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Abstract 

This study aims to validate the large-scale application of self-sensing concrete in airport runway 
pavements and to use electrical resistance tomography (ERT) for characterizing spatially distributed 
damage during accelerated pavement testing. This self-sensing concrete not only retains the expected 
mechanical properties of typical airport pavements, but it can also sense deformation and strain. First, 
sensing properties were encoded in concrete pavements by modifying the cement-aggregate interface with 
multi-walled carbon nanotube (MWCNT) thin films. MWCNT thin films were spray-coated onto dried fine 
and coarse aggregates, and the film-coated aggregates were directly used for concrete casting. Second, an 
ERT algorithm was implemented for spatial conductivity mapping of self-sensing concrete pavements. 
Extensive laboratory tests were conducted on different sized specimens for characterizing their spatial 
damage detection performance. Last, a full-scale concrete airport pavement slab was cast with self-sensing 
concrete patches at locations where damage was expected. A heavy vehicle simulator was employed for 
accelerated pavement testing to induce cracks, while ERT measurements were collected at periodic 
intervals during testing. The results confirmed that the severities, locations, and patterns of cracks could be 
identified from the reconstructed ERT conductivity maps. Furthermore, subsurface damage features were 
identified prior to these cracks propagated and became visible on the surface.  

Keywords: Accelerated pavement testing, conductivity, cracks, carbon nanotube, concrete, damage 
detection, EIT, ERT, nanocomposite, structural health monitoring 

1. Introduction 

Airport pavements are designed and constructed to withstand severe loads imposed by aircraft. To meet 
these requirements, rigid airport pavements are generally made of discrete concrete slabs connected by 
longitudinal and transverse joints and dowels [4]. The increase in weight and size of aircrafts over the last 
few decades to meet the rising demands of air transport have imposed greater load demands on airport 
pavements. Studies on airfield traffic have revealed that many aircraft with these higher weight and new 
landing gear configurations cause damage to airport pavements [5], which poses a safety hazard and is a 
major source of delays. Severe pavement damage can even disrupt or shutdown aircraft takeoff and landing 
operations, resulting in substantial economic losses due to flight cancellations, detours, or even damage to 
aircraft landing gears. For example, a Raytheon Premier One jet suffered damage to its landing gear after 
running over a blowup failure on the runway at Ankeny Regional Airport in Iowa [6]. Therefore, to ensure 
safe and efficient flight operations, condition assessment of airport pavements needs to be performed in a 
regular and timely fashion.  



Most of the airport pavement monitoring techniques today rely on visual inspection. Although visual 
inspection can detect damage such as surface cracks, blowups, and undulations, among others, they are 
time-, labor-, and cost-intensive [7]. The inability to shut down an airport for extended periods means that 
inspectors may not have sufficient time to perform a thorough investigation. In addition, damage often 
initiates subsurface, making them difficult to detect by visual inspection.  

Computer vision-based pavement monitoring methods have superseded visual inspection as an easy‐
to‐deploy and low‐cost monitoring strategy with higher accuracy than visual inspection [8]. Images and 
videos of the pavement surfaces taken by high-speed cameras are processed through image processing 
algorithms for detecting anomalies and cracks [9, 10]. However, the robust detection of cracks can be 
challenging due to nonuniform surface textures, background complexity, and the presence of non-crack 
features (e.g., structural boundaries, wires, corrosion marks, or joints) [9, 11]. Furthermore, advanced 
optical cameras with night vision capabilities are needed if continuous monitoring (24 h) is desired. 
Nonetheless, subsurface cracks that have not propagated to the pavement's surface cannot be detected using 
vision-based methods.  

Thus, an alternative is to rely on embedded sensors, such as foil-based strain gages, in pavements for 
achieving more accurate and reliable condition assessment. For instance, Zhao et al. [12] embedded strain 
gages for monitoring the performance of a new runway pavement at Shanghai Airport in China. Strain 
gages were also installed in the Newark International Airport (EWR), New Jersey, airport runway to detect 
delamination in asphalt overlay [13]. Henschen et al. [14] used dynamic strain gages to investigate the 
relative effectiveness of various isolation joint arrangements in concrete pavements at the Chicago O'Hare 
airport in Illinois. However, strain gages only measure localized strains in the immediate vicinity where 
they are installed, which may not coincide with the location of cracks or damage. Therefore, densely 
distributed strain monitoring using an array of strain gages is often needed to infer the likelihood of 
pavement damage, but such instrumentation plans require a large number of sensing channels and increases 
operating and maintenance costs. Another approach of distributed strain monitoring is to leverage fiber 
Bragg grating (FBG) sensors and to embed them in concrete during casting [15]. FBG sensors and fiber 
optic cables are lightweight, compact, corrosion-resistant, highly sensitive, and immune to electromagnetic 
interference. However, FBG measurements are susceptible to temperature [16]. Their high installation cost 
has also restricted their widespread use in airport pavement condition assessment applications [17]. 

Advanced nondestructive evaluation (NDE) techniques, such as ground-penetrating radar (GPR) and 
spectral analysis of surface waves (SASW), have been used for pavement monitoring [18]. Unfortunately, 
they also suffer from high costs, low measurement accuracy, and complexity of data processing. Infrared 
thermography has been demonstrated for assessing near-surface damage in pavements [19]. However, 
thermography is sensitive to ambient conditions, emissivity values, and surface temperature variations of 
the pavement [20], not to mention that they are limited to near-surface applications. Moreover, a major 
limitation of these aforementioned NDE methods is that they can only be performed manually when that 
section of the airport is shutdown.  

