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ABSTRACT 

This paper presents an application of nonlinear vibro-acoustic wave modulations and cointegration-based signal processing for 

impact damage detection in light composite sandwich panels. Analysis of stationary statistical characteristics of vibro-acoustic 

responses after cointegration process are used for damage detection. The method is validated using vibro-acoustic data from 

three composite sandwich panels. One of the panels was maintained in the pristine configuration while two other panels were 

impacted in the central position by a hemispherical impactor with energies of 2.15 J and 9.8 J, respectively. The method is tested 

with vibro-acoustic data captured for several frequencies of low-frequency excitation corresponding to different vibration modes. 

The results demonstrate that the proposed approach can detect the impact damage more accurately and robustly than the existing 

nonlinear acoustics based on the analysis of modulation sidebands. 
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1. INTRODUCTION 

Nonlinear acoustics is an active damage detection approach that has received much interest for the last twenty years. Various 

approaches based on classical and non-classical nonlinear crack-wave interactions have been developed. The method based on 

nonlinear vibro-acoustic wave modulations [1-6] is one of the most investigated approaches. In principle, the vibro-acoustic 

wave modulation technique utilizes classical and non-classical nonlinear wave phenomena resulting from the interaction of high-

frequency ultrasonic and low-frequency modal excitation. The method has been used for fatigue crack detection in metallic 

structures [1,2,4] and impact damage detection in composite structures [3,5,6]. Recent studies in [2,4] have shown that low strain 

levels – associated with modal excitation – are sufficient to achieve good damage detection sensitivity, allowing for potential 

developments of smart structures with built-in actuator/sensor capabilities. However, it is well known that modulation intensity – 

used as a damage indicator – strongly depends on the amplitude of low-frequency modal excitation. Therefore damage detection 

results are often confusing. Previous experimental results in [4,5] show that the method works for some and does not work for 

other vibration modes. Higher amplitude levels often tend to produce nonlinear modulations even for undamaged structures due 

to intrinsic effects, i.e. nonlinearities related to material, boundary conditions or measurement chain. These undesired operational 

effects are particularly strong in composite structures, where material nonlinearities and intensive dissipation are very common. 

Therefore compensation for these undesired effects is very important if one wants to to develop reliable nonlinear acoustic 

methods that are sensitive only to damage but insensitive to operational conditions. 

Many approaches have been proposed to compensate for the undesired effect of environmental and operational variability in data 

used for damage detection, as described in [7]. The cointegration method – originated from Econometrics [8,9] – has been 

recently proposed as a reliable methodology for dealing with the problem of environmental and/or operational variability in 

Process Engineering [10] and Structural Health Monitoring (SHM) [11-17]. The previous work in [10-17] shows that when 

variables or data from a process or structure are cointegrated, the stationary linear combinations of these variables – obtained 

from the cointegration analysis – are purged of all common trends in the original data, leaving residuals equivalent to the long-

run dynamic equilibriums of the process. The common trends removed by the cointegration process in this case are supposed to 

be the environmental and/or operational conditions that drive the response of the monitored process or structure [11-14]. It is 

important to note that the choice of lag length in cointegration analysis has a strong influence on damage detection results where 

any wrong selection of lag length can lead to false damage detection alarms. Therefore, a new approach for the optimal selection 

of lag length in cointegration analysis used for damage detection has been proposed in [18]. More recently, research on the 

applications of cointegration for SHM has been moving towards nonlinear extensions, as presented in [19-21]. 
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The paper aims to explore the ability of cointegartion analysis for the removal of undesired operational effects from nonlinear 

acoustic data used for damage detection. The objective is to present a new damage detection approach – based on nonlinear 

acoustics and cointegration – for impact damage detection in composite smart panels. It is anticipated that the proposed method 

will effectively remove the effect of amplitude and frequency of modal excitation, leading to more robust impact damage 

detection results. 

