainties.244 

245 

(a) Fragmentation (b) Travel Distance 

Figure 9 Comparison of the ANN and MRA results 

246 



4.3.Prediction of the amount of fragments after impact using ANN  247 

The results of ANN prediction for SB4 [18], which was not included in the ANN train data, 248 

was compared with the result of the field test.  249 

Since the local impact energy of SB4 cannot be estimated from the total impact energy, the 250 

local impact energy of SB4 was estimated (3.6 kJ) from the local impact energy of SB5-B 251 

based on the energy ratio of SB4 (160 kJ) to SB5-B (270 kJ). The impact velocity of 18.4 km/h 252 

was estimated from the video of the field test [17], while the impact mass 276 kg was obtained 253 

from reverse analysis. 254 

The results of numerical analysis, MRA and ANN are presented in Table 2.  Figure 10 shows 255 

the damaged area of the field test and that of numerical analysis after collision. The damaged 256 

area of numerical analysis was similar to that of the field test. As shown in Table 2, the errors 257 

of fragmentation and travel distance results were calculated from the minimum 23.5% to 258 

maximum 26.9% of the numerical analysis and the field test results.  259 

The error was calculated from the minimum 69.2% to maximum 80.8% of the MRA and field 260 

test results. The MRA result showed the largest error compared with the field test, whereas the 261 

MRA result showed a large difference when compared with the numerical analysis results. By 262 

contrast, the error of the ANN results showed from minimum 23.1% to maximum 30.9% 263 

compared to the field test results. Again, the obtained results indicated that ANN is more 264 

effective to predict fragmentation and the travel distance than MRA with consideration of 265 

uncertainty. 266 

267 



Table 2 Results of field test and ANN

Field test 

or ANN 

SB4 Impact severity 

Fragmentations (kg) Travelled distance (mm) 

Field test 26 660 

Analysis result 33 815 

Prediction of MRA 5 1,117 

Prediction of ANN 20 456 

268 

(a) Field test (b) SPH analysis 

Figure 10 Comparison of field test and SPH analysis 

269 

5. Fragility assessment of concrete median barrier under local impact 270 

using ANN 271 

Shinozuka et al. [23] used maximum likelihood method to generate empirical fragility curves 272 

using seismic response data from the analysis of bridges. A fragility curve can be expressed as 273 

lognormal distribution function with two parameters– the median, and the standard deviation. 274 

The estimation of these two parameters is performed via maximum likelihood. The likelihood 275 



function for the fragility curve is expressed as  276 

L =  ∏ [𝐹(𝑎𝑖)]𝑥𝑖[1 − 𝐹(𝑎𝑖)]1−𝑥𝑖𝑁𝑖=1                                            (8) 277 

F(ai) : Probability of a specific damage state 278 

ai: A predefined performance boundary requirement. 279 

xi : Binary variable equal to 1 or 0 representing success or failure. 280 

281 

A fragility curve requires a large number of available data since this curve is a statistical method 282 

of determining the success or failure. However, data augmentation is required to expand the 283 

number of data when insufficient actual data is available. 284 

The data augmentation is typically done from a limited number of actual data using a statistical 285 

distribution method. For example, total 100 data points are considered as sufficient number of 286 

data points for developing statistical distribution curve. When x-length is 1, then y-length 287 

represents the number of data. A detailed explanation of data augmentation can be found in 288 

Kim et al. [24]. To present the fragility curve, lognormal cumulative distribution was used in 289 

our study with parameter value, mean value and standard deviation value. Moreover, in the 290 

current study, the impact mass or impact velocity was used instead of acceleration (ai) in 291 

maximum likelihood method. The next step was to determine whether the approach was 292 

successful or not. The posterior fragility curve was presented using the mean and standard 293 

deviation values which were obtained from lognormal distribution and calculated from the 294 

bayesian prior distribution. 295 

Figure 11 shows the prediction results of the amount of fragments depending upon the impact 296 

velocity under same impact loading. The Figure shows that the reinforcement ratio increased 297 

by steps of 0.05% from 0.025% to 0.045% under same compressive strength. The amount of 298 

fragmentation generally decreased as the compressive strength and reinforcement ratio 299 

increased. 300 



The above results indicated that the stepwise change in the fragmentation probability at a 301 

specific stage is related to the sensitivity of the ANN learned with limited data. If more analysis 302 

results are continuously added and updated, the sensitivity of the prediction would improve 303 

further.304 

Figure 11 The amount of fragments depending upon impact velocity under same impact 

energy (Thickness 150 mm)

