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Abstract 

With the rapid development of high-speed railway around the world, more advanced 

nondestructive evaluation (NDE) and structural health monitoring (SHM) techniques are 

required to detect structural damage in its forming stage before the damage jeopardizes the 

safety of the structures. In this aspect, guided-wave-based diagnostic imaging is a recent 

research focus, aimed at intuitionally showing the healthy status of the structure under 

inspection. However, the present diagnostic imaging techniques are mostly two-

dimensional imaging methods which fail to inspect complicated solid structures. In this 

study, a novel three-dimensional diagnostic imaging technique was developed in 

conjunction with an active sensor network, capable of real-time monitoring complex solid 

engineering structures. The ToF-based signal features were extracted from captured guided 

waves signals, and subsequently applied to define field values. The effectiveness of the 

approach was examined by identifying a crack introduced into a part of the real rail 

structure using both FE simulation and experiments. Results have revealed that the 

developed three-dimensional imaging approach is able to quantitatively visualising 

structural damage in complicated solid engineering structures. 

 

 

Keywords: guided waves, three-dimensional diagnostic imaging, rail structure, structural 

health monitoring 
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1. Introduction 

Nondestructive evaluation (NDE) of high speed railway has become a significant problem 

around the world [1]. Operating in very high speed (350 km/h), the railway track structures 

are prone to various types of damage, especially for the fatigue cracks, potentially leading 

to catastrophic failure. Traditional NDE techniques (e.g. ultrasonic scanning, eddy current, 

radiography and magnetic particle testing) require downtime to perform scheduled tests 

during the lifespan. Moreover, for some large structures (e.g. high speed train and airplane), 

disassembly of some key components is required, which is costly and sometimes 

impractical. Envisaging such deficiencies, structural health monitoring (SHM) has 

emerged to monitor the health status of some industrial assets in real-time manner. To be 

specific, SHM involves a sensory system, a data acquisition system, a data management 

and interpretation system [2]. To satisfy SHM, the sensory system is permanently installed 

into the structures. An ideal sensor should be small in size and light in weight, and easily to 

be embedded into or surface-mounted onto the structure. In this regard, piezoelectric 

wafers and optic fibres are two types of transducers widely applied. 

 

There are a variety of methods to develop SHM [3]. Of particular interest are guided-waves-

based methods. Guided waves, acousto-ultrasonic waves confined inside a waveguide, 

have many advantages over longitudinal waves or transverse waves. As an elastic 

disturbance propagating omnidirectionally inside the structures, guided waves can 

interrogate a large area with only a few transducers. In terms of wave scattering effects 

such as reflection, refraction, attenuation and mode conversion due to the interaction of 

guided waves with structural damage, the location and severity of the possible damage can 

be determined. Moreover, working in a high frequency range, guided waves (with short 

wavelength in the order of hundred micrometers) are sensitive to microscopic damage in 
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the early stage of development, which is quite meaningful for high speed railway 

monitoring. Last but not the least, guided waves have the ability to test inaccessible or 

hidden components as well. 

 

Nevertheless, a captured guided wave signal often appears complicated due to multiple 

wave modes, wave dispersion, boundary reflection and measurement noise, etc., all of 

which result in difficulty in signal interpretation [3]. To tackle this problem, diagnostic 

imaging methods have been more and more preferred from the community. Diagnostic 

imaging attempts to describe the health status of the structure under inspection using an 

easily interpretable and intuitional image. The structure under inspection is meshed into 

many elements. Each element is endowed with a pixel value that corresponds to the 

probability of damage presence. Using such a greyscale image, the health status of the 

structures can be easily examined.  

