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Abstract: The deterioration of concrete structures due to rebar corrosion is a key issue affecting the
safety and service life of civil infrastructure. Reinforced concrete (RC) structures in coastal areas are
subjected to harsh environmental conditions that cause rebar corrosion. From the perspective of
safety, repair, and structural rehabilitation, it is essential to ascertain the level of corrosion severity and
associated damage in RC structures through non-destructive evaluation (NDE) techniques. In this
study, the potential of pattern recognition techniques for ascertaining the severity damage at various
stages of rebar corrosion in concrete samples was explored. A contact ultrasonic compressional wave
transducer pair with 250 kHz centre frequency was used as source and reflected signals from the
rebar were acquired using a tied-together scanning approach. To expedite the corrosion process in
the laboratory, accelerated corrosion of the embedded rebar was employed. The synthetic aperture
focusing technique (SAFT) was applied to reconstruct the image of the concrete subsurface from
the acquired B-scans. Two approaches, i.e., the Mahalanobis distance (MD) and linear discriminant
analysis (LDA), were adopted; both methods correctly classified the level of corrosion severity and
damage to the concrete. The developed pattern recognition techniques can, therefore, be potential
tools for generating important information towards economical and timely repair of damaged concrete
structures affected by rebar corrosion.

Keywords: accelerated corrosion; SAFT; pattern recognition; linear discriminant analysis

1. Introduction

The deterioration of reinforced concrete (RC) structures due to corrosion is a global
issue, with rebar corrosion being one of the primary reasons behind the concrete cover
cracking and spalling. An aggressive chloride environment is a severe exposure condition
for concrete structures [1] leading to rebar corrosion. The corrosion products are expansive,
leading to progressive cracking and spalling which may lead to fatal accidents [2]. Even
though corrosion may take years to be evident, the process causes significant loss of strength
and durability. Therefore, the necessity of detecting and severity classification of corrosion
in the concrete structures can hardly be understated.

Generally, formal inspection of RC structures involves detailed visual assessments and
application of some standard NDE procedures. However, detection of internal deterioration
due to corrosion is often quite difficult. Controlling and prevention of crack propagation are
crucial, and several repair and rehabilitation techniques are available, such as local strength-
ening and application of inhibitors to address corrosion-related issues [3]. Therefore, the
monitoring and evaluation of internal damage due to rebar corrosion in concrete structures
are crucial for infrastructural maintenance. Hence, effective NDE methodologies are needed
to be developed for systematic and reliable management of concrete infrastructural assets.
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The most common in situ electrochemical technique for monitoring the vulnerability
of RC elements towards corrosion is the half-cell potential technique, which is presented
in the ASTM C876 code of practice [4] and application of this technique is demonstrated
in [5,6]. Ground-penetrating radar (GPR)-based assessments have been applied to investi-
gate attenuation of signals due to moisture and chloride content in concrete samples [7].
Estimations of concrete cover thickness and the identification of rebar locations using GPR
scans are discussed in [8,9]. Detection of chloride-induced corrosion in concrete slabs
using this technique is reported in [10,11] through analysis of time domain waveforms.
The authors concluded that the decrease in the reflection amplitudes in the B-scan can be
treated as a diagnostic indicator of corrosion. The GPR scanning technique has also been
successfully implemented for detection of defects in concrete bridge decks [12,13].

Among other non-destructive testing (NDT) methods, impact echo (IE), acoustic
emission (AE) ultrasound, etc., use elastic waves for the flaw detection and voids in the
concrete. In the IE technique, the impactor (steel ball) is used to generate stress waves, and
the transducer receives a response from the subsurface concrete medium. The IE technique
has been successfully applied for the detection of delamination in post-tensioned slabs
and bridge decks [14], void detection in grouted ducts [15-17], and detection of cracks [18].
Corrosion monitoring in RC structures was analysed in frequency domain using the Fourier
transform of time domain signals [19,20]. However, the efficiency of the IE method is highly
dependent on the duration of impact and the technique fails to detect smaller sized defects
due to the wavelength limit. The AE technique provides passive real-time monitoring of
damage in concrete structures. Waves originate due to crack formation within the concrete
medium, which are detected by AE sensors installed on the concrete surface [21]. The
tracking of crack propagation in concrete beams under bending was demonstrated by AE
and digital image correlation (DIC) [22]. The DIC provides more detailed information
regarding the crack location and localised strain in 3D, as well as the onset and progression
of corrosion activity. However, this method is not suitable for concrete structures that are
already cracked [23].