Instead of treating sensing and health monitoring as an afterthought, multifunctional concrete 
pavements that could bear loads while sensing features indicative of damage have been proposed. The most 
widely used design approach is to disperse and embed conductive fillers (e.g., carbon black [21], carbon 
nanotube (CNT) [22], nickel powder [23], and graphite [24], to name a few) in the cement matrix during 
concrete casting. In particular, nanomaterials such as CNTs have been widely studied due to their excellent 
physical [25] and electromechanical properties [26], which are promising for improving the mechanical 
and sensing properties of cement composites. For example, Li et al. [27] and Yu and Kwon [28] treated 
multi-walled carbon nanotubes (MWCNT) with an acid mixture to fabricate piezoresistive cementitious 
composites. Han et al. [29] showed that MWCNT cement composites can be used for traffic monitoring. 
Despite successfully demonstrating strain and damage monitoring, these casting procedures require 
dispersing large quantities of conductive fillers, which is expensive [29, 30], modifies cement paste 



rheology [31], changes existing casting procedures [32], and is difficult to scale-up [33]. Furthermore, 
nanomaterial dispersion in cement pastes remains challenging, and nonuniform nanomaterial distributions 
can degrade the bulk cement composite’s mechanical and electrical properties.  

As opposed to dispersing nanomaterials in the cement matrix, previous studies [1-3, 34, 35] explored 
the modification of the cement-aggregate interface using MWCNT-based thin films. Here, an MWCNT-
based ink was deposited onto the surfaces of dried fine and coarse aggregates prior to casting. Then, the 
film-coated aggregates were directly used for casting concrete. It was found that this procedure yielded 
concrete specimens that had sufficient electrical conductivity and strain-sensitive electromechanical 
properties [1]. This design method did not affect cement paste rheology nor did it change existing concrete 
casting procedures. Since the electrical conductivity at every location in the cement composite was sensitive 
to strain and damage, an electrical resistance tomography (ERT) measurement strategy and algorithm was 
implemented for mapping their conductivity distribution and for localizing damage features [2, 3]. 
Laboratory tests on small-scale specimens showed that the severities and locations of artificially introduced 
damage could be correctly identified. The issue of cost was also addressed, since orders of magnitude lower 
concentrations of MWCNTs were used than directly dispersing them in the cement paste [3]. The major 
findings from these previous studies are summarized in Table 1. What is missing is the demonstration and 
performance characterization of these materials at large-scale and in more realistic operations conditions, 
which is crucial before the technology can be translated to industry practice.  

Therefore, the objective of this study was to validate spatial damage monitoring during accelerated 
pavement testing of a full-scale concrete airport pavement with self-sensing concrete regions. A 15×12 ft2 
(4.6×3.7 m2) concrete pavement was cast with four 18×12 in2 (0.46×0.30 m2) smart concrete regions. The 

Table 1. Previous results of self-sensing concrete with spray-coated MWCNT-latex thin film interfaces 

References Major findings Findings used in this 
study 

Loh and 
Gonzalez 
[1] (2015) 

• Electrical properties of mortar casted with spray-coated sand 
exhibited extremely high bilinear strain sensitivities  
− Gage factor ~ 224 (below -0.2% strain) 
− Gage factor ~ 60 (above -0.2% strain) 

• Consistent electrical response over multiple cycles of loading 

The method of pre-
coating aggregates 
with nanocomposite 
coatings was adopted. 

Gonzalez 
et al. [2] 
(2016) 

• MWCNT-latex films affected the stiffness and strength of 
mortar specimens 

• ERT was able to identify the location, shape, size, and severity 
of spatially distributed damage in self-sensing mortar specimens 

The ERT forward 
problem was used.  

Gupta et al. 
[3] (2017) 

• Mechanical properties (compressive and flexural strength) of the 
self-sensing concrete, fabricated by modifying the cement-
aggregate interfaces with MWCNT-latex thin films, could be 
maintained or, in certain cases, even exceeded that of untreated 
concrete 

• Spatial damage detection: 
− ERT successfully characterized damage induced in (1) 

sand-coated and (2) both sand- and aggregate-coated self-
sensing concrete 

− ERT was unable to detect spatially distributed damage in 
(3) untreated concrete and (4) large aggregate-coated 
specimens 

• ~ 90% cost reduction as compared to the direct dispersion of 
MWCNTs in cement matrix 

The concrete mix 
design and 
established self-
sensing concrete 
casting procedures 
were adapted for 
casting at scale. 
 

 

 

 

 

 



self-sensing concrete mix design was informed by previous studies [2, 3] to maximize ERT damage 
sensitivity and signal-to-noise ratio (SNR). A heavy vehicle simulator (HVS) applied repeated aircraft 
wheel loads on the pavement, while ERT conductivity distributions were obtained at periodic intervals for 
damage monitoring. This article begins with a brief discussion of ERT and its mathematical formulation. 
Then, the procedure for preparing the film-coated aggregates, as well as the concrete mix design and casting 
procedures, are presented. Finally, small-scale laboratory tests and the full-scale accelerated pavement test 
procedures and results are discussed. The article ends with a brief conclusion of major findings.  

2. ERT Background 

Electrical impedance tomography (EIT) or ERT is a soft-field imaging technique that uses a set of 
boundary electrical measurements to estimate the distribution of electrical conductivity of a predefined 
sensing region [36]. Since its discovery, EIT has been successfully used in healthcare, such as for brain 
imaging in newborns and adults [37], respiratory system monitoring [38], gastric acid secretion monitoring 
[39], and myoskeletal imaging [40]. More recently, multifunctional nanocomposites coupled with EIT have 
been demonstrated for structural health monitoring (SHM). Some of its earliest works include using EIT 
with nanocomposite thin films for distributed monitoring of strain and pH [41] and subsurface impact 
damage in glass fiber-reinforced polymer composites [42].  

