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Abstract.  The CFRP-confined circular concrete-filled steel tubular column is composed of concrete, steel, 
and CFRP. Its failure mechanics are complex. The most important difficulties are lack of an available 
method to establish a relationship between a specific damage mechanism and its acoustic emission (AE) 
characteristic parameter. In this study, AE technique was used to monitor the evolution of damage in 
CFRP-confined circular concrete-filled steel tubular columns. A fuzzy c-means method was developed to 
determine the relationship between the AE signal and failure mechanisms. Cluster analysis results indicate 
that the main AE sources include five types: matrix cracking, debonding, fiber fracture, steel buckling, and 
concrete crushing. This technology can not only totally separate five types of damage sources, but also make 
it easier to judge the damage evolution process. Furthermore, typical damage waveforms were analyzed 
through wavelet analysis based on the cluster results, and the damage modes were determined according to 
the frequency distribution of AE signals. 
 

Keywords:  acoustic emission; CFRP–CCFT column; clustering analysis; damage pattern recognition; 

health monitoring 

 
 
1. Introduction 
 

The carbon fiber-reinforced polymer–circular concrete-filled steel tubular (CFRP–CCFT) 

column is a new composite structure that consists of a concrete stub column that is coated with a 

steel layer and a CFRP layer. Several studies (Susantha et al. 2011, Lam and Teng 2004, Liang 

2008, Eid and Paultre 2008) have indicated that both fiber-reinforced polymer (FRP)-confined 

concrete and steel tube confined concrete can improve structural performance significantly. Over 

the past three years, articles have been published on the properties of CFRP–CCFT columns (Hu
  

et al. 2011, Yu et al. 2012, Teng et al. 2013). To date, however, certain damage mechanisms in this 

CFRP–CCFT column have not been analyzed comparatively. Moreover, the damage pattern of 

CFRP–CCFT columns is difficult to determine in real-time and directly through the traditional 

compression or bending test. To identify the damage pattern and mechanism of such columns, the 

acoustic emission (AE) method is proposed given its notable advantages. 
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AE is a real-time monitoring and non-destructive testing technique that can feasibly monitor 

the structural damage process. The AE system can detect released elastic waves through a 

transducer that is attached to the surface of the structure (Aggelis
 
2011,

 
Li and Fangzhu 2016). The 

different AE signals for CFRP–CCFT columns are usually related to various damage sources, such 

as matrix cracking, fiber breakage, inter laminar debonding, and concrete crushing. Therefore, the 

discrimination of AE signals can help to analyze the damage mechanism of CFRP–CCFT columns. 

Characteristic AE features (e.g., amplitude, energy, duration, rise time, counts and frequency 

shown in Fig. 1) are commonly extracted to analyze the micro failure mechanisms of different 

material. AE waveform features such as duration and frequency generally carry information about 

the mode of the crack; additionally, AE amplitude recorded during loading proportional to the 

intensity of damage event, and the emission energy which is connected to the intensity of crack, 

AE counts characterize the oscillation frequency of damage signal. Therefore, every AE feature 

carries information about the damage modes and fracture process of monitored CFRP–CCFT 

columns. Li et al. (2015) conducted an through investigation based on the single parameter 

analysis to evaluate the damage severity and failure modes of CFRP–CCFT structure, recommend 

that the multi-parameter analysis is necessary for damage identification. 

However, concerning the fact that the combination of FRP composite, steel and concrete make 

the failure mechanism and damage pattern of CFRP–CCFT columns more complexity. To this end, 

a cluster analysis is conducted on the basis of complex data types to discriminate different types of 

AE signals. The signals can be clustered according to their characteristics through an unsupervised 

pattern recognition method without introducing any advanced assumptions on the number or 

structure. The similarity among these signals is measured based on a parameter such as the 

similarity coefficient or the distance in a certain parameter space. Then, the signals are separated 

from one another according to a spatial criterion (Gutkin
  

et al. 2011,
 
Momon et al. 2012, Yang

  
et 

al. 2015). Cluster analysis is widely conducted in various fields, such as mathematics, computer 

science, statistics, and engineering science. Researchers have recently applied this technique to AE 

signal analysis via different methods; Pashmforoush et al. (2011) characterized the damage to a 

glass/epoxy composite during a three-point bending test using the k-means and genetic algorithms. 