2. COINTEGRATION ANALYSIS - THEORETICAL BACKGROUND 

In mathematics the concept of stationarity can be introduced using time series analysis. A given time series ty  can be presented 

in the form of the first-order Auto-Regressive )1(AR  process [22], which is defined as 

 

 ttt yy   1  (1) 

 

where t  is an independent Gaussian white noise process with zero mean, i.e. ),0(~ 2 IWNt
. Then three different time 

series can be distinguished for different values of coefficient   [22]. These are: (1) stationary time series ( 1 ); (2) 

nonstationary time series ( 1 ); and (3) random walk ( 1 ). 

Any time series ty  that exhibits the form of random walk without a trend is considered as an integrated series of order 1, 

denoted )1(I  [23]. For such a series Equation (1) yields 

 

 tttt yyy  1  (2) 

 

Equation (2) shows that, the first difference of ty , i.e. 1 tt yy , is just a stationary white noise process t . In other words, a 

nonstationary )1(I  time series becomes a stationary )0(I  time series after the first difference. By analogy, a nonstationary 

)2(I  time series would require differencing twice to induce a stationary )0(I  time series. 

Next, the concept of cointegration can be introduced using a vector t  of )1(I  time series defined as 

T
ntttt yyy ),...,,( 21 . This vector is linearly cointegrated if there exists a vector T

n ),...,,( 21    such that 

 

 )0(~2211 Iyyy ntnttt
T    (3) 

 

In other words, the nonstationary )1(I  time series in t  are linearly cointegrated if there exists (at least) a linear combination of 

them that is stationary, i.e. having the )0(I  status. This linear combination, denoted as 
t

T , is referred to as a cointegration 

residual or a long-run equilibrium relationship between time series [23]. The vector   is called a cointegrating vector. The 

action of creating the cointegration residual (
t

T
tu   ) is considered as the action of projecting the vector t  on the 

cointegrating vector  . 

In essence, testing for cointegration is testing for the existence of long-run equilibriums (or stationary linear combinations) 

among all elements of t . Such tests have two important requirements [23]. Firstly, any analysed time series must exhibit at 

least a common trend. Secondly, the analysed time series must have the same degree of nonstationarity. 

In general, the cointegration test consists of two steps: 

1. The first step is to determine the existence of cointegration relationships and the number of linearly independent 

cointegrating vectors among multivariate (nonstationary) time series and to form the cointegration residuals. 

2. The second step is to perform unit root tests on the cointegration residuals found to determine if they are stationary 

series (i.e. testing for stationarity). 

For the first step, the Johansen’s cointegration method [9] has been widely used. It is a sequential procedure based on maximum 

likelihood techniques, which basically is a combination of cointegration and error correction models in a Vector Error Correction 

(VEC) model. For the second step, the augmented Dickey-Fuller (ADF) test [24] is the most popular unit root test. The ADF test 

checks the null hypothesis that a time series is nonstationary against the alternative hypothesis that it is stationary, assuming that 

the dynamics in the data have an Auto-Regressive Moving Average (ARMA) structure. 
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3. NONLINEAR VIBRO-ACOUSTIC MODULATION EXPERIMENTS 

3.1 PRINCIPLE OF NONLINEAR VIBRO-ACOUSTIC WAVE MODULATION TECHNIQUE 

The vibro-acoustic modulation technique utilises the combined interaction of high-frequency ultrasonic wave and low-frequency 

(modal) vibration. The excitations are introduced to the structure at the same time. Next, ultrasonic responses are acquired and 

processed using the frequency-domain approach. In principle, when the monitored structure is undamaged, power spectra of 

response signals exhibit predominantly two major frequency components corresponding to the propagating high-frequency (HF) 

ultrasonic wave and the low-frequency (LF) modal excitation, as illustrated in Fig. 1a. When the monitored structure is damaged, 

the relevant power spectra contain additional components. These are the modulation sidebands around the main ultrasonic 

component, as illustrated in Fig. 1b. In addition, higher order harmonics associated with the low-frequency modal excitation can 

be also observed in the frequency domain (Fig. 1b). The number of sideband pairs and their amplitude depend on modulation 

intensity and relate to damage severity. The frequencies of these sidebands are equal to 

