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MODELING OF ENVIRONMENTAL EFFECTS ON THERMAL 
DETECTION OF SUBSURFACE DAMAGE FOR CONCRETE BRIDGES 

 
Rilya Rumbayan 

Dr. Glenn Washer, Dissertation Supervisor 
 

ABSTRACT 

 

This study developed a numerical model to predict thermal contrasts for 

subsurface delaminations based on a given set of environmental conditions.  The 

finite element method (FEM) was used to perform 3-D, transient heat transfer 

analysis of a concrete block with voids intended to provide an idealized model of 

delaminations.  The effectiveness of the modeling was evaluated by comparing 

the thermal contrasts predicted by the model to those obtained from experimental 

testing of an actual concrete block of the same dimensions.  The correlation and 

error analysis between the model and the experimental testing results indicated 

that the model could be an effective tool for the prediction of anticipated thermal 

contrasts.   

Key parameters were studied using the verified model, such as the depth 

and thickness of a delamination, materials present in the delamination, asphalt 

overlays, and the material properties of the concrete.  The effect of these 

parameters on the thermal contrast developed on the surface above a 

delamination was assessed.  An example model analysis was presented to 

illustrate the model application for the thermal measurements during a field test.  
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The model results provided valuable information on the expected responses 

when using thermography to detect delaminations in a concrete bridge deck.   

A practical equation was also proposed using a statistical approach for 

predicting the maximum thermal contrast at various void depths under various 

environmental conditions.  The results compared well to the FEM model and to 

the experimental testing.   
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1. INTRODUCTION 
 

 

 

1.1 Background 

Reinforced concrete is commonly used as a construction material for 

highway bridge structures.  One of the most significant deterioration mechanisms 

in reinforced concrete is corrosion of the embedded reinforcement steel, which 

results in subsurface damage to the concrete.  As the steel corrodes, it expands, 

causing tension stresses in the surrounding concrete [1].  These tensile stresses 

result in cracks or subsurface fracture planes in the concrete at, or near, the level 

of the reinforcement.  These subsurface fracture planes are commonly referred 

to as delaminations.  As the deterioration process continues, a rupture between 

the delaminated region and the main structural component can occur, which 

results in spalling of the concrete [2]. 

This kind of damage affects concrete bridge safety and serviceability.  

Spalling of the concrete deck surfaces can affect the ability of the deck to carry 

traffic at normal speeds, may accelerate the overall deterioration of the deck, and 

can require maintenance or renovation activities that disrupt traffic [3, 4].  

Concrete spalling on the underside of an overpass bridge can be a safety hazard 

to traffic passing below if concrete falls from the bridge onto moving traffic [5].  
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For these and other bridge components, delaminations and spalling are 

indicative of deterioration and active corrosion, such that locating and defining 

the extent of this damage provides important information regarding the current 

condition and future repair needs. 

Various conventional techniques are used to detect subsurface 

delaminations, including sounding with hammers or rods and chain dragging.  

These methods require hands-on access to the surfaces being inspected, are 

subjective, and can be inaccurate [6, 7].  For highway bridges, achieving the 

access necessary to reach key bridge components for sounding can require 

special access equipment such as man lifts, and often requires lane closures that 

disrupt traffic.  In the case of chain dragging, only bridge decks and other 

horizontal surface can be inspected.   

Due to the access requirements of conventional techniques and their 

inherent subjectivity, nondestructive evaluation (NDE) techniques have been 

explored as a means of reducing the access requirements and improving the 

quality of inspection in various bridge components (deck, soffit, abutment, and 

parapet).  Some of the NDE techniques are sonic testing, impact echo (IE), 

ground penetrating radar (GPR) technology, and infrared (IR) thermography [2, 

4, 8-11].  Sonic testing, sometimes implemented using an IE approach, requires 

impact at the surface of the material under test, such that hands-on access to 

that surface is always required.  In the case of GPR, air-coupled antennae can 

be used to reduce required traffic control for some bridge decks, but generally 
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need a period of lane closure to the surface to be implemented.  Of these 

technologies, IR thermography is the only method that does not require direct 

access to the surface under inspection because images can be captured from 

distances of 30 m using appropriate optical lenses [12].  IR thermography utilizes 

the heat energy radiated by an object to characterize its subsurface conditions.  