Since then, EIT has found applications for SHM of cement composite components and structures. Hou 
and Lynch [43] used EIT for visualizing distributed flexural micro-cracks that developed during three-point 
bending of engineered cementitious composite beam specimens. Hallaji et al. [44] deposited a thin 
electrically conductive copper paint onto the surface of a concrete beam. During three-point bending testing, 
the rupture of both the concrete and coated copper paint caused a decrease in the paint's electrical 
conductivity, which was correctly estimated by EIT. Seppanen et al. [45] proposed a multi-layered, 
multifunctional coating consisting of electrically insulated colloidal copper and silver paint layers for 
corrosion and crack sensing. Laboratory experiments have demonstrated that the copper paint layer was 
sensitive to cracking and corrosion, while the silver paint layer was sensitive to only cracking. Tallman et 
al. [46] showed that the conductivity distribution of a carbon nanofiber specimen changed due to the 
application of loads. They were able to use the EIT-estimated change in conductivity distribution as an 
input to an inverse piezoresistive model to assess the deformation and strain pattern of the specimen.  

Besides direct damage monitoring, absolute and difference EIT imaging algorithms were investigated 
for characterizing transport in cementitious composites [47]. Hallaji et al. [48] found that EIT was able to 
identify moisture propagation, along with an approximate shape and position of the waterfront in concrete 
specimens. Suryanto et al. [49] demonstrated the ability of a difference imaging technique for monitoring 
water movement within concrete. However, difference imaging was suitable for qualitative unsaturated 
flow monitoring at the early stage of ingress. Later, Smyl et al. [50] implemented a linearized absolute 
reconstruction algorithm for quantitative assessment of concrete’s volumetric moisture content. Given the 
limitation of point-based moisture monitoring techniques [51], EIT’s ability to resolve the spatial-temporal 
state and distribution of moisture in concrete has paved a new path for understanding its durability. Despite 
these advancements, large-scale in situ applications of EIT for spatially distributed damage detection in 
concrete structures have not been studied.  

In order to use EIT, the target conductive body (Ω) is instrumented with a set of equidistantly spaced 
boundary electrodes. Low magnitude alternating current (AC) is injected between a pair of boundary 
electrodes, while the induced voltage differences between other remaining pairs of electrodes are measured. 
Each unique boundary electrode pair is then excited in a predefined sequence, and the corresponding voltage 
and phase measurements are recorded to obtain the full set of boundary voltage responses. The measured 
set of voltage responses are then used to solve the EIT inverse problem and to reconstruct the spatial 
impedance distribution of Ω. Previous studies showed that MWCNT thin film’s resistance is sensitive to 
applied strains [1]. Since resistance of piezoresistive materials are directly correlated to its conductivity, 
this study utilized a low-magnitude direct current (DC) for interrogating self-sensing concrete specimens. 



Because DC was used, this meant that electrical resistance tomography was conducted to reconstruct their 
spatial conductivity distributions (i.e., the real part of the complex-valued impedance) [2, 48].  

In general, the EIT or ERT algorithm consists of two parts, which are the forward and inverse problems, 
and will be briefly summarized in the next subsections. More detailed descriptions of the EIT method are 
discussed in previous studies [2, 3].  

2.1. Forward Problem 

The forward problem is solved to estimate the boundary voltage responses when the conductivity 
distribution (σ) and the current injection patterns are known a priori. Mathematically, the EIT or ERT 
forward problem can be described by the 2D Laplace's equation:  

 𝛻𝛻 ⋅ (𝜎𝜎𝛻𝛻𝑢𝑢) = 0 (1)  

where u is the electric potential distribution over Ω. This second-order partial differential equation is often 
solved using a finite element (FE) model. The complete electrode model [52] is adopted to define the 
boundary conditions. In this study, bilinear quadrilateral elements were used to discretize Ω.  

2.2. Inverse Problem 

In practical implementations, the conductivity distribution of a target is desired. The inverse problem 
estimates the conductivity distribution using experimentally measured boundary voltage sets. In this study, 
a least-square-based Newton’s one-step reconstruction (NOSER) algorithm [52] was used to estimate the 
conductivity change (Δσ) from the observed change in boundary voltage distribution (ΔV) between two 
states (e.g., before and after damage) as shown in equation 2.  

 𝑎𝑎𝑎𝑎𝑎𝑎𝑚𝑚𝑚𝑚𝑚𝑚
𝛥𝛥𝜎𝜎

‖𝛥𝛥𝛥𝛥 − 𝐽𝐽𝛥𝛥𝜎𝜎‖2 (2) 

where ∆V is the observed change in boundary voltage distribution between two states, J is the sensitivity 
matrix (i.e., obtained by the sensitivity method [53]), and ∆σ is the change in electrical conductivity. The 
NOSER algorithm is a simple and computationally less expensive imaging reconstruction algorithm. In 
addition, most of the measurement errors can be avoided through difference imaging. However, the EIT or 
ERT forward problem’s nonlinear nature does not allow the cancellation of all modeling errors. Therefore, 
quantitative assessment of damage cannot be performed using NOSER-reconstructed conductivity maps. 

The ill-posed optimization problem described in equation 2 needs to be regularized to obtain a 
meaningful solution. Regularization was included by appending a penalty term in equation 2:  

 𝛥𝛥𝜎𝜎 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑚𝑚𝑚𝑚𝑚𝑚‖𝛥𝛥𝛥𝛥 − 𝐽𝐽𝛥𝛥𝜎𝜎‖2 + 𝛼𝛼2‖𝑅𝑅(𝛥𝛥𝜎𝜎 − 𝛥𝛥𝜎𝜎0)‖2 (3) 

where R, α, and Δσ0 are the regularization matrix, regularization parameter, and some prior assumptions 
about the conductivity change, respectively. A closed-form solution of Δσ can be obtained by expanding 
equation 3 and then setting its derivative to zero, as shown in equation 4.   