Ultrasonic-wave-based testing is one of the popular NDT techniques for evaluating
material properties, detecting flaws, and monitoring corrosion. Direct transmission ultra-
sonic pulse velocity (UPV) experiments on concrete prisms subjected to corrosion have
demonstrated that the ultrasonic wave velocities decrease significantly with progress in the
corrosion process [24]. Ultrasonic guided waves (UGW), which can travel longer distances
without substantial attenuation, have been applied for the detection of cracks in bolted
joints in steel structures [25], for detecting deterioration of the rebar-concrete interface [26],
and detection of pitting corrosion in RC structures [27]. CODA wave interferometry (CWI)
is another advanced technique for detection of cracks during four point bending test on
concrete beams using the authors in [28] reported about efficiency of CWI. and the map-
ping of stress patterns and cracking in concrete subsurface medium is explored in [29].
Ultrasonic compressional-wave-based imaging of the subsurface of RC elements usually
employs the synthetic aperture focusing technique (SAFT) [30,31]. The SAFT has also been
applied for imaging of near-surface artificial defects, using a wedged transducer system
for generation and reception of Rayleigh waves [32]. Furthermore, the SAFT has been
applied for the detection of various stages of corrosion of a rebar in a concrete slab [33].
The inspection of concrete structures through contact-based ultrasonic measurements is
time-consuming and challenging, due to the large size of concrete structures. This has
partially been addressed through sophisticated ultrasonic equipment such as dry contact
transducers. Evaluation of precast beams, walls, and foundation structures have been
performed using shear wave transducers [34]. Using the C-scan tomography technique, the
authors identified cracks and delaminations in pavements [35]. Applications of the reverse
time migration technique to monitor the concrete elements using compressional and shear
waves are reported in [36,37].

The above literature survey focuses primarily on detection of structural voids, propa-
gating cracks, rebars, estimation of cover thickness, and corrosion detection in concrete,



Sustainability 2022, 14, 15768

3 0f24

involving analysis of the received signals in the time and frequency domain, and image pro-
cessing techniques. The application of statistical techniques is a growing area within NDT
of civil engineering structures and pattern recognition; machine-learning-based NDT can be
applied to classify the severity of damage. These methods are predominantly categorised
into two types: unsupervised and supervised learning methods. In unsupervised learning,
specific information of various classes is not available in the training data set, whereas in
supervised learning, the labelled class information is available for the classification pro-
cess. In order to classify the level of damage, various approaches are available: similarity
checks through Mahalanobis distance (MD), clustering through unsupervised Gaussian
mixture model (GMM), and k-means, and supervised learning through linear discriminant
analysis. Artificial-neural-network-based algorithms are also being explored. Similarity
checks with MD with respect to an undamaged condition has been used in investigating
the effect on stiffness of a degraded concrete bridge due to changing traffic conditions [38].
In another study, the authors implemented a combination of MD and artificial neural
networks (ANNSs) for classification of cracks using time domain impact echo A-scans and
the MD approach was observed to be computationally less intensive compared with ANN
for a small data set [39]. The authors in [40] used GMM to demarcate tensile and shear
cracks on a full-scale RC wall using mounted AE sensors. GMM has been used for the
detection of cracks around bolt holes in aircraft wings [41]. The classification of shear and
tensile cracks using AE signals has been demonstrated using GMM in [42,43]. Damage
classification in composite materials is demonstrated in [44] through a k-means algorithm
using the frequency corresponding to the peak amplitude as a feature vector. The detection
and classification of rebar corrosion in concrete bridge decks through application of the
k-means clustering algorithm and thresholding of GPR images is presented in [45]. The
corrosion severity classification by applying k-means using signal intensities and frequen-
cies obtained from through transmission on bare rebar is reported in [46]. Researchers have
applied the k-NN (k-neural network) technique in classifications of the severity of corrosion
in pre-stressed tendons in concrete beams subjected to chloride ingress [47]. Regarding the
image-based identification and classification of concrete damage, there are a few related
publications. The images of cracked concrete beams were used to determine the crack
length and width using convolutional neural networks (CNNSs) in [48]. The classification
of foundation failure condition with radial, horizontal, and vertical displacements as the
feature vector is implemented using linear discriminant analysis in [49]. Corrosion classifi-
cation by applying LDA on digital images of petroleum refinery elements exposed to the
marine environment is demonstrated in [50]. In [51], the combination of AE signals and
LDA to classify the level of rebar corrosion in concrete constructions has been explored.

The studies presented above are related to the detection of various types of defects in
the concrete subsurface. A few research groups have applied statistical learning techniques,
i.e.,, MD, ANN, k-means, and GMM to classify the type of cracks, by analysing signals
obtained by IE, AE, and ultrasonic methods. The classification of corrosion severity and
associated damage to concrete using ultrasonic SAFT images has not been explored in the
literature, to the best of the authors” knowledge. In this context, the authors propose a
novel approach by combining features extracted from SAFT images and harnessing the
capabilities of statistical learning to ascertain the level of severity of corrosion affliction
in concrete structures. The SAFT is an intuitive visualisation tool for inspecting features
or changes in the concrete subsurface, which otherwise cannot easily be interpreted from
acquired B-Scans.