Subsurface defects in concrete, such as delaminations, affect the rate of heat 

transfer through the thickness of the concrete and hence result in surface 

temperature differentials with respect to sound (defect-free) areas.  The surface 

temperatures are recorded by a thermography camera in the form of real time 

images (thermograms) that are interpreted to detect and characterize subsurface 

delaminations in the concrete.   

 

1.2 Problem Statement 

Thermographic imaging technique provides a practical tool for the 

detection of delaminations from a distance without direct access to the surface; 

however, the effectiveness of the technique is highly dependent on 

environmental conditions at the time, and prior to when a thermal image is 

captured.  The thermal gradient in the concrete that results from certain 

environmental conditions, such as solar loading, drives heat transfer in the 

concrete that is disrupted by subsurface delaminations, resulting in variations in 

surface temperature (i.e. thermal contrast) that are used to identify the location of 

subsurface damage in the thermal image.   
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Currently, limited research and development are available on thermal 

detection of subsurface damage in concrete under varying environmental effects.  

Most research studies focused on the detectability of the subsurface 

delamination under a single set of environmental variables, that is at a certain 

point in time.  Also, these research efforts focused on the detection of subsurface 

delaminations in concrete bridge decks exposed to solar radiation [2, 6, 13, 14].  

Research efforts by Washer, et al. [12, 15-17] have studied the effect of 

environmental conditions not only in the bridge deck, but also in the bridge deck 

soffit, and other bridge components.  These efforts have included constructing a 

large concrete block with simulated voids, and analyzing the effects of 

environmental parameters over a 6 month period.  The concrete block was 

aligned such that the South face of the block was exposed to direct solar loading, 

while the North face of the block was not exposed to direct solar loading.  In 

these configurations, the South face provided a model of sunny side and the 

North face provided a model of shaded side.   

For practical inspection scenarios, the environmental conditions obviously 

cannot be controlled and vary on a day-to-day basis.  Therefore, a full 

understanding of various environmental conditions affecting concrete bridge 

components at the time of imaging is necessary to make subsurface damage 

detection most effective.  An accurate model that can estimate the anticipated 

level of thermal contrast based on the anticipated depth of a delamination and for 

a given set of actual environmental conditions could provide an essential tool for 
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the inspection of concrete bridge components.  Such a model could be used to 

assess the combination of solar loading, ambient temperature change and wind 

speed during, or leading up to, a field inspection to predict the anticipated 

thermal contrast for a delamination at a given depth.  This data could then be 

used to evaluate if sufficient conditions exist to make it likely that a delamination 

would be detected, to estimate the depth of a detected delamination based on 

the thermal contrast, and to determine if detected thermal differences correspond 

with actual subsurface defects.  The research reported herein describes the 

development of such a model, and illustrates its application to practical 

inspection scenarios.   

 

1.3 Goal and Objectives 

The goal of this study is to improve the reliability of bridge condition 

assessments.  The objectives of this study are to:  

1. Develop a numerical model to predict the thermal response for 

subsurface voids (i.e. delaminations) in concrete under various 

environmental conditions, for the purpose of providing an analytical 

tool to support the thermographic inspection of concrete bridge 

components,   

2. Evaluate the model performance by comparing to the experimental 

data,   



6 
 

3. Study the effect of different field test parameters expected to influence 

the detectability of the subsurface voids, 

4. Apply the model for revealing thermal contrast from thermography 

measurements (post-test model), and 

5. Develop and verify equations to predict thermal contrasts based on 

environmental conditions. 

 

1.4 Research Approach 

The research had four distinct phases as summarized in Figure 1.1.  The 

first phase of the research was comprised of a literature search that includes 

mechanisms of concrete bridge deterioration, typical techniques for subsurface 

damage detection in concrete, theoretical foundations of IR thermography, 

applications of IR thermographic in concrete, and mechanisms of heat transfer.  

