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a b s t r a c t

The impact-acoustics method utilizes different information contained in the acoustic

signals generated by tapping a structure with a small metal object. It offers a convenient

and cost-efficient way to inspect the tile-wall bonding integrity. However, the existence

of the surface irregularities will cause abnormal multiple bounces in the practical

be confused with the signals obtained from different bonding qualities. As a result, it

will deteriorate the classic feature-based classification methods based on frequency

domain. Another crucial difficulty posed by the implementation is the additive noise

existing in the practical environments that may also cause feature mismatch and false

judgment. In order to solve this problem, the work described in this paper aims to

develop a robust inspection method that applies model-based strategy, and utilizes the

wavelet domain features with hidden Markov modeling. It derives a bonding integrity

recognition approach with enhanced immunity to surface roughness as well as the

environmental noise. With the help of the specially designed artificial sample slabs,

experiments have been carried out with impact acoustic signals contaminated by real

environmental noises acquired under practical inspection background. The results are

compared with those using classic method to demonstrate the effectiveness of the

proposed method.

& 2009 Elsevier Ltd. All rights reserved.
1. Introduction

In metropolitan cities like Hong Kong, mosaic tile-walls are widely used on high-rise buildings for decoration and
weather protection purposes. However, due to improper installation, climate corrosion or aging effects, there are
increasing number of accidents related to tiles falling from heights caused by defective adhesives or poor bondings [1,2]. In
view of this problem, the Hong Kong Housing, Planning and Land Bureau has finished a public consultation on mandatory
building inspection in 2005. The government intends to pass a legislation to enforce the mandatory inspection for all tall
buildings aged 30 years or above. As a result, there will be a great demand of effort to improve both accuracy and speed of
the building inspection process. Therefore, it needs to develop an effective non-destructive testing system to facilitate
quick, accurate and cost-effective inspections of high-rise building. In addition, this system can be attachable to various
climbing robots [3–5] for carrying out inspection tasks on high-rise buildings. Throughout the intended inspection
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processes, they involve no human operator working at life-threatening height. As such, the insurance premiums will be
reduced significantly.

For the integrity assessments of external walls of high-rise buildings, the classic strategies such as ultrasound-echo and
impact-echo extensively employed for bonding integrity inspection inside layered structures [6–9] are ruled out. It is
because they need to maintain good contacts between the sensors and target specimens that is difficult or inconvenient to
achieve at heights or on large testing areas. Meanwhile, other non-contact techniques such as holography, X-rays and
shearography are too environment-sensitive and generally too expensive [10]. In addition, thermography is another non-
contact method that can detect defects with good contrast while providing quick evaluation ability of large surfaces
[11,12]. However, the traditional passive thermography method, which does not use any external heating source to
generate a heat signature, can be affected easily by uneven natural heating source existed in the environment; this can
make the interpretation of the results become difficult. Active thermography is a more reliable technique since a heating
stimulus is applied to the targeted object in such a way that the defects on the object can be observed by thermal imaging.
The technique can provide the details of the facade, such as size, depth and thermal properties of the tile defects with
controlled thermal loading. However, a suitable excitation system such as array of IR lamps and high power flash lamps
[11] are needed. This type of excitation systems are normally very bulky and can cause some inconvenience for operation
at high rising buildings. In addition, the cost of infra-red camera is very high and generally can not be afforded by many
small and medium-sized inspection companies.

The methodology of the impact acoustics strategy is based on the fact that if two bonded materials are impacted with a
small and hard object, the characteristics of sounds emanated will vary depending on the bonding condition, thus offering
a possible indicator of the condition without the need of fixing the sensor onto the test object. The manual operation of this
method is simple, and of low cost, but it is unfortunately subjective and operator-dependent. To remove its dependence on
the human determination and experience, there have been many efforts paid to automate the impact testing operation to
develop a quantitative, convenient, easy-to-use and cost-effective nondestructive testing method for bonding defects
characterization [13–18].

Most of the previous efforts relied on the statistical features extracted from the impact acoustic signals in frequency-
domain, also known as feature-based recognition. Masanori Asano [14] derived a defect detection system based on classic
spectral feature obtained from the frequency distribution impact acoustics parameters. In another frequency-distribution-
based investigation [15], Huadong Wu defined the ratio of the power of the lower 1/3 frequency range to that of the overall
frequency range in the impact-sound spectrum as the ‘‘power accumulation ratio factor’’, and used it to characterize the
integrity of multi-layered materials. Based on the theoretical analysis of the impact dynamics, Tong developed an support
vector machine (SVM) based tile-wall bonding state classifier, which employs the features extracted from the power
spectrum density (PSD) as input [16].