305 

5.1. Criteria for evaluating concrete median barrier in Korea306 

The guidelines for CMB in South Korea is shown in table 3. Each impact severity is classified 307 

by design speed and location.308 

A CMB can be installed after passing the field tests. There are two types of field tests: structural 309 

performance evaluation and occupant protection performance evaluation. In general, the 310 

structural performance evaluation is performed with cargo trucks and occupant protection 311 

performance evaluation is performed with small vehicles. The acceptance criteria for the 312 



structural performance evaluation of CMB are that no broken concrete fragmentation heavier 313 

than 2 kg would form, and no broken concrete fragment would travel more than 2 m. The 314 

acceptance criteria for occupant protection performance evaluation are that Theoretical Head 315 

impact Velocity (THIV) and Permanent Head Damage (PHD) should be below 33 km/h and 20 316 

g (g : 9.8 m/s2), respectively. In the present study, only the structural performance evaluation 317 

was considered using SB4 cross-section of CMB because occupant protection performance 318 

evaluation does not generate any concrete fragments.  319 

320 

Table 3 Level of impact severity applied to median barriers in Korea [1] 

Level 

Impact velocity 

(km/h) 

Impact mass 

(kg) 

Impact angle 

(˚) 

Impact severity 

(kJ) 

SB1 55 

8,000 

15 

60 

SB2 65 90 

SB3 80 130 

SB3-B 85 150 

SB4 65 

14,000 

160 

SB5 80 230 

SB5-B 85 270 

SB6 

80 

25,000 420 

SB7 36,000 600 

321 



5.2. Fragility curve under mass criteria 2kg 322 

Figure 12 shows the fragility curves for fragments heavier than 2 kg under same local impact 323 

energy (SB4, 3.6 kJ). The shaded areas in the graph are those that exceed the range of impact 324 

velocity or impact mass in the SB4. The impact locations 100 mm and 80 mm the average 325 

values obtained from the video data of field test were selected, and it was assumed that they all 326 

occurred with same probability. If more field test data could have been accumulated for impact 327 

location, a more detailed fragility curve could be presented. 328 

The probability of occurrence for fragments heavier than 2 kg is shown in Figure 12 329 

considering the same probability for impact location. Figure 12(a) and (b) show that the 330 

fragility curves depending on the impact velocity and impact mass, respectively, under same 331 

local impact energy. The probability of fragmentation heavier than 2 kg depending on the 332 

impact velocity of 20.6 km/h was 0.72 (Figure 12(a)), whereas the probability of fragmentation 333 

heavier than 2 kg depending on impact mass of 200 kg was 0.89 (Figure 12(b)). The median 334 

values, obtained from the fragility curves, for impact velocity and impact mass were 17.73 335 

km/h (Figure 12(a)) and 266 kg (Figure 12(b)), respectively. Furthermore, the standard 336 

deviation values were 0.26 km/h and 218 kg, respectively. 337 

(a) Fragility curves depending on velocity (b) Fragility curves depending on 

mass 



Figure 12 Fragility curves over 2 kg depending on the impact mass under impact energy 

3.6 kJ (Thickness 150 mm) 

338 

5.3. Fragility curve for travel distance of 2 meter 339 

Figure 13 shows the fragility curves for fragments that travelled further than 2 m under same 340 

local impact energy (SB4, 3.6 kJ). Figure 13(a) and (b) show that the fragility curves depend 341 

on the impact velocity and impact mass, respectively, under the same local impact energy. The 342 

probability of occurrence for fragments travelling further than 2 m as the impact velocity 343 

increased and the impact mass decreased under the same impact energy was found. The 344 

probability of occurrence for fragments travelling further than 2 m at 20.6 km/h (Fig 13(a)) and 345 