The previous experimental testing that studied the effect of environmental 

conditions on the surface temperature of a concrete block containing subsurface 

voids at different depths [18, 19] was outlined   

The second phase of the research focused on numerical simulation model 

development.  The model was developed using the finite element method (FEM) 

in COMSOL-Multiphysics and verified using actual experimental test data [18, 19] 

from the concrete block containing simulated voids.  Actual weather patterns, i.e. 

the actual weather conditions (solar loading, ambient temperature variations and 
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wind speeds) recorded during experimental testing were used as model inputs 

such that the resulting thermal contrasts from the model and actual experimental 

data could be compared.  Analysis of the correlation and error were used to 

determine if the model was likely to be an effective tool for predicting thermal 

contrasts based on a given set of weather conditions.   

The third phase of the research project involved a series of parametric 

studies based on the numerical modeling.  The following four cases of key 

parameters expected to influence the detectability of the subsurface voids were 

performed:   

• Case 1: The effect of varying void depths and void thickness on 

thermal contrast.   

o A simplified estimation of void depth from the measured thermal 

contrast was developed.   

o Minimum thickness of detectable void was evaluated. 

• Case 2: The effect of different materials contained in the delamination 

void.   

o Modeling was completed for a void filled with air, water, ice and 

epoxy.   

o In addition, a Styrofoam-filled void was analyzed to compare 

with the experimental test data. 

• Case 3: The effect of the material properties of the concrete.   
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o The properties included thermal conductivity, volumetric heat, 

and emissivity  

• Case 4: The effect of asphalt overlay. 

An example of the post-test model analysis was also presented to analyze the 

thermal contrast of subsurface voids in concrete, given the known weather 

patterns surrounding the test, and the depth and thickness of a delamination in a 

real bridge deck.  The post-test model results were then compared to the 

measured thermal contrast detected by an IR thermography.   

The next phase of the research focused on development of a practical 

equation to predict the maximum thermal contrast for both the surface exposed 

to direct solar loading (the South side) and the shaded surface (the North side).  

The equation model was developed statistically using multi-parameter regression 

analysis to establish a functional relationship among the maximum thermal 

contrast at various depths of voids in the concrete, obtained through the 

numerical simulation, and the daily environmental variables datasets over a 6 

month period recorded through the experimental testing.  Finally, the prediction 

equation model was verified by comparing the maximum thermal contrast results 

with those obtained from both the numerical simulation model and the 

experimental data.   
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Figure 1.1 Summary of research approach 
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1.5 Outline of Dissertation 

This dissertation is composed of six chapters.  Chapter 1 introduces the 

background, problem statement, goal and objectives, research approach, and 

outline of the dissertation.   

Chapter 2 summarizes the literature review related to this study.  It 

includes mechanisms of concrete bridge deterioration, and technologies for 

subsurface defect detection in concrete.  The chapter also contains the 

theoretical foundations and the application of IR thermography for concrete 

bridges.  A short review of heat transfer is introduced in this chapter.  Relevant 

studies that were done on the use of IR thermography for concrete bridge 

inspection are reviewed.   

The numerical model development and verification are discussed in 

Chapter 3.  This chapter introduces the FEM in COMSOL-Multiphysics that was 

used to simulate the effects of environmental conditions on the detection of 

subsurface voids in concrete.  Model descriptions including geometry, material 

properties, boundary conditions and mesh density are presented.  Thermal 

images, surface temperatures and thermal contrast obtained from the numerical 

simulation are reported.  The evaluation of the model performance using 

correlation and error analysis is also discussed.   

Chapter 4 presents parametric studies of the key parameters affecting the 

detectability of the subsurface voids.  The effect of void depth, void thickness, 

different materials present in the delamination void, material properties of the 
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concrete, and asphalt overlay are carried out and the results are discussed.  

Also, a simple procedure for void depth estimation and minimum thickness of 

detectable void estimation are demonstrated in this chapter.  An example of the 

post-test model based numerical simulation is also presented. 

Chapter 5 describes a range of statistical procedures to develop an 

equation to predict the maximum thermal contrast from the daily environmental 

variables.  The procedures are discussed separately for the sunny side and the 

shaded side.  This chapter introduces the multi-parameters analysis that was 

used to obtain regression equations of the maximum thermal contrast at various 

depths of void in concrete.  The verification of the proposed equations with finite 

element simulations and the experimental data is also presented.   