 

 LFHFSn nfff   (4) 

 

where Snf  is the frequency of the nth ( nn ,...,3,2,1 ) sideband, HFf  is the frequency of ultrasonic wave and LFf  is the 

frequency of modal excitation. The intensity of modulation R  can be estimated from amplitudes of the two fundamental 

sidebands (i.e. 1A  and 2A ) and the amplitude of the high-frequency ultrasonic component 0A  as 

 

 
 

0

21

A

AA
R

  (5) 

 

This parameter can be used as a damage indicator. However, in practice the value of R  depends not only on damage severity 

but also the amplitude level of low-frequency modal excitation, as explained in the previous investigations [4,5]. 

 

Fig. 1 The principle of nonlinear vibro-acoustic wave modulation technique: (a) undamaged structure; (b) damaged structure. 
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3.2 EXPERIMENTAL TESTS 

Nonlinear vibro-acoustic analysis in light composite sandwich panels was used as an experimental test for the proposed 

cointegration-based signal processing. The face sheets of these panels were made of Seal Texipreg HS300/ET223 prepreg 

system, with the [0/903/0] ply stacking sequence and thickness of 1.6 mm. The core material was a closed-cell polyvinyl chloride 

(PVC) foam DIAB Divinycell HP60 with 10 mm thickness. The overall dimensions of the panels were 400×120×13.2 mm. One 

of the three panels used in this study is shown in Fig. 2. 

Three test configurations of the panels were considered. One of the panels was maintained in the pristine configuration while 

two other panels were impacted in the central position by a hemispherical impactor with energies of 2.15 J and 9.8 J, 

respectively. Impact location is highlighted by a cross mark in Fig. 2. The low velocity impacts introduced different severities of 

damage in the two specimens, which has been confirmed by vibrothermography [6]. 

400 mm

1
2

0
 m

m

13.2 mm

Impact damage

LF

HF
 

Fig. 2 Composite sandwich panel used in the study. 

3.3 THE EFFECT OF LOW-FREQUENCY MODAL EXCITATION 

In the first step damage detection was performed with a typical vibro-acoustic modulation test. The tests were performed in the 

same way for all panels. The low frequency (LF) excitation was introduced by a PI Ceramic PL055.30 piezoelectric stack 

actuator, and high frequency (HF) excitation was introduced by a PI Ceramic 15×1 mm piezoelectric disc. Locations of both 

excitation actuators is shown in Fig. 2. An Agilent 33522A signal generator was used to generate the LF and HF excitation 

signals and EC Systems PAQG amplifier was used to drive the transducers. LF excitation frequency corresponded to a strong 

resonance peak visible for all three panels around 700 Hz and corresponded with the first bending mode of the panels. The exact 

frequency values for the undamaged panel, damaged panel after the 2.15 J impact and damaged panel after the 9.8 J impact were 

equal to 706 Hz, 687 Hz and 691 Hz, respectively. The driving voltage for the LF piezoelectric stack actuator was changed in the 

range from 10 to 70 Vp-p with the increment of 10 Vp-p. The HF excitation was arbitrarily set to 40 kHz, with the peak-to-peak 

amplitude of 40 Vp-p. 

 

Fig. 3 Modulation intensity R vs. amplitude of the LF excitation for three different damage severities. 
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The resulting modulation intensity parameters R for the analysed test configurations are shown in Fig. 3. The 9.8 J damaged 

panel (red dashed line in Fig. 3) can be easily distinguished from the undamaged panel (black solid line in Fig. 3) for the LF 

excitation voltage levels exceeding 20 Vp-p. The situation is less clear for the 2.15 J damaged panel (blue dotted line in Fig. 3). 