Godin et al. (2004)
 
employed both supervised and unsupervised techniques for the signal 

clustering of unidirectional glass/polyester composites. Marec et al.
 
(2008) performed principal 

component analysis to reduce the number of correlated variables into a small number of 

uncorrelated variables before clustering the principal components through the fuzzy c-means 

(FCM) approach. 

Wavelet transform (WT) is the decomposition of a time domain signal into shifted and scaled 

versions of mother wavelet in different frequency band, which has been proved to be suitable for 

AE signal processing (Yaghoob and Mette 2015, Gang 2000, Fotouhi et al. 2015
)
. WT has good 

time and poor frequency resolution at high frequency band, and good frequency and poor time 

resolution at low frequencies, indicates that WT is an ideal approach to analyze the transient and 

nonlinear properties of AE signals. Considering the complication of AE signals from general 

composite materials, Ni and Iwamoto (2002) established the process of the WT of AE signals 

detected from a fragmentation test. Zitto et al. (2015) studied AE signals generated from dynamic 

tests adopted on a reinforced concrete slab with a shaking table by continuous wavelet transform 

(CWT). Fotouhi et al. (2011) conducted both wavelet transform and fuzzy c-means clustering to 

identify the damage properties of composite materials during three-point bending test. 

In the current study, the CFRP–CCFT columns are tested via axial compression and are 

monitored by the AE system. Representative features such as rise time, energy, counts, duration, 
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and amplitude are extracted for cluster analysis by means of FCM approaches. We can then 

determine the damage mechanism of CFRP–CCFT columns by integrating the cluster analysis.  

Subsequently, the varied waveforms of AE damage are analyzed through wavelet analysis based 

on the cluster results. 

 

 

2. Data processing algorithms 
 

2.1 Fuzzy C-Means (FCM) algorithm 
 

A hard cluster algorithm (k-means) crisply classifies a data point as either belonging to a cluster 

or not and can clusters dataset precisely
[14]

. Nonetheless, most clusters adhere to a fuzzy concept. 

FCM is a major method of unsupervised pattern recognition analysis and a data clustering 

technique wherein each data point belongs to a cluster to some degree; this inclusion is specified 

by a membership grade. This cluster analysis algorithm was first presented by Bezdek in 1981 and 

is advantageous over previous cluster analysis methods because it is based on fuzzy set theory. The 

objective of the FCM algorithms to determine the cluster centers Ci that minimize the function J
 

Marec et al. (2008) 

2
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Fig. 1 Typical AE signal 
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where ( )i ju x is the membership value of the jth data point to the ith cluster under the condition 
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 j                       (4) 

d is the similarity matrix given in Eq. (5); this matrix characterizes similarities by utilizing the 

Euclidean distance measure. The elements of d are computed by 

2

1
( ) ( )

m

ik k i kj ijj
d d x v x v


                       (5) 

The steps of the FCM algorithm can be illustratedas follows (Fotouhi et al. 2011, Sahu et al. 

2012) 

 

2.2 Determination of the optimal clustering number 
 

The clustering results must be evaluated to determine whether or not reasonable.  Common 

validity evaluation indices for cluster analysis include the partition coefficient, classification 

entropy, Davies–Bouldin, Hartigan, and Dunnindices (DI). In the present study, DI is applied to 

determine the optimal number of clusters; this index was proposed by Dunn in 1974 for compact 

and isolated clusters. 

 
 

Fig. 2 Flow chart of FCM algorithm 
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This internal evaluation index is based on the hard clustering method, and cluster assessment 

relies solely on the data. DI can be calculated as follows (Sadegh
 
et al. 2016) 


,

,

,
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i jx c y c
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k c x y c

d x y
DI c

d x y

 

  

 

  
  

   
   

              (6) 

A large DI value indicates a compact and well-separated cluster; therefore, a maximum value 

corresponds to an optimal number of clusters. 
 

2.3 Wavelet transform 

 
Wavelet Transform (WT) characterizes the correlation between time signal and mother wavelet 

function, expressed by wavelet coefficients which can be calculated via a correlation operation 

between the signal x(t) and the chosen mother wavelet ( )t . Mathematical formulation for CWT 

shown in follows (Amir Mirmiran et al. 1999) 

1/2
( , ) ( ) ( ) f

R

t b
W a b a x t dt

a


 
                         (7) 

Here, the mother wavelet is a localized waveform of limited duration that has an average value 

of zero, and drops to zero rather quickly. Scalar a and b are the scales and positions variables 

respectively, which is used for the shift and scale of the mother wavelet. The x(t) represent the 

time-domain waveform to be analyzed, W(a,b) denotes the wavelet coefficient which indicates the 

correlation between signal x(t) and the mother wavelet, parameter |a|
-1/2

 is applied to ensure 

preservation, in conjunction with Parseval’s theorem in wavelet transform. 