To induce corrosion, the accelerated corrosion methodology is implemented. Ultra-
sonic reflection data is acquired by scanning concrete slabs over the rebar locations at
different levels of induced corrosion. The features extracted from the SAFT images of the
rebar are used in calculation of MD and input into a linear discriminant analysis (LDA)-
based classifier, which identifies the level of corrosion associated with concrete cracking
and spalling. To the best of the authors” knowledge, image-based classification of corrosion
severity in concrete structures is a relatively new concept.
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The paper is organised as follows. The details of mix design, sample dimensions and
rebar arrangement are presented in “Specimen Details”. The laboratory-based corrosion
setup is introduced in the “Accelerated Corrosion Setup” section. The SAFT imaging
approach is discussed in “Methodology of Ultrasonic Scanning” and imaging results are
presented. The classification of corrosion severity is discussed in “Statistical Classification”.
The paper ends with the “Conclusions”.

2. Research Methodology
2.1. Specimen Details

Two prismatic concrete slab specimens with dimensions 400 mm x 400 mm x 100 mm,
and three beams with 700 mm x 150 mm x 150 mm were cast with an embedded rebar of
diameter 10 mm and 32 mm, respectively, as shown in Figure 1. A simplified specimen
geometry was adopted in order to understand the corrosion induced cracking process
without complications arising out of multiple rebar layers, which would be a part of future
research. Ordinary Portland cement (53 grade) was used to cast the samples with 20 mm as
the nominal size of coarse aggregates.

SAFT plane

45
_nllﬁ_ ______ 400 mm
Y
4/ %
400 mm Z
X (@) X (b)

Figure 1. Schematic diagram of a cross section of (a) slabs 1 and 2; (b) beams 1, 2, and 3.

In slabs 1 and 2, the side cover was 150 mm, and a clear cover of 45 mm from the top
is provided. The slabs were used for the ultrasonic scanning technique; relevant details are
presented in Section 2.3. The concrete samples were assumed to be a part of a larger slab
system and the beam samples corresponded to examples where inspection was conducted
on corner reinforcement, which is more vulnerable to corrosion. For ease of understanding,
the authors have considered a simpler geometry and the clear covers used in the study
conform to Indian Standards of design practice (IS 456:2000) [52].

The mix proportion (by weight) of concrete ingredients are shown in Table 1. The
concrete slabs were cured for 28 days in a curing tank before the experimental inspection.
The concrete design was based on IS 10262: 2019 [53] with a target strength of 30 MPa. The
average compressive strength of concrete cubes was 43.25 MPa. The mix design was not
targeted towards any specific compressional wave velocity. However, the compressional
wave velocity was measured for each sample and used in the imaging algorithm.

Table 1. Concrete mix design.

Specimen Cement Coarse Aggregate Sand Water
Slabs 1 and 2 1 2.8 1.7 0.45
Beams 1,2 and 3 1 3.0 2.1 0.45
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2.2. Accelerated Corrosion Setup

The primary purpose of accelerated corrosion is to expedite the damage to the rebar
since the normal process of corrosion may take a longer time. In the first corrosion setup, the
current was induced in the rebar using constant 30 Volts DC source. A bottle filled with 3.5%
NaCl solution (electrolyte) was installed on the top surface of the slab specimen to generate
corrosion around the central region along the rebar. The steel rebar (anode) was connected
to the positive terminal of the DC source, and the negative terminal was connected to the
copper plate (cathode) immersed in the NaCl solution, as shown in Figure 2a.

DC Source
DC source Data acquisition system

-

’- ! 30V

Copper plate

Cathode

( ) — Copper plate

Rebar—
soluti . <+t— NacCl solution

/'ToFur (Anode) (b)

(a)

Figure 2. Setup of accelerated corrosion for (a) slabs and (b) beams.

In the second corrosion setup, the beam was partially immersed in a 3.5% NaCl
solution (as shown in Figure 2b) to corrode rebar uniformly along the length. The rebar
was connected to positive terminal and copper plate was connected to negative terminal.

To understand the process of corrosion induced cracking, slab 1 was corroded until
cracking; the extracted rebar is shown in Figure 3. Slab 2 was corroded in three stages and
the central portion of rebar was observed to have undergone a loss in diameter, due to
corrosion induced by the saline solution placed directly above the centre of the rebar.

Surface crac

Rebar

o

Corroded region

Figure 3. (a) Slab 1 after cracking and during extraction of the rebar; (b) schematic diagram of crack
propagation in slab 1; (c) extracted rebar from slab 1.