 

Intensive research activities have been directed to the field of diagnostic imaging [4-14]. As 

a representative, Tomography, a mature technology in medical imaging, has demonstrated 

effectiveness in damage identification. However, to reconstruct a tomogram requires 

extremely dense wave sensing paths, resulting in the consumption of a large number of 

transducers, therefore limiting its application for online monitoring. To circumvent such a 

deficiency, novel diagnostic imaging using limited number of sensors have been developed 

by taking advantage of sensor networks. Representatively, Ihn and Chang [5], Michaels et 

al. [7,8], Ostachowicz et al. [9,10] and Su et al. [3,4] developed various ToF-based diagnostic 

imaging to quantify the possible damage in the engineering structures. The damage-

scattered wave packets (residual signal) are extracted by comparing a current signal with a 

baseline signal. It is noted that, to enhance the recognisability of the damage-scattered 
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wave signals, novel signal processing tools such as empirical mode decomposition (EMD), 

singular value decomposition (SVD), wavelet transform (WT) and Hilbert transform (HT) 

are often employed as auxiliary tools [15-17]. Different from ToF-based methods, Zhao et al. 

[11] introduced a correlation analysis-based technique for health monitoring of an aircraft 

wing. The correlation coefficient between the current and baseline signals is used as a key 

factor that indicates the health status of a structure under inspection. As another diagnostic 

imaging technique, phased-array has been preferred in recent years [12]. By steering the 

resulting wave beam (i.e. beamforming), the structure under inspection can be scanned in 

every direction. Moreover, Hoon et al. developed a novel imaging method to inspect 

hidden damage in a steel bridge [18-20]. It is a promising non-contact method since laser 

beams is used to excite and sense guided waves. In addition, Su et al. [21] developed a novel 

diagnostic imaging method to detect fatigue cracks. Nonlinear features of guided waves are 

extracted and fused, in consideration of strong nonlinearity presented by fatigue cracks. 

 

As summarized above, current diagnostic imaging are mostly two-dimensional imaging 

methods, well suited for thin plate-like structures. For complex three-dimensional solid 

structures, it is still challenging due to the captured complicated guided wave signals 

caused by much more boundary reflection and multiple wave modes etc.. It is such a 

deficiency that has motivated the present work. In this study, by taking advantage of the 

signal features extracted from guided wave signals, a three-dimensional diagnostic imaging 

method was developed, able to depict the health status of complex solid structures. A part 

of a rail structure was prepared and subsequently cracked to simulate the real structural 

damage. With the assistance of an active sensor network in conformity to a pitch-catch 

configuration, the crack was clearly located. The FE simulation and experimental results 

have demonstrated the effectiveness of the developed three-dimensional imaging method.  
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2. Three-dimensional Diagnostic Imaging 

To fulfil diagnostic imaging, a structure under inspection is first meshed into many nodes. 

Each node was subsequently endowed with a pixel value, termed field value in what 

follows. In such a way, a grey-scale image can be projected indicating the overall health 

status of the structure. The key point of diagnostic imaging is to establish the relationship 

between the field value of a certain spatial point and the probability of damage presence at 

that point, which is linked to the selected signal features from guided waves signals. In this 

study, the time-of-flight-based field value was applied. 

 

2.1 Time-of-flight-based Field Value 

ToF, i.e. time-of-flight, defined as the time consumed for a wave packet to propagate a 

certain distance, is one of the most straightforward features of a wave signal. Considering a 

sensor network consisting of N  PZT wafers, each wafer can serve as either an actuator or 

a sensor in terms of the dual piezoelectric effect, forming )1( −NN  actuator-sensor wave 

sensing paths. Without losing generality, focus on an arbitrary actuator-sensor wave 

sensing path, ji SA −  ( Nji ,,2,1, = , but ji  ) in the Cartesian coordinate system 

( iA
 
at the origin, 

jS  at ),,( jjj zyx  and the damage centre at ),,( DDD zyx ), as shown in Fig. 

