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Nondestructive damage detection of concrete

with alkali-silica reactions using coda wave and
anomaly detection

Taeyong Shin, Hongbin Sun, Jinying Zhu, and Ying Zhang

Abstract— An anomaly detection model for early damage de-
tection for concrete structures undergoing alkali-silica reaction
(ASR) is presented. It is difficult to detect ASR initiation and
early damage without a reference expansion measurement. Coda
waves, or the multiply scattered portion of ultrasonic waves, have
been found to be indicative of small changes in complex material
such as concrete. The relationship between concrete damage and
relative velocity change and decorrelation of coda waves has been
studied, but a generalized model which detects when damage
occurs in a concrete structure is still lacking. The presented
method uses features extracted from coda waves to detect early
damage in concrete structures. The model uses unsupervised
learning and only requires data from undamaged structures for
training. During the training process, the reconstruction error
of the training data is minimized. When the data collected from
damaged concrete structures is used as an input of the model, it
returns high reconstruction errors that indicate the occurrence of
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damage in the structures. The performance of the model is validated using experimental studies and has been shown to

generalize across two different ASR specimens.

Index Terms— anomaly detection, ultrasonic coda wave, concrete, alkali-silica reaction

[. INTRODUCTION

LKALI-silica reaction (ASR) is a chemical reaction that

occurs between the reactive silica present in aggregates
and the alkali components present in the cement of concrete
structures. The reaction produces a gel that causes tensile
stress within a concrete structure, leading to crack initiation,
propagation, and eventual failure [1]. ASR is a major issue
for many existing concrete structures including bridges, dams,
and power plants. However, because ASR is a slow process, it
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may take many years before surface cracks are observable. At
this point, it may be difficult to inhibit the progress of ASR
damage [2]. Therefore, a method to detect the small changes
in the material before the damage is too extensive is required.

Many researchers have investigated using coda waves for
detecting small changes in concrete structures. The word coda,
which has been adopted from the seismological community,
refers to tail of a seismogram after an earthquake [3]. The
tail consists of late arrivals affected by interference of various
wave trajectories. Similarly, coda can be observed in ultrasonic
signals, which have passed through a solid structure and have
late arrivals caused by scattering within the material. The
scattered waves spend a longer time in the material than direct
waves and have been found to be more sensitive to small
changes in the material [4].

Numerous methods have been investigated by researchers
[4], [5], [7]-[13] to monitor damage in concrete using coda
wave based on the velocity variation and decorrelation of coda
waves. Zhang et al. [7] have found that the velocity variation
of coda waves is inversely proportional to the tensile stress,
demonstrating the ability to estimate tensile stress changes
in concrete. Larose and Hall [12] have suggested that weak
stretching and strong distortion of coda waves may indicate a
change of structure rather than a global velocity change. These
trends of coda wave change have been used to characterize
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changes in concrete.

However, there is still a need for a generalized method that
can determine when damage occurs in real time based on coda
wave measurements provided by a structural health monitoring
system. Some researchers have attempted to develop methods
to monitor damage. Most methods have focused on demon-
strating that measured coda wave features are related damage
indicative measurements such as applied stress or expansion.
For example, in [5]-[7] the authors showed that there is a
correlation between coda wave features, such as velocity vari-
ation and the slope of velocity variation, and damage in con-
crete specimens. These methods have showed that coda wave
features will change as more load is applied to concrete spec-
imens. A greater amount of load applied resulted in a greater
amount of change in the coda wave features. However, because
acousto-elasticity depends on the make-up of the material, the
amount of change caused by a specific amount of applied load
varied from sample to sample [4]. For example, a feature
value change of 5% may be indicative of damage for one speci-
men but not for another. Furthermore, in [11], Zhang et. al dis-
cuss a method of monitoring stress and damage development
on a 15-ton concrete beam undergoing a four-point bending
test. By using kernels of diffuse waves to describe the spatial
sensitivity of ultrasound to local elastic and structural changes,
an imaging procedure to locate and map changes occurring
in a 15-ton concrete beam has been proposed. This method
however, also requires parameters that are obtained using on-
site measurements to develop their model. The study proposed
in this paper focuses on developing a more generalized damage
detection model that requires only measurements from some
concrete specimens in undamaged states, and can be applied
to other specimens to predict the initiation of damage using
the coda wave measurements collected in real time.

