
 

Statistical Impact-echo Analysis using Bag-of-echoes Model for Concrete 
Condition Assessment 

 
Jiaxing YE1, Takumi Kobayashi1, Masaya Iwata1, Masahiro Murakawa1 

 

1 National Institute of Advanced Industrial Science and Technology (AIST), Tsukuba 305-8561 Japan 
{jiaxing.you, takumi.kobayashi, m.iwata, m.murakawa}@aist.go.jp 

 
 

Key words: Non-destructive test, Impact-echo method, Fourier transform, Bag-of-feature 
model, condition-based assessment 
 
 
Abstract 
In recent years, advancement in information technologies, i.e. cloud service and high speed 
wireless network, greatly facilitate the large collection of structural health monitoring (SHM) 
data. In order to effectively exploit massive sensor data for accurate condition assessment of 
infrastructures, there has been increasing interest in application of statistical pattern 
recognition methods in the field of SHM. This paper addresses development of efficient 
pattern analysis scheme for impact-echo test, which is one of the most conventional non-
destructive test (NDT) methods. The proposed scheme stems from Bag-of-feature (BoF) 
model, which has been successfully applied for natural language processing and computer 
vision tasks. The main advantage of our approach is threefold. First, for data-driven pattern 
analysis methods, manually labeling the training samples by field experts is always time 
consuming and expensive. Our scheme is designated to select the most representative 
samples that must be carefully annotated, hence could effectively reduce labeling workload. 
Those representative samples, as well as their statistical variations, can greatly facilitate 
investigation of input echo signal. Second, we denote echo signal as a vector of weights 
(posteriors) that correspond to the similarities to pre-learnt representative samples. In this 
fashion, a new mid-level representation is extracted that encodes rich condition-based 
information, and thus it is more robust to noise and favorably interpretable to users when 
compared with raw feature of echo spectrum. Third, to perform condition assessment with 
new feature representation of echoes, we conducted a comparison study employing effective 
classification schemes including logistic regression (LR), support vector machine (SVM) and 
random forest (RF). To validate our approach, we collect hammering echo signal using test 
concrete specimen with various types of defects. Moreover, environmental noises are added 
to evaluate the robustness. The experimental results validated effectiveness and efficiency of 
the proposed approach. 

 
1 INTRODUCTION 

Concrete structures, such as bridges and roads, are fundamental civil infrastructures that 
greatly facilitate human life. In nowadays, more concrete infrastructures come to (or even 
exceeded) the design age for service, because replacement to all  those structures is 
impossible due to too much high cost, there is severe challenge to perform efficient condition 
assessment on those aging infrastructures, i.e. manage the risk of failure. [1] In this regard, 

8th European Workshop On Structural Health Monitoring (EWSHM 2016), 5-8 July 2016, Spain, Bilbao

www.ndt.net/app.EWSHM2016
M

or
e 

in
fo

 a
bo

ut
 th

is
 a

rt
ic

le
: h

ttp
://

w
w

w
.n

dt
.n

et
/?

id
=

20
01

7



2 
 

quite a number of studies have been carried out on condition inspection for concrete 
structures, such as developing advance inspection techniques and devising efficient 
rehabilitation, replacement strategies [2]. The ultimate goal of all those works is to balance 
the cost of maintenance and reliability of structure, e.g. Zhang proposed inspiring method in 
[3] to estimate fatigue life prediction approach for aluminum structures. Among issues 
related to maintenance, a good understanding of overall structural condition is predominant, 
since it is the deterministic stage for any further process. To effectively exploit condition of 
concrete tunnel, various non-destructive test (NDT) methods have been developed, including 
conventional impact-echo test and visual inspection and recent developed ones of Ground 
Penetrating Radar (GPR) and Ultrasonic Pulse Velocity (UPV)-based method [4,5]. Although 
such advanced methods present broad potential for deep flaw detection in concrete, the 
results are always affected by reinforcing bar buried in side of concrete; in addition, high 
price and low efficiency handicapped their popularities. In practice, conventional hammering 
inspection is still most commonly applied due to its low-cost, high efficiency properties.  
In this paper, we introduce a novel data-driven impact-echo analysis approach targeting at 
improving condition assessment accuracy for concrete condition investigation. For 
conventional hammering test, field workers listen to hamming echo sound during hitting 
testing regions of concrete, and subsequently judge the condition, i.e. healthy or NG, 
according to individual experience [6]. There are mainly two main drawbacks in such 
approach: First, the result interpretation of hamming test is highly subjective and totally relies 
on field worker’s individual skill and experience and therefore its inspection results are 
unstable. Secondly, Human earing ability has limitation and only clearly different sounds can 
be distinguished, which means only bigger size defects that generated distinctive echoes can 
be discovered and small ones will be omitted. As a result, the accuracy of hammering test 
method is not high.  
To relieve such subjectivity matter, we propose to reformulate concrete impact-echo analysis 
approach in an objective fashion through introducing data-driven analysis for condition 
assessment by impact echo test. Based on reference data of hammering sounds, more 
accurate hammering inspection for concrete tunnel can be achieved. In Fig.1, we present a 
conceptual chart flow of the proposed system, which consists of two major stages:  
hammering echo feature extraction and condition-based classification.  
 

