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A B S T R A C T   

This paper presents a novel alternating current field measurement (ACFM) system, which is realized by tunneling 
magnetoresistive (TMR) sensors and a tradeoff (TO) wavelet denoising algorithm. The TMR sensor is charac
terized with a high sensitivity of 30 mV/V/Oe and a self-noise of less than 9pT/√Hz at driving frequency f = 3 
kHz. TO algorithm is proposed to select the optimum combination of mother wavelet family and decomposition 
level. The combinations of wavelet Db5 with decomposition level 8 and Sym7 with decomposition level 8 are 
determined as the most suitable ones for x- and z-axis signal denoising respectively, which have been demon
strated to be better than the traditional low-pass filtering method. Finally, the efficiency of the proposed system 
is proved by an experiment under more pressing test conditions, for example, with increased lift-off distance of 
10 mm. In particular, it leads to increased SNR (signal-to-noise ratio) by 25.5 dB and 16.5 dB for x- and z-axis 
ACFM signal, respectively.   

1. Introduction 

As one of the most widely-used nondestructive testing (NDT) tech
niques, alternating current field measurement (ACFM) aims to detect 
and measure defects in the essential parts of industrial devices [1]. The 
technique adopts an ACFM inductor to produce a uniform electromag
netic field on the surface of a workpiece, where the magnetic field 
emanated from the load current can be detected by sensitive magnetic 
sensors. ACFM is developed with an inverse algorithm to predict crack 
damage level from measured sensor output signals, and many re
searchers have successfully applied this method in the cracks detection 
and characterization for safety–critical structures [2,3]. Li et al. studied 
the optimal lift-off values for the U-shaped ACFM probe by simulations 
and experiments which is helpful to size the cracks precisely [4]. L. 
Nicholson et al. developed a model to describe the relationship between 
the rolling contact fatigue (RCF) cracks and the signal collected by 
ACFM sensor [5]. Ali Akbari‑Khezri1 et al. proposed a method for 
reconstructing the depth profile of a surface-breaking crack in a cylin
drical metal using the output signal of an ACFM probe [6]. Noroozi et al. 
proposed a fuzzy learning approach for identification of arbitrary crack 
[7]. Rowshandel et al. reported a method to size the subsurface section of 

multiple cracks by artificial neural network (ANN) [8]. Zhao et al. pre
sented a single-axis ACFM detection system to evaluate the crack length 
and depth [9]. 

The ongoing development of magnetoresistance (MR) elements of
fers updated technology in ACFM detection. At present, the most 
prominent magnetic sensors used for NDT applications include Hall ef
fect [10], anisotropic magnetoresistors (AMRs) [11], giant magneto
resistors (GMRs) [12,13], and Tunneling magnetoresistive TMRs 
[14–18]. The largest MR ratios reached by TMR effect, which directly 
governs the sensitivity of the sensors, were reported with 500% at room 
temperature and 800% at 5 K respectively [19–21]. It is at least 10 ×
larger than that of AMR and GMR effects. However, the ultimate 
performance-limiting factor of TMR sensors for NDT application is 
determined not only by the sensitive response to an incident magnetic 
field, but also by a sensor’s intrinsic noise in absence of an incident field. 

In ACFM applications, it is of primary importance to extract the 
desired characteristic signal under the condition of presence of noise 
[22,23]. However, it is inevitably contaminated by noise nuisance which 
can smear out the sharp variations induced by the target cracks. Thus, 
reliable denoising is a basic and principal step in ACFM signal process
ing, which helps to overcome the restriction in real application. Wavelet 
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transform has been largely used in signal denoising and data com
pressing fields, which relies on the strong correlation between the signal 
and wavelet [24,25]. It is well known that the signal mostly corresponds 
to the large amplitude of the wavelet coefficients, whereas the noise 
always maps with the ones having small amplitude values. Comparing 
with available time–frequency analysis methods such as short-time 
fourier transform (STFT), wavelet transform has been demonstrated to 
be desirable for signal denoising due to its enhanced detectability and 
abundance of mother wavelet families [26,27]. However, this advantage 
leads to a question what is the most appropriate mother wavelet family 
for a particular signal? Indeed, there has been no experimental report so 
far on the dependence of wavelet base choosing on denoising effect for 
ACFM. 