Anomaly detection is a potential approach for detecting
the occurrence of damage in various applications. Anomaly
detection refers to the problem of finding patterns in data
that do not conform to the expected behavior [14]. Correctly
identifying areas which deviate from the norm is an important
problem in many applications. For example, Jiang and co-
authors suggested using reconstruction-error based anomaly
detection for defect detection of wind turbines [15]. Alex et. al.
proposed an anomaly detection method to detect brain lesions
using magnetic resonance images [16]. In the structural health
monitoring field, Chow et. al. proposed using a convolutional
autoencoder to detect surface cracks in concrete structures
using image data [17].

The studies mentioned above use a reconstruction-error-
based anomaly detection. The advantages of such a method
is that a model can be trained without the need for labeled
data and that it has been shown to generalize across different
specimens. For many applications, normal data is abundant
and can be readily collected. However, anomalous data can be
scarce, hard to collect, and hard to identify. A reconstruction-
error-based anomaly detection method is not hindered by
this issue as it only requires normal data for training of the
model. Any sufficient deviation from the normal training data
is considered to be an anomaly, suggesting a change in the
material. A major disadvantage of reconstruction-error-based

anomaly detection methods is that a large number of training
samples are required. However, this should not be an issue as
data from undamaged concrete structures is readily collectable.

Inspired by previous work, a reconstruction-error-based
anomaly detection method is proposed for detecting ASR
damage initiation in concrete. The method is based on an
autoencoder that utilizes convolutional and recurrent layers,
hereon referred to as the Long Short-Term Memory Convolu-
tional neural network (LSTM-CNN) autoencoder. The LSTM-
CNN autoencoder attempts to extract the representational and
local features of relative velocity variation and decorrelation
of coda waves. Then, by using a reconstruction-error based
anomaly detection method, a model is developed to identify
crack initiation in concrete. Experimental studies are con-
ducted for model development and validation of the model’s
effectiveness.

[I. METHODOLOGY

A reconstruction-error based anomaly detection method is
proposed to detect the initiation of ASR damages in concrete
using coda waves. Instead of using the raw coda waves
as inputs for the anomaly detection model, small input se-
quences are created using the damage indicative traits, velocity
variation, and decorrelation, since certain behaviors of the
velocity variation and decorrelation have been shown to be
representative of changes in complex material. An autoencoder
is used to extract the features of the velocity variation and
decorrelation sequences. Then, using these extracted features,
the autoencoder is trained to reconstruct the input sequence.
The reconstructed sequences are compared to the original input
sequences using mean-squared error to obtain a measure of
reconstruction error. The reconstruction error is then used to
determine whether or not an input sequence is anomalous. Fig.
1 illustrates the main steps of the reconstruction-error-based
anomaly detection method.

A. Damage Indicative Features

1) Coda Wave Interferometry: Coda waves are an ensemble
average of all the waves coming to the ultrasonic sensor from
any direction. The early portions of the signal represent the
waves from the shortest path between the transducer and the
receiver. The later portions have traveled further through the
material and have been subject to multiple scatterers [18].
Because the later portions propagate further and are more
affected by scatterers in the material, they have been shown
to be more sensitive to small changes in the material. This is
illustrated by Fig. 2. Although the early portions of the signals,
shown in the top inset of Fig. 2, are almost identical for both
the reference signal, collected before changes occur within
the material, and the perturbed signal. The later portions (coda
waves), shown in the bottom inset of Fig. 2, show a significant
difference (amplitude and phase), indicating changes in the
material.

ASR-induced microcracks may not be readily detected by
conventional ultrasonic methods using coherent waves at the
early stage, but these small changes could be captured by the
coda wave which is the result of wave multiple scattering on
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Fig. 1. Flowchart of steps using the LSTM-CNN Autoencoder for anomaly detection

these microcracks. The coda wave could amplify these small
changes in concrete. Therefore, coda wave could be used for
monitoring the ASR development in concrete.

The technique of analyzing the small changes in the coda
wave is called coda wave interferometry (CWI). Snieder et
al. proposed a method to determine this velocity change in
solid materials by correlating two similar signals collected
on a structure at different times [18]. The signal collected
first is used as the reference signal, sy(t), as it is collected
before a change, or a perturbation occurs in the material. The
second signal is referred to as the perturbed signal, s (t). Then,

Lobkis and Weaver proposed a more stable method called
the stretching method [20]. For this method, a longer time
window, T, is used to compare the reference signal and the
perturbed signal than Snieder et al’s original method. It is
assumed that the relative velocity change is constant within
the time window of interest. A stretch factor, €, is used to
stretch the perturbed signal to correlate with the reference
signal. The optimal stretch factor, €,, which maximizes the
correlation coefficient between the reference signal and the
stretched perturbed signal, shown in Fig. 3, is the relative
velocity variation. The correlation coefficient between the two
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Fig. 2. Reference and perturbed signals for a concrete block. The top
inset shows early portion of signals from 0.1ms to 0.12ms, and bottom
inset shows later portion of signals from 0.55ms to 0.57ms.
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Fig. 3. CCy vs Epsilon of coda waves shown in Fig. 1.