 
Figure 1: Chart flow of proposed hammering test analysis system 

 
In detail, we outline key contributions of this paper as follows:  
(1) In conventional hammering test, some training is required for field workers to take and 
they afterward can perform hammering test via listening to echo of hammering. By using 
proposed system, such training efforts can be eliminated. In comparison, the proposed 
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method is computerized approach that automatically produces condition-based assessment 
results which could facilitate non-expert usage. By lowering technical requirement threshold 
for inspection tasks, more people can join inspection works so as to fulfill incremental 
demands of aging infrastructures. 
(2). Concrete structures can have varied designs in size and shape and these issues 
significantly affect echo patterns. In other words, even for normal echoes, they can stay in 
scattered sub-clusters in the feature space, not a compact one. In such case, more complex 
statistical model is necessary to characterize complex distribution of echo signal. To this end, 
we introduce bag-of-feature model, which is efficient for describe structural distribution of 
population. To our best knowledge, it is first work to use bag-of-feature (BoF) model for 
impact-echo analysis. 
(3). There are several advantages for using BoF model for hammering echo signal analysis. 
First, as a data-driven pattern analysis method, manually labeling the training echoes by field 
experts is always time consuming and expensive. Our scheme is designated to select the most 
representative samples that must be carefully annotated, hence could effectively reduce 
labeling workload. Second, based on raw echo spectrum vectors, BoF model generates 
middle level feature representations, which are more robust to noise and more 
understandable. Third, BoF model can be easily combined with advanced classification 
approaches, such as support vector machine (SVM) and random forest (RF). The 
classification performance is high.  
We organized this paper with 4 sections. In Sec. 1 we briefly review the state-of-the-art of 
impact-echo method and in Sec. 2 we present details in proposed impact-echo analysis 
scheme, including spectrum extraction from echo signal with filtering and Bag-of-feature 
model construction for middle-level feature extraction and classification in the feature space.. 
In Sec. 3 we demonstrate the proposed approach with real-world impact-echo data. A 
comparison has been made between using propose method and conventional one. Finally, we 
conclude this work in Sec. 4 with a discussion. 

2 REVIEW OF IMPACT-ECHO METHOD 

Starting from it was initially proposed in 1980s, impact-echo has been one of the most 
applied non-destructive test (NDT) methods for concrete structure health assessment. In 
general definition [6], impact-echo is expressed as follows: a hammer impact is imposed on 
surface of concrete structure. Subsequently, a transducer is positioned near hitting point to 
collect stress waves which propagate inside the structure. Then, by analyzing echo signal, 
concrete condition assessment can be made. The working scheme can be concisely illustrated 
in Fig. 2. 

 

Figure 2: Working image of impact-echo method 
 

The basic mechanism of impact-echo is to assess health status of test concrete through 
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investigating transient stress wave induced by short-duration impact. During decades of 
practical usage, both theoretical and numerical studies of impact-echo have been successfully 
performed. Based on echo spectrum that is obtained through Fourier transform, a well-known 
formula to determine a void beneath surface of concrete is proposed in [6]: 
 

                                                               (1) 
 

where f denotes peak frequency of echo signal spectrum, Cp is the velocity of the 
longitudinal, β is constant of 0.96 for plate-shape structures wave [6] and d represents depth 
of inside void. In Fig. 3, we show peak frequency, f = 1100Hz, is found in hamming echo 
signal. By substituting f into (1), estimated detect depth d can be computed.  