Finally, Chapter 6 summarizes all major results of this research and 

recommendation for future research. 
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2. LITERATURE REVIEW 
 

 

 

2.1 Introduction 

This chapter describes the literature review relevant to infrared 

thermography technique for detecting subsurface delamination in concrete 

bridges.  First, mechanisms of concrete bridge deterioration and overview of 

technologies for detecting a subsurface delamination are presented.  Second, 

relevant studies in theoretical foundation and application of IR thermography for 

concrete bridges are outlined.   

 

2.2 Mechanisms of Concrete Bridge Deterioration 

Deterioration of concrete bridge components is one of the major bridge 

maintenance problems affecting bridges in the United States.  The primary 

mechanism of the deterioration is corrosion of embedded reinforcement (rebar), 

which leads to cracking, delamination, and spalling of concrete [13].  Details 

about this issue are discussed in this section.   
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2.2.1 Corrosion of rebar in concrete 

Concrete normally provides reinforcing steel with excellent corrosion 

protection.  The high-alkaline environment in concrete creates a passive film that 

protects the steel from corrosion.  However, corrosion of steel can occur when 

oxygen and moisture are present and the passivity of the steel is destroyed or 

dissolved either by decrease in pH value due to carbonation of the concrete or by 

chloride ions intrusion (or a combination of these two factors) [5].   

Carbonation of concrete is the result of the reaction of carbon dioxide 

(CO2) and other acidic gases in the air and the alkaline constituents of cement 

paste.  As a result, the alkalinity of the concrete is reduced and the steel is no 

longer protected against corrosion.  Fortunately, carbonation rates are generally 

low, typically no more than about 1 mm a year for good quality concrete.  

Therefore, carbonation-induced corrosion has not been considered as serious a 

problem in concrete structures as corrosion induced by chloride ions.   

Disruption of the passive film by chlorides is the most prevalent and 

damaging cause of corrosion of steel in concrete.  The steel is susceptible to 

corrosion initiation when penetration of chloride ions at the steel surface exceeds 

a chloride threshold concentration level, which is dependent on many factors 

including: quality of concrete, relative humidity and temperature of the concrete, 

and pH value of the pore solution.  There are two sources by which chloride ions 

may be introduced into the concrete: internal sources, such as the cement, 
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aggregate, and water used to make the concrete, and external sources such as 

deicing chemicals or seawater.   

Corrosion of steel in concrete is an electrochemical process.  In this 

process, steel is converted to iron-oxides, also known as rust.  The volume of 

rust products is about four to six times larger than that of steel [20].  This volume 

increase induces internal tensile stresses in the concrete.   

2.2.2 Cracking, delaminations, and spalling of concrete 

Cracking is initiated in the concrete when internal tensile stresses induced 

by corrosion exceed the tensile strength of the concrete.  Cracking affects 

concrete deterioration by providing access of chlorides, oxygen, and moisture to 

the reinforcing steel.  In this case, the presence of cracking can increase the rate 

of corrosion.  As the corrosion process continues, it causes a delamination (i.e. a 

subsurface fracture plane parallel to the surface of the concrete), which occurs 

frequently at the depth of the reinforcing steel.  Delaminations may extend over a 

substantial area beneath the concrete surface.  These delaminations may 

become separated from the concrete, resulting in a spall.   

The corrosion-induced spalling of concrete has been a concern to 

transportation agencies due to the potential serviceability and safety issues for 

concrete bridge structures.  For concrete bridge decks, spalling can affect the 

condition of the riding surface and may accelerate the overall deterioration of the 

structural components beneath the deck.  Concrete spalling on the undersurface 
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of an overpass bridge can be more critical, as it raises safety issues to traffic 

below the bridge [21, 22].   

 

2.3 Technologies for Subsurface Defect Detection in Concrete 

As described before, the subsurface fracture plane, or delamination, can 

affect the structural integrity of concrete and lead to further deterioration and 

damage.  Detection of this type of damage in its initial stages is critical to 

identifying repair and maintenance needs.  This section discusses the most 

commonly applied methods for identifying subsurface delaminations in concrete, 

including conventional methods and NDE methods.  The basic principles, 

advantages and limitations of these evaluation methods/technologies are briefly 

described in this section.   