signals is calculated using (1).
J- Tq/“iz sk(
T/2 $2(
VI 5k
This velocity variation feature has been shown to increase un-
der compressive stress and decrease under tensile stress, ex-
hibiting its ability to detect damage in concrete structures [5].
A test conducted with noise introduced into the signal have
also shown that velocity variation is robust to noise and can be
retrieved as long as a certain portion of the sources is stable
[21].

2) Coda Wave Decorrelation: Changes in solid materials,
such as concrete, have been found to not only cause amplitude
differences and phase shifts, but also cause distortion of
signals. Velocity variation best captures the phase changes
between the reference signal and perturbed signal, while
decorrelation has been found to be a better representation
of distortions induced by cracks. Coda wave decorrelation

(CWD) calculates the residual distortion of the signal after
phase changes have been accounted for as shown in (2) [10].

Kd=1—-CClleo) )

t(1+¢€))so(t)dt

1+e) dthi/“% s3(t)dt

CC =

D

In the example shown in Fig. 3, the maximum correlation
coefficient occurs at the stretching factor 0.0015 with the

decorrelation 1-0.9406=0.0594. Because the decorrelation is
calculated after accounting for velocity variation, it is a mea-
sure of changes in the coda wave caused by factors other than
temporal stretching, such as distortion by localized defects.
3) Reference Updating Algorithm for Coda Wave Feature
Extraction: If too much distortion is present, CWI fails as
the velocity variation calculations are no longer meaningful.
To combat this issue, researchers have proposed a variety of
methods to update the reference signal when necessary. In
[22], Zotz-Wilson et. al proposed using a rolling reference,
in which a new reference is chosen after a predetermined
number of measurements. Niederleithinger et al. proposed two
methods of updating the reference. First, they proposed a
stepwise method, in which the reference signal is updated
after each measurement. Second, they proposed an automated,
data-driven procedure for selecting a new reference signal
for coda wave interferometry [8]. The authors propose that
when the correlation coefficient found using CWI exceeds a
predetermined threshold, the reference should be switched to
the current signal. The proposed automated method has been
shown to decrease the number of reference changes compared
to the rolling reference method or the stepwise method, and
have shown to reduce rounding errors associated with frequent
reference changes. In this paper, that threshold is chosen as
0.9, similar to the value used in [28], and the reference is
updated when correlation coefficients fall below this value.

B. Reconstruction-Error Based Anomaly Detection

For early damage detection in concrete, an autoencoder was
trained to reconstruct short sequences of velocity variation
and decorrelation collected on undamaged control specimens.
More information about the control specimen is provided in
section III. The autoencoder consists of an encoder-decoder
network. The encoder portion of an autoencoder extracts
features from the input by reducing the input data to a lower
dimensional representation. The decoder portion then uses this
lower dimensional representation to reconstruct the original
input. This encoder-decoder network is trained to minimize
the error of this reconstruction. The reconstruction error of
each feature is found using the mean squared error (MSE)
equation given by (3), where y; is the input data point and y;
is the reconstructed data point.

MSE = an(y bi)? 3)
- K3 K3
i

The reconstruction errors of the two features are then
averaged to gain an overall reconstruction error of the data.

If such a network is trained only on normal data, or in our
study data collected from undamaged concrete structures, the
model will be able to reconstruct data from undamaged con-
crete structures with very small reconstruction error. However,
if the model is used to reconstruct input data representative of a
damaged structure, the model will return a high reconstruction
error [14]. Therefore, the reconstruction error of the model can
be used as a damage indicator.

To utilize the time-dependent patterns of the coda wave
features, the coda wave features were organized into se-
quences. The sequences were created using a fixed-width
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sliding window of length sixteen and a sliding step size of one.
To further preprocess our data, each feature was normalized
using a Min-Max scaling method to normalize the features of
the training data from zero to one. The preprocessed sequences
were then used as inputs for our LSTM-CNN autoencoder.