The beams were corroded in seven stages of corrosion, as shown in Table 2, and
ultrasonic scanning was performed at all corrosion stages.
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Table 2. Accelerated corrosion program.
Specimen Corrosion Stages Corrosion Period
Slab 1 . Cracked stage ° 11 days of corrosion

e  Pre-Cracking stage I Pristine

Slab 2 . Pre-Cracking stage II ° 8 days of corrosion

o  Cracked stage e 11 days of corrosion
e  Pre-Cracking stage I e  Pristine
e Pre-Cracking stage II e 1 day corrosion
e  Pre-Cracking stage III e  2days of corrosion

Beams 1,2 and 3 o  Cracked stage I e 3 days of corrosion
o  Cracked stage II e 4 days of corrosion
e  Cracked stage III e  5days of corrosion
e  Cracked stage IV e 6 days of corrosion

Slab 1 was subjected to corrosion until a surface crack appeared (refer to Figure 3b).
The rebar was extracted for physical examination post cracking; the corresponding photos
are shown in Figure 3. A surface breaking crack along the rebar axis that ran approximately
vertically through the concrete from the rebar level to the exposed surface is schematically
shown in Figure 3b.

Slab 2 was subjected to three levels of corrosion until cracking, and cores were extracted
along the rebar in slab 2 after the final stage, as shown in Figure 4a. The central core was
affected more with the radial cracks and surface breaking crack. The extracted rebars also
showed that the middle portion corroded more with the loss of the rib structure and pitting
corrosion along the length.

Figure 4. (a) Cores from slab 2 along the rebar; (b) extracted rebar 2.

For the other two cores on the side, only a surface breaking crack was generated. The
rebars from the three cores are labelled according to the convention shown in Figure 4b; a
detailed explanation is presented in Section 3.
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In Figure 5, corresponding photographs of the 32 mm rebars extracted from the beams
are shown. Rebar from beams exhibits pitting corrosion and diameter reduction along
the rebar.

Figure 5. Photographs of extracted 32 mm rebars from beams.

Figures 6-8 show the cracked images of beams 1, 2 and 3. The intensity of the re-
flected signal depends on the acoustic impedance of the concrete rebar interface. the latter
changes due to progressive accumulation of corrosion product and micro cracking of the
surrounding concrete which eventually leads to the formation of surface breaking cracks
and spalling, in cases of heavy corrosion (Figure 6e). These two effects occur simultane-
ously and influence the intensity of reflected signals, which was observed independently
by [33,35]. A surface breaking crack on the side surface of the specimen is observed after
the third corrosion cycle in all the beams (Figures 6a, 7a and 8a). With the progress in
corrosion, the surface breaking cracks and oozing of corrosion product were observed, as
shown in Figure 8e.

Figure 6. Cont.
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Figure 6. Cracked images of beam 1 after (a) 3 days of corrosion (Cracked stage I), (b) 4 days of
corrosion (Cracked stage II), (c) 5 days of corrosion (Cracked stage III), and (d) 6 days of corrosion
(Cracked stage IV). (e) Schematic representation of corrosion product, radial and surface breaking
crack formation.

Figure 7. Cracked images of beam 2 after (a) 3 days of corrosion (Cracked stage I), (b) 4 days of
corrosion (Cracked stage II), (c) 5 days of corrosion (Cracked stage III), and (d) 6 days of corrosion
(Cracked stage IV).

“

| -’cfacks

Figure 8. Cracked images of beam 2 after (a) 3 days of corrosion (Cracked stage I), (b) 4 days of
corrosion (Cracked stage II), (c) 5 days of corrosion (Cracked stage III), (d) 6 days of corrosion
(Cracked stage IV); and (e) a schematic diagram of crack propagation in beams.
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2.3. Methodology of Ultrasonic Scanning

Ultrasonic scanning above the rebar level on RC slabs 1 and 2 was conducted during
the three stages of corrosion, i.e., (a) pre-cracking stage I, (b) pre-cracking stage II, and
(c) cracked stage.

As mentioned before, the beams were corroded at seven levels of corrosion, and
ultrasonic scanning was performed at (a) pre-cracking stage I, (b) pre-cracking stage II,
(c) pre-cracking stage III, (d) cracked stage I, (e) cracked stage 1II, (f) cracked stage III, and
(g) cracked stage IV. Compressional wave transducers with a centre frequency of 250 kHz
were used for transmission and reception in a tied-together mode along the rebar axis, as
shown in Figure 9. The acquired signals or A-scans were digitised in an oscilloscope in a
time window of 500 ps. Petroleum jelly was used as the couplant between the transducers
and the concrete surface.

Oscilloscope
l Transmitter and Receiver

Concrete
beam

Pulser - Receiver

Figure 9. Ultrasonic scanning setup.