Here, we present the realization of a performance improved ACFM- 
TMR detection system with a TO denoising algorithm. The TMR sensor 
is characterized with a high sensitivity around 30 mV/V/Oe in a linear 
range of ± 10 Oe and a self-noise of only 10pT/√Hz at frequency higher 
than 3 kHz. TO is a multi-criteria evaluation system using four standard 
evaluating criteria which are CC (correlation coefficient), SNR (signal to 
noise ratio), MSE (mean square error) and F (flatness) [28]. Recent 
studies have shown the employment of some of the evaluating metrics to 
choose a desired wavelet base for signal denoising [28,29]. But such 
denoising method has limitations in real applications, as its insufficient 
consideration for the whole assessment factors resulting in a biased 
evaluation. The TO method is able to provide a comprehensive 
perspective to evaluate the denoising quality under the combinations of 
different wavelet bases and decomposition levels (DLs). The specific 
combination with the largest TO value is determined to have the best 
denoising quality. The optimal wavelet method shows better perfor
mance than traditional used LPF (low-pass filter). The enhanced 
detectability of this system is demonstrated by tough experimental 
conditions with weak excitation signal. 

2. ACFM detection setup 

2.1. TMR sensor 

Considering the high sensitivity and low noise of TMR technology, 
TMR sensing elements from MultiDimension Technology (China) are 
used. The magnetic field sensitivity is firstly characterized as a function 
of a magnetic field (H) for the TMR sensing elements, which are excited 
by a voltage bias of Vbias = 1 V along their sensing axis using electro
magnets. As shown in Fig. 1 (a), the output voltage transfer curves of x- 
and z-axis TMR sensing elements exhibit similar trends with H, and the 
value of sensitivity is determined by the slope of the transfer curve. In 
linear range of H = ± 10 Oe, the sensitivity of 30.2 (x-axis) and 27.8 (z- 
axis) mV/V/Oe are observed for the two sensing elements. 

To build a magnetic sensor device, we properly customize a condi
tioning circuit for the TMR sensing elements to amplify the signal and 
filter out the unexpected low-frequency noise. Due to the typical exci
tation frequency bandwidth, the circuit is designed to work at a fre
quency bandwidth of f ≥ 1.6 kHz as shown in Fig. 1 (b). Furthermore, 
with the help of the instrumentation amplifier, the circuit is developed 
with a gain transfer function of 100 times (40 dB) over the frequency 
bandwidth of 1.6 to 10 kHz. The equivalent magnetic noise for the TMR 
sensor is then measured in the frequency range of 0.1 < f < 104 Hz inside 
a zero-Gauss magnetically shielding chamber. The sensor analogue 
output signal is then sent to a dynamic signal analyzer (SR785, Stanford 
Research Systems, USA) for analysis. The sensor self-noise is acquired 
and recorded as a voltage output spectral density in unit of V/√Hz 
generated in the absence of a signal. In order to obtain the TMR sensor 
limit of detection (LoD) in unit of T/√Hz, the following equation is used: 

LoD(T/
̅̅̅̅̅̅
Hz

√
) =

LoD
(
V/

̅̅̅̅̅̅
Hz

√ )

Sens(mV/V/Oe) × Vbias(V) × Gain(V/V)
(1) 

It is known that the excitation signal frequency of a typical ACFM 
system is invariably set at certain high frequency confined to the thermal 
noise range of the employed magnetic sensor. Fig. 1 (c) reveals that the 
TMR sensor exhibits rather flat thermal noise floor in frequency range of 
1.6 to 10 kHz. It should be noted that the excitation signal frequency in 
this ACFM system is set at 3 kHz. From Fig. 1 (c), the LoD is measured to 
be around 9pT/√Hz at f = 3 kHz. Compared with previous reported 
TMR based ACFM system, the extreme low magnetic noise that we 
observed using TMR composites coupled with a conditioning circuit 
represents an excellent pico-Tesla level LoD [30]. The extreme low noise 
and high sensitivity of such TMR sensor make it particularly promising 

Fig. 1. (a) Sensitivity curves of the used TMR sensing elements; (b) Gain factor 
curve of the designed conditioning circuit; (c) LoD of TMR sensors, the inset is 
the noise detection system picture. 
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for use in ACFM applications for week magnetic field detection settings, 
for example small defect, high lift-off distance and sub-surface fatigue 
sensing. Under a demanding condition of lift-off = 10 mm, the detect
ability of this ACFM-TMR system is verified in Section 4. 