1. It should be noted that, different from the planar reference coordinate system used in 

traditional diagnostic imaging [4,5,7,9], the spatial reference coordinate system was adopted 

to satisfy the novel three-dimensional imaging. As indicated above, the guided waves in a 

complex solid structure are extremely complicated due to the multiple wave modes and 

boundary reflection. To circumvent such problems, the first-arrived-wave mode 

(abbreviated as FAW in what follows) of the guided waves was selected to monitor the 

structure under inspection. Provided that velocity V  of FAW mode is constant before and 

after interaction with damage, there exists a set of nonlinear equations for the sensor 
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jit −  is the difference between (i) the ToF for the incident wave to travel from actuator iA  

to the damage and then to sensor 
jS , and (ii) the ToF for the incident wave to travel 

directly from iA  to 
jS . DAi

L − , 
jSDL −  and 

ji SAL −  are the distances between iA  and the 

damage, the damage and 
jS , and iA  and 

jS , respectively. As we know, for a plate-like 

structure (without the consideration of the z-coordinate), Eq. (1) depicts a series of ellipse-

like loci with iA  and 
jS  being two foci, indicating possible damage locations. However, 

for a complex solid structure, Eq. (1) depicts a series of complicated spatial curves, which 

are the prior perceptions with regard to the presence of damage, to be discussed in the 

following. 

 

Further, the spatial structure under inspection is meshed using MLK   nodes virtually 

(each mesh node exclusively corresponds to a field value that indicates the possibility of 

damage presence there). It is assumed that the mesh nodes that right locate on the spatial 

curves perceived by Eq. (1) have the highest probability of damage presence; and for other 

mesh nodes, the greater the distance to the spatial curves, the lower the probability that 

damage exists there. To quantify the probabilities at all nodes, a cumulative distribution 

function (CDF), )( ijcF , is introduced, defined by, 
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−=  is the Gaussian distribution function, representing the 

probability density of damage presence at mesh node ),,( mlk zyx , 

( MmLlKk ,,2,1;,,2,1;,,2,1  === ), established by actuator-sensor 

sensing path 
ji SA − . iji μχ −=ijc , where iχ  is the location vector of node ),,( mlk zyx  

and ijμ  is the location vector of the point on the spatial curves perceived by Eq. (1) that has 

the shortest distance to ),,( mlk zyx . ij  is the standard variance. Given a distance, ijc  , the 

probability of damage presence at ),,( mlk zyx , ),,( mlk zyxI , established by 
ji SA − , is 

defined as 

 )()(1),,( ijijmlk cFcFzyxI −−−= .                                     (3) 

Upon Eq. (3), field value of every node of the spatial structure under inspection could be 

calculated, by taking advantage of the extracted ToF-based signal features. 

 

2.2 Image Fusion 

For every single actuator-sensor wave sensing path (i.e. 
ji SA − , Nji ,,2,1, = , but 

ji  ) rendered by the sensor network, the prior probability of the damage presence was 

quantified at every position of the structure under inspection in terms of Eq. (3), resulting 

in a source image indicating the health status of the structure. Source images contain, 

however, not only the desired damage-scattered waves, but also unwanted features 

including various noise, multiple wave modes and multiple wave reflection from 

boundaries etc.. To reduce imprecision and uncertainties, and simultaneously retain the 
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useful information from the source images, an image fusion technique was required to 

create a synthetic and improved image. 

 

Image fusion, i.e. pixel-level fusion, which determines the pixel value of the fused image 

from those of source images, has been widely applied in many fields [3]. For example, 

Infra-red and visible images may be fused as an aid to pilots landing in poor weather, or 

Computed Tomography (CT) images may be fused as an aid to medical diagnosis. Perhaps 

the most direct approach to fusion is to sum and average the source images. However when 

the direct method is applied, the contrast of features may be reduced. Therefore, many 

studies have focused on a wavelet-based fusion which holds the capability of selecting 

desirable features [22]. In this technique, the composite image is constructed not a pixel at a 

time, but a feature at a time. Salient features are identified in every source image, and then 

are copied to the composite image. While less salient features that may partially mask the 

more salient features are discarded. For damage identification, image fusion can be seen a 

route from individual prior perceptions to ultimate posterior consensus. 