The slab surface was marked with a network of grid lines at an interval of 10 mm in
both directions, and waveforms were acquired at various grid points along the aperture line.
The experimental inspection for slabs 1 and 2 was carried out over a linear aperture above
the rebar. Tests on the slabs and the beams were conducted independently in two different
laboratories at different points of time and similar results have been observed and are
published in the literature [33,35]. This corroborates the effectiveness of the implemented
technique with regard to the implemented methodologies. In the current study, for the
beams, ultrasonic scanning was performed over the rebar at 45 inspection points per slab.
In total, 45 x 7 x 3 = 945 wave forms were acquired and analysed, and the results were
consistent with previous findings. Similarly, the inspection of slabs was carried out at
26 inspection points over the rebar. Therefore, 26 x 4 = 104 waveforms were acquired.
The acquired signals were analysed and processed using the SAFT algorithm, and vertical
cross-sectional images through the rebar axis were generated on the y—z plane (Figure 1) at
various levels of corrosion.

2.4. Imaging Methodology

The image reconstruction approach adopted to generate images at various corrosion
levels was the synthetic aperture focusing technique (SAFT) [30,33,34,54]. The SAFT
was implemented to create a 2D vertical cross-sectional image through the rebar of the
concrete subsurface to explore changes due to accelerated corrosion of the rebar. The image
reconstruction methodology is explained in the following sub-section.

2.4.1. Image Reconstruction Using the Synthetic Aperture Focusing Technique

The SAFT is a time-of-flight-based technique which involves the analysis of time-
domain waveforms received at various locations on the linear aperture. The implemented
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scanning methodology is explained in Figure 10. The transmitter (T) and the receiver (R)
were moved in tied-together approach over the rebar [35,36].

T R T R T R

Reflection
from rebar

Rebar
Reflection
(a) from bottom
TR TR TR

rmn

EEEEEERANEE

Rebar
(b)

Figure 10. (a) The ultrasonic scanning approach; (b) cross-sectional SAFT imaging.

The time-of-flight (TOF) of the traveling ultrasonic compressional wave, originating
from the source to a subsurface point on a vertical grid and back to the receiver, was
calculated through Equation (1) as:

dl +d}

TOF =
(@) 7

)

where d! is the distance between the source transducer T; and grid point r(m,n), dX is the
distance between the grid point r(m, n) and receiver transducer R;, TOF is the time of flight
from T; to R; via the grid point r(m, n), and V. is the velocity of the compressional wave.

The image value I, associated with the grid point r(m, n), was obtained as a sum
of the contributions from the A-scans received from K source-receiver combinations, as
shown in Equation (2):

K
Lun =) Ai(TOF) 2)
i=1
where A;(t) is the amplitude of the A-scan received at the receiver of the ith source-receiver
pair.

2.4.2. Vertical SAFT Images in the y—z Plane—Slabs

Several demonstrative B-Scans at various levels of rebar corrosion and acquired at
different points in time are shown in Figure 11. The bottom reflection at all stages was
approximately same, i.e., 72 microseconds. The ambient conditions were not that significant
so as to cause significant change in the ultrasonic compressional wave velocity. The image
corresponding to the pre-cracking stages I and III and cracked stage III depicts a similar
arrival time of bottom reflection as emphasised by rectangular box (Figure 11a—c).
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Figure 11. B-scan images of at (a) pre-cracking stage I, (b) pre-cracking stage III, and (c) cracked stage
II; colour bar values are dimensionless.

Referring to Figure 1, the images of vertical cross-sections through the rebars in slabs 1
and 2, created by SAFT, are shown and related discussions are presented in this section.
The data were acquired and processed at various stages of corrosion for slab 2, and only
in the post-cracked stage for slab 1 (refer to Table 2). For slab 2, the acquired A-scans
were fed into the SAFT algorithm to generate the images at three stages: (a) pre-cracking
stage I; (b) pre-cracking stage II; (c) cracked stage. Slab 1 is corroded continuously until
cracks appeared on the surface of the specimen, in order to determine the duration after
which the specimen cracks. The ultrasonic scanning on slab 1 was performed when fine
surface-breaking cracks appeared. The received waveforms were normalised with respect
to amplitude corresponding to initial arrival and the corresponding SAFT image of the
rebar (emphasised by the rectangular area) at the cracked stage of the concrete is shown in
Figure 12.

Low - intensity

region
= | 20
£ ! '
E, 20§ \\ ) chl' : 10
2 gg_ ‘[E‘}.&'g', 0
- :
5 80 - \ - -
£ - — . -10
5 100 — — 1
N 120 - ; : o : -20

50 100 150 200 250 300 350 400
Y-dimension [mm)]

Figure 12. SAFT image of slabl at the cracked stage. Colour bar values are dimensionless.

As shown in Figure 2, the accelerated corrosion of the rebar was conducted by the
ponding technique over the central region of the rebar. Hence, the rebar was expected
to corrode more in the central portion. The SAFT image (between 170 and 250 mm—
emphasised by the white rectangle) shows lower intensity, whereas portions of the rebar
away from the centre (especially between 250 and 300 mm) have brighter intensity. The
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weakening of the rebar image intensity is attributed to corrosion, an observation reported
previously in [31,32].