Furthermore, to determine if an input sequence is an
anomaly, or damaged, a reconstruction error threshold must
be chosen to make a binary classification. If the reconstruction
error falls below the threshold, it is classified as normal, or
undamaged, and if the reconstruction error falls above the
threshold it is classified as anomalous, or damaged. This
threshold is chosen during the training. During training, the
reconstruction error of every sequence in the training set is
collected. The threshold was then chosen using the interquar-
tile range (IQR). IQR is often used to measure the statistical
dispersion and data variability of data by dividing the data into
quartiles based on their magnitude. Q1 is defined as the median
of the bottom half of the data set based on magnitudes, Q2 is
defined as the median of the entire data set, Q3 is defined as
the median of the top half of the data set, and Q4 is defined
as the maximum value of the entire data set. The interquartile
range is defined as the difference between the Q3 and Q1, or
IQR=Q3-Q1. A standard method of identifying anomalies in
data uses (Q3+1.5xIQR) to determine the threshold [19].

Lastly, for our implementation, a specific date was consid-
ered anomalous only if every sequence including data from
that date returned a reconstruction error greater than the
threshold. Because the length of an input sequence of our
model is sixteen, a date is considered an anomalous date only
if sixteen consecutive sequences including the corresponding
data return reconstruction errors exceeding the threshold. This
criterion was enforced for the anomaly detection method
because we are not worried about point outliers, but are more
concerned with collective outliers. A point outlier is a single
point which extremely deviates from well defined norms. A
collective outlier, on the other hand, group of data points
that fall extremely far from well defined norms of a data
set [23]. Point outliers can occur due to reasons that do not
necessarily indicate damage in concrete. Sensor malfunctions
and environmental changes, for example, can cause point
outliers in the measured data when there is no damage to
the concrete specimen, but data measured from a damaged
concrete specimen will exhibit a shift in the data through
consecutive measurements. Using this criterion, the training
data returns no anomalous dates, which will be discussed in
section IV. Although about 10% of the samples exist above the
threshold, there are no instances for which there are more than
sixteen consecutive samples exhibiting reconstruction errors
above the chosen threshold.

C. Autoencoder Architecture

For the proposed autoencoder, a recurrent layer and a 1-d
convolutional layer are used due to the nature of our data.
The two main advantages of using a convolutional layer
are their computational efficiency as well as their ability to
extract features from raw data, while recurrent layers have
the advantage of being able to capture changes over time. To

TABLE |
LSTM-CNN AUTOENCODER HYPERPARAMETERS

Layer # | Layer Type # of Units | Output Shape
1 Input N/A 16 x 2
2 LSTM 32 16 x 32
3 ConvlD & MaxpoollD 32 8 x 32
4 LSTM 16 8 x 16
5 ConvlD & MaxpoollD 32 4 x 16
6 LSTM 4 4 x4

7 ConvlD 4 4 x4

8 LSTM 4 4 x4

9 UpsamplinglD & Conv1DTranspose | 16 8 x 16
10 LSTM 16 8 x 16
11 Upsampling1D & Conv1DTranspose |32 16 x 32
12 LSTM 32 16 x 32
13 Time Distributed Fully Connected 2 16 x 2

determine the number of hidden layers, the number of nodes,
and the number of epochs that the model is trained, 3-fold
cross validation was used. Only the control data was used for
training and validation. After determining the aforementioned
hyperparameters, the model was retrained on the entire control
data set for optimal model performance [24].

1) Convolutional Layers: Convolutional layers perform a
convolution operation using kernels, or a small matrix of
weights, of a predefined size. The kernel slides over the input
data computing the dot product, or convolving, with the part
of the input it is currently on. For example, given a kernel, w,
of length p and an input matrix, x, the resulting matrix, s, of
the convolution operation for a 1-dimensional matrix is given
by (4).

p—1
hli] = x[i + klwl[k] G))
k=0

This operation produces an activation map of that kernel.
The activation maps act as filters which activate when a
specific feature is detected at some spatial position in the input.
The filters are therefore able to detect patterns occurring in
groups equal to the size of the kernel. By using a different
kernel size for each convolutional layer, both general features,
learned by using a larger kernel size, and more local features,
learned by using a smaller kernel size, can be extracted
from the raw data [25]. Because our data is sequential, a 1-
dimensional convolutional layer was used, and zero-padding
was used to maintain the shape of the input data.