2.2. Detection setup 

The ACFM testing system is developed as shown in Fig. 2 (a). Such 
TMR sensor is used to measure the Bx and Bz magnetic field under a 
probe comprised of a nonferric yoke and a coaxial excitation coil of 250 
turns. A functional generator (AFG1022, Tektronix, USA) provides a sine 
waveform signal for the excitation coil at frequency of f = 3 kHz and 
magnitude of Vpp = 2 V. The probe driven by a DC power supplier with 
the Vbias = 2.5 V (E36311A, Keysight, USA) can move above a workpiece 
with a lift-off distance of 1 mm, where there is an artificial longitudinal 
crack of 0.6 mm wide, 39 mm long and 6 mm deep. The workpiece is a 
square carbon steel (Q235B), which is widely used in the ship and bridge 
building. A datalogger (USB-6210, National Instruments, USA) is 
employed to receive the output analogue signal from the sensor. The 
photo of the ACFM testing system is shown in Fig. 2 (b). 

3. Wavelet denoising 

In this section, the denoising effect of proposed TO method with 
respect to other metrics is studied. Initially, the wavelet selection prin
ciple is introduced in section 3.1. Then, the selection of optimum mother 
wavelet and DL by TO method is indicated in section 3.2, whose per
formances are compared with other selection metrics in section 3.3. 

3.1. Wavelet selection principle 

Fig. 3 (a) and (b) show the collected Bx and Bz ACFM signal, 
respectively. It should be noted that the raw signal is significantly 
overlapped with the noise interferences that arise from the lift-off var
iations, mechanical vibration, porosity of specimen and electronic noise. 
Particularly, the critical points normally used to interpret the crack 
physical dimensions are hardly to be identified. Such noisy signal makes 
it difficult for researchers to predict the crack size accurately. 

Fig. 2. (a) Detection system configuration picture; and (b) Photo of experimental system. The inset shows a crack sample on the workpiece.  

Fig. 3. The original (a) x-axis and (b) z-axis ACFM signal.  
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3.1.1. Property matching 
Selection of the optimal wavelet base is an annoying technical 

challenge in ACFM signal denoising. To start with, a pre-selection pro
cedure of property matching allows substantial advance in solving the 
problem. There are seven fundamental base properties, which are 
orthogonality, compact support, symmetry, CWT (continuous wavelet 
transforms), DWT (discrete wavelet transforms), vanishing moment and 
regularity. Table 1 summarizes the seven base properties and eight 
popular wavelet families, which are Morlet, Mexican hat, Meyer, BiorNr- 
Nd, Haar, Daubechies, Symlets and Coiflets [31]. Selection of qualified 
base properties for ACFM signal denoising is established as follows.  

(a) In wavelet transform applications, long-time signal collection and 
large amount of data process produce heavy computation burden, 
making DWT desirable for ACFM signal denoising. The CWT of a 
signal f(t) should be defined as following [31]: 

CWT(a, τ) = 1̅
̅̅
a

√

∫ ∞

− ∞
f (t) ∗ φ∗

(t − τ
a

)
dt (2) 

where φ* is the conjugate of the wavelet base φ, α and τ are the 
continuous scale and translation factors, which increase gradually with a 
small calculating step and further incur considerable computation 
workload. In comparison, DWT is defined by: 

DWT(j, k) =
1̅
̅̅̅̅

aj
0

√

∫ ∞

− ∞
f (t) ∗ φ*

j,k

(
t − kaj

0τ0

aj
0

)

j ∈ Z, k ∈ Z

(3) 

wherein, the discrete factors of α0 and τ0 are always set at 2 and 1, 
respectively. The comparison of the equation (2) and (3) shows that the 
discrete binary scale factor α and translation factor τ are employed by 
DWT to reduce the amount of the calculation.  

(b) As the ACFM signal is a transient response to a minute crack, the 
abrupt information could be provided in a short time. Thus, the 
property of compact support should be chosen. This property 
enables the wavelet base to have good local property and rich 
short-term signal characteristics in time domain, and reduce 
signal computation burden equally.  

(c) Because the high signal energy concentration is found to be 
beneficial for the signal data compression and denoising. The 
base property of regularity is required to reconstruct the signal 
image with smooth details, which is related with the energy 
concentration of the signal in frequency domain.  