For slab 2, ultrasonic scanning was performed at three stages of corrosion. The SAFT
images of rebar condition at various corrosion levels are shown in Figure 13. The full rebar
is visible in pre-cracking stage I, as a relatively continuous patch of positive and negative
amplitudes in Figure 13a.

= oE 1 x TONRT v e | 20 = T T SN 191] 7  g20
E L . Zone1 Zohd®' Zone3 l E » \Zone 1 Zohe2 Zone 3/ I
- 7 10 e . 10
\ Ceads | Ve e v
PR TN, KT ) g8 A Y
@ 60 \ 0 @ 60 - - 0
S 80 N - S 80 5 .
E e -10 E e s e 10
5 100 - el 5 100 —
N120° 1 B2 N 120" . 8.2
50 100 150 200 250 300 350 400 50 100 150 200 250 300 350 400
(a) Y-dimension [mm] (b) Y-dimension [mm]

T CEE P ) 20

£ 20 Zonel Zone 2 Zone3 I10

c 40 - il o < -

Aé 60 — v ] * | e - 0

o 80 - -

£ — -10

5 100 T ———— i

N 120 20

50 100 150 200 250 300 350 460 -

(c) Y-dimension [mm]
Figure 13. SAFT images of slab 2 at (a) pre-cracking stage I, (b) pre-cracking stage II, and (c) cracked
stage; colour bar values are dimensionless.

The width of zone 2 in the SAFT images was taken as equal to the diameter of the
NaCl solution container, which was placed on the slab surface for accelerated corrosion.
The remaining two portions of the image were labelled as zones 1 and 3. With progress in
the corrosion activity, the rebar intensity near the centre diminished, as shown in Figure 13b.
The SAFT images corresponding to the cracked stage are shown in Figure 13c, where the
rebar image is significantly weak, especially in the central region, which is consistent with
authors’ observations in the previously published literature [34,35].

2.4.3. Vertical SAFT Images in the y—z Plane—Beams

The SAFT images of the rebar in beams 1, 2 and 3 at various levels of corrosion are
shown in Figure 14. The image corresponding to pre-cracking stages I and II (Figure 14a,b)
depict a continuous patch of positive and negative amplitudes at the depth where the rebar
is located.

There was a decrease in the intensity of the positive intensity in the image from pre-
cracking stage III (Figure 14c). After 3 days of accelerated corrosion, a crack emerged on the
side surface of the specimen (Cracked Stage I; Figure 6a) and the red (positive image value)
and blue (negative image value) patches begin to fade from the SAFT image (Figure 14d).
In cracked stage II (Figure 14e) the amplitude of the image intensity further decreases. In
cracked stages III and IV, the pixel values are reduced even further (Figure 14f,g). The
reason may be attributed to attenuation and scattering of the incident compressional wave,
due to rebar corrosion during the accelerated corrosion process. Therefore, the phenomenon
of rebar disappearance in the SAFT images can be considered as a diagnostic indicator of
corrosion activity in concrete structures.
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Figure 14. SAFT images of beams at (a) pre-cracking stage I, (b) pre-cracking stage II, (c) pre-
cracking stage I, (d) cracked stage I, (e) cracked stage II, (f) cracked stage III, and (g) cracked stage
IV. Rectangular boxes have been added to emphasise the rebar location. Colour bar values are

dimensionless.

3. Statistical Classification

In this study, for corrosion severity classification, we propose two methods, (a) Maha-
lanobis distance (MD) and (b) linear discriminant analysis (LDA), for analysing the rebar
signature in the SAFT images and assess the level of severity of the corrosion damage. We
present a brief description of the classification methodology and model development in the
subsequent subsections.
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3.1. Mahalanobis Distance

Mahalanobis distance (MD) measures the distance between a test point in n-dimensional
space and a reference cluster. This approach was used to classify image data matrices in
this study. The reference data distribution was characterised by mean p and the covariance
matrix X and the test data were denoted by Y. The Mahalanobis distance is calculated
as [49]:

MD = \/ (Yk Sy )TZ;l (Yk ~ pp> 3)

T
where MD is the Mahalanobis distance; X, is the covariance matrix = (S]'p — pp) (Sjp — up>;

Sjp is the j-th column from the p-th reference image matrix of size M X N; p, is the mean
vector of the p-th reference image matrix of size M x 1; and Yj is the k-th column of test
image matrix of size M x N.

A schematic representation of the calculation adopted in this study is shown in
Figure 15. For severity classification, the MD was calculated by considering the rebar
signature in the SAFT image (Figure 12) from slab 1 at the cracked stage as the test data
and the individual rebar image data at various levels of corrosion in slab 2 as reference
vectors. The MD between each column of the test matrix of size M x N and each column
of the M x N reference image matrix (emphasised by the boxes) was calculated. The mean
and standard deviation of the MD values were further calculated to establish the similarity
between the image matrices.
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Figure 15. Schematic representation of feature extraction from SAFT images.