 

In this study, two types of image fusion schemes were applied and compared. Considering 

a sensor network consisting of N  PZT wafers, )1( −NN  actuator-sensor wave sensing 

paths can be formed in terms of the dual piezoelectric effect. Every single actuator-sensor 

wave sensing path exclusively creates one source image, described by )( jSEP , where the 

subscript j represents the jth sensing path. Consequently, the entire sensor network 

contributes )1( −NN  source images in total, which are subsequently fused by the 

following equations,  

arithmetic mean scheme:                
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=−
=
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geometric mean scheme:                 
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3. FE Simulation 

To examine the feasibility of the developed three-dimensional diagnostic imaging 

technique, a part of a rail structure was considered, with the geometrical properties shown 

in Fig. 2. Nine circular PZT wafers (diameter: 10 mm, thickness: 1 mm), denoted by 
iT  

( 9,,2,1 =i ), were allocated onto the structure. To better the description, a A-A 

sectional view was displayed in Fig. 2(b), showing 
iT  ( 6,,2,1 =i ) allocated on the 

lower surface. A crack with a dimension of 20 mm long, 1 mm wide and 1.5 mm deep, was 

assumed in the structure, as shown in Fig. 2(a). 

 

The rail model was meshed using three-dimensional eight-node brick elements, as shown 

in Fig. 3(a). The crack was formed by removing associated FE elements from the rail 

model, as displayed in Fig. 3(b). A three-cycle Hanning-window-modulated sinusoid tone 

bursts at a central frequency of 200 kHz was applied as the input excitation signal. To 

generate guided waves, in-plane displacement constraints was imposed onto the nodes 

along the radial direction of the simulated PZT actuator, as exhibited in Fig. 3(c). Dynamic 

simulation was implemented using ABAQUS®/EXPLICIT. To ensure the precision, the 

largest dimension of the elements was set to be 1 mm, guaranteeing at least ten elements 

were allocated per wavelength. The calculation time of each step was controlled to be less 

than the ratio of the distance of any two adjacent FE nodes to the maximum velocity of the 

selected guided wave mode. 
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4. Experimental Setup 

To demonstrate the effectiveness of the developed three-dimensional diagnostic imaging 

technique, a part of a rail structure was prepared, as photographed in Fig. 4, with the same 

geometrical properties and configurations used in FE simulation. The part of rail was first 

carefully polished to reach a substantial coupling between the transducers and the host 

structure. Nine circular PZT wafers (diameter: 10 mm, thickness: 1 mm) were 

subsequently surface-mounted onto the structure. A thin layer of two-component 

conductive adhesive was applied, making the transducers be grounded and eliminating the 

need for additional electrodes. A lead wire was soldered onto the top surface of each PZT 

wafer to serve as signal wire. Shielded wires and standard BNC connectors were used to 

minimize measurement noise.  

 

The signal generation and acquisition system used in this study consists of three units, i.e. 

an arbitrary waveform generator (SDG5162), a linear power amplifier (PiezoSys® EPA-

104) and an oscilloscope (SDS1204CFL). To be specific, a three-cycle Hanning-window-

modulated sinusoid tone bursts at a central frequency of 200 kHz serving as an input 

excitation signal, was generated by the arbitrary waveform generator (SDG5162) and 

amplified using the linear power amplifier (PiezoSys® EPA-104) to 160 Vp-p. The 

amplified analog signal was subsequently applied to each PZT wafer, i.e. 
iT  

( 9,,2,1 =i ),  in turn to generate diagnostic ultrasonic waves. Upon interaction with 

the structure under inspection, the guided waves signals were captured with the 

oscilloscope (SDS1204CFL) at a sampling rate of 25 MHz.  

 

The procedure of the experiment is as follows: 1) the intact specimen was instrumented 

with the signal generation and acquisition system introduced as above to capture the 
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benchmark signals. 2) a crack with a dimension of 20 mm long, 1 mm wide and 1.5 mm 

deep, was introduced into the specimen using a saw, with its location and orientation 

shown in Fig. 2(a). 3) the current specimen with the crack was instrumented with the signal 

generation and acquisition system to capture the damaged signals. Upon the comparison of 

the signals captured in current status with those captured in intact status, the damaged-

scattered-wave signals could be obtained and applied to develop the three-dimensional 

diagnostic imaging.    