Specially, assign that 0

ja a and 0 0

jb ka b , where j Z represent the decomposition level 

and 0 1a  is a constant. This is the so called discrete wavelet transform (DWT). 

 

 

3. Experimental setup 

 
A total of six CCFT columns with two different CFRP wrapped layers were tested; three 

specimens of each type of CCFT column were fabricated to determine reproducibility. The column 

is 510 mm high, with a 170 mm diameter. Detailed manufacture process CFRP–CCFT columns 

shown in the previous literature
[10]

, the finished experimental specimen is shown in Fig. 3. Basic 

information regarding the two different types of CFRP–CCFT columns is shown in Table1. 

All specimens are tested on an axial loading machine with 10000 kN. Two R15- (50-200 kHz) 

resonant sensors were arranged symmetrically in the middle of each column and connected to the 

AE monitoring system via a preamplifier. Two displacement meters were set on the loading station 

to measure axial displacement, and axial compression tests were conducted with a load speed of 

0.5 mm/min. The mechanical data on specimens were collected by the dynamic data acquisition 

system. The axial load is obtained from 5000 kN force sensors. Displacement and strain data are 

obtained from the displacement meter and strain gages. All AE signals are recorded by the 
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MISTRAS-2001 AE monitoring system, which is manufactured by the American Physics Acoustic 

Corporation. Detailed acquisition parameter settings for AE system were shown in Table 2. Pencil 

lead break tests were performed before each compression test, to verify that the system was 

functioning properly. As per the study conducted by Amir et al. (1999), the damage frequency of a 

FRP-confined concrete column is typically distributed between 100 kHz and 250 kHz; therefore, 

the band-pass filtering frequency for this study ranges from 100 kHz to 400 kHz. The test loading 

device and the monitoring system are depicted in Fig. 4. 

 

 
Table 1 Basic Information of CFRP–CCFT Columns 

Specimen 

type 

Concrete 

strength 

Steel tube CFRP 

Thickness(mm) 
Radius–thickness 

ratio(Ds/ts) 

Number of 

layers 

Thickness 

(mm) 

P-2-1 

P-2-2 

C60 

C60 

2 

2 
87 

1 

2 

0.17 

0.34 

 

 
Table 2 Detailed acquisition parameter settings for AE system 

Item Threshold 
Sampling 

rate 

preamplifier 

gain 

main 

gain 
PDT/μs HDT/μs HLT/μs 

Value 40 dB 5 MSPS 40 dB 20dB 300 800 1000 

 

 

 

Fig. 3 The experimental specimens 
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Fig. 4 Experiment loading system 

 

 

4. Experiment results and discussion 
 

4.1 Analysis of the damage evolution parameters for CFRP–CCFT columns 
 

The basic AE parameters can roughly reflect the damage condition. Matrix cracking, fiber 

breakage, debonding, and concrete crushing can facilitate the release of AE signals in the CFRP–

CCFT columns. The risetime, counts, AE energy, and load versus time were plotted in Fig. 5; these 

plots can provide a rough overview of damage evolution process. 

The characteristic AE features remain in low value with the exception of the initial mechanical 

noise at the beginning of the loading process. When the axial compressive force on the CFRP–

CCFT columns reaches approximately 80% of the failure load, the values of these parameters rise 

sharply. This increase may be attributed to three factors, namely, concrete cracking, steel tube 

deformation, and CFRP fracture. Fig. 5 also indicates that the ductility of stub columns is 

enhanced as the number of CFRP layers increases. A column wrapped two CFRP layers exhibits 

clear secondary stiffness. Based on the cumulative AE characterictic parameters and the load curve 

that corresponds to time, the failure process of a CFRP–CCFT column can be divided into three 

stages, namely, the elastic, strengthening, and failure stages (Fig. 5). As the number of CFRP 

layers increases, the bearing capacity of the CFRP–CCFT columns improves, the strengthening 

stage is extended, and numerous AE signals are detected. In the event of critical failure, much AE 

energy is released. Pictures of the final failure condition of specimens are shown in Fig. 6. The 

observations of these failure profiles provided lot of damage infos, various damage modes could 

be observed such as concrete cracking and crushing, steel buckling and FRP fiber fracture or 

debonding. 
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(a) The rise time of specimens 