 𝛥𝛥𝜎𝜎 = (𝐽𝐽𝑇𝑇𝐽𝐽 + 𝛼𝛼2𝑅𝑅𝑇𝑇𝑅𝑅)−1(𝐽𝐽𝑇𝑇𝛥𝛥𝛥𝛥 − 𝛼𝛼2𝑅𝑅𝑇𝑇𝑅𝑅𝛥𝛥𝜎𝜎0) (4) 

For the NOSER algorithm, Δσ0 is set to 0 to obtain the most generalized form of Δσ.   

 𝛥𝛥𝜎𝜎 = (𝐽𝐽𝑇𝑇𝐽𝐽 + 𝛼𝛼2𝑅𝑅𝑇𝑇𝑅𝑅)−1𝐽𝐽𝑇𝑇𝛥𝛥𝛥𝛥 (5) 

The diagonal of JTJ was used for RTR. More details about the NOSER algorithm can be found in Gupta et 
al. [54]. It should be noted that α needs to be selected on the basis of some prior assumptions about the 
solution [52]. In this study, the value of α was heuristically set to 10−2 to achieve meaningful solutions, 
while an optimum value of α can be obtained using the L-curve method [42, 55].  



3. Experimental Details 

3.1. Concrete Mix Design 

The concrete mix design used followed Federal Aviation Administration (FAA) guidelines for runway 
rigid pavements [56], which was also used in a previous study [35]. Sand, coarse aggregates, and cement 
were used in proportions of 3:2:1, respectively. First, the sand and coarse aggregates were oven-dried at 80 
°C for 24 h to eliminate extra moisture. Excess moisture can alter the water-to-cement (w/c) ratio and affect 
the casted concrete’s strength. Second and after drying, the aggregates were cooled to room temperature. 
These fine and coarse aggregates were then coated with an MWCNT-latex thin film (which will be 
explained later in Section 3.2). Third, the film-coated coarse aggregates and sand were dried in air and 
directly used for casting concrete. Last, a w/c ratio of 0.40 was employed. Advacast superplasticizer (SPL) 
was also added at a concentration of 3.5 mL/kg of cement. The superplasticizer helped reduce the amount 
of water needed, hence, increasing the strength of concrete while maintaining good workability.  

3.2. Aggregate Nanocomposite Coating  

The MWCNT-based thin films that were deposited onto the aggregates were based on the formulation 
reported by Mortensen et al. [57]. Spray fabrication was used because of its low-cost, efficient, and highly 
scalable nature. In short, thin film preparation began by dispersing MWCNTs in a 2 wt.% aqueous solution 
of poly(sodium 4-styrenesulfonate) (PSS) via high-energy probe sonication for 1 h. The sonicated 
MWCNT-PSS solution was mixed with Kynar Aquatec latex and diluted with deionized (DI) water to form 
the sprayable ink. Next, a Paasche airbrush was used to spray-coat the MWCNT-latex thin film onto the 
oven-dried sand and coarse aggregates in a fume hood. A shovel was used to mix the aggregates to expose 
any uncoated aggregates before another layer of film was deposited. For each batch of aggregates, six 
coatings were deposited on sand and three for the coarse aggregates. The final step entailed oven-drying 
the film-coated aggregates for 30 min at 80 °C. Although spray-coating was performed manually, the 
process can be expedited and automated using a robotic spray coater. Furthermore, the aggregates were 
purposely not fully nor uniformly coated to simulate realistic industry-scale material preparation processes.  

3.3. Concrete Casting  

3.3.1. Small-scale specimens 

 Plate specimens were cast in customized poly(vinyl chloride) (PVC) molds for laboratory validation 
of spatial damage detection. Three sample sets of different sizes were made: Type A, ~ 3.15×3.15×0.7 in3 

(80×80×18 mm3) (Fig. 1a); Type B, ~ 12×12×0.7 in3 (300×300×18 mm3) (Fig. 1b); and Type C, ~ 20×20×2 
in3 (500×500×50 mm3) (Fig. 1c). Type A specimens were instrumented with 24 equidistantly spaced 
boundary electrodes, while the others used 32 boundary electrodes arranged in 6×6 and 8×8 square patterns, 
respectively. The electrodes were copper mesh strips, which were arranged accordingly on balsa wood 
formworks to hold them in place during casting (Fig. 1). The length of the electrodes was slightly longer 
than the specimen’s thickness for measurement purposes. Then, the formwork with the electrodes was 
placed in the PVC mold, while the inner walls of the mold were oiled with WD-40 so that the specimens 
could be easily removed after casting. The joints of the mold were sealed with white petrolatum.  

 Casting began by pouring the concrete mix into molds (with the balsa wood formwork and electrodes). 
Types A and B specimens were cast using only the self-sensing concrete mix. Type C specimens were cast 
with plain concrete (i.e., without coated aggregates) surrounding self-sensing concrete, which simulated the 
embedment of a self-sensing region within a large pavement section in the field (Fig. 1c). Fabricating these 
Type C specimens required using an extra temporary mold for containing the inner self-sensing concrete 
region, which was a 2-mm-thick hollow metal sheet box. After simultaneously pouring the self-sensing 
concrete mix in the inner region and plain concrete around it, the inner mold was removed after ~ 5 min 
after pouring; doing so allowed both types of concrete to mix at the interface. For all the sample sets, the 
specimens were wrapped with plastic (to minimize water evaporation and microcracks) and kept in the lab 



for 24 h, followed by demolding the specimens and putting them into a curing tank. Smaller specimens 
were cured for 14 days, and larger specimens were cured for 28 days. After curing, the specimens were 
taken out of the curing tank and oven-dried at 50 °C for 24 h. All specimens were cooled to room 
temperature (for at least 24 hours) prior to testing.  

