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Abstract 

 

Damage accumulation in composite laminates, especially during fatigue loading, may 

cause mechanical property degradation and serious safety concerns. Therefore, the 

demand for effective residual life predication of composite laminates is ever-increasing. 

In this paper, a data fusion method based on multi-guided wave feature extraction is 

proposed for composite residual life prognosis. First, a stiffness degradation model is 

introduced to account for the damage accumulation of fiber reinforced plastic under 

cyclic loadings. Following this, signal processing techniques, based on wave field 

measurement using laser ultrasonic system, are implemented to extract the guided wave 

features. The relations between cyclic loadings and multi-guided wave feature (such as 

amplitude attenuation, phase velocity and mode energy distribution) are discussed. 

Next, using the stiffness degradation model as a benchmark, a data fusion method to 

predict the residual life is designed. Several fatigue-sensitive guided wave features are 

included in this method. Finally, taking glass fiber reinforced plastic as an example, the 

prognosis performance is validated. The error analysis and some conclusions end this 

paper. 

 

 

1.  Introduction 
 

Taking the advantages of high strength-to-weight ratio, high stiffness-to-weight ratio 

and good corrosion resisting property, composite materials are widely used in many 

engineering fields, such as automobile, aerospace, ship and so on. However, the fatigue 

damage is affected by several factors, such as load levels, load cycles and working 

environment, leading to the degradation of mechanical properties and the unsafety of 

the composite structure. Thus, the residual life of the composite structure in use is 

difficult to calculate in their design stage. Therefore, developing non-destructive testing 

(NDT) methods for composite structures to evaluate their fatigue property is an essential 

demand for assuring the safety and reliability of the engineering structures
(1, 2)

. 

 

As one of the most widely used composite structures, fiber reinforced polymer (FRP) is 

usually made of multiple layers of composite laminas. The damage mechanisms 

involved in FRP when subjected to cyclic loadings is very complex because of the 

presence of numerous interfaces and damages causing continuous stress redistributions. 

However, four basic damage types can be identified: matrix cracking, interfacial 

debonding, delamination and fiber breakage. These damage initiation and evolution 

processes in FRP take places throughout the use period of the composite structures, 

causing the mechanical property degradation as damages accumulate
(3, 4)

. Based on a 

great deal of experimental investigations, many damage models have been defined by 
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strength degradation, stiffness degradation and energy dissipation of composites to 

describe the damage development in the materials. Among them, stiffness degradation 

based models have a high degree of accuracy
(5)

. However, the direct measurements of 

stiffness are difficult to implement in practical applications. 

 

Laser ultrasonic technique (LUT) offers a practical way to obtain information regarding 

the fatigue property in the composite structures during the service life. During the use of 

LUT, the guided waves are generated by a movable pulse laser and a fixed-point 

acoustic emission (AE) sensor is used to measure the response signals. Based on the 

reciprocal theorem, a series of snapshots can be constructed to display the guided waves 

propagating from the fixed point to the inspection region. By analysing the wave field 

data, a lot of information of the composite structures can be obtained, such as impact 

damage, delamination and stiffness coefficients
(6-8)

. It proves that LUT has the potential 

to further predict residual life of in-service composite structures
(9)

. 

 

In this paper, a residual life predication of composite laminates is proposed by using 

multi-guided wave feature extraction. Taking a glass fiber reinforced polymer (GFRP) 

as an example, a stiffness degradation model is presented to account for the damage 

accumulation of GFRP under cyclic loadings in Section 2. Signal processing techniques, 

based on wave field measurement using laser ultrasonic system, are then implemented 

to extract the guided wave features in Section 3. By using the stiffness degradation 

model as a benchmark, a data fusion method to predict the residual life is designed in 

Section 4. Finally, a summary of the experimental results and some conclusions end this 

paper. 

 

2. Stiffness degradation model 
 

Under cyclic loadings, micro fatigue damages occur in composite materials. The 

accumulation of these micro fatigue damages increase along with the number of loading 

cycles, leading to a change in the macroscopic mechanical properties of the composites, 

such as the degradation of strength or stiffness of the material. Based on a large amount 

of experimental investigation, three distinctive processes of damage evolution can 

usually be identified
(10)