(d) Theoretically, the wavelet base with certain vanishing moment is 
desirable, which helps to clarify the signal approximation infor
mation, and reconstruct the original signal waveform. Mean
while, the time and amplitude information of signal saltation 
points can be obtained accurately.  

(e) The ACFM signal denoising is in favor of the property of 
orthogonality, which contributes to the precise reconstruction of 
the denoised signal.  

(f) When the ACFM signal is decomposed or reconstructed, the 
property of symmetry is indispensable to minimize the signal 
distortion. 

As discussed above, the necessary base properties are DWT, compact 
support, symmetry, regularity, orthogonality and certain vanishing 
moment. According to Table 1, the qualified wavelet bases are found to 
be Haar, Daubechies, Symlets and Coiflets. It should be noted that Haar 
is the same as Db1 when the order N is set to one. To this end, twenty-one 
qualified mother wavelets are pre-selected, which are SymN (N from 1 to 
8), CoifN (N from 1 to 5) and DbN (N from 1 to 8). 

3.1.2. TO evaluation method 
In this survey, the TO method is applied in assessment to select the 

optimal combination of mother wavelet and DL in a comprehensive 
sense. It is based on the analysis of the four-evaluating metrics of CC, 
SNR, MSE and F. The definitions and equations of these metrics are as 
follows [32]:  

(a) CC represents the similarity between the theoretical and denoised 
signal waveforms, which can be computed by the following 
equation: 

CC =
cov(f ′

, f ∗)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
var(f ′

)var(f ∗)
√ (4)  

where cov(f ′

, f∗) is the covariance between the denoised signal f ′ and the 
simulated signal f∗; var(f ′

) and var(f∗) represent the variance of signal f ′

and f∗, respectively.  

(b) SNR reflects the proportional relation between the useful signal 
power to that of the noise. Following is the function of SNR: 

SNR = 10log10

(

pS/pN

)

(5)  

where pS and pN are the signal power and noise power, respectively.  

(c) MSE describes the overall error of the signal after denoising, 
which provides another degree of freedom to compare the orig
inal signal with the denoised signal. MSE is expressed as follows: 

MSE =

∑n
i=1(f (i) − f ′

(i) )2

n
(6)  

where f and f ′ represent the original and denoised signal, respectively; n 
represents the total amount of the signal.  

(d) F can reflect the local variability of the signal, which is the unique 
criterion concentrating on the low-frequency approximation in
formation of the signal. The coefficient F is defined as follows: 

F =

∑n
i=1[f

′

(i + 1) − f ′

(i) ]2
∑n

i=1[f (i + 1) − f (i) ]2
(7) 

In a word, CC, SNR and MSE have the merit in evaluating the overall 

Table 1 
The properties of available popular wavelet bases.  

Wavelet Base Property Morlet Mexican hat Meyer BiorNr-Nd Haar (Db1) Db (N) Symlets (N) Coiflets (N) 

orthogonality No No Yes No Yes Yes Yes Yes 
compact support No No No Yes Yes Yes Yes Yes 
symmetry Yes Yes Yes Approx. Yes Approx. Approx. Approx. 
CWT Yes Yes Yes Yes Yes Yes Yes Yes 
DWT No No Yes Yes Yes Yes Yes Yes 
vanishing moment – – – Nr-1 1 N N 2 N 
regularity No No Yes No Yes Yes Yes Yes  
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characteristics of the original signal while F specializes in assessing the 
detailed signal features and revealing the local bias of the signal. 

The definition of TO is as follows [33]: 

TO =

(
SNRj

)(
CCj
)

(
Fj
)(

MSEj
) j = 1…n (8)  

where CCj, SNRj, MSEj and Fj denote the data sets of the four perfor
mance criteria of the denoised ACFM signal, n is the total amount of the 
combinations of various wavelet bases and decomposition levels. It is 
understood intuitively that large values of SNR and CC plus small values 
of MSE and F can result in better performance of denoising. Thus, ac
cording to equation (8), the maximum TO value refers to the best 
denoising effect, which introduces a comprehensive assessment 
strategy. 