The reference matrices are labelled as S1, S2, and S3, and the test is labelled as Y1,
respectively. The MD values were calculated between the columns of reference matrices (S)
and the test data set (Y) according to Equation (3) and presented in Figure 16. The mean
and the standard deviation of the calculated MD values are presented for further analysis.

From Figure 16, it is observed that the similarity between Y1 is high with S3 (i.e., the
cracked stage image of slab 2), because the mean MD value is the lowest. The average
MD values are higher for the other two cases indicating lesser similarity. The error bar
represents the one standard deviation of MD values. Therefore, the condition of slab 1 is
classified as one with “high corrosion level” class.

The rebar signatures extracted from the SAFT images of beam 1 were used as reference
matrices (S1 to S7) and the remaining data from beams 2 and 3 were considered as test data
matrices. The nomenclature for test data is Yy, where m refers to corrosion stage and n
refers to beam specimen number. Three representative test values were considered from
beam 2: Y% (pre-cracking stage II), Yi (cracked stage 1) and Y% (cracked stage IV). Similar
test data vectors were considered from beam 3. As observed in Figure 17a, the mean MD
between Y3 and S2 was the lowest, indicating “low level corrosion”.
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Similarly, in Figure 17b, the similarity between Y3 (cracked stage I) and S4 was the
highest and the corrosion affliction may be classified as “medium level corrosion”. After
6 days of corrosion, i.e., cracked stage IV (Y2), it was classified as “high level corrosion”
due to high similarity with S7, as shown in Figure 17c.

The test vectors extracted from beam 3 at various level of corrosion were similarly
compared with the reference vectors, and a similar trend as beam 2 was observed as shown
in the Figure 18.

3.2. Linear Discriminant Analysis

Linear discriminant analysis is a simple supervised classification method, in which
the data are assumed to follow the multivariate normal distribution. In this study, the
mathematical and algorithmic development followed the procedures presented in [55].

The flowchart in Figure 19 is a brief description of the LDA technique, adopted in
this study. First, the feature vectors (maximum and minimum amplitudes from every
column within zone 2 (i.e., the middle rectangular box) were extracted from the SAFT
images at various levels of corrosion. After extraction, the linear discriminant boundaries
were calculated to classify the data, based on three levels of corrosion, i.e., “low corrosion
level”, “medium corrosion level”, and “high corrosion level”. The choice of three classes
was logically based on the fact that, for slab I, data were acquired at two pre-cracking stages
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Figure 19. A flowchart of the linear discriminant analysis algorithm.

Once the classification boundaries were obtained using the LDA algorithm, a new
data set was tested to check whether the severity of corrosion was correctly identified. The
accuracy of the classification was expressed using a confusion matrix. The details of the
results are presented in the next section.

3.3. Image-Based Corrosion Classification

The classification of corrosion severity in each RC slab was achieved through analysis
of the rebar signature within the SAFT images at various levels of corrosion. This is
discussed in the following subsections.

3.3.1. Corrosion Severity Classification—Slabs

As explained in the flowchart, the LDA model was developed using zone 2 data from
slab 2 as training data and three classes were defined as “low corrosion level”, “medium
corrosion level”, and “high corrosion level”, as shown in Figure 20.
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Figure 20. (a) Linear discriminant boundaries for different classes; (b) confusion chart.

Referring to Figure 20a, it is observed that the feature vector values are delineated into
various zones and associated with the defined classes, which is summarised in the confusion
chart shown in Figure 20b. The percentage of the feature vector values corresponding to
pre-cracking stage I, associated with “low corrosion level”, is 78.3%. A similar observation
can be made about the feature vector belonging to the other stages of corrosion, which
show that the classification is correctly performed by the algorithm. Once the LDA-based
classification boundaries were developed, the feature vectors from zones 1 and 3 of slab 2
at various corrosion levels were examined (please refer to Section 2.4.2 and Figure 13). The
classification of this test data set and the confusion matrix is shown in Figure 21.
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Figure 21. Classification of zone I features of slab 2 in (a) pre-cracking stage I; (b) pre-cracking stage
II; (c) cracked stage; (d) confusion chart.

The zone I feature vectors of pre-cracking stage I are correctly classified as “low
corrosion level” in Figure 21a, which is expected. Feature vectors of pre-cracking stage 11
are also identified to be belonging to the “low corrosion level” class. The cracked stage
feature vectors are classified into the “high corrosion level” group; this is also expected
from the low intensity of the rebar image in Figure 13c. This situation is associated with
high chances of spalling of the concrete cover.

Similar observations are made w.r.t to the zone III feature vectors as shown in Figure 22.
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Figure 22. Classification of zone III features of slab 2 in (a) pre-cracking stage I; (b) pre-cracking stage
II; (c) cracked stage; (d) confusion chart.