Nonetheless, the features directly obtained from the signature spectra are found to be sensitive to the irregularities on
the target surface, as the interaction between the impactor and the target surface in a nominally single tap would lead to
overlapping patterns between different bonding integrities. Thus, under physical environments, where surface non-
uniformity is unavoidable, the actual assessment performance of the impact-acoustic method based on the direct use of
frequency-domain feature will be seriously affected. Moreover, under the adverse practical operation condition in large-
scale inspection applications, hostile environmental noise will also pose serious challenges to the classic methods. When
the signal is contaminated by the noise, the features associated with different bonding state may be subject to confusion
and mismatch thus drastically affecting the recognition performance. These two negative factors hinder the impact
acoustics based methods from converting into large-scale practical applications.

So far, there are few published investigations conducted upon the noise problem in impact acoustics method. Some
works did report, and aimed to alleviate the problem caused by surface roughness, and they claimed to be good
performance under the ‘‘clean’’ signals; however, it seemed not to be robust enough to noise. Tong [17] proposed a
temporal feature based tile-wall bonding integrity evaluation system to overcome the confusion caused by the surface
non-uniformity. It makes use of the time domain behavior of the initial acceleration impact-sound component. However,
the limitation of this temporal feature based approach is that when the technique is applied to the environment
contaminated by acoustic noise, the accurate extraction of the initial acceleration pattern will be seriously affected by the
noise. Similarly, another related approach developed by Tong [18] adopted the spectral features processed by the principal
component analysis (PCA) to deal with the impairments caused by the abnormal impact sounds. Again, the PCA result will
also be distorted if the original PSD data has been contaminated by noise.

To simultaneously tackle the crucial problems caused by the physical surface roughness and the environmental noise,
the proposed work incorporates a wavelet domain feature extraction method with a model-based pattern recognition
technique to derive a robust solution for tile-wall bonding integrity inspection. Due to its property of self-adjusting the
analysis windows according to the signal frequency, the wavelet transform has found extensive applications in the time-
frequency characterization of transient signals [19,20]. In the present study, according to the time-frequency behavior of
the typical impact acoustic signals, the wavelet scales where the signal component strongly reigns are selected for feature
extraction. Compared to the conventional spectral method, the wavelet domain features can provide more information to
facilitate the automatic recognition and mitigate the impairment of noise.

In terms of the pattern recognition method, although the aforementioned feature-based methods are effective, they are
‘‘black box’’ or ‘‘grey box’’ methods, which do not take the physical model of the system into consideration. The alternative
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model-based methods, on the other hand, take the advantage of knowing the system structure and hence, are sometimes
advantageous [21]. Among the model based strategies, the application of hidden Markov model (HMM) is gaining more
and more attention in the fields of pattern recognition and classification associated with time series input, which is
motivated by its popular success in speech recognition [22–25].

In this paper, an HMM is introduced to statistically model the temporal behavior of impact acoustic signals via the
wavelet domain features to derive a robust approach for the tile-wall bonding integrity assessment at the presence of noise
as well as the abnormal impacts caused by surface irregularities. To validate the effectiveness of the proposed method,
numerical noise is combined at different SNR (signal to noise ratio) with the impact acoustic signals experimentally
obtained on the sample slabs to simulate the signals acquired under the actual inspection environments. Finally the
classification results achieved with the present method are compared with that with the classic frequency-domain
artificial neural network (ANN) classifier.

2. Wavelet transform and hidden Markov models

2.1. Basis of wavelet transform

Defined in terms of basis functions obtained by compression/dilation and shifting of a mother wavelet, the wavelet acts
as a mathematical microscope which allows one to zoom in the fine structure of a signal, or alternatively, to reveal larger
scale structures by zooming it out. In contrast to the Fourier transform, which lacks the time domain resolution, the
wavelet transform is appropriate for the processing of time variant signals since it can give the information about the
signals both in frequency and time domains.