3.3.2. Full-scale airport pavement slab 

 A 15×12 ft2 (4.6×3.7 m2) concrete pavement slab (Fig. 2) was cast at the University of California 
Pavement Research Center (Davis, California) for HVS accelerated pavement testing (APT). Four 18×12×4 
in3 (0.46×0.30×0.10 m3) self-sensing concrete regions (i.e., B1, B2, B3, and B4) were cast along a 
longitudinal edge of the slab as shown in Fig. 2, while the remainder of the slab was normal concrete. The 
locations of B1 to B4 were selected according to where damage would most likely occur. The same mix 
design described in Section 3.1 was used.  

 Prior to casting, each self-sensing concrete regions was separated from its surrounding using a 
rectangular wooden mold of size 18×12×4 in3 (~ 450×300×100 mm3). Fishing wires were routed in the 
mold for facilitating electrode placement and for securing their position during casting. These wires were 
slightly displaced from the edges of the mold to provide room for normal and self-sensing concrete to mix 
during casting, similar to the procedure used when casting Type C specimens. As in Section 3.3.1, 
electrodes were prepared by cutting copper mesh to form 0.6×3 in2 (15×75 mm2) rectangular strips. They 
were arranged in a 10×6 rectangular pattern and mounted onto fishing wires (Fig. 3). The electrodes were 
slightly shorter than the thickness of the pavement so that they could be completely embedded in concrete. 
Shielded multi-strand electrical wires (22 American Wire Gauge) were soldered to the bottom of the copper 

 

 

 

(a) (b) 

 
(c) 

Figure 1. Concrete specimens of different sizes were cast for validating spatial damage detection in the laboratory. Schematics 
of self-sensing concrete specimens of sizes (a) 80×80×18 mm3 with 24 boundary electrodes (Type A) and (b) 300×300×18 
mm3 with 32 boundary electrodes (Type B) are shown. (c) A 500×500×50 mm3 concrete specimen with a 300×300 mm2 
sensing area at the center was also cast to simulate embedding self-sensing concrete regions in plain concrete.   

https://en.wikipedia.org/wiki/American_Wire_Gauge


mesh electrodes and then routed along the longitudinal end of the slab for connection with the ERT data 
acquisition (DAQ) system. 

  Two PMFLS-60 concrete strain gages (Tokyo Sokki Kenkyujo) were also installed at the center and 
in the longitudinal direction of each self-sensing concrete region, as shown in Fig. 4a. The top strain gage 
was placed at 1 in (~ 25 mm) below the top surface, while the bottom one was ~ 25 mm above the bottom 
of the slab. These reference strain gages were installed to measure the internal strain response of each self-
sensing concrete region. 

  After the molds, electrodes, and strain gages were prepared, the entire concrete slab was cast. First, 
self-sensing concrete was mixed on-site with a 9 ft3 (0.25 m3) Multiquip mixer. The self-sensing concrete 
mix was poured into the wooden molds and consolidated with a poker vibrator. Second, and at the same 
time, plain concrete (Syar Concrete LLC.) was poured directly from a cement mixer truck in the remaining 
area and consolidated. Then, the wooden molds around the self-sensing concrete regions were removed, 
where the two different concrete mixes were allowed to naturally mix at the interface. The final step entailed 
smoothing the slab surface followed by spraying of a curing compound to minimize water evaporation and 
subsequent microcracks. A picture of the slab immediately after casting is shown in Fig. 4b. The concrete 
was cured for 28 days; Fig. 4c shows a picture of the cured slab.  

 

Figure 2. A 15×12 ft2 (4.6×3.7 m2) concrete airport pavement slab was cast for accelerated pavement testing. B1, B2, B3, and 
B4 are the four self-sensing concrete regions located along one of the longitudinal edges of the slab. 
 

 

 
Figure 3. An illustration and the dimensions of the self-sensing concrete block casted as part of the full-scale airport pavement 
slab are shown. The electrodes were arranged in a 10×6 rectangular pattern in the wooden mold. 



3.4. Spatial Damage Detection Tests  

3.4.1. Laboratory testing protocols  

Spatial damage detection tests were performed by inflicting different types of damage and performing 
ERT on self-sensing concrete specimens. The ERT DAQ system was assembled by interfacing a Keithley 
6221 current source with a Keysight 34980A multifunctional switch. The switch was controlled by a custom 
Matlab program to sequentially inject DC (on the order of mA) across any chosen pair of boundary 
electrodes, while the compliance voltage of the source was maintained at 105 V. During testing, the applied 
DC current was set to take advantage of the full voltage measurement range of the ERT DAQ system. Then, 
voltage differences between the remaining pairs of boundary electrodes were simultaneously recorded by 
the built-in digital multimeter (DMM) in the switch. An “across injection pattern” was used for all the 
experiments. It should be noted that the DC magnitude of the injected current was set to span the voltage 
measurement range of the DAQ to maximize SNR. Details about the DAQ system and the ERT excitation 
and measurement protocols can be found in Loyola et al. [42].  

Prior to introducing damage to any of the specimens, a baseline ERT measurement was obtained. The 
first experiment was performed by drilling a hole at the center of a Type A specimen using a 0.25-in-
diameter (~ 6.25 mm) masonry drill bit. The second experiment used an electric table saw to cut a thin 
groove on the specimen surface to simulate a crack. An additional orthogonal, crack-like cut was introduced 
thereafter. Due to this cutting method, cracks were deeper in the middle as compared to its ends. It should 
be mentioned that the grooves were cut on the backside of the specimen to prevent damaging the electrodes. 
Next, damage was introduced to Type B specimens by drilling multiple holes at different locations using a 
1-in-diameter (~ 25 mm) masonry drill bit. The last set of experiments aimed to detect the severity of 
damage in a Type C specimen. A ~ 6.25 mm hole was drilled halfway through the specimen near its bottom-
left corner to simulate minor damage. Damage severity was further increased by drilling through the 
remaining half of the thickness at the same spot. For all tests, ERT measurements were acquired after each 
new damage feature was introduced.  