2) Recurrent Layers: Recurrent layers make use of informa-
tion from the input x; at time t as well as information from
the previous hidden state /;_1, allowing the network to hold
information about previous inputs in the sequence. This makes
recurrent layers ideal for sequential data. The hidden state, Ay,
of the recurrent neural network is found using (5) where W,
and W), are matrices learned during the training process and
f is the activation function.

hy = f(Waxy + Whhy—1) (5)

However, the vanilla RNN has been found to face the
vanishing gradient problem when dealing with long-term de-
pendencies. Therefore, for this model long-term short-memory
(LSTM) layers were used as the recurrent layers. The LSTM
layer makes use of gates, the forget gate, the input gate, and
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the output gate, to regulate the cell state to allow learning of
long-term dependencies. The forward pass of the LSTM layer
is given by:

fi = oWz, + W}(Lf)hF1 + b)) 6)

iy =o(WWaz, + W}Ei)ht_l + b)) (7

0p = (W Dz + W hyy + b)) (8)

et = fi @ com1 +ip © tanh(W Sz, + W}(LC)ht—l + b)) (9)
hy = 0y © tanh(cy) (10)

Here, b refers to the bias value, W, refers to the weights,
and the superscripts f, i, and o describe which gate the
bias and weights refer to, the forget gate, input gate, and
output gate respectively. Furthermore f;, i;, and o; are the
activation vectors of the forget gate, input gate, and output
gate respectively, and c; is the cell state.

3) Model Implementation: For the proposed model, a time-
step of sixteen was used to create short sequences of velocity
variation and decorrelation which represent the current status
of a concrete specimen, as described in II-B. Then, these
short sequences were used as inputs for the autoencoder
anomaly detection model. After experimenting with different
architectures, a LSTM-CNN model has been found to perform
better than a CNN-LSTM model. Zhang et al. have also found
this to be true in their model for text classification. They have
found that a LSTM-CNN model causes lower feature loss than
CNN-LSTM models [26].

For the encoder part of the encoder-decoder architecture,
LSTM layers were first used to generate a new encoded
sequence containing temporal features of the original input
sequence. Next, convolutional layers were used to extract time-
invariant, spatial features from the output of the LSTM layer
before it. Then, a maxpooling layer was used to reduce redun-
dant features found by the preceding layers and to reduce the
dimensionality. The process was then repeated on the features
extracted by the convolutional layer and maxpooling layer.
A LSTM layer was used to generate an encoded sequence
containing temporal features from the features extracted by
its preceding layers and a convolutional and maxpooling
layer followed that LSTM layer. The decoder part of the
encoder-decoder architecture was the inverse of the encoder
structure, where a transpose convolutional layer was used as
the inverse of the convolutional layer and an upsampling layer
was used as an inverse of the maxpooling layer. The model
architecture is shown below in Fig. 4. The hyperparameters of
the autoencoder model is shown in Table I.

[1l. EXPERIMENTAL SETUP AND DATA COLLECTION

Experimental data collected on control and ASR concrete
specimens were used to develop and test the performance of
the autoencoder anomaly detection model. The data include
expansion measurements and ultrasonic signals. The measured
expansions were used to indicate damage initiation in each
reactive specimen. Ultrasonic signals were used to calculate
velocity variation and decorrelation using CWI and CWD re-
spectively before being restructured as inputs for the anomaly
detection model.
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‘ ------------------------------- Decoding
Time Distributed FC Layer 13

\/\ —\ | Output
(\ /NM 16x2

Fig. 4.  Anomaly detection model architecture where FC is a fully
connected layer.

A. Concrete Specimens

Four concrete samples with dimensions 0.3m x 0.3m x
1.12m were cast. Two control specimens contained non-
reactive coarse and fine aggregates while two reactive speci-
mens contained reactive coarse aggregates and sodium hydrox-
ide (NaOH). NaOH solution was added to boost the alkali
content to promote rapid ASR in the two reactive samples.
Furthermore, one of the control specimens and one of the
reactive specimens were reinforced with No. 6 (diameter: 19
mm) headed reinforcement steel to constrain the expansion in
the longitudinal and vertical directions. These specimens are
herein referred to as the confined specimens. The images of the
exterior of the specimens and configuration of reinforcement
bar inside the confined specimens are shown in Fig. 5. More
details about the concrete samples can be found in reference
[27].
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Fig. 5. (a) Concrete specimens placed in the chamber (b) configuration
of the reinforcement bar inside the confined specimens [27], [28].
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Fig. 6. Sensor positions on concrete specimens [28].
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Fig. 7. Expansion of (a) unconfined control and reactive specimens (b)
confined control and reactive specimens (L: longitudinal direction (x); T:
transverse direction(y); v: vertical direction (z); UC: unconfined control
specimen; UR: unconfined reactive specimen; CC: confined control
specimen; and CR: confined reactive specimen).