The continuous wavelet transform (CWT) of f(t) [20] is defined as:

CWTða;bÞ ¼

Z þ1
�1

f ðtÞca;bðtÞdt; (1)

where

ca;bðtÞ ¼
1ffiffiffiffiffiffi
jaj
p c

t�b

a

� �
a; b 2 R; aa0 (2)

where ca;bðtÞ denotes the mother wavelet, a represents the wavelet scale index which is reciprocal of frequency and b

indicates the time shifting.
The discrete wavelet transform DWT is derived from the discretization of CWT(a,b) given by

DWTðj; kÞ ¼
1ffiffiffiffiffi
2j

p Z þ1
�1

f ðtÞc
t�2jk

2j

 !
dt; (3)

where a and b are replaced by 2j and 2jk. An efficient way to implement this scheme based on Mallat algorithm [26] using
filters can be developed. In the decomposition step, the discrete signal is convolved with a low pass filter L and a high pass
filter H, producing two output vectors cA1 and cD1. The elements of these vector cA1 are called Approximate Coefficients
and the elements of the vector cD1 are called Detailed Coefficients respectively. The down sampling process, by which the
odd indexed elements of the filtered signal are omitted, is carried out to ensure that the whole number of the coefficients
produced by the basic decomposition step is approximately the same as the number of the elements of the original discrete
signal.

2.2. Basis of hidden Markov models

As the HMM is well described in many literatures [23–25], its concept is only briefly reviewed in this section. An HMM
is a finite state statistical structure with a fixed number of states, which is particularly well suited for the statistical
characterization of nonstationary signals such as speech and time-varying noise. The underlying assumption of the HMM is
that the time series signal can be well characterized as a parametric random process and that the parameters of the
stochastic process can be estimated in a well defined manner. HMM is a doubly embedded stochastic process with an
underlying stochastic process that is not directly observable, but can be observed only through another set of stochastic
processes that produce the sequence of observations [23].

Usually, the HMM contains finite number of states, where each state generates an observation at a certain time point.
The hidden state behavior is characterized by a transition probability matrix, an observation probability distribution, and
an initial state probability distribution which has to be calculated from an HMM. In summary, the complete specification of
an HMM includes the following elements:
(1)
 set of hidden states:

S¼ fS1; S2; . . . ; SNg; (4)

where N is the number of states in the model;
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(2)
 state transition probability matrix

A¼ faijg (5)

where aij ¼ P½qtþ1 ¼ Sjjqt ¼ Si�; for 1r i; jrN, where qt represents the hidden state at time t;

(3)
 set of observation symbols:

O¼ fo1; o2; . . . ; oMg (6)

where M is the number of possible observation symbols per state. The observation may be either discrete or
continuous. In the present work, it is considered as continuous Gaussian observation.
(4)
 observation symbol probability distribution

B¼ fbjðOtÞg (7)

where bjðOtÞ ¼NðMj;
P

jÞ for 1r i; jrN; where Mj is the observation mean vector in the state j and
P

j is the observation
covariance matrix in state j.
(5)
 initial state probability distribution

p¼ fpig; (8)

where pi ¼ P½q1 ¼ Si�; for 1r irN;
A hidden Markov model can be defined by the triplet l¼ fA;B;pg [23,25]. The observation may be either discrete or
continuous. In the continuous case as this paper, it is considered as continuous Gaussian observation. Thus l¼ fA;p;M;

P
g.

In general, at each instant of time, the model is in one of the states qt=Si. It outputs observation Ot with probability bi(Ot)
and then jumps to state qt +1= j with probability aij. The model may be obtained off-line by training. The state transition
matrix represents the structure of the HMM.

The structure of the models defines the constraints on the elements in the state transition matrix A. The left-to-right
models [23] are typically used to model temporal sequences in extensive applications like speech recognition, underwater
acoustic target classification and electrocardiogram (ECG) signal recognition. An example of three-state HMM is shown in
Fig. 1. They have the following properties: (1) The first observation is produced when the Markov chain is in the first state;
(2) The last observation is generated when the Markov chain is in the final state; and (3) It is straightforward that the
transition behavior of the left-to-right model, in which there is no possibility to go back to a precedent state, exhibits high
consistence with the temporal pattern of time series associated with certain statistical model.