3.4.2. HVS APT 

Accelerated pavement testing of the concrete airport pavement slab was performed using a heavy 
vehicle simulator. Similar to the laboratory experiments, baseline ERT measurements were recorded prior 
to applying any load to the slab. Baseline recorded at a particular time can be used to characterize the 
damage that occurred after that time. Hence, the effect of damage that occurred before the baseline 
measurements can be avoided from the final reconstructed images.   

Then, the HVS applied bi-directional traffic using a dual wheel assembly traveling along the 
longitudinal direction. The outside edge of one of the two wheels aligned with the longitudinal edge of the 
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Figure 4. (a) The wooden mold for casting the self-sensing concrete regions, along with the electrodes mounted on fishing 
wires and strain gages, are shown. The picture of concrete slab (b) immediately after casting and (c) after 28 days of curing 
are shown.   
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slab during trafficking. As a result, one of the wheels passed right over the self-sensing concrete blocks 
during trafficking (Fig. 4c). The HVS was commanded to apply a total of 17,000 cycles of loading on the 
pavement, with the applied carriage load gradually increasing from 25 kN to 100 kN based on the schedule 
listed in Table 2. After every 1,000 cycles of loading, the HVS was paused, and ERT measurements of all 
four self-sensing concrete regions were acquired. The locations of surface cracks, if any, were also manually 
marked after every 1,000 cycles. It should be mentioned that the ERT measurements were recorded during 
sunny and dry weather so that the effect of moisture on the ERT results could be minimized.  

4. Results and Discussion 

4.1. Small-Scale Specimen ERT Test Results 

First, as mentioned in Section 3.4.1, a 6.25-mm-diameter hole was drilled at the center of Type A 
specimens (Fig. 5a). The FEM for ERT conductivity reconstruction of Type A specimens used 400 bilinear 
quadrilateral elements. The hole was drilled through the specimen’s thickness starting from its front-side 
(i.e., the face with access to the electrodes). During drilling, minor spalling of concrete occurred on the 
backside near the drilled location, as is highlighted in Fig. 5b. Fig. 5c shows the corresponding ERT-
estimated change in spatial conductivity distribution (with respect to the undamaged baseline), and a 
negative change in conductivity was observed at the center. This was expected since the drilled hole 
removed material, which reduced conductivity at the damaged region. The shifting of the predicted damage 
spot towards the left was due to spalling of self-sensing concrete at the backside of the specimen. Overall, 
the shape of the damage as indicated by the ERT conductivity map (Fig. 5c) closely resembled the actual 
shape of the damage shown in Fig. 5b. Low SNR observed in Fig. 5c was probably due to the lowest damage 
sensitivity of the central region of the ERT specimen caused by the diffusive nature of the injected current. 
In addition to validating the proposed system’s damage detection capability, this result demonstrated its 
potential to identify a subsurface defect that was not visible from the front-side of the concrete specimen.  

Another experiment was performed on Type A specimens to validate crack detection using ERT. The 
specimen was subjected to damage by cutting grooves along its diagonals (Figs. 6a and 6b). Their 
corresponding changes in spatial conductivity are shown in Figs. 6c and 6d, respectively. Similar to Fig. 5, 
a decrease in conductivity was observed along the region of the diagonal cuts. The shapes and orientation 
of the cuts were also successfully captured in the reconstructed conductivity maps. As mentioned in Section 
3.4.1, the depth of the cut was not uniform along its length and was ~ 0.52 in (~ 13 mm) near the center and 
~ 0.20 in (~ 5 mm) near the corners, with an average width was ~ 0.28 in (~ 4.5 mm). As a result, the 
magnitude of conductivity change (decrease) was greatest at the center and gradually lessened toward the 
ends of the diagonals. Despite identifying the location, shape, size, and severity of the cracks, blurriness in 
the reconstructed conductivity maps was observed. This could have resulted as the electrical current could 
not thoroughly propagate between two opposite electrodes due to the closely-spaced cracks [50]. The 
sharpness of the ERT images can be enhanced by increasing the number of boundary electrodes, thereby 
collecting more voltage measurements at the boundary.  

Table 2. The applied carriage load corresponding to different loading cycles are shown.  

Loading cycles Carriage load 

0 to 1,000 25 kN 
1,001 to 6,000 40 kN 
6,001 to 9,000 60 kN 

9,001 to 15,000 80 kN 
15,001 to 17,000 100 kN 

 



  Second, holes were drilled near the bottom-left and top-left corners of Type B specimens, while ERT 
datasets were acquired after each new damage state. The FEM for ERT conductivity reconstruction of Type 
B specimens used 289 bilinear quadrilateral elements. Figs. 7a and 7b show pictures of the same specimen 
after each hole was drilled. The corresponding changes in conductivity obtained by solving the ERT inverse 
algorithm are presented in Figs. 7c and 7d, respectively. Like the previous cases, ERT successfully 
identified the sizes and locations of these damage features. Significant decreases in electrical conductivity 
at the locations of drilled holes were observed due to the severity of damage (i.e., through-holes). In 
principle, these through-holes have zero conductivity or an infinite change in resistivity with respect to the 
pristine state. However, infinite resistivity cannot be mathematically represented nor could an extremely 

    
(a) (b) (c)  

Figure 5. (a) Damage was introduced in an 80×80×18 mm3 Type A self-sensing concrete specimen by drilling a 6.25-mm-
diamter hole near the center. (b) Spalling has occurred on the back-side of the concrete specimen. (c) The change in 
conductivity distribution with respect to its undamaged state was calculated using ERT.  