  
(b) The counts of specimens 

  
(c) The energy of specimens 

Fig. 5 AE charactics parameter for CFRP-CCFT columns 
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(a) P-2-1 

   
(b) P-2-2 

Fig. 6 Final failure images of specimens 

 
 

4.2 Clustering analysis of the characteristic AE damage signals in CFRP–CCFT 
columns 

 

4.2.1 Determination of cluster parameters and the optimal cluster number 
The result of parameter-based clustering techniques is predominantly influenced by the 

definition and rational selection of AE features. Many descriptors provide abundant information 

about AE signal characteristics, but the non-selective use of these descriptors may generate 

redundant information for damage mode recognition in CFRP–CCFT columns. Thus, the selected 

cluster parameters must not only effectively describe the feature information of AE signals, but 

also eliminate the interference of irrelevant factors to simplify the cluster calculation process and 

guarantee the speed and efficiency of the clustering algorithm. According to the AE characteristic 

parameter analysis introduced in section 4.1, the five temporal AE descriptors selected as the 

initial set for the clustering process are rise time, counts, energy, duration, and amplitude. 
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(a) specimen P-2-1 (b) specimen P-2-2 

Fig. 7 Dunn Index of the CFRP-CCFT columns 

 

 

DI is used to determine the optimal cluster number in the present study according to Eq. (6). 

Fig. 7 exhibits the DI value versus the classification number k for specimens P-2-1 and P-2-2.The 

value of this index is maximized when the clustering number is 5, thus indicating that the best 

clustering number is 5 for the AE descriptors of CFRP–CCFT columns. 

based on the frequency distribution of AE signals disussed later.  

 
4.2.2 Cluster analysis of the source of AE damage for CFRP–CCFT columns 
In this work, the AE signals of specimens P-2-1 and P-2-2 are clustered into five categories via 

the FCM algorithm. The clustering results are presented in Figs. 8-11; Fig. 8 provides the count of 

AE signals that correspond to time after clustering, and Fig. 9 provides the cumulative signal 

number of each cluster type. Figs. 10 and 11 presents the AE parameter correlativity chart of 

amplitude–rise time, counts–duration of specimens P-2-1 and P-2-2. 

According to Figs. 8 and 9 clusters D and E are mainly generated during the strengthening and 

failure stage of the damage evolution process for CFRP–CCFT columns, and E-type signals with 

minimum cumulative signal number, followed by D-type. As shown in Figs. 10 and 11, E-type 

signals display higher counts, longer duration, and higher energy value than cluster D-type signals, 

whereas the similar rise time; this outcome may be ascribed to concrete crushing, steel buckling, 

CFRP debonding and fracture that can be observed in Fig. 6. By comparision, cluster A, B, and C 

continuously distributed throughout the loading process and AE features such as counts, rise time 

and duration keeps in revelately lower values, whereas, cluster B and C with similar amplitude 

value, and type-A in maximum signals quantity with lower amplitude value and emission energy; 

that may be associated with the formation and deveolop of microscopic cracks in concrete and 

steel tube, matrix cracking of CFRP composite, as well as with frictional sliding between steel and 

concrete, steel and CFRP, and the interfacial delamination of CFRP composites.  

Avove all, we conclude that damage types of CCFT columns coated with varied layers of CFRP 

composite undergoes similar failure process and damage mechanism. Considering that the 

complexities of damage sources in the destruction process of CFRP–CCFT columns under 

monotonic axial compression test, many mechanical and electromagnetic noises are inevitably 

generated. Different AE sources are difficult to identified precisely by cluster analysis alone; thus, 

representative AE waveform corresponding to each damage type is extracted and wavelet 

transform will be conducted to analysize the time-frequency characteristics of different damage 

AE signals, further classification of damage category will based on the frequency distribution of 

AE signals disussed later. 
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(a) specimen P-2-1 (b) specimen P-2-2 

Fig. 8 The count-time chart of AE signal after cluster 

 

  
(a) specimen P-2-1 (b) specimen P-2-2 

Fig. 9 The cumulative signal number of each cluster type 

 