 

5. Results and Discussion 

As mentioned above, a guided waves signal is extremely complicated due to multiple wave 

modes and boundary reflections. To circumvent such deficiency, the FAW mode (first-

arrived-wave mode) of the guided waves was selected for damage detection. To accurately 

locate the damage, the velocity of FAW mode was determined at first. As a representative 

example, the guided waves signal captured via actuator-sensor wave sensing path 63 TT −  

for the intact specimen from FE simulation was first displayed in Fig. 5(a). The input 

excitation signal was included in the same figure for a better comparison, i.e. a three-cycle 

Hanning-window-modulated sinusoid tone bursts at a central frequency of 200 kHz. The 

wave signals (both the input excitation signal and the benchmark signal) were normalized 

relative to their maximum magnitude, and subsequently processed with HT (Hilbert 

transform) to highlight energy concentration, as shown in Fig. 5(b). Upon HT, the ToF of 

the incident FAW mode was determined by the time interval between the two peaks of the 

two HT-processed envelopes, as shown in Fig. 5(b). With the distance between 3T  and 6T  

measured to be 206 mm, the ToF measured to be 44.44 s , the velocity of the FAW mode 

was calculated to be 4635 sm / . To make a comparison, the guided waves signal captured 
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via actuator-sensor wave sensing path 63 TT −  for the intact specimen from experiment was 

displayed in Fig. 6. Repeated the procedure mentioned above, the velocity of the FAW 

mode was measured to be 4720 sm /  in experiment. The experiment and FE simulation 

match well with each other, with a relative difference less than 2%. 

 

To determine the ToF of the damage-scattered FAW mode, both the current (damaged) and 

corresponding baseline signals (benchmark) provided by actuator-sensor wave sensing 

path 63 TT −  from experiment were exhibited in Fig. 7(a), normalized relative to the 

maximum magnitude of the baseline signal. The residual signal was subsequently acquired 

by subtracting the baseline signal from the current signal, as shown in  Fig. 7(b), from 

which the damage-scattered wave packet were clearly seen. Similar as above, the residual 

signal was then treated with HT-based signal processing, so as to depict the wave energy 

distribution, as displayed in  Fig. 7(c). Upon HT, the ToF of the damage-scattered FAW 

mode was measured to be 58.08 s . 

 

With the ToF extracted from the captured guided waves signals, field value of every node 

of the rail structure perceived by a certain actuator-sensor wave sensing path can be 

calculated via Eqs. (1), (2) and (3), resulting in a source image indicating the health status 

of the structure. As a typical example, the source image established by sensing path 63 TT −  

was displayed in Fig. 8. Different from the two-dimensional source images established in 

traditional diagnostic imaging, three-dimensional source images were constructed in line 

with the geometrical properties of the structure, i.e. a rail-like source image in this study. 

In the source image, the light zones (with a large field value) implies a high probability of 

damage presence there, whereas, the dark zones means healthy (with a small field value).  

As is shown in Fig. 8, the lightest zones (with the largest field value) constitutes a 
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complicated spatial curves instead of ellipse-like root loci in two-dimensional diagnostic 

imaging. 

 

The source images perceived by actuator-sensor wave sensing paths 83 TT −  and 42 TT −  

were exhibited in Figs. 9(a) and (b), respectively, for a comparison. It can be seen that 

different patterns of source images are obtained via different wave sensing paths. The 

source images look like a series of spatial curves, indicating the possible damage locations. 

This results from the crucial equation that is used to develop field value, i.e. Eq. (1), which 

is established in three-dimensional space, instead of ellipse-like planar source images 

controlled in two-dimensional plane. It should be pointed out that, the three-dimensional 

source images contain much noise and various uncertainties, making damage identification 

much difficult.  