2.3.1 Conventional methods 

Two common types of conventional methods that are based on sounding 

to detect delaminations on concrete are hammer sounding and chain dragging.  

The hammer sounding method involves tapping the surface of a concrete 

member with a hammer at multiple locations and listening for a distinctive sound 

produced.  A dull or hollow sound is created when delaminated concrete is 

encountered, and a clear ringing sound is heard on non-delaminated concrete.   

For large horizontal surface areas, such as bridge decks, chain drag is 

used to detect delaminations with reasonable accuracy.  This method involves 



16 
 

dragging a chain over the bridge deck surface.  Similar to the hammer sounding 

method, areas of non-delaminated concrete will produce a clear ringing sound, 

and areas of delaminated will produce a hollow sound.  The typical chain used 

for inspection consists of about five segments of 1-inch link chain of ¼ inch 

diameter steel approximately 18 inches long attached to an aluminum or copper 

tube about 3 feet in length [23].  The procedure of the method can be found in 

ASTM D4580-03 (procedure B) [24].   

The main advantages of both chain dragging and hammer sounding 

methods are simplicity, portability and low operating cost [8].  However, these 

methods require direct access to the surfaces being inspected.  For highway 

bridges, achieving the access necessary to reach key bridge components for 

sounding can require special access equipment such as man lifts, and often 

requires lane closures that disrupt traffic.  In the case of chain dragging, it cannot 

be performed on vertical members of a bridge and thus is limited to the topside of 

bridge decks.  In addition, these methods cannot quantitatively analyze the 

amount of deterioration in concrete and use the subjective interpretations of the 

operator regarding the sound produced by tapping the bridge with a hammer or 

by dragging the bridge deck with a chain [25]. 

2.3.2 Nondestructive evaluation (NDE) technologies  

Nondestructive evaluation (NDE) is defined as testing that causes no 

structurally significant damage to concrete [26].  This term is also called as 

nondestructive testing (NDT) or nondestructive inspection (NDI).  NDE 
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techniques are increasingly being considered for defect detection in various 

bridge components due to the access requirements of conventional sounding 

methods and their inherent subjectivity.  The common NDE techniques have 

been narrowed to impact echo (IE), ground penetrating radar (GPR) technology, 

and infrared (IR) thermography.  Details about the principles, the 

instrumentations used, data analysis techniques, and some inherent limitations of 

these technologies are provided in the American Concrete Institute Report ACI 

228.2R-98 [26].   

2.3.2.1 Impact echo (IE) 

The IE testing technique is a stress-wave method which uses mechanical 

energy to transmit a sound wave into the concrete.  The basic principle of the IE 

method involves impacting the surface of the concrete with a small diameter 

impactor and detecting and recording the response.  Details about the 

procedures of the method are described in ASTM C1383-04 (procedure B) [27].  

A stress pulse is initiated into a concrete by mechanical impact on the surface.  

The P-waves (i.e. primary waves or compression waves) and the S-waves (i.e. 

secondary waves or shear waves) produced by the stress pulse propagate into 

the concrete along hemispherical wave fronts.  The waves are reflected by 

changes in acoustic impedance of the material under investigation (i.e. at internal 

interface between the concrete and subsurface delaminations).  The arrival of 

these reflected waves, or echoes, at the surface where the impact was generated 

produces displacements that are measured by a receiving transducer and 
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recorded using a data-acquisition system.  Frequency analysis of displacement 

wave forms is used to interpret the IE data.  In such analysis, the time domain 

signal is converted into a frequency domain using the fast Fourier transform 

(FFT) technique [26].   

The main advantages of IE testing are the versatile equipment and the 

relatively brief duration of the testing procedure [23].  The IE responses of 

internal subsurface defects in concrete can also be classified according to the 

type, depth, and size of a defect [28].  However, the implementation using this 

method requires impact at one surface of the tested concrete, such that hands-

on access to that surface is always required.  In addition, interpretation of the 

results of this method is not as simple as hammer sounding and chain drag 

method.   