3.2. Selection of optimum combination of mother wavelet and DL 

3.2.1. x-axis ACFM signal 
Fig. 4 shows comparison of TO value diagrams of x-axis ACFM signal 

for three group mother wavelet families of (a) SymN, (b) CoifN and (c) 
DbN as a function of different DLs. Eight wavelet SymN (from 1 to 8) 
combine with seven DLs (from 3 to 9) to produce fifty-six combinations, 
as shown in Fig. 4 (a). Clearly, it can be seen that wavelet Sym7 + DL8 
has the maximum TO value, which can be regarded as the best candidate 
in this wavelet family. Fig. 4 (b) illustrates that the largest TO value in 
CoifN family is related to Coif5 + DL8. Among the fifty-six combinations 
of DbN family shown in Fig. 4 (c), Db5 + DL8 yields the highest TO value. 
The TO values of the three pre-selected combination in each wavelet 
family is presented in Table 2. The results suggest that wavelet Db5 +
DL8 has the largest TO value of one unit among all wavelets, which can 
serve as the best candidate for x-axis ACFM signal denoising. 

3.2.2. z-axis ACFM signal 
Fig. 5 shows the TO results for z-axis ACFM signal with respect to the 

three interested mother wavelets. Fig. 5 (a), (b) and (c) show that 
wavelet Sym7, Coif4, Db8 under DL8 have the larger TO values than the 
others in every corresponding wavelet family, respectively. Table 3 in
dicates that Sym7 + DL8 has the highest TO value among such pre- 
selected three combinations, which can be identified as the optimal 
combination for z-direction ACFM signal denoising. 

3.3. Denoising performance analysis 

We summarize the x-axis detection performance of various combi
nations of mother wavelets (SymN, CoifN and DbN) and DLs with respect 
to four standard metrics (SNR, F, CC and MSE) and TO method. (Data is 
not shown here) It is found that the combination of Sym7 + DL8 refers to 
max(CC), the combination of Db4 + DL9 produces max(SNR), and the 
combination of Db6 + DL9 and Db5 + DL3 correspond to min(F) and min 
(MSE), respectively. 

Fig. 6 (a) shows the x-axis denoised signal by applying the selected 
optimum combinations (Db5 + DL8, see Table 2) based on TO method, 
which is compared with other four single evaluating criteria (maximum 
CC, maximum SNR, minimum F and minimum MSE). In Fig. 6 (a), it can 
be seen that employment of max(SNR) and min(F) metrics incur signal 
distortion, which is indicated by arrow 1 and 2, respectively. Also, the 
execution of min(MSE) inflicts insufficient noise depression, which is 
manifest by arrow 3. The signal denoising performed by max(CC) is 
close to that by max(TO), as the denoised signal curves are overlapped 
by each other. It is observed that performances of max(TO) and max(CC) 
are best in comparison to other criteria under test, allowing signal to be 
well reconstructed with minimal distortion. 

The denoising performance for z-axis ACFM signal is also examined 
by the same five criteria as a function of different combinations. (Data is 
not illustrated here) It is found that the combinations of Db6 + DL8, 
Sym1 + DL9, Db8 + DL9 and Db6 + DL3 result in max(CC), max(SNR), 
min(F) and min(MSE) respectively, which can be regarded as the best 
candidates for each standard metric. 

The denoising performance on z-axis ACFM signal is then analyzed 
by implementing the one having the largest TO value (Sym7 + DL8, see 
Table 3) and the best candidates in each other evaluating criteria, as 
shown in Fig. 6 (b). It should be noted that the use of Sym1 + DL9 
corresponding to max(SNR) suffers from serious signal distortion as 
marked by arrow 1, though low order of vanishing moment (N = 1) can 
introduce some smoothness. The denoised signal by Db8 + DL9 relate to 
min(F) tends to deviate from the original signal, where is labeled by 
arrow 2; whereas, Db6 + DL3 combination relate to min(MSE) renders 
incomplete noise elimination as highlighted by arrow 3. Again, max(TO) 
and max(CC) both yield the best denoising capability on z-axis ACFM 
signal. While the max(CC) has been observed to result in good denoising 
performance as the same as max(TO) in this case, we believe that the 
max(TO) is physically the best solution according to equation (4), and 
supportive of the experimental results shown in Section 3.1. The results 
provide a comparative study of advantage of TO method over the other 
evaluating rules used in denoising of the ACFM signal, as it considers 
four metrics simultaneously. 