3. Experimental results

3.1. Experimental configuration

In order to investigate the practical characteristics of the impact-acoustics signature, experiments are carried out on
some artificial sample slabs. To simulate the possible physical bonding conditions, 3 types of sample slabs are prepared as
specified by the Hong Kong Housing Authority. One is a tiled-concrete slab of good bonding strength (referred to as
‘‘solid1’’ class). The second type of tiled-slab contains a +140 mm circle-shaped void at the center location in the concrete
substrate layer (referred to as ‘‘void’’ class).

As the technique is only required to identify the bonding condition of the tiles, the two aforementioned types of slabs
should be sufficient for the experiments in principle. However, it has been observed that the abnormal multiple contacting
behaviors caused by the surface irregularity greatly affect the actual acoustic characteristics [15–18]. Also, in the actual site
trials, quite a significant number of the wall surfaces are not smooth at all. So the third type of sample slabs is specially
prepared to feature good bonding integrity but with rough surface near the edges of tiles (referred to as ‘‘solid2’’ class). The
dimensions of all the slabs are: 400mm�400mm�150 mm.

The nondestructive testing (NDT) experimental system is illustrated in Fig. 2. The apparatus adopted includes: a rigid
steel sphere of diameter 12 mm pushed by a coil used as the controlled impactor, a pre-amplifier module, an A/D converter
S1 S2 S3

a11

a12

a22

a23

a33

O1 O2 O3

Fig. 1. Illustration of left–right HMM.
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card with 40 kHz sampling rate and a highly directional microphone. Such a setup provides a robust and cost-effective
system for generating the required impact forces on the tile-walls and collecting the impact sounds for further signal
processing and interpretation. The system is also compact and light enough to be carried by various climbing robots [3–5].

3.2. Signature obtained and analysis

3.2.1. Classic frequency domain analysis

In time-domain, each time history contains 512 signal points sampled at 40 kHz, triggered by the pulse used to activate
the impactor. To obtain the frequency-domain information, the power spectral density (PSD) of the signature is obtained
with the 512-point fast Fourier transform (FFT) calculation based on the original time history. To remove the influence of
impact strength, the resulting PSD is then normalized with its maximal magnitude to get the normalized PSD.

The typical signals obtained experimentally are illustrated in Figs. 3–5. From the resulting PSD curve obtained from the
‘‘solid1’’ class slab as shown in Fig. 3(b), a ring peak located around 8–10 kHz is observed, which corresponding to the steel
sphere’s ringing as pointed out by [17,18]. Meanwhile the spectral components within 0–8 kHz obtained from the ‘‘void’’
class slab as shown in Fig. 5(b) are concluded to be associated with the multiple mode flexural vibration of the target
structure. According to previous analysis [17,18], the high energy distribution of these two components may indicate the
presence of bonding defects, which provides a theoretical basis for the classic spectral method.

However, for the ‘‘solid2’’ class slab which has good bonding integrity but with an irregular surface, a single tap on the
rough surface can cause the impactor sphere to have multiple bounces on the target surface [15,17,18]. Due to the multiple
bounces, the resulting time history contained multiple acceleration peaks and relatively weak ringing component (See
Fig. 4(a)). As a result, the corresponding PSD curve as shown in Fig. 4(b) exhibits patterns similar to that of the debonded
cases (See Fig. 5(b)) in the corresponding frequency ranges.

The above experimental analysis shows that, for the case of normal impact, the distribution of PSD curve can clearly
indicate the existence of bonding defects and hence can be used as an indicator for characterizing bonding condition as
reported by previous works [15–18]. However, a tap on an irregular surface will impose difficulty on identifying bonding
condition due to the overlapping pattern in PSD caused by multiple bounces of the impactor head on the target surface.

To study and to develop a technique to overcome the effect of environmental noise, real noise recorded at a typical
inspection site is combined with the corresponding impact sound to test the classification performance in noisy inspection
environments. As the noise acquisition site is located next to a main road and a building under maintenance, the obtained
environmental noise is the mixture of traffic noise, speech noise and mechanical noise, which are the typical noise in tile-
wall inspection operation. The normalized PSD curves of the real environmental noise are shown as green dashed lines in
Figs. 6(b), 7(b) and 8(b), which indicate that low frequency range contains most components of the real noise. Herein the
signal to noise ratio (SNR) is defined as:

SNR¼ 10 log
varðSignalÞ

varðNoiseÞ

� �
(9)

where var(x) denotes the variance of the 512 samples of sequence x. Under the SNR of 0 dB, the resulting noisy time
histories, PSD curves as well as the DWT results for the three different classes of concrete slabs are provided in Figs. 6–8. As
show in Figs. 6(b), 7(b) and 8(b), the PSD curves of the ‘‘solid1’’, ‘‘solid2’’ and ‘‘void’’ class exhibit more similarities due to
the increasing PSD level in the lower frequency range caused by the mixture of the real noise. Furthermore, it can also be
seen from the Figs. 6(a), 7(a) and 8(a) that the signal distortion caused by the noise will hinder the extraction of the initial
acceleration pattern and pose tremendous difficulties to the method based on the initial acceleration behavior [17].

3.2.2. DWT analysis

For the aim of comparison, the ‘‘clean’’ and ‘‘noisy’’ signals from the three classes of concrete slabs are processed with
the DWT. According to the Nyquist’s rule, the maximum frequency of the impact signals is 20 kHz determined by the
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adopted sampling frequency of 40 kHz. The impact acoustic signals are then decomposed up to 5 levels using Daubechies1
(db1) mother wavelet. The frequency bandwidths of Approximation and Detail coefficients of wavelet decompositions
are shown in Fig. 9. In the 5th level, the DWT scales where the impact sound signal reigns most are identified via the
wavelet decomposition on the sample signals. The finally selected DWT scales, corresponding to the frequency band of
5.625–6.25 kHz (called Scale1) and 7.5–8.125 kHz (called Scale2) respectively as shown in grey blocks in Fig. 9, are
considered to represent the main temporal information contained in the signal components from the impactor and the
target structure; these two DWT scales are found to contain the dominant energy of the resonant components of the
impactor and the debonded target structure.

Figs. 3(c), 4(c) and 5(c) show the DWT coefficients of the 2 selected scales of the ‘‘clean’’ impact sound signals obtained
from three different classes of the slabs. It can be observed that, in the case of the ‘‘solid2’’ class which previously shows
similar patterns in the PSD curve with the ‘‘void’’ class, the corresponding temporal coefficients of the two DWT scales
generally exhibit time-frequency behaviors different from the void class. The main observations from Figs. 3(c), 4(c)
and 5(c) can be summarized as follows:
(1)
 For the cases of ‘‘solid2’’ and ‘‘void’’ class, the DWT coefficients of the 2 selected scales exhibit a prolonged oscillation
while those of ‘‘solid1’’ class settle to a steady value quickly. These prolonged oscillations can generally be interpreted
to be caused by the multiple bounces in the ‘‘solid2’’ case and the nature of multiple-model flexural ringing associated
with the ‘‘void’’ class.
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(2)
 Next, in the case of the ‘‘void’’ class, the DWT coefficients of Scale1 show a stronger peak than that of Scale2, whereas
both ‘‘solid1’’ and ‘‘solid2’’ case, on the other hand, exhibit higher peaks at the DWT coefficients of Scale2 (See Figs. 3(c),
4(c) and 5(c)). This indicates that different bonding classes have different energy distribution.
(3)
 Regarding the relative arrival time of the strongest peak, those at both scales in the ‘‘solid1’’ and ‘‘solid2’’ cases arrive
almost simultaneously. However, for the ‘‘void’’ case, the first peak of Scale1 comes generally earlier than that of
Scale2, revealing the different temporal pattern with different bonding quality.
Thus, from the above signal analysis in the DWT domain, it can be concluded that the temporal pattern of the DWT
coefficients in the 2 selected scales may provide an effective way to identify the different bonding qualities and surface
roughness.

Figs. 6(c), 7(c) and 8(c) show the DWT decomposition of the three types of impact sounds contaminated by real noise.
As seen in the plots, the temporal behaviors of the 2 DWT scales show high tolerance to the impairment of noise; the above
three features found in the ‘‘clean’’ signals still exist in Figs. 6(c), 7(c) and 8(c). The reason is that the zoom ability of the
DWT can focus in the scales where signal components dominate, thus suppresses the noise from the other scales. As a
result, unlike the features adopted in classic spectral and time-domain method which are generally too sensitive to noise,
features in DWT domain show relatively enhanced noise robustness.