  

Fig. 10 The parameters correlativity chart of signal after cluster for specimen P-2-1 
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Fig. 11 The parameters correlativity chart of signal after cluster for specimen P-2-2 

 
 

4.3 Characteristic waveform analysis of CFRP–CCFT columns 
 

Gutkin
 
et al. (2011) and De Groot

 
et al. (1995) reported that the peak frequencies of CFRP fiber 

fractures mainly range between 300 kHz and 400 kHz, whereas the frequencies of fiber interface 

and peeling range between 200 kHz and 300 kHz. The common frequency of fiber matrix cracking 

in CFRP is approximately 100 kHz. According to the studies conducted by Yaghoob et al. (2015), 

the characteristic frequency of concrete damage mainly ranges between 100 and 400kHz. The steel 

is subjected to axial tensile stress exhibits an AE frequency of roughly100 kHz and ranges between 

200 and 300 kHz; this frequency varies with the degree of damage. 

Considering that specimens P-2-1 and P-2-2 have similar damage sources under monotonic 

compressive loading, representative AE waveforms are extracted for specimen P-2-1 in this section. 

All AE waveforms are de-noised through wavelet analysis prior to spectral analysis. Fig. 12 

provides the signal denoising process and spectral distribution of each damage type. 

As shown in Fig. 12, AE waveform frequency of different damage types for CFRP–CCFT 

columns mainly concentrated at approximately 100 kHz, between 200 kHz–300 kHz and between 

350 kHz–550 kHz. E-type signals with high characteristic parameter values and complex 

frequency components (high-frequency component with larger proportion), may be corresponding 

to CFRP fiber fracture and interfacial debonding, plastic deformation in steel tubes, and concrete 

crushing. Cluster D displays higher signal strength (higher AE amplitude and energy), AE 

frequency concentrate nearby 100kHz and range of 200 kHz–300 kHz; D-type signals mainly 

suggest plastic deformation and buckling of steel tubes. The frequencies of cluster C range 

between 100 kHz–250 kHz with lower rise time and duration, mainly corresponding to the matrix 

cracking of CFRP composite and elastic deformation of steel tubes. For cluster B, spectral 

frequency mainly concentrated at roughly100 kHz and range between 250 kHz–300 kHz; these 

frequencies can be associated with concrete crushing and the higher frequency component may be 

caused by interlaminar delamination of CFRP. Cluster A with maximum signal number, and has a 

single frequency of approximately 100 kHz, indicates the micro-damages of CFRP-CCFT columns 

such as the generating of concrete microcracks, elastic deformation of steel tubes. 
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(a) Characteristic signal of cluster A 

 

 
 

(b) Characteristic signal of cluster B 

 

 

 
(c) Characteristic signal of cluster C 

 

 
 

(d) Characteristic signal of cluster D 
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(e) Characteristic signal of cluster E 

Fig.12 Different damage characteristic signal for specimen P-2-1 

 
 
 

In summary, combining the cluster results with wavelet spectral analysis, failure mechanisms 

and damage patterns of CFRP-CCFT columns under monotonic uniaxial compressive loading are 

effectively identified. Different damage sources are precisely characterized by representative AE 

feature values and primary frequency distribution. However, due to the coupling effect of various 

damage modes, it is really difficult to classify each observed damage pattern to a single cluster 

type, and the only investigation on monotonous loading condition may unpersuasive, so further 

studies are still needed.  

 

 

5 Conclusions 
 

In this study, the entire destruction process of the novel proposed CFRP-CCFT columns under 

monotonous uniaxial compressive loading was monitored by AE technique. Damage evolution 

process and failure mode of CFRP–CCFT columns were studied based on the fluctuation of 

recorded AE signals. The clusters of AE signals from different mechanical sources were effectively 

obtained via the FCM algorithms. The following damage mechanisms of CFRP–CCFT columns 

were identified: matrix cracking, fiber fracture and debonding, steel buckling, and concrete 

crushing. The pattern recognition analysis was effective, and the results can be used to classify 

different AE signals for future monitoring. The wavelet analysis results successfully distinguish 

the failure types and frequency characteristics of CFRP–CCFT columns. AE waveform frequency 

is mainly concentrated at approximately 100 kHz and ranges between 200 and 300 kHz and 

between 350 and 550 kHz. 
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