Although the modulation intensity R increases monotonically with the increasing amplitude voltage of the LF excitation, the 

relevant characteritics for the undamaged and damaged specimens are distinguishable only for the LF excitation amplitudes 

exceeding 60 Vp-p. Thus the results in Fig. 3 indicate that damage can be detected in this case reliably only when the large 

severity is achieved after the 9.8 J impact. 

4. DAMAGE DETECTION RESULTS USING COINTEGRATION 

4.1 CASE STUDIES 

The cointegration analysis – briefly described in Section 2 – was employed to compensate for the undesired operational effect in 

nonlinear acoustics used for damage detection. Three different cases of data (Fig. 3) were investigated, i.e. 

Case 1  – ultrasonic response data for the LF excitation amplitude equal to 70 V were analysed. This case represents the 

most favourable damage detection scenario (i.e. damage detection is possible and clear when the modulation 

intensity is used as a damage indicator); 

Case 2  – ultrasonic response data for the LF excitation amplitude equal to 20 V were analysed. In this case, damage 

detection is questionable – if not impossible when the modulation intensity is used as a damage indicator; 

Case 3  – mixed ultrasonic response data for five different LF excitation amplitude levels (i.e. 20, 30, 40, 50, 60 V) were 

analysed. This case represents the most likely used damage detection scenario – arbitrarily selected excitation 

parameters without any a priori knowledge about nonlinear modulation for the undamaged and damaged case. 

The terminology and notation of damage conditions investigated in this paper is explained in the following to ease the analysis 

and interpretation of the results. These are: 

 "undamaged data" – refers to ultrasonic responses from the undamaged panel; 

 "damaged data" – refers to ultrasonic responses from the damaged panel; 

 "damaged data 9.8 [J]" – refers to ultrasonic responses from the damaged panel by an impact of 9.8 J energy; 

 "damaged data 2.15 [J]" – refers to ultrasonic responses from the damaged panel by an impact of 2.15 J energy; 

 "large damage severity" – refers to the panel damaged by an impact of 9.8 J energy; 

 "intermediate damage severity" – refers to the panel damaged by an impact of 2.15 J energy. 

The cointegration analysis applied to the above data involves two steps. Firstly the stationarity-based approach – introduced in 

[18] – is used to determine the best/optimal lag length(s) to be included in cointegration analysis. Then the best/optimal lag 

length(s) established are employed in the cointegration analysis of vibro-acoustic data for damage detection. The entire damage 

detection procedure can be summarized using a sequence of the following steps: 

 

“Vibro-acoustic data   Cointegration analysis   ADF statistical test   ADF t-statistics” 

 

In other words, after the cointegration procedure is used to analyse the vibro-acoustic data, the ADF statistical test is applied to 

cointegration residuals and then ADF t-statistics are calculated. The resulting statistics are then used for damage detection to 

separate data representing damaged and undamaged conditions. The proposed damage detection approach is based on the 

analysis of stationary statistical characteristics of cointegration residuals. In principle, the degree of stationarity of signal can be 

quantified by using ADF statistics, as presented in [25]. More specifically, the more negative the ADF t-statistic value obtained, 

the more stationary the data are. Usually data representing undamaged condition of monitored structures are (relatively) 

stationary. The assumption is that this stationarity can be potentially changed or diminished by damage. Moreover, different 

severities of damage can lead to different stationary characteristics. Therefore the analysis of stationarity of cointegration 

residuals can be used for damage detection, as demonstrated in previous studies [12-14]. 

4.2 RESULTS AND DISCUSSION 

Firstly, the optimal lag length value(s) were established. This case study used twenty ( 20N ) vibro-acoustic responses 

for each composite panel in each damage detection analysis. Each response consisted of 15000 data points. Following the 
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lag length selection procedure – described in [18] – the lag length 6p  was found to be the best/optimal value for 

cointegration analysis in this case. After the optimal lag length was selected, cointegration analys is was performed for 

the three different cases of data. 