 

Repeating the above procedures, source images contributed by 7289 =  actuator-sensor 

wave sensing paths provided by the sensor network were established, and then fused using 

the developed image fusion schemes. The ultimate fused images using arithmetic mean 

scheme (Eq. (4)) and geometric mean scheme (Eq. (5)) were exhibited in Figs. 10(a) and 

(b), respectively. From the images, the crack is successfully located, showing the 

effectiveness of the developed three-dimensional diagnostic imaging. It can be clearly seen 

that, the damage is more easily identified in Fig. 10(b) instead of Fig. 10(a). This is due to 

the fact that, the arithmetic mean equally balances all source images, making salient 

features (damage-related features) become de-emphasized in the ultimate fused image and 

meanwhile noise and uncertainties stand out. In contrast, geometric mean possesses 

capability of de-noising since it highlights salient features in common. 
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To further examine the effectiveness of the developed diagnostic imaging technique, 

several PZT wafers were abandoned to form more specimen configurations. The ultimate 

resulting images upon arithmetic mean fusion scheme using nine PZT wafers (i.e., iT , 

9,,2,1 =i ), seven PZT wafers (i.e., iT , 8,,3,2 =i ) and five PZT wafers (i.e., 

iT , 7,,4,3 =i ) were exhibited in Fig. 11(a), (b) and (c), respectively. With the 

reduction of the number of PZT wafers, the identification accuracy decreases as well. It 

was clearly seen that pseudo damage stand out with very high value of probability of 

damage presence as sensor number decreases. To make a comparison, the ultimate 

resulting images upon geometric mean fusion using the same specimen configurations 

were exhibited in Fig. 12. It was observed that the fused results using geometric mean were 

better than those using arithmetic mean since much noise was removed. But as envisaged, 

there still exist pseudo damage with extremely high value of probability of damage 

presence, masking the real damage location, as was shown in Fig. 12(c).  

 

As  mentioned above, a surface crack was successfully located using the developed three-

dimensional diagnostic imaging approach. In practice, many engineering structures are 

prone to interior or hidden damage, difficult to be examined. To address this concern, FE 

simulation was conducted to inspect a hidden crack inside the rail specimen. The location 

of the crack was exhibited in Fig. 13(a),  with a dimension of 20 mm long, 1 mm wide and 

2 mm deep. The ultimate fused images using arithmetic mean scheme and geometric mean 

scheme were exhibited in Figs. 14(a) and (b), respectively. It was clearly seen that the 

interior crack was successfully located. This is due to the fact that, guided waves have the 

capacity to test the interior of a structure, different from surface waves. Moreover, the 

developed diagnostic imaging approach is a three-dimensional method, capable of imaging 

the interior of a structure. 
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It should be noted that, although the damage can be successfully located (Fig. 10(b) and 

14(b)), the identification accuracy remains to be improved. This is due to the 

approximation applied when developing the field values. As a typical example shown in 

Fig. 15, an actuator-sensor wave sensing path 72 TT −  is taken into account. In the imaging 

method, the linear path is considered, i.e. the dash dot line connecting 2T  with 7T . 

However, the ultrasonic waves are guided by the rail structures, therefore following a 

curved path, i.e. the solid line connecting 2T  with 7T . It is such approximation that reduce 

the identification accuracy. On the other hand, the image fusion schemes applied in this 

study have yet to be improved. More sophisticated image fusion methods capable of 

selecting desirable features, discarding unwanted noise and uncertainties, will be 

considered in future studies. 

 

6. Conclusion 

Different from plate-like structures, inspection of complex solid structures is more 

problematic, attracting intensive research strength. Ultrasonic waves guided in solid 

structures are extremely complicated due to various wave modes, multiple boundary 

reflections and wave dispersion phenomenon, etc.. In this study, a three-dimensional 

diagnostic imaging technique was developed to circumvent such problems. ToF-based 

signal features were extracted from captured guided waves signals with the assistance of an 

active sensor network, which were then applied to develop field values of source images. 