Figure 23a shows feature vector data from slabl, which had been acquired post
cracking. The data are correctly classified as belonging to “high corrosion level” class. This
is expected since the rebar image intensity in Figure 12 had significantly reduced due to
corrosion.

Label Low Medium High
corrosion | corrosion | corrosion

level level level

Slab 1 13.4% 18.6 % 68 %

(9]

(b) Confusion chart
10 15 20 25
(a) Max. Amplitude

Figure 23. (a) Classification of rebar in slab 1; (b) confusion chart.

3.3.2. Corrosion Severity Classification—Beams

The LDA classification model for the beams considers three classes are labelled as
“low corrosion level”, “medium corrosion level”, and “high corrosion level”, as shown in
Figure 24.

Referring to Figure 24a, it is observed that the feature vectors extracted from SAFT
images (Figure 14) are classified into various classes., which is summarised in the confusion
chart, shown in Figure 24b. The LDA model is developed using beam 1 as training data
and the data from beams 2 and 3 are used as test data. The percentage of the feature vector
values, corresponding to pre-cracking stages I, II, and III associated with “low corrosion
level” are 97.55%, 94.45 % and 76.25%, respectively.

With progress in rebar corrosion (i.e., cracked stages I and II) 91.34% and 91.12% of
the feature vectors belong to “medium level corrosion”. In cracked stages III and IV, the
84.45% and 100% of data belongs to “high level corrosion”.

The test data extracted from the beams 2 and 3 are now investigated to classify the
corrosion severity and results are presented in Figures 25 and 26. For pre-cracking stages
I, and II, the data are classified as “low corrosion level” (Figures 25 and 26a,b). The
percentage of the data points at pre-cracking stage III associated with “low level corrosion”
is 35.11% and 56.44%, respectively and the 61.9% and 43.55% have migrated to the “medium
corrosion level”, which indicates a progress in the corrosion. This is also the final stage
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before cracking of the beams. Cracked stage I (Figures 25 and 26d), is classified as “medium
corrosion level”.

In cracked stage II (Figures 25 and 26e), 59.1% and 77.55% of the data are associated
with “medium corrosion level”, and 37.55% and 19.35% have shifted towards “high corro-
sion level”, respectively. From cracked stage Il and IV, the rebar data are classified as “high
corrosion level”, which is consistent with observations pertaining to the SAFT images in
Figure 14f,g.

The level of classification accuracy of each corrosion level based on the training and
the test data sets are presented in the confusion charts (Figures 20b, 21d, 22d, 23b, 24b,
25h and 26h). The accuracy of algorithm demonstrated good reliability, since the test cases
were correctly identified. Thus, the LDA algorithm, presented in this study, is successful in
identifying the level of corrosion severity. Additionally, similar results were obtained using
the MD. Thus, the proposed pattern recognition techniques have good potential towards
generating important information about the level of damage which would help decisions
related to repair and maintenance.
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Figure 24. (a) Linear discriminant boundaries for different classes in beam 1; (b) confusion chart.

(b) Confusion chart
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Figure 25. Corrosion classification of beam 2 in (a) pre-cracking stage I (PC-I); (b) pre-cracking stage
II (PC-II); (c) pre-cracking stage III (PC-III); (d) cracked stage I (CS-I); (e) cracked stage II (CS-II);
(f) cracked stage III (CS-III); (g) cracked stage IV(CS-1V); (h) confusion chart.
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Figure 26. Corrosion classification of beam 3 in (a) pre-cracking stage I (PC-I); (b) pre-cracking stage
II (PC-II); (c) pre-cracking stage III (PC-III); (d) cracked stage I (CS-I); (e) cracked stage II (CS-II);
(f) cracked stage III (CS-III); (g) cracked stage IV(CS-1V); (h) confusion chart.

4. Conclusions and Future Work

This article presents the potential of ultrasonic SAFT imaging for classification of
corrosion severity in rebars through the development of a statistical learning approaches.

The following are the conclusions obtained from the study:

1. The SAFT images, generated at various levels of progressing corrosion, depict a
gradually depleting rebar image. This can be treated as the primary evidence of

corrosion activity.

2. Two methods were examined for assessing the severity of damage due to corrosion—
Mahalanobis distance and linear discriminant analysis. Both methods are able to
classify the corrosion severity correctly.

3. The LDA-based algorithm has been implemented successfully using simple feature
vectors, i.e.,, maximum, and minimum amplitudes of the rebar images.
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4. The results from the test data are consistent with the photographs of extracted rebars
from the concrete specimens. The proposed techniques have a good potential of
enabling decisions towards economical and timely repair of infrastructural assets.

e  Future research will involve investigations with data obtained from the more compli-
cated rebar distribution in beams with shear reinforcement and in prestressed concrete
girders.
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