From the results of signatures analysis, it is seen that the wavelet domain features would outperform the classic
spectral feature based method in discriminating the impact sound from ‘‘solid2’’ and ‘‘void’’ slabs. Moreover, with the help
of the wavelet decomposition, the features can be extracted from the selected DWT scales in which the signal component
plays a dominant role to alleviate the impairment of the noise. In this paper, with the features extracted via DWT, a novel
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statistical model based inspection approach is proposed to facilitate a robust assessment of tile-wall bonding integrity at
the presence of the surface irregularities and the environmental noise.

4. Fault recognition via the proposed method

4.1. Recognition via HMM

As mentioned above, unlike the classic ‘‘feature-based’’ recognition system, the HMM-based strategies try to achieve
superior performance by uncovering the underlying system statistical model behind the external features. In this research
work, HMM is employed as the model-based classifier to perform the inspection in order to facilitate the robust signal
interpretation and classification. The time-frequency domain features with a dimension of 2-row and 16-column extracted
from two selected DWT scales are adopted as the input of the HMM to characterize the statistical models associated with
different bonding integrity and surface roughness. The HMM based recognition method generally consists of the training
and classification process. Regarding the proposed tile-wall bonding integrity assessment system, ‘‘solid1’’, ‘‘solid2’’ and
‘‘void’’ class are firstly trained with HMM respectively through the training sets obtained from the corresponding artificial
slabs.

The HMM training process is to estimate the model parameter set from the observation sequence O. The HMM
parameter estimation is carried out by the Baum–Welch method (expectation-maximization method) [27]. According to
different bonding integrity of ‘‘solid1’’, ‘‘solid2’’ and ‘‘void’’ class, each corresponding HMM is adapted to its respective
time-frequency patterns using the DWT features of the training sets. To model the temporal behaviors in 2 selected DWT
scales, 2-order state is applied. To achieve a good compromise on computational complexity versus performance, the
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number of the 2-order states of each model was specified empirically after some simulations. The length of the DWT
domain observation sequence must be carefully chosen to reduce the computation time while at the same time retain
enough information to capture the time-frequency features of the signal. In the present work, the DWT domain sequence
length of 16 is adopted accordingly.

After the training procedure, the HMM models of different bonding states are tested with the test set. With the DWT
features from each type of sample adopted as the input, the model likelihood of each model is calculated, among which the
model associated with highest likelihood is considered as the best candidate representing the current bonding integrity, as
shown in Fig. 10.

4.2. Classification results

In this study, impact sounds obtained in the laboratory with 3 typical sample specimens mentioned above are firstly
divided into a training set and a ‘‘clean’’ test set. The training set is used to train the HMM and the trained HMM is then
evaluated with the test set. The training set contains 200 samples of ‘‘solid1’’, 200 samples of ‘‘solid2’’ and 200 samples of
‘‘void’’ signatures. The test set contains the same number of samples. In the training process, the training set is randomly
selected to provide enough information for the learning algorithm. In addition, two additional ‘‘noisy’’ test sets are
obtained from the corresponding signals in ‘‘clean’’ test set by mixing the data with real noise at SNR of 3 and 0 dB in order
to validity the performance under noise. The real background noise is the same as that used in the signal analysis section.
For the aim of comparison, the training set, ‘‘clean’’ test set and ‘‘noisy’’ test set are also applied to a classic frequency-
domain feature based ANN (artificial neural networks) classifier. To match the feature dimension used in the proposed



ARTICLE IN PRESS
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approach, the whole PSD of the impact sounds was divided into 32 equal intervals, and the area of each was extracted as
feature to be used as an input of the three-layer BP neural network classifier consisting of a 32-node input layer, 8-node
hidden layer as well as a two-node output layer. The classification results obtained with the proposed DWT–HMM
classifier and the PSD–ANN classifier are presented in Tables 1 and 2 respectively.

In this study, the effects of the surface roughness as well as the real environmental noise are considered. As shown in
Table 1, under the ‘‘clean’’ environment where no noise is added, with the feature vectors extracted from the DWT as the
input to the HMM, the accuracy rate is 99.5% for both ‘‘solid1’’ and ‘‘solid2’’ class and 100% for the debonded case. This
indicates that the proposed approach has a good discriminating ability with respect to the bonding property and surface
roughness. Utilizing the classic PSD–ANN classifier, the classification rate of the ‘‘solid1’’, ‘‘solid2’’ and ‘‘void’’ class is 93%,
90.5% and 97% respectively for the ‘‘clean’’ test set (See Table 2), indicating performance degradation caused by the surface
irregularity.