Further comparison between the proposed wavelet denoising 
method and the widely used LPF is done [34,35]. Fig. 7 illustrates the 
denoising performance by the wavelet denoising method and the LPF 
procedure with cut-off frequency fc = 5, 10 and 20 Hz, respectively. 
Fig. 7 (a) and (b) indicate that the denoising capability of LPF declines 
with increasing fc from 5 to 20 Hz. The LPF at fc = 5 Hz presents 
smoothed curve, but it experiences some undesirable signal distortion. 

Fig. 4. TO value diagrams of x-axis ACFM signal by three mother wavelet families: (a) SymN, (b) CoifN and (c) DbN as a function of various DLs.  

Table 2 
Largest TO values in each wavelet family of SymN, CoifN and DbN for x-axis 
ACFM signal.  

Wavelet base Sym7 Coif5 Db5 

DL 8 8 8 
TO 0.98197 0.96393 1.00000  
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In comparison, the proposed wavelet denoising method provides a 
better signal reconstruction with little distortion than traditional LPF 
approach due to TO algorithm. 

Theoretically, the crack’s depth can be inversed by the measured Bx 
signal database [3]. Meanwhile, the two points with maximum and 
minimum strengths in Bz curve could be referred as the longitudinal 
beginning and end of the crack [36,37]. Thus the crack length can be 

Fig. 5. TO value diagrams of z-axis ACFM signal by three mother wavelet families: (a) SymN, (b) CoifN and (c) DbN as a function of various DLs.  

Table 3 
Largest TO values in each wavelet family of SymN, CoifN and DbN for z-axis 
ACFM signal.  

Wavelet base Sym7 Coif4 Db8 

DL 8 8 8 
TO 1.00000 0.99762 0.94297  

Fig. 6. Comparison of TO method with other four standard criteria for denoising performances in (a) x-axis ACFM signal Bx and (b) z-axis ACFM signal Bz.  
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estimated by measureing the distance between the two points along the 
x-axis. 

The crack’s depth is capable of being quantified according to the 
perturbed Bx strengths, which appear between the background baseline 
(line between points A and B) and the minimum strength (point C) po
sition of the Bx curve, as illustrated in Fig. 8 (a). The background 
baseline is identified by points A and B referring to the defect-free area; 
while the minimum strength position in the Bx curve is labeled by point 
C. Points A and B located empirically are not representatives for the 
crack beginning and end points. In Fig. 8 (b), the clear peak point D and 
trough point E in the Bz curve could be employed to estimate the crack 
length as they can reflect the crack longitudinal beginning and end. The 
horizontal distance between points D and E is measured to be 38.5 mm, 
which is very close to the real crack length of 39 mm. The accurate crack 
sizing estimation arising from good denoising effect makes this ACFM 
detection system desirable for use in hard NDT application scenarios, 
such as tiny crack identification and harsh underwater operation 
conditions. 

4. Verification experiment for improved system detectability 

As discussed in Section 2 and 3, a block diagram of the proposed 
ACFM detection system is shown in Fig. 9 comprised of the TMR sensor 
probe and the TO algorithm. The TMR sensing elements which has high 
sensitivity and low self-noise are employed to obtain the induced mag
netic field. A conditioning circuit is developed properly to amplify the 
sensing signal and suppress the unfavorable noise. Signal denoising is 
then carried out using TO algorithm to select the best-suited group of 
mother wavelet family and DL. 

In order to examine the improved system detectability, a case study 
is then performed with demanding operation conditions. Keep all the 

detection setup conditions the same as in Section 2.2, but increase the 
lift-off distance from 1 to 10 mm for the consideration of workpiece with 
thick protection layer or surface coating. As shown in Fig. 10 (a) and (b), 
one can see that it is hardly to extract useful information from the noisy 
original signal due to the decreased signal to noise ratio. The noise 
leaves ambiguity about the positions of the key points. As shown in 
Fig. 11, however, by applying the selected optimum combinations (Db5 
+ DL8 for x-axis signal, Sym7 + DL8 for z-axis signal) demonstrated in 
Section 3.2, the noise is significantly depressed. The key points of A’, B’ 
and C’ can be easily identified for x-axis signal in Fig. 11 (a), which can 
be used to estimate the crack’s depth. Also, by pinpoint the critical 
points of D’ and E’ in Fig. 11 (b), the distance of D’E’ is determined to be 
38.3 cm which is a direct reflection of the crack length of 39 cm. Ac
cording to equation (5), the original and denoised signal data shown in 
Fig. 11 could be employed to analyze the values. The SNR of the original 

Fig. 7. (a) Denoised x-axis signal Bx by optimal wavelet denoising method and LPF; and (b) Denoised z-axis signal Bz by optimal wavelet denoising method and LPF.  