The concrete specimens were moist cured for a minimum
of 28-days. Expansion measurements indicate that the ASR
reactivity was very low during the curing time. After curing
was completed, the samples were moved to an environmental
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Fig. 8.  Comparison of (a) velocity variation and (b) decorrelation

between reconstructed values and calculated values using S1 data
collected from unconfined control specimen using proposed method.
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Fig. 9. Reconstruction error of training data

chamber and exposed to a high temperature (38°C) and high
humidity (95%) condition. Demountable mechanical strain
gauge (DEMEC) targets were installed on each surface of
the samples in two directions. The expansions were measured
using DEMEC strain gauges (Mayes Instruments Limited, UK)
every two weeks when the chamber was shut down, and the
internal and surface temperatures of all samples were dropped
to 23°C [29].
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Fig. 10. Reconstruction errors of (a-c) unconfined reactive specimen and (d-f) of the confined reactive specimen (Top: S1, Middle: S2, Bottom: S3

respectively).

TABLE Il

FIRST ANOMALY DETECTION DATES FROM ALL SENSORS ON ASR
SPECIMENS USING LSTM-CNN AUTOENCODER

Reactive Specimen Type | Sensor Location Anomaly Detection Date
(days since conditioning)
Unconfined S1 79
S2 77
S3 92
Confined S1 79
S2 73
S3 79

B. Sensor Setup

Three ultrasonic sensors (R61-AST and R151-AST, Physical
Acoustic, NJ, USA) were installed on each of the four concrete
specimens to act as ultrasonic receivers, as shown in Fig. 6.

TABLE Il

FIRST ANOMALY DETECTION DATES FROM ALL SENSORS ON ASR
SPECIMENS USING ONE-CLASS SVM

Reactive Specimen Type | Sensor Location Anomaly Detection Date
(days since conditioning)
Unconfined S1 76
S2 62
S3 75
Confined S1 71
S2 60
S3 71

A piezoceramic (PZT) disk (T) was installed on the right-side
surface to act as the ultrasonic transmitter and was positioned
opposite to sensor S1. During different phases of the exper-
iment, specific sensors were activated to receive ultrasonic
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Fig. 12. Axial expansion measurements of (a) transverse axis of sides
C and D of the unconfined reactive specimen (b) transverse axis of sides
C and D of the confined reactive specimen (T: Transverse Axis).

signals from the transmitter. At 1:05 a.m. and 1:05 p.m. every
day, an ultrasonic pulser/receiver (Olympus 5077PR) emitted
square wave pulses to drive the transmitter around a central
frequency of 100 kHz. The transmitted signals were then
received by the activated sensors. The received signals were
digitized by an oscilloscope (PICO4262) with a sampling rate
of 10 MHz [28]. In this paper, the data collected at 1:05 a.m.
of a day is labeled as the measurement on that day, and the
data collected at 1:05 p.m. is labeled as the measurement half
day past that day. For example, measurements taken at 1:05
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Fig. 13. Decision boundary of one-class SVM for (a) training data (b)
testing data of S2 data from unconfined reactive specimen

TABLE IV
FIRST ANOMALY DETECTION DATES FROM ALL SENSORS ON ASR
SPECIMENS USING STANDARD AUTOENCODER

Reactive Specimen Type | Sensor Location Anomaly Detection Date
(days since conditioning)
Unconfined S1 77
S2 62
S3 75
Confined S1 71
S2 63
S3 71

am. and 1:05 p.m. on day 20 are labeled as measurements
on day 20 and day 20.5 respectively. Details of the ultrasonic
monitoring system are described by Sun [28].

C. Concrete Expansion

Fig. 7 shows the expansion of each specimen that were
taken every two weeks. Both control specimens showed very
little expansion throughout the duration of the experiment. The
reactive specimens showed very little expansions before day
69, but exhibited a sudden increase in expansion after day 69,
as shown by the change in slope. The day at which the slope
of the expansion began to increase significantly, between days
69 and 84, was used to represent the estimated date of damage
initiation [28]. For both reactive specimens, the expansion
measurements show a significant increase between days 69
and 84. The trend is most noticeable in the vertical expansion
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Fig. 14. Comparison of (a) velocity variation and (b) decorrelation be-
tween reconstructed values and calculated values using S1 data col-
lected from unconfined control specimen using a standard autoencoder.

measurements, which had the largest increase during the
experiment.

D. Data Set Composition

The experiment for this paper was conducted using seven
different data sets, one training data set and six testing data
sets. The training data consists of all of the data collected for
the two control specimens, the unconfined control specimen
and the confined control specimen. For the unconfined control
specimen, S1 collected 709 samples, while S2 and S3 only
collected 116 samples as they were removed during the exper-
iment. For the confined control specimen, which only had one
sensor S1, 593 samples were collected. After rearranging the
data from each of the sensors into sequences of length sixteen
and then combining them, the total number of sequences used
for training was 1474.