200 kg (Figure 13(b)) were 0.0. Therefore, it was predicted that a travel distance further than 2 346 

m would not occur under SB4 impact energy, and result of the field test showed less than 2 m. 347 

The detailed results of the field test can be found in section 4.3. The median values, obtained 348 

from the fragility curves, for the impact velocity and impact mass were 29.29 km/h (Figure 349 

13(a)) and 112 kg (Figure 13(b)), respectively. Furthermore, the standard deviation values were 350 

0.03 km/h and 27 kg, respectively. When compared with the result of fragility curve for 351 

fragments, the fragility curve for occurrence of fragments travelling further than 2 m showed 352 

higher median values and smaller standard deviation values. These results indicate that 353 

fragments heavier than 2 kg can be generated from the same local impact velocity under the 354 

SB4 predicted local impact energy. However, formation of fragments that can travel distance 355 

further than 2 m is significantly low for the same impact velocity under the SB4 predicted local 356 

impact energy. 357 



(a) Fragility curves depending on 

velocity

(b) Fragility curves depending on mass

Figure 13 Fragility curves over 2 m depending on the impact mass under the impact energy 

3.6 kJ (Thickness 150 mm)

358 

5.4. Final fragility curve under both mass and travelled distance criteria359 

Figure 14 shows the fragility curves based on ANN considered fragmentation amount and 360 

travel distance. For the amount of fragments and travel distance, the median values were 30.11 361 

km/h (Figure 14(a)) and 112 kg (Figure 14(b)), and the standard deviation values were 0.04 362 

km/h and 73 kg, respectively. Such a fragility curve can be immediately used to assess the 363 

change in the probability of exceedance. For example, the impact velocity showed an expected 364 

value of 20.6 km/h, while the probability of exceeding structural performance limit is 0.00, as 365 

shown in Figure 14(a). Likewise, the impact mass showed an expected value of 200 kg, while 366 

the probability of exceeding structural performance limit was 0.00, as shown in Figure 14(b). 367 

Furthermore, the CMB designed for SB4 was passed in regard to all check-listed items for field 368 

test. Therefore, the results obtained from the fragility show that ANN can be successfully 369 

applied to predict the structural performance of CMB in truck collision under the SB4 impact 370 

energy. If more results from ANN under the local impact energy can be updated, the fragility 371 

curves under different local impact energy can be presented and applied to the prediction of the 372 



structural performance.373 

(a) Fragility curves depending on 

velocity

(b) Fragility curves depending on mass

Figure 14 Fragility curves for both mass and travel distance

374 

6. Conclusions and future study375 

The present study aimed to predict the structural performance evaluation of CMB using SPH 376 

analysis and ANN. 377 

The results obtained from ANN indicated that ANN was more effective than MRA in the 378 

prediction with various input parameters and consideration of nonlinearity and uncertainties. 379 

The correlation coefficient of ANN prediction (R2=0.9406) was increased by 60% compared 380 

with the results of the MRA prediction (R2=0.6425).381 

The prediction results of MRA showed error of at least 69.2% and maximum 80.8% compared 382 

to the field test. By contrast, the prediction results of ANN showed error of at least 23.1% and 383 

maximum 30.9%. Therefore, the ANN results showed better prediction of the amount of 384 

fragments and the travel distance with less error than the MRA results.385 

The fragility curves of the CMB were presented for the probability of structural performance 386 

of specific fragmentation amount and travel distance under the same local impact energy. The 387 

results obtained from the fragility curves using SB4 CMB showed the probability of exceeding 388 



the structural performance evaluation criteria of 2 kg and 2 m was close to 0.0. As a result of 389 

the field test, the amount of fragmentation, however, showed more than 2 kg, and the travelled 390 

distance showed less than 2 m. Therefore, the CMB designed for SB4 was passed with respect 391 

to all the check-listed items for real impact test. The obtained results also showed that the ANN 392 

based on field test and numerical analysis can be successfully applied to the prediction of 393 

structural performance under local impact loadings.  394 

395 
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