The results from the cointegration analysis for Case 1, 2 and 3 are presented in Figs. 4-6, respectively. Here, the vertical scale of 

the t-statistics is the same in all plots for comparison. The results show that the ADF t-statistics of the damaged data are less 

negative than that of the undamaged data for all cointegration residuals in all three cases investigated. This again confirms that 

the vibro-acoustic data representing the damaged panel (or condition) are less stationary than the data representing the 

undamaged panel (or condition). 

Fig. 4 presents damage detection results for Case 1 with the LF excitation amplitude equal to 70 V. Since significant difference 

in the modulation intensity between the undamaged panel and the large damage severity can be clearly observed in Fig. 3, the 

ADF t-statistics exhibit very good separation between these two relevant data sets for all cointegration residuals, as expected. 

Interestingly, despite the fact that difference in the modulation intensity between the undamaged panel and the intermediate 

damage severity is relatively small, the ADF t-statistics still exhibit clear separation between these two relevant data sets for all 

cointegration residuals as good as in the large damage severity case. As a result, both damage severities can be detected reliably. 

 

Fig. 4 Damage detection results using cointegration for Case 1 with the LF excitation amplitude equal to 70 V. 

 

Fig. 5 gives the results for Case 2 investigated where the LF excitation amplitude equal to 20 V. The  modulation intensity 

characteristics for the undamaged and damaged specimens overlap in Fig. 3 and damage detection is not possible in this case. 

However, when the cointegration approach is used, the separation of the ADF t-statistics in Fig. 5 for the undamaged and 

damaged data is very good and damage detection is possible and as reliable as in Case 1 (Fig. 4). 

The results presented in Fig. 6 for Case 3 involve mixed ultrasonic response data obtained for five different LF excitation 

amplitude levels. The ADF t-statistics for the undamaged and damaged data are also well separated in this case, demonstrating 

that both damage conditions can be detected reliably. 
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Fig. 5 Damage detection results using cointegration for Case 2 with the LF excitation amplitude equal to 20 V. 

 

 

Fig. 6 Damage detection results using cointegration for Case 3 with mixed ultrasonic response data for five different LF 

excitation amplitude levels. 
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In summary, the experimental test for the composite sandwich panel demonstrates that the cointegration-based approach can 

effectively remove the effect of operational (loading) condition from the vibro-acoustic data. As a result damage detection is 

possible, regardless the selection of vibration modes (i.e. the frequency of LF excitation) and the amplitude of LF excitation. The 

results for all three cases investigated show that both damage conditions can be reliably detected. This confirms that variable 

operational conditions associated with low-frequency modal excitation have been successfully removed from the data, leaving 

features that are common to analysed damage conditions. However, it is important to note that damage severities cannot be 

assessed. The results for two different impact energies - leading to two different damage severities - are undistinguishable. 

Further research work related to signal processing is required in this case. 

5. CONCLUSION 

Compensation for the effect of variable operational conditions associated with low-frequency modal (or vibration) excitation in 

nonlinear vibro-acoustic wave modulations – used for damage detection – has been addressed in this paper. A cointegration-

based approach has been proposed to deal with this problem. The method has been illustrated using vibro-acoustic data from 

three composite sandwich panels exposed to different low-frequency modal excitation. Analysis of stationary statistical 

characteristics of vibro-acoustic responses after the cointegration process have been used for damage detection. 

The results show that the cointegration analysis compensates successfully for effects related to amplitude and frequency 

selection for modal excitation on nonlinear vibro-acoustic wave modulations. Consequently the damage detection analysis was 

performed more accurately and robustly than the existing nonlinear acoustics approach based on modulation intensity. In 

addition, the cointegration analysis can significantly simplify the method with respect to the selection of excitation frequencies. 

The work presented is a feasibility study. Therefore, further research work is required to test the method to different types of 

specimens, damages and response vibro-acoustic data. In particular, the proposed methodology should be investigated for the 

data obtained from more complex undamaged and damaged engineering structures under not only  operational but also 

environmental variability. Further research work should also focus on damage classification to distinguish different damage 

severities. 
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