For the testing data sets, data from each sensor of each
reactive specimen comprised its own testing data set, resulting
in a total of six testing data sets. Furthermore, because we
are focused on when the initial damage occurs in concrete
specimens undergoing ASR damage, only the data from the
first four months of the experiment was used. Each sensor of
the reactive specimens collected 116 samples, resulting in 101
sequences used for each testing data set.

V. RESULTS AND DISCUSSION

As described in section II-B, the reconstruction-error based
anomaly detection model is developed using the data from the
two control specimens. Using the model described in section
II-C.3 the model was able to achieve a low training loss
of 0.000198. To visualize how well the model reconstructs
the velocity variation and decorrelation values of the training
data, the reconstructed values are compared with the calculated
values from the measurements in Fig. 8 using sensor S1 from
the unconfined control specimen as an example.

The reconstruction error of the model using the training
data, shown in Fig. 9, is used to choose the reconstruction
error threshold for the model. Using the IQR, as described
in section II-B, the threshold is chosen to be 0.000470. The
reconstruction error threshold will be then used to determine
which input data sequence is anomalous. Sequences which
returned a reconstruction error greater than the threshold will
be classified as anomalous while sequences which returned
reconstruction errors less than the threshold will be classified
as normal.

The trained anomaly detection model is then applied to data
collected from different sensors on the reactive specimens to
test the model’s ability to detect early damage in concrete
structures undergoing ASR. The reconstruction errors of the
model for each sensor from each reactive specimen and its
corresponding first anomaly detection date are shown in Fig.
10. As demonstrated in Figure 10, for each sensor, the recon-
struction errors of most data points are below the threshold
before the first anomaly detection date, which can be more
clearly observed in Fig. 11, a zoomed-in plot before the first
anomaly date of S2 from the unconfined reactive specimen. On
average, only twenty-one sequences had reconstruction errors
above the threshold before the first anomaly detection date,
and the average reconstruction error before the first anomaly
detection date was 0.0043. The average reconstruction error
before the first anomaly detection date is boosted by a few
points which had large reconstruction errors. These samples
with unusually large errors occurred right after chamber shut-
downs, which were necessary for expansion measurements and
sensor reinstallations. The effect of the chamber shutdown may
have contributed to these large errors before the first anomaly
detection date. Furthermore, although the reconstruction errors
of some data points before the first anomaly date are above the
threshold, they are not, however, classified as anomaly dates
because they do not satisfy the criterion of having sixteen
or more consecutive data points over the threshold, as stated
in section II-B. After the first anomaly detection date, in
general, the reconstruction error of each sensor does not fall
below the threshold, and tends to increase with time. The
average reconstruction error after the first anomaly detection
date is 0.1791, which is significantly larger than the average
reconstruction error before the first anomaly detection. The
first date that anomalies were detected by all sensors are also
summarized in Table II. From Table II we can see that the
first anomaly detection dates of all sensors except S3 from
the unconfined specimen are within the date range (between
days 69 and 84) during which the average expansion begins to
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increase significantly as demonstrated in Fig. 7. These results
demonstrate the feasibility of using the developed LSTM-CNN
autoencoder model and the coda wave signals to detect early
damage in concrete structures.

In addition, Table II shows that the date at which each sensor
detects the first anomaly may vary. The variation of anomaly
dates detected by different sensors may be explained by the
sensitivity kernels of coda-wave interferometry that show high
sensitivity around the direct path between source and receiver
[30]. Use S1 and S3 as examples. Since the transmitter was
placed opposite to S1 and S1 is closer to side C of each
specimen, the anomaly date detected by S1 might be more
correlated to the transverse expansion measured on side C,
compared with that detected by S3. Similarly, the anomaly date
detected by S3, which is closer to side D of each specimen,
might be more correlated to the transverse expansion measured
on side D. This phenomenon is observed in both unconfined
and confined reactive specimens.

As shown in Fig. 12(a), for the unconfined specimen, the
transverse expansion measured on side C shows a significant
increase between measurements taken on day 69 and day
84, while that on side D does not start to increase signifi-
cantly until between days 84 and 97. Accordingly, S1 detects
anomaly on day 79, earlier than S3 that detects anomaly on
day 92. For the confined specimen, as shown in Fig. 12(b),
the transverse expansion measurements on both sides C and
D start to increase significantly between days 69 and 84. As
a result, both S1 and S3 detect anomaly on the same day.