 

Figure 3: Peak frequency extraction for impact-echo 

 
More recently, various advancements have been proposed. At signal acquisition, initially, 
contact sensor was commonly employed in impact-echo to collect subtle echo signal and 
screen out noises as well. Some new work suggests applying air-coupled sensor for impact-
echo [7]. And experimental results show the air-coupled sensor is comparable to contact 
sensors for delamination detection and grouting quality evaluation tasks. To accelerate 
reporting of concrete structures inspection, imaging method for impact-echo test has long 
been attractive topic. In [8], a depth spectrum is proposed which interprets spectral peak of 
echo signal to depth of defect. In addition, several advanced time-frequency analysis 
techniques have been addressed for impact-echo, such as Wavelet transform is employed for 
alleviating poor time-frequency resolution in time-frequency analysis [9]. However, Fourier 
analysis remains to be dominating method for impact-echo due to its simplicity in 
implementation and sharper spectral peak it generates, which is regarded as determinant 
measure for concrete assessment.  
Based on those contributions, impact-echo has been applied to various practical tasks, such as 
flaw detection of delamination, voids and debonding in concrete. Practical standard has been 
established to promote utility of impact-echo method and various commercial devices have 
been well-developed for impact-echo test and put into daily usage [11]. 
However, some recent studies reveal the availability of formula (1) is constrained by the size 
and flatness of defect area. For instance, if void is not parallel to surface, the echo resonance 
behaves differently and thus Eq. 1 fails to estimate void depth correctly [10]. Developing 
impact acoustic analysis method with high diagnosis accuracy and favorable efficiency 
remains to be challenging issue until now, and therefore, efforts will be continuously 
delivered to the topic. This work endeavors to introduce data-driven framework for impact-
echo with effective analysis method to improve effectiveness and efficiency for concrete 
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tunnel condition assessment. 

3 BAG-OF-ECHOES SCHEME FOR IMPACT-ECHO ANALYSIS  

In this section, we introduce the proposed echo signal pattern recognition framework with 
details of major parts, which are echo feature representation, bag-of-echoes model for mid-
level feature extraction and classification with advanced classification schemes. The process 
is illustrated in Fig. 4. Also we discuss the motivations on employing Bag-of-Echoes model 
for hammering echoes analysis. 

 
Figure 4:  Examples of Mel-filter bank (left) and uniform filter bank (right) 

 

3.1 Echo feature representation 

Time-frequency analysis has long been predominant approach for acoustic signal processing, 
and one most popular tool is the short-time Fourier transform (STFT) [4]. STFT produces the 
time-frequency spectrogram of time-series signal and facilitates further advanced signal 
processing. By selecting Gaussian window function for weighting segmented short-time 
signal, the best simultaneous resolution in both time and frequency domains can be attained. 
The Gaussian-windowed STFT transform can be expressed as: 

2( ) 2( , ) ( ) ,t j f
xF t f e e x d        

                                                (2) 

where x is echo waveform to be analyzed, and Gaussian window function is applied over the 
framed signal.  
Conventional computer-aid hammering acoustics analysis addresses the peak frequency of 
echo signal for determining defects in concrete [6]. The fundamental hypothesis is that echo 
signal can be decomposed into various spectral components and the peak frequency of echo 
signal reflects representative condition of concrete. However, selecting only peak frequency 
of echo spectrum leads to lose of much distribution pattern over frequencies. In this study, we 
use full spectrum with band pass filter as representative feature for echoes. Moreover, in 
order to enhance robustness to noise, as well as to reduce feature dimension, filter banks are 
usually applied in modern sound processing systems. One of the most applied filter band is 
Mel-bank [12], which has been successfully applied for Automatic Speech Recognition 
(ASR). As for hammering echoes, we adopt uniform-spaced filter bank coving full spectral 
range of spectrogram, which is presented in Fig. 5. We summarize main considerations for 
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applying uniform-spaced spectral filter bank: 1. Noise in spectrogram can be suppressed by 
sum-average over filter bank, making acoustic feature more robust. 2. Peak frequency can be 
enhanced and thus facilitates defect investigation. 3. Comparing to original power spectrum, 
filtered signal has lower dimension and thus is more efficient for further analysis. 

 
Figure 5: Examples of uniform filter bank on frequencies 

 

3.2 mid-level feature extraction via Bag-of-Echoes model 

Through previous step, we obtained a batch of echo feature vectors, which are raw spectrum 
of echo signal. In content-based analysis, raw signal is usually further converted to higher-
level representations, which are more robust to noise and more interpretable with respect to 
the task. Bag-of-feature model is one of the most efficient algorithms to develop high-level 
features based on raw data [13]. In this study, we introduce bag-of-feature model for echo 
analysis. The process is presented as follows. 
 