Upon the developed image fusion schemes, the source images perceived by every actuator-

sensor wave sensing paths were fused. The ultimate fused images have shown satisfactory 

results in detecting a crack introduced into a part of rail structure. 
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Figure Captions 

 

Figure 1 Relative positions among actuator 
iA , sensor 

jS  and damage in the local 

coordinate system for wave sensing path 
ji SA −  

Figure 2 The configurations of the rail specimen in (a) profile view; and (b) A-A 

sectional view 

Figure 3 (a) the FE model of a part of rail; (b) the crack model; and (c) the PZT 

actuator model 

Figure 4 The rail specimen containing a crack and nine PZT wafers 

Figure 5 (a) the input excitation signal and the baseline signal acquired via wave 

sensing path 
63 TT −  from FE simulation; and (b) envelopes of energy 

distribution of signals in (a) obtained using HT; 

Figure 6 (a) the input excitation signal and the baseline signal acquired via wave 

sensing path 
63 TT −  from experiment; and (b) envelopes of energy 

distribution of signals in (a) obtained using HT;  

Figure 7 (a) the current signal (damaged) and the baseline signal (benchmark) 

acquired via wave sensing path 
63 TT − ; (b) the input excitation signal and 

the residual signal acquired via wave sensing path 
63 TT −  (the difference 

between the two signals in (a)); and (c) envelopes of energy distribution of 

signals in (b) obtained using HT 

Figure 8 The source image established by wave sensing path 
63 TT −   

Figure 9 The source images established by wave sensing path (a) 
83 TT − ; and (b) 

42 TT −   

Figure 10 Ultimate resulting images using (a) arithmetic mean fusion scheme; and (b) 

geometric mean fusion scheme (short solid line: real crack) 

Figure 11 Ultimate resulting images upon arithmetic mean fusion scheme using (a) 

nine PZT wafers (i.e., iT , 9,,2,1 =i ); (b) seven PZT wafers (i.e., iT , 
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8,,3,2 =i ); and (c) five PZT wafers (i.e., iT , 7,,4,3 =i ) 

Figure 12 Ultimate resulting images upon geometric mean fusion scheme using (a) 

nine PZT wafers (i.e., iT , 9,,2,1 =i ); (b) seven PZT wafers (i.e., iT , 

8,,3,2 =i ); and (c) five PZT wafers (i.e., iT , 7,,4,3 =i ) 

Figure 13 The specimen configurations to inspect an interior crack in (a) profile view; 

and (b) A-A sectional view 

Figure 14 Ultimate resulting images using (a) arithmetic mean fusion scheme; and (b) 

geometric mean fusion scheme (short dash line: real crack) 

Figure 15 Schematic of actuator-sensor wave sensing path 
72 TT −  (solid line: real 

wave propagating path; dash dot line: assumed wave propagating path) 

 



 21 

 

 

 

 

x

y

z

Actuator Ai at (0, 0, 0)

Sensor Sj at (xj , yj , zj )

Damage at (xD , yD , zD) 

DAi
L −

iSDL −
ji SAL −

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1 



 22 

13

37

175

16

50

 

(a) 

T1

T2

T3

T6

T5

T4

4
0

4
0

1
0

0
1

0
0

10

A―A

 

(b) 

Figure 2 



 23 

 

(a) 

 

(b) 

 

(c) 

 

 

Figure 3 



 24 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4 

crack 



 25 

0 30 60 90 120 150

-1

0

1
N

o
rm

a
liz

e
d

 A
m

p
lit

u
d

e

Time [us]

 Input

 Output

 

(a) 

 

0 30 60 90 120 150

0.0

0.5

1.0

N
o

rm
a

liz
e

d
 E

n
e

rg
y

Time [us]

 Input

 Output

 

(b) 

 

Figure 5 

ToF 



 26 

0 30 60 90 120 150

-1

0

1

N
o

rm
a

liz
e

d
 A

m
p

lit
u

d
e

Time [us]

 Input

 Output

 

(a) 

 

0 30 60 90 120 150

0.0

0.5

1.0

N
o

rm
a

liz
e

d
 E

n
e

rg
y

Time [us]

 Input

 Output

 

(b) 

 

 

Figure 6 

ToF 



 27 

0 30 60 90 120 150

-1

0

1

N
o

rm
a

liz
e

d
 A

m
p

lit
u

d
e

Time [us]