As a baseline comparison anomaly detection using the same
coda-wave features was conducted using an one-class support
vector machine (SVM). For the one-class SVM a radial basis
function (RBF) kernel was used for non-linear mapping and
the parameter v, which determines the upper bound on the
fraction of outliers and the lower bound on the number of
support vectors [31], and the parameter v of the RBF kernel
which determines how far the influence of a single training
example reaches, were tuned so that the radius of the decision
boundary containing most of the data was minimized [32]. A
v value of 0.05 and a + value of 10 best minimized the radius
of the decision boundary while containing most of the data as
shown in Fig. 13.

The distribution of the control data, as well as the decision
boundary determined by the one-class SVM can be seen in
Fig. 13(a). From the figure it can be seen that there are three
main clusters of data for the training data set. The boundary
decision encompasses most of the middle cluster and extends
towards the cluster to the right which has a higher density than
the cluster to the left.

The distribution of the testing data for S2 of the unconfined
reactive specimen and the decision boundary can be seen in
Fig. 13(b). A few of the points lie within the decision bound-
ary, but majority of the data exists outside of the decision
boundary as the velocity variation decreases far more for the
unconfined reactive specimen. Fig. 13(b) showed the results
obtained using the testing data for S2 of the unconfined re-
active specimen, because it deviated most significantly from
our expectations, but the results using all of the sensors are
summarized in Table III.

The one-class SVM detected anomaly dates that were gen-
erally earlier than that of the proposed method. In particular,
S2 of both the unconfined and confined reactive specimens
detected an anomaly much earlier than the expected damage
date, day 62 and 60 respectively. Based on the expansion of the
reactive specimens in Fig. 7, there is little evidence to suggest
damage is occurring before day 69, suggesting that the one-
class SVM is detecting anomalies before damage occurs.

Another method used as comparison to the proposed method
was a reconstruction-error-based anomaly detection method
using an autoencoder with no recurrent or convolutional layers.
The same training and testing steps were taken for this method,
and the anomaly detection dates using this method but a
training loss of only 0.000713 was achieved, more than three
times greater than the training loss achieved by the proposed
method. First anomaly detection dates have been summarized
in Table IV. To visualize how well this model reconstructs
the velocity variation and decorrelation values of the training
data, the reconstructed values are compared with the calculated
values from the measurements in Fig. 14 using sensor Sl
from the unconfined control specimen as an example. As seen
in Fig. 14, the standard autoencoder which does not include
recurrent or convolutional layers was unable to reconstruct the
input sequences as accurately as the proposed method, as seen
in Fig. 8. The first anomaly detection dates for the standard
autoencoder method as shown in Table IV is very similar to
that of the one-class SVM method. As stated before, it is
unlikely that a change occurred in the material before day
69, suggesting that the two comparison methods are detecting
anomalies before damage has occurred.

V. CONCLUSION

An anomaly detection model based on coda waves is inves-
tigated for early damage detection of concrete structures un-
dergoing ASR, and its feasibility is demonstrated. The model
trained on data from multiple undamaged concrete structures is
used to detect early damage in two different ASR specimens.
By making use of the advantages of convolutional and recur-
rent layers, an autoencoder was trained to achieve a very low
training loss of 0.000198. A reconstruction error threshold was
chosen using interquartile ranges of the reconstruction errors
of the training data. When the reconstruction error of the ASR
specimens exceeds the threshold, the input sequence is marked
as an anomaly. An anomaly date for each specimen is detected
when all sequences containing data from that date is marked as
anomalous. The experimental validation results show that the
anomaly dates detected by the developed model are consistent
with that derived from the expansion measurements, which
demonstrates that the model developed from control specimens
can be used for detecting initiation of damages in different
specimens. Previous works have used damage detection and
damage prediction methods which were dependent on speci-
men specific metrics. However, the proposed method has been
shown to be able to detect damage in concrete undergoing ASR
for two different specimens. The proposed method is trained
on data from completely different specimens and has shown to
be able to make predictions for two different test specimens,
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1
2 suggesting that it can be generalized across specimens. With
3 more undamaged concrete specimens, the proposed method
4 will likely be able to better reconstruct data of normal data,
5 improving the performance and robustness of the proposed
6 method. In addition, the anomaly dates detected by sensors
7 at different locations seem to be highly correlated to the
8 expansion measurements at locations and directions close to
9 the direct path between source and receiver, consistent with
10 the conclusions derived by other researchers based on the
11 sensitivity kernels of coda-wave interferometry.
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