For the noisy case, the accuracy rate obtained from the proposed HMM approach shows high immunity to noise as
shown in Table 1. When the SNR of the additive background noise is 3 dB, the accuracy rate exhibits a tiny drop to 98%,
98.5% and 95.5% for the ‘‘solid1’’, ‘‘solid2’’ and ‘‘void’’ classes respectively. Even for the signals contaminated with 0 dB
environmental noise, it can still achieve the accuracy rates of 93%, 91% and 92.5% for the ‘‘solid1’’, ‘‘solid2’’ and ‘‘void’’ class
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Fig. 8. Time history (a), PSD (b) and DWT coefficients (c) of typical impact sound from ‘‘void’’ class with noise.
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respectively. On the other hand, the accuracy rate obtained from the PSD–ANN method for the ‘‘solid1’’, ‘‘solid2’’ and ‘‘void’’
class is 86.5%, 88% and 93% respectively when the noise has the SNR value of 3 dB, which further falling to 76%, 79.5% and
84.5% respectively when the SNR is 0 dB, as shown in Table 2.
5. Conclusions

In the present work, an NDT method based on acoustic features is investigated to improve the robustness in the tile-
wall bonding integrity inspection. Most of the previous research employed the classification approaches based on the
features extracted directly in the frequency domain and the classic feature-based classifier, which are found to be too
sensitive to the feature mismatch caused by the multiple bounces on irregular surfaces as well as the environmental noise.
As a result, the practical implementation of the impact testing method for tile-wall inspection has not been used widely
since quite a significant number of the tile-wall finishes are not very smooth especially for the public housing estates.
Besides, the working environments are usually noisy. In view of these problems, a novel NDT strategy based on the
simultaneous adoption of the DWT domain features and the HMM based classifier has been developed to provide a
quantitative automatic tile-wall inspection with better immunity to noise and surface irregularity.

Due to the nature of the Fourier transform, the features extracted from the PSD can only reveal the global frequency
distribution pattern of the signal through the whole sampled length, while containing no information of the temporal
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Fig. 9. Scales and the associated frequency band of the DWT.
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Fig. 10. Block chart of HMM classifier.

B.L. Luk et al. / Journal of Sound and Vibration 329 (2010) 1954–1967 1965
behavior. In contrast, this paper adopted the wavelet transform to offer a comprehensive way to extract the temporal as
well as spectral pattern of the target signal. Moreover, an additional innovation of this paper is to utilize the internal
mechanism behind the impact sounds by modeling the temporal characteristics of the impact signals at the selected DWT
scales with the HMM.

Classification experiments carried out with the help of artificial slabs demonstrate that, while the existence of the
surface non-uniformity as well as noise seriously deteriorate the performance of the classic PSD–ANN classifier, the
proposed DWT–HMM strategy exhibits high tolerance to the problems of noise and multiple bounces. The classification
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Table 1
Classification results with proposed DWT–HMM method.

Type Classification output Accuracy rate (%)

Solid1 Solid2 Void

Without noise solid1 198 2 0 99

solid2 1 199 0 99.5

void 0 0 200 100

SNR=3 dB solid1 196 3 1 98

solid2 3 197 0 98.5

void 0 9 191 95.5

SNR=0 dB solid1 186 12 2 93

solid2 15 182 3 91

void 0 15 185 92.5

Table 2
Classification results of PSD–ANN(power spectrum density–artificial neural networks) classifier.

Type Classification output Accuracy rate (%)

Solid1 Solid2 Void

Without noise solid1 187 13 0 93.5

solid2 7 181 4 90.5

void 0 6 194 97

SNR=3 dB solid1 173 24 3 86.5

solid2 17 176 7 88

void 0 14 186 93

SNR=0 dB solid1 152 45 3 76

solid2 26 159 14 79.5

void 0 31 169 84.5
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performance based on signatures of different bonding quality, surface roughness and SNR is presented and compared. The
results have demonstrated the effectiveness of the presented method in alleviating the impairment of abnormal impacts
and noise. In view of the enhanced tolerance to external interferences, the proposed NDT method has a high potential to be
developed into a low-cost, reliable and convenient NDT system for automatic inspection of tile-wall bonding integrity
under harsh operation environments.
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