  
(a) (b) 

  
(c) (d) 

 
Figure 6. (a) A diagonal cut was made on the backside of a 80×80×18 mm3 Type A self-sensing concrete specimen to create 
the first damage state, (b) followed by another orthogonal cut to create the second damage state. The ERT results successfully 
characterized the (c) single and (d) double diagonal cuts.  



large value be estimated by ERT due to regularization. Nevertheless, these results demonstrate that ERT 
can be implemented on self-sensing concrete specimens as large as 1×1 ft2.  

The last laboratory experiment was performed using a Type C specimen, and the purpose was to 
validate detection of progressive damage. First, a hole was drilled at the bottom-left corner of the specimen 
to only half the specimen thickness (i.e., ~ 25-mm-deep). The FEM for ERT conductivity reconstruction of 
Type C specimens used 1,092 bilinear quadrilateral elements. The corresponding ERT result is shown in 
Fig. 8a. Next, hole depth was extended by drilling through the entire thickness. ERT measurements were 
again acquired for conductivity reconstruction. The ERT conductivity map of Fig. 8b not only correctly 
showed the location of the damage but also an appropriate greater change in conductivity.  This result was 
expected since conductivity changes would be greater with increasing damage severity. Overall, the results 
of Fig. 8 validate that ERT could characterize progressive damage in larger self-sensing concrete 
specimens.  

 Although the experimental results presented in this section validated spatial damage detection, the 
damage sizes as determined by ERT were slightly overestimated in all cases. This overestimation can be 
attributed to the inherent resolution issue of the inverse problem, which is limited by the number of 
boundary current excitations and voltage measurements, as well as the large spacing between electrodes. 
To overcome this issue, more electrodes can be instrumented to obtain more independent measurements for 
solving the ERT inverse problem. In addition, the regularization scheme used may have also blurred the 
reconstructed images. Further improvements can be made by imposing a total variation (TV) regularization 
scheme with an iterative algorithm [36, 58] . Nevertheless, these results confirmed that ERT can be used to 
characterize different types of spatially distributed damage in self-sensing concrete.  

  
(a) (b) 

  
(c) (d) 

 
Figure 7. Two 25-mm-diamter holes were drilled at the (a) bottom-left and (b) top-left corner of the Type B specimen. The 
corresponding changes in conductivity are shown in (c) and (d) respectively.  

 



4.2. HVS APT ERT Results 

As mentioned in Section 3.2, HVS accelerated pavement tests were conducted on a full-scale concrete 
airport pavement slab with four embedded self-sensing concrete regions. A final picture of the damaged 
pavement slab after 17,000 cycles of loading is shown in Fig. 9. The locations of the self-sensing concrete 
regions B1 to B4 are also outlined. Cracks were also manually marked on the slab after every 1,000 cycles 
of loading (Fig. 9), during which ERT tests were also performed. The number of cycles after when these 
cracks appeared are also indicated in Fig. 9.  

 Fig. 10 presents the reconstructed change in electrical conductivity distributions of self-sensing 
concrete region B1 after every 1,000 loading cycles of HVS APT. The number at the top left corner of each 
image corresponds to the number of cycles applied. A negative change in conductivity was observed near 
the top-right corner of B1 early in the tests, and it remained approximately the same size and magnitude as 

  
(a) (b) 

 
Figure 8. (a) A partial hole was drilled at the bottom-left corner of a Type C specimen, and its corresponding change in 
conductivity distribution relative to its undamaged state is shown. (b) The hole was then completely drilled through the 
thickness, and the ERT result shows a greater change (decrease) in conductivity where the hole was drilled.  

 
Figure 9. The picture of the damaged concrete pavement slab after 17,000 cycles of HVS testing shows the locations of the 
four self-sensing concrete regions. Cracks were marked at the end of each 1,000-cycle period as they appeared.  
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shown in Figs. 10a to 10h. This location coincides with the first crack that appeared after 1,000 cycles of 
loading, as is also marked in Fig. 9. The similarity of the conductivity maps in Figs. 10a to 10h suggests 
that this crack did not propagate significantly during the first 8,000 cycles of loading.  

However, further decreases in conductivity at the damaged location was captured by ERT with 
additional loading cycles, as are shown in Figs. 10i to 10q. As mentioned in Table 2, the load was increased 
to 80 kN after 9,000 cycles. It can be inferred that the crack propagated and widened from 8,000 to 17,000 
cycles due to fatigue and the higher intensity of loads applied, which resulted in more significant changes 
in electrical conductivity in that region. Unfortunately, ERT was unable to capture the final shape of the 
crack marked on the surface of B1 (Fig. 9). Rather, an intense change in conductivity was observed near 
the right edge. This phenomenon can be potentially attributed to the presence of another severe subsurface 
crack near this region (as suggested by the ERT results from Figs. 10o to 10q) that masked the surface crack 
observed in Fig. 9.  
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Figure 10. (a) to (q) The ERT results show the change in conductivity distribution (with respect to its undamaged baseline) of 
self-sensing concrete region B1 after the HVS testing to different loading cycles (as highlighted in each image). 
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Although no surface cracks passed through B2 and B3 (Fig. 9), some conductivity changes were 
recorded in these regions, as shown in Figs. 11 and 12. However, the locations of these conductivity changes 
were slightly inconsistent between consecutive loading stages. It was also observed that the magnitude of 
the conductivity changes shown in Figs. 11 and 12 were much lower than those in Fig. 10. Such low-
magnitude conductivity changes could occur due to measurement noise.  