Fig. 8. (a) Denoised x-axis signal Bx by combination of Db5 + DL9; and (b) Denoised z-axis signal Bz by combination of Sym7 + DL8.  

Fig. 9. Block diagram of proposed ACFM detection system comprised of TMR 
sensor probe and TO algorithm. 
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signal is given by the ratio of the power of the obtained raw signal part 
and the background noise part. The SNR of the denoised signal is defined 
by the ratio of the power of denoised raw signal part and background 
noise part. Upon that, an improved SNR of 25.5 dB is achieved for Bx 
signal as shown in Fig. 11 (a); while the SNR is enhanced by 16.5 dB for 
Bz signal as illustrated in Fig. 11 (b). 

Clearly these experiment results demonstrate that the system 
detectability is favorably improved. The implementation of sensitive 
TMR sensor device and TO wavelet selection method add together to 
enhance the detection performance of this ACFM system. The achieve
ment of such optimized ACFM system makes it capable to detect weak 
magnetic field with higher lift-off values. In particular, it is promising for 
this system to detect smaller target cracks without coating removal. 

5. Conclusion 

In this paper, a performance improvement scheme of a typical ACFM- 
TMR system is proposed in the sense of both hardware and software 
aspects. A novel double-axis TMR sensor is developed with high sensi
tivity of 30 mV/V/Oe in a detection range of ± 10 Oe and a LoD of 9pT/ 
√Hz at f ≥ 3 kHz. The sensing device is designed on condition of a gain 
transfer function of 100 × and a frequency bandwidth of larger than 
1600 Hz. Such high-sensitive and low-noised TMR sensor is found to be 
adaptive for weak magnetic field detection in ACFM testing. Further
more, our investigation provides direct evidence that the TO method can 
be employed to identify the optimal conditions of mother wavelet and 
DL. The selection principle is based on the comprehensive utilization of 
the four-standard metrics of CC, SNR, MSE and F. The results demon
strate the effectiveness of the scheme, and the combinations of Db5 +

DL8 (see Table 2) and Sym7 + DL8 (see Table 3) are demonstrated as the 
most suitable combinations for the x- and z-axis ACFM signals denoising, 
respectively. 

The TO selecting method has been recognized by previous studies for 
jet engine vibration signal denoising [33], but few quantitative analyses 
are available in ACFM application. Such merit in combination of 
advanced TMR device and effective denoising approach is important, 
which can be readily employed to predict the crack sizing under more 
pressing operation conditions of increased lift-off = 10 mm. The results 
yield that SNR is increased by 25.5 dB and 16.5 dB for x- and z-axis 
signal, respectively. The obtained ACFM-TMR system offers robust and 
less energy-consuming detection procedures that are vital for successful 
real-time NDT sensing. This give us a method attractive for real-time 
defects inspection of steel cable [17,18], and in-situ monitoring of 
composites manufacturing process [38,39]. 

Despite the consensus about the feasibility of ACFM schemes, there is 
significant room for system improvement. More robust and energy- 
friendly sensor device and sophisticated procedures for SNR 
improving, noise suppression, signal processing and interpretation 
remain confined to research field. One of the main problems is the lack 
of reliable transducer technology to pick up weak signal in condition of 
noisy environment and in-site processing. In particular, the workpiece 
with thick protection layer or coating also demands the large lift-off 
values and high accuracy for ACFM detection system. Indeed, imple
mentation of ACFM schemes requires a pervasive approach of high 
detection capability, together with simple realization and low power 
consumption. Therefore, the employment of the low power TMR sensor 
and energy-saving TO denoising method is found to be very efficient for 
real world applications from a practical point of view, which is the first 

Fig. 10. The original (a) x-axis ACFM signal; and (b) z-axis ACFM signal with lift-off = 10 mm.  

Fig. 11. (a) Denoised x-axis signal Bx by optimal combination of Db5 + DL8; and (b) Denoised z-axis signal Bz by optimal combination of Sym7 + DL8.  
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step for the ACFM system optimization. It is intuitional and quantitative, 
so that it can be used to trigger a more profound inquiry for future 
works, which may include microcrack identification, large lift-off and 
compact system design. 
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