3.2.1 Echo distribution modelling  
Given the echoes feature vectors, which can be denoted as � = [�怠, … , ��] ∈ ��×�, we fit 
the data to Gaussian mixture model (GMM) to establish generative model to describe the 
overall echo distribution in the feature space [13]. The basic formulation of GMM, e.g. using 
K Gaussians, can be written as: 

             欠��兼欠捲
 � (�岫�|�岻) = 欠��兼欠捲

 � ∏ ∏ ����=怠��=怠 �岫��, ∑�; �岻               (3) 

The optimal GMM parameters can be learnt through maximum likelihood estimation (MLE) 
of 欠��兼欠捲� ln�岫�|�岻 . Then, we obtained GMM model that is governed by mean and 
covariance matrix, which is �岫�; ��, ��岻. The estimated GMM model is also regarded as 
codebook with K codewords (sub-clusters), which can be used to generate all echoes 
spectrum. And through such model, we convert raw spectrum to higher-level echo feature. 
 
3.2.2 Mid-level echo feature extraction through encoding 
Raw features of echo spectrum can be easily affected by noise or other interferences. In the 
content-based signal analysis framework, mid-level features are usually applied which 
effectively characterize structural distribution information. We show the process of generate 
mid-level features for echoes as follows. 
Let  � ∈ �穴×な denotes echo spectrum vector. Through GMM model, we can obtain soft 
assignments of x to each mixture component based on posterior probabilities p岫潔�|�岻. By 
concatenating all posteriors with respect to every Gaussian component, we have a new vector, 
which can be written as  � = [p岫潔怠|�岻, p岫潔態|�岻, … , p岫潔�|�岻]′                                   (4) 
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It is basic encoding method, which shows very detail position of input feature in the feature 
space. And there are more advanced encoding approaches for Bag-of-Feature models, such as 
voting-based using Vector Quantization and reconstruction-based encoding using Orthogonal 
Matching Pursuit (OMP), Sparse Coding (SPC) [15]. In this study, we mainly focus on 
introduction of basic BoF model and perform preliminary validations. Those advanced 
variants will be left to our future works.  
 
3.2.3 Representative samples selection for manual labeling 
Obtaining large amount of data with accurate labels is usually time-consuming and 
expensive. Using BoF model, we present efficient way to select most significant samples 
from all echoes for labelling. In addition to those selected echoes, we then further select 
small ratio of data, e.g. 10%, there are the sufficient amount data for labeling in our study. 
Those process is shown as follows. 
In order to choose most significant samples for labeling, we then extract original samples that 
generated highest posteriors for each Gaussian model, which are 捲_潔結券�結�� = 捲�� = 欠��兼欠捲

 � �岫捲� | ��, ∑�岻 ,   捲 ∈ ��×怠                 (5) 

Those ‘center’ samples are most important from statistical coverage viewpoint in the echo 
feature space and thus they are selected for carefully labeling by field experts. By adding 
labels to those representative echoes, the label information can be further generalized for 
neighbor echoes in mahalanobis distance metric. And the centroid positions are all marked in 
the feature space. In addition, we randomly select 10% of all training echo samples and let 
experts make labels. Those random points provide detailed distribution information of 
OK/NG echoes. 

3.2 Classification with Bag-of-Feature vectors 

Based on the (small partial of) labeled echoes with mid-level representations, we establish 
OK/NG classification boundaries in echo feature space using advanced classification 
algorithms. Actually, GMM itself can be used for classification; however, there are two main 
drawbacks in it, which are: first, to deal with non-linearity in the data distribution, we hope 
the classification boundary can be anyhow complex so as to make accurate classification. 
GMM classification hyperplane is limited by ellipse-shape. Second, Gaussian models, as we 
know, are vulnerable to outliers in data, which implies one Gaussian model in GMM can be 
composed by the samples with different categories. In such case, we have to adopt more 
complex classification schemes to split the data even there are initially assigned within same 
Gaussian cluster. In this study of echoes analysis for condition assessment, we compared 
several widely applied classifiers, including logistic regression (LR), support vector machine 
(SVM) and random forest (RF) [14]. I present basic formulation of those algorithms as 
follows. 
The logistic regression estimates w that minimize cross entropy error for training data.  minw E岫w岻 = 怠� ∑ ln岫な + exp岫−検�拳′��岻岻��=怠 + �� 拳′拳 ,                    (6) 

where w’w is the L2 regularizer that aims to reduce the model variance. Support vector 
machine is developed based on large-margin protocol and hinge loss was introduced to 
design error function. The objective function of SVM can be written as: minw E岫w岻 = � ∑ ξ���=怠 + 怠態 拳′拳,     s. t.  検�岫拳′�岫�券岻 + 決岻 > な − ξ� and ξ� > ど for 券.  (7) 
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Sequential minimal optimization (SMO) is used for solving (soft margin) SVM problems.  
Random forest (RF) is another classification scheme which is developed through different 
path from LR and SVM. It uses random sampling technique on training dataset and fusion 
results between various simple classifiers, e.g. decision trees (DT) [15]. In recent data mining 
contests, RF achieved good results and thus we include this method in this work.  