2.3.2.2 Ground penetrating radar (GPR) 

The GPR testing technique uses electromagnetic waves to investigate the 

condition of the concrete and defect corrosion damage.  A high frequency 

electromagnetic wave, typically from 1 GHz to 2.5 GHz, is emitted via an antenna 

into the concrete under investigation.  The reflected energy caused by changes 

in dielectric properties of the material (i.e. at internal interface between concrete 

and steel reinforcing) is detected by a receiver antenna and recorded for analysis 

[29].  This technique can be implemented using air-coupled or ground-coupled 

antennas.  Details of the procedure for GPR testing are described in ASTM D 

6087-08 [30].   
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The advantage of the GPR testing is its ability to detect corrosion damage 

on concrete decks with overlays.  The application of the technique also permits 

high-speed scanning on bridge decks with minimum traffic control requirements.  

When conducting inspections, either using air-coupled antennas or ground-

coupled antennas, the distance between antennas and the bridge deck surface is 

properly determined in accordance with recommended standard.  For example, 

ASTM standard notes that air-launched antenna requires a transverse distance 

of less than 1 m (3 ft) and a longitudinal distance of less than 150 mm (6 in.) to 

the surface to be implemented [30].  This means that a period of lane closure or 

partial lane closure may be required for conducting the testing.  For ground-

coupled antennas, the antenna is dragged along the surface, obviously requiring 

lane closure to be implemented.  In addition, an experienced inspector is 

required to operate equipment and interpret results.   

2.3.2.3 Infrared (IR) thermography 

Infrared (IR) thermography has been developed for detecting subsurface 

delaminations in concrete without direct access to the concrete surface, as 

required by other methods (as described above).  The IR data can be collected 

without direct access to the surface under investigation, because images can be 

captured from distances of 30 m using appropriate optical lenses [12].  This 

means that lane closures and traffic control are not required for conducting the 

testing.   
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IR thermography is based on two principles: (1) a surface emits energy in 

the form of electromagnetic radiation, and (2) subsurface delamination in the 

concrete affects heat flow through the concrete [26].  A description in the next 

section provides details on this method.   

 

2.4 Theoretical Foundation of IR Thermographic  

The objective of this section is to understand the theoretical aspects of IR 

thermography.  A brief review of the basic principles of the IR thermography and 

a review of IR instruments are presented.  An overview of heat transfer is also 

included in this section.   

2.4.1 Basic principles of IR thermography 

Thermography employs infrared sensors to detect thermal radiation 

emitted from materials, and creates an image of surface temperatures based on 

the emitted radiation [26].  The energy of emitted radiation is described by the 

Stefan Boltzmann Law, which states that the power radiated by a material is 

directly proportional to the fourth power of its absolute temperature as 

𝒒𝒓𝒂𝒅 = 𝜺𝝈𝑻𝟒     Eq. 2.1 

in which 𝜀 is infrared emissivity of the material, 𝜎 is the Stefan-Boltzmann 

constant (5.67 x 10-8 W m-2 K-4), and T is the surface temperature of the material.  

Emissivity, ε, describes how efficiently a material transfers energy by radiation 
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heat transfer.  It is a unitless value defined as the fraction of energy emitted 

relative to the radiation of a perfect emitter or blackbody [31].   

In concrete, subsurface anomalies such as delaminations interrupt heat 

flow producing localized differences in the surface temperature [2].  These 

localized variations in surface temperature affect the amount of infrared radiation 

emitted from the surface, as shown schematically in Figure 2.1.  As concrete 

warms during the daytime, the surface temperature of a delamination is higher 

than the temperature of the sound concrete (Fig. 2.1A).  Conversely, as concrete 

cools during the nighttime, the surface temperature of the concrete above a 

delamination may be lower than the temperature of the sound concrete (Fig. 

2.1B) [32].  The location of subsurface delaminations can be identified by 

analyzing the surface temperature variations.  These surface temperature 

variations are examined in terms of thermal contrast to perform quantitative 

analysis of data in this study (Fig. 2.1C).  Thermal contrast, ΔT, was defined as 

∆