 Benchmark

 Damaged

 

(a) 

 

 

 

0 30 60 90 120 150

-1

0

1

N
o

rm
a

liz
e

d
 A

m
p

lit
u

d
e

Time [us]

 Input

 Residual

 

(b) 

 



 28 

 

 

 

 

 

 

 

0 30 60 90 120 150

0.0

0.5

1.0

N
o

rm
a

liz
e

d
 E

n
e

rg
y

Time [us]

 Input

 Residual

 

(c) 

 

 

 

 

 

 

 

 

 

 

Figure 7 

ToF 



 29 

 

 

 

 

 

 

 

Field
 V

alu
e (P

ro
b

ab
ility o

f D
am

age  P
resen

ce)
z-

d
im

en
si

o
n

 [
m

]

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8 



 30 

Fie
ld

 V
alu

e
 (P

ro
b

ab
ility o

f D
am

age
  P

re
se

n
ce

)
z-

d
im

e
n

si
o

n
 [

m
]

 

(a) 

 

Fie
ld

 V
alu

e
 (P

ro
b

ab
ility o

f D
am

age
  P

re
se

n
ce

)
z-

d
im

e
n

si
o

n
 [

m
]

 

(b) 

 

Figure 9 



 31 

Fie
ld

 V
alu

e
 (P

ro
b

ab
ility o

f D
am

age
  P

re
se

n
ce

)
z-

d
im

e
n

si
o

n
 [

m
]

 

(a) 

 

 

Field
 V

alu
e (P

ro
b

ab
ility o

f D
am

age  P
resen

ce)
z-

d
im

e
n

si
o

n
 [

m
]

 

(b) 

 

Figure 10 

crack 

crack 



 32 

Fie
ld

 V
alu

e
 (P

ro
b

ab
ility o

f D
am

age
  P

re
se

n
ce

)
z-

d
im

e
n

si
o

n
 [

m
]

 

(a) 

 

 

 

Fie
ld

 V
alu

e
 (P

ro
b

ab
ility o

f D
am

age
  P

re
se

n
ce

)
z-

d
im

e
n

si
o

n
 [

m
]

 

(b) 

crack 

crack 

pseudo damage 

pseudo damage 



 33 

 

 

 

 

 

 

 

Field
 V

alu
e (P

ro
b

ab
ility o

f D
am

age  P
resen

ce)
z-

d
im

en
si

o
n

 [
m

]

 

(c) 

 

 

 

 

 

 

 

 

 

 

Figure 11 

crack 

pseudo damage 



 34 

Field
 V

alu
e (P

ro
b

ab
ility o

f D
am

age  P
resen

ce)
z-

d
im

e
n

si
o

n
 [

m
]

 

(a) 

 

 

 

Fie
ld

 V
alu

e
 (P

ro
b

ab
ility o

f D
am

age
  P

re
se

n
ce

)
z-

d
im

e
n

si
o

n
 [

m
]

 

(b) 

crack 

crack 

pseudo damage 



 35 

 

 

 

 

 

 

 

Field
 V

alu
e (P

ro
b

ab
ility o

f D
am

age  P
resen

ce)
z-

d
im

en
si

o
n

 [
m

]

 

(c) 

 

 

 

 

 

 

 

 

 

 

 

Figure 12 

crack 

pseudo damage 



 36 

13

37

175

16

50

135°

40

 

(a) 

 

T1

T2

T3

T6

T5

T4

4
0

4
0

1
0

0
1

0
0

10

A―A

 

(b) 

Figure 13 



 37 

Field
 V

alu
e (P

ro
b

ab
ility o

f D
am

age  P
resen

ce)
z-

d
im

en
si

o
n

 [
m

]

 

(a) 

 

Field
 V

alu
e (P

ro
b

ab
ility o

f D
am

age  P
resen

ce)
z-

d
im

en
si

o
n

 [
m

]

 

(b) 

 

Figure 14 

crack 

crack 



 38 

 

 

 

 

 

 

 

T2

T7

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 15 



 39 

 