. In the first process, the stiffness decreases quickly because of 

matrix cracks. A more gradual and slow material degradation is followed, which usually 

takes the most part of the fatigue life. The last part of fatigue life, called “sudden death”, 

is involved with damage rapidly develop and therefore consists of a catastrophic 

decrease of material properties. Taking a GFRP fatigue test as an example, the layup 

sequence of the specimen is [0/903/0/903]s and the nominal specimen dimension is 

220×25×2 mm with two gripping region on each side. As shown in Figure 1, the fatigue 

stress level of 60% of the ultimate tensile strength is applied by a MTS universal testing 

machine. The cyclic stress ratio is 0.1 and the load frequency is 8 Hz. The specimen 

breaks after 3217 cycles. 
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Figure 1. Experimental setup 

 

To test the change in the stiffness of materials, an extensometer is used to measure the 

deformation in the tensile direction during the fatigue test. The normalized stiffness at 

different numbers of cycles is shown in Figure 2. The initial stiffness corresponds to 1 

before the load is applied. Two periods of the fatigue life can be found in the 

normalized stiffness degradation. The first period is from 0 to 144 cycles and the 

stiffness is reduced by 26.5%. A decline of just 9% is in the second period, which lasts 

more than 75% of the whole fatigue life. It should be mentioned that the end period is 

missed in Figure 2. This period only takes a very small portion of the fatigue life and is 

relatively difficult to capture. Therefore, the third period is not considered here. 

 

 
Figure 2. Stiffness degradation of a GFRP at different load cycles 

 

A fatigue damage model is usually used to describe the stiffness degradation rule of 

composite materials in the loading direction. The fatigue damage factor D(n) can be 

written as
(5)

: 
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where E0 is the initial stiffness, Ef is the failure stiffness, E(n) is the stiffness subjected 

to the n-th load cycles, N is the fatigue life, A and B are model parameters. As shown in 

Figure 3, D(n) equals 0 when n=0 and equals 1 when n=N, which can be used to predict 

the fatigue life. 
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Figure 3. Fatigue damage factor at different load cycles 

 

3. Multi-guided wave feature extraction 
 

As shown in Figure 1, LUT is also employed in the fatigue testing. A pulsed laser scans 

the surface of the specimen at one-dimensional spatial intervals to generate guided 

waves and an AE is used to obtain the response signals. Based on the reciprocity 

theorem
(11)

, a time-space diagram can be measured as illustrated in Figure 4(a), 

corresponding to the guided wave propagates from the position of AE sensor to the scan 

path. Two guided wave modes with different phase velocities can be found by different 

slopes. This phenomenon can also be found in the frequency-wavenumber spectra, 

which is calculated through two-dimensional fast Fourier transform (2D-FFT) as shown 

in Figure 4(b).  
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(a)                                                                       (b) 

Figure 4. Diagrams of guided wave field in GFRP after 144 cycles in: (a) time-space domain and 

(b) frequency-wavenumber domain 

 

Three characteristics, such as amplitude attenuation, phase velocity and mode energy 

distribution, are extracted to investigate the relations between the load cycles and 

guided wave features as follows: 

 

! The phase velocity of mode 1 is selected as a guided wave feature in this paper. The 

first peak time at each of the measurement positions are selected and fitted to a 

dashed line as shown in Figure 4(a). The phase velocity can easily be obtained as 

the slope of the dashed line. 

 



 5 

! The amplitude attenuation is also obtained from the first peak at each of the 

measurement positions. The ratio of two amplitudes at x=10 mm and x=20 mm is 

used to represent the amplitude attenuation. 

 

! The mode energy distribution can be identified in the frequency-wavenumber 

diagram. As shown in Figure 4(b), the peak value at each of the dispersive curves is 

extracted as the energy of the corresponding mode. The amplitude ratio of mode 1 

and mode 2 is used to represent this characteristic of the guided wave. 
 

The normalized characteristics are shown in Figure 5. The initial value corresponds to 1 

before the load is applied. All three parameters decline, as the load cycle increases. 

However, the phase velocity and the mode amplitude ratio are more sensitive to the load 

cycles. Considering that the tendency of the amplitude attenuation is unstable, the other 

two features are used to evaluate the fatigue life. 

 

         
(a)                                                                          (b) 

 
(c) 

Figure 5. Normalized parameters at different load cycles: (a) phase velocity, (b) amplitude 

attenuation and (c) mode amplitude ratio 

 

4. Residual life predication 
 

4.1 Data fusion method 

 

From Figure 3 above, it can be seen that the damage factor can provide reasonable 

prediction using the normalized stiffness. To avoid measuring the stiffness in practical 
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application, normalized phase velocity and mode amplitude ratio are used in the 

prediction model instead of the normalized stiffness. A calibration procedure is 

subsequently carried out to obtain the relations between each guided wave feature and 

normalized stiffness. As shown in Figure 6(a), the exact mathematic description of the 

function between normalized phase velocity and normalized stiffness is complex. 