Fig. 13 shows a picture of self-sensing concrete region B4 after 11,000 cycles of loading, where a crack 
appeared and then traversed through the middle of its bottom edge. Fig. 14 shows the changes in 
conductivity distribution of B4 corresponding to different loading stages from 1,000 to 17,000 cycles. From 
1,000 to 4,000 cycles, a minor change in conductivity was observed near the middle of the bottom edge 
(Figs. 14a to 14d), yet no damage was observed on the surface. Continued loading from 5,000 to 10,000 
cycles still revealed no damage on the surface, but the ERT results showed a continued progression of 
greater conductivity changes (Figs. 14e to 14j). This localized conductivity change was potentially the result 
of a subsurface crack that formed at ~ 3,000 cycles and had slowly but not yet fully propagated to the 
surface until it was visually identifiable at 10,000 cycles.  
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Figure 11. (a) to (q) These ERT results present the conductivity changes experienced by B2 at after different cycles of loading.  
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It can be seen from Fig. 9 that a surface crack appeared after 11,000 loading cycles in the middle of the 
bottom edge of B4. The location of the crack coincided with the conductivity changes shown in the 
corresponding ERT conductivity maps (Fig. 14k). In fact, the crack appeared immediately after significant 
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Figure 12. (a) to (q) The ERT results present the conductivity changes experienced by B3 after different stages of loading. 

 
Figure 13. A zoomed-in view of B4 after 11,000 cycles of loading. The observed crack location is highlighted in red. 
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conductivity changes were captured by ERT (Figs. 14c to 14j). In addition, closer inspection of Fig. 14k 
revealed that the shape of the conductivity change resembled the crack propagation path. This result is 
significant, because it directly indicates that ERT was able to track and localize subsurface defects prior to 
them appearing (e.g., even before 7,000 cycles of loading). Early detection of subsurface damage features 
allows airport owners and stakeholders to take necessary repair actions prior to damage propagating to 
become severe.  

 In all the results described above (i.e., Figs. 10, 11, 12, and 14), amplified conductivity changes near 
the boundaries were observed, especially during high intensity loading. For example, instead of capturing 
the observed crack’s correct shape and path, the ERT results shown in Fig. 10 indicated an intensified 
change in conductivity near the right edge (Figs. 10i to 10q). In Figs. 11 and 12, some conductivity changes 
were observed only near the electrodes, although no such defects were observed on the concrete surface. In 
the case of B4, from 15,000 to 17,000 cycles, ERT failed to produce any meaningful results (Figs. 14o to 
14q). It is possible that all such conductivity changes were observed due to the failure of certain electrodes 
inside the self-sensing concrete regions, thus producing spurious voltage measurements and inaccurate 
reconstructed conductivity maps. This hypothesis warrants future testing explicitly focusing on the 
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Figure 14. The ERT results of B4 corresponding to different loading stages are shown.  
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electrode-concrete interface. If electrodes did in fact disbond from the self-sensing concrete, using a lower-
density-grid copper mesh could help the concrete mix flow in between mesh grids and form a stronger 
physical connection to these electrodes.  

It should be mentioned that excessive moisture inflow in the concrete could exaggerate the accuracy of 
the difference imaging algorithm (e.g., NOSER algorithm used in this study) [59]. Such moisture ingress 
creates background inhomogeneity that could violate the underlying homogeneous background assumption 
of the difference imaging algorithm [50]. However, an inference can be drawn such that there was negligible 
moisture ingress since ERT measurements were recorded during sunny and dry weather. In addition, it 
could be possible that incorporation of MWCNT thin film at the cement-aggregate interfaces facilitated 
electrical current conduction to create uniform electrical conductivity throughout the concrete blocks, which 
made them more resistant to slight fluctuations in moisture content. As the change in conductivity of the 
self-sensing concrete due to damage was more prominent than the effects of moisture, the NOSER 
algorithm was able to capture the damage-induced conductivity changes. Effects of moisture will be 
investigated in future studies.  

Although nominal steel reinforcement is required in concrete pavement [4], no reinforcement was used 
in this study. The presence of the highly conductive steel reinforcements in the concrete could alter the 
electrical current propagation that could affect ERT’s damage sensing performance. That said, the locations 
and the conductivity of the reinforcements can be incorporated as part of the ERT forward model. In doing 
so, the influence of the steel reinforcement on current propagation can be precisely modeled, and its effect 
on conductivity reconstruction can be avoided.  

Overall, this full-scale experiment successfully validated that self-sensing concrete, coupled with ERT, 
could be implemented to identify spatially distributed damage (such as cracks) in concrete airport 
pavements so long as a good connection between the concrete and the electrodes is ensured. As compared 
to visual inspection, ERT offers the added benefit of mapping cracks and the ability to detect and 
characterize damage precursors such as subsurface cracks.  

5. Conclusions  

The objective of this study was to validate that self-sensing concrete and an electrical resistance 
tomography measurement strategy and algorithm could be used for mapping damage in full-scale concrete 
airport pavements. First, self-sensing concrete was fabricated using fine and coarse aggregates pre-coated 
with MWCNT-latex thin films. Second, small-scale concrete specimens were cast, and they were 
instrumented with sets of boundary electrodes for ERT testing. Artificial damage in the form of drilled 
holes and cuts were introduced, and the reconstructed electrical conductivity distributions of these self-
sensing concrete specimens successfully validated ERT for detecting the locations, shapes, and severities 
of the introduced damage features. Last, a full-scale airport concrete pavement slab with four self-sensing 
concrete regions was cast. APT was conducted, where an HVS applied 17,000 cycles of gradually 
increasing loads (25 kN to 100 kN) to induce damage. ERT measurements were collected after every 1,000 
cycles of loads. As localized damage altered the electrical conductivity of the self-sensing concrete regions, 
the reconstructed ERT conductivity maps were able to reveal the shapes, severities, and locations of these 
internal damage features so long as the bonding between the electrodes and concrete was intact. Even 
subsurface damage that was not visible at the surface was successfully identified by ERT. The locations of 
these cracks were verified once some of these cracks have propagated to the surface and were visually 
identified. Future studies will investigate the long-term sensing and mechanical behavior of self-sensing 
concrete subjected to complex and even more realistic loading scenarios.  
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