4 EXPERIMENTAL VALIDATION ON REAL DATA 

To validate effectiveness of the proposed hammering echo analysis scheme for concrete 
condition assessment, we captured hammering echo sound data from testing concrete blocks 
with 2cm, 4cm and 6cm void inside. In Fig. 6 left chart, we show a chart of the test concrete 
blocks with defects inside. Hammering sounds were collected on both normal regions and 
defect areas according to the design map of test concrete blocks.  
 

    
Figure 6: Photo of testing concrete blocks (left) and hammering echoes captured which were mixtured with 0dB 

traffic noise 
 
For hammering sound capture, sampling rate and resolution were set to 44.1kHz and 16bit, 
respectively. For both normal and three types of defects, we collected approximately 30 
hammering sounds for each. Notably, from the surface all regions look all right, and there is 
no crack or any other clue for flaw. Normal impact sounds are collected by hammering at 
different locations, including both center and edge of normal areas. In addition, to validate 
the noise robustness of proposed approach, we added traffic noises to original data with 0dB 
signal to noise ratios (SNR) which is demonstrated in Fig. 6 right chart. The goal is to detect 
all defects through hammering echo analysis under the noisy condition.  
For the parameter settings in our experiments, in Fourier transform, we selected the analysis 
window length to be 1024 points, which equals to 23.2 milliseconds, and thereafter, we 
obtain echo feature vectors with dimension of 513, covering frequency bands from 0 to 
22050Hz. We built the uniform filter bank using 30 band pass filter with half range 
overlapping. Then, the echo feature dimension is reduced to 30. Then we fit the echo features 
to GMM model so as to model all echoes distribution in the feature space. In this experiment, 
we adopted 10 Gaussian models to build echo pattern space. At classification stage, radial 
basis function (RBF) kernel was employed which can enhance linearity of data distribution 
through higher dimension mapping. For the random forest model, we used 500 decision trees 
and the final result is obtained by voting between all trees’ output.   
To clarify contribution of using Bag-of-echoes model, we show the detail of mid-level 
feature extraction. After constructing GMM model for all echoes, we input the label 
information from experts to data, which is demonstrated in sec. 3.2.3. Such expert-induced 
label information, e.g. OK/ not good (NG), is shown in Fig. 7 in terms of colors, of which 
dark and blue mean OK labels and red and magenta indicate NG.  
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Figure 7: Estimated GMM for all Echo features and labeled sub-Gaussian clusters. 

From Fig. 7, we can see that by coloring the Gaussian sub-clusters in GMM through labeling, 
we can observe some discrimination for all echoes. However, more complex classification 
boundary is required to separate joint regions of data distribution for obtaining high 
classification accuracy.  Then, we randomly selected 10 percent of all echoes and combine 
them with GMM centroids to train classifiers, i.e. LR, SVM and RF. To obtain more 
statistical significant results, we performed 10-folder cross-validation experiments and the 
averaged echo-defect classification accuracies are presented in Fig. 8. 
 

 
Figure 8: Classification accuracy by using different classifiers for echo analysis 

From results comparison, we can see logistic regression performed worst, which is in 
accordance with many evaluations, since the non-linear classification ability is relatively 
weaker. SVM and RF got much better results. For SVM, the performance could be further 
improved, if more parameters can be tested in kernel design. Random forest achieved best 
performance which is 98.18% and it is noteworthy that since many (500) decision trees were 
used, speed is not high. We employed paralleled RF in experiment to improve efficiency.  
 

5 CONCLUSIONS 

In this study, we have introduced a novel framework to analyze hammering echo sound so as 
to assess health condition of concrete structures. The proposed data-driven hammering echo 
sound pattern classification approach delivered several key merits to real applications, such 
as through modeling all echoes by GMM, most representative echoes can be selected for 
labeling. By holding those key samples with labels, predominant distribution of echoes can 
be outlined. Then, we can further make finer classification through using advanced 
classification techniques and we have evaluated logistic regression (LR), support vector 
machine (SVM) and random forest (RF). For testing echo sounds, we added strong traffic 
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noises with 0dB intensity to mimic real challenging conditions. According to the 
experimental results, the proposed framework achieved favorable accuracies using effective 
classifier of random forest. There are some additional issues related to this work, e.g. 
discriminant power enhance filter bank design to replace uniform bank on frequencies and 
better code book generation than using GMM.  Those will be our future study topics.  
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