However, it can be approximately considered as a straight line passing through (1, 1). 

Therefore, a linear function gNV(n) can be employed to convert the normalized phase 

velocity nv(n) to another normalized parameter, which is based on the normalized 

stiffness as a benchmark, written by: 

 ( ) ( )1 1
1

NV
g n c nv n c= × − +   (2) 

 

According to the same calibration procedure, gNM(nm) can be defined as a linear 

function of the normalized mode amplitude ratio nm, as shown in Figure 6(b). 

 

         
(a)                                                                          (b) 

Figure 6. Normalized parameters used in fatigue life prediction 

 

The fatigue damage factor, D(n), can then be calculated based on gNV(n) and gNM(n), 

instead of E in Equation (1). The measured guided wave features from experiments are 

used to determine the model parameters in Equation (1). 

 

4.2 Error analysis 

 

In Equation (1), three parameters need to identify: A and B are the model parameters, N 

is the fatigue life. Due to large uncertainties in fatigue test across different specimens, 

these parameters are fitted using the experimental data. The identification process can 

be divided into two steps: 

 

! The fatigue damage factor DNV(NM)(n) can be calculated by the phase velocity and 

mode amplitude ratio, as: 

 
( )

( ) ( ) ( )
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where gNV(NM)-f corresponding to the failure value. In this paper, the final fatigue life 

is defined when the normalized stiffness decreases to 65%. 
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! Based on the current and previous fatigue damage factors, a nonlinear least square 

method is used to determine A, B and N. The identified N indicates the fatigue life 

before a structure’s final failure. 

 

As shown in Figure 7, two different predicted results use different life percentages of 

data. When the prediction is made at roughly 10% of the total life, the predicted life is 

1295 cycles. The guided wave features at the first fatigue period vary dramatically. The 

identified model of the fatigue damage factor emerges a significant increase tendency, 

giving an excessively small result. As information increase to 90% of the total life, a 

rather accurate life prediction is made as shown in Figure 7(b), corresponding to 3282 

cycles. The parameters at the second fatigue period make the increasing tendency 

diminishing. Therefore, a more accurate and larger fatigue life is achieved. 

 

     
(a)                                                                       (b) 

Figure 7. Predicted models using different life percentages of data: (a) 10% and (b) 90% 

 

     
(a)                                                                       (b) 

Figure 8. Summary of predicted results using different life percentages of data: (a) predicted 

fatigue life and (b) relative error 

 

A detailed comparison of predicted lives and true life (marked by a red dotted line) is 

illustrated in Figure 8. Apparently, it is unfair to expect an accurate life prediction at a 

very early stage since there is not enough information about the specimen’s 

characteristics. As the number of the guided wave features used in the predication 

increases, more accurate result can be obtained. It can be seen that a predication with a 

relative error less than 10% can be given when the information exceeds 50% of the total 
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life. The relative error reaches its minimum with all information from the experiment. 

The results also show that the identified fatigue life increases continually along with the 

number of the measured data. This indicates that the proposed model of the fatigue 

damage factor is too sensitive to the previous measurement data. Great changes in the 

guided wave features during early phases of fatigue cause the life predication in 

advance. To overcome this problem, a more sophisticated fatigue model may still need 

to be developed in future. 

 

5.  Conclusions 
 

The safety and reliability of composite structures cannot be over-emphasized. Along 

with it is the ever-increasing need for effective NDT methods for the residual life 

predication of composites. Therefore, a data fusion method based on multi-guided wave 

feature extraction is proposed in this paper. Taking the stiffness degradation model as a 

benchmark, the relations between cyclic loadings and multi-guided wave feature (such 

as phase velocity and mode amplitude ratio) are investigated. An identification process 

is subsequently carried out to build the predication model. Based on the experimental 

guided wave measurement, the prediction results using different life percentages of data 

are presented, where good accuracy is obtained. From the results, several conclusions 

can be drawn: 

 

! A large decrease in phase velocity and mode amplitude ratio can be observed at 

early stage of fatigue life, followed by a relatively flat decrease tendency. 

 

! The proposed predication model combined with guided wave measurement using 

LUT gives good prediction of fatigue life. Apparently, as the information used in 

the predication increases, more accurate result can be obtained. 

 

! In current study, the predication model is too sensitive to the great changes in the 

guided wave features during early phases of fatigue. A relatively small fatigue life 

is always obtained. Therefore, a more sophisticated model may still need to be 

developed for more robust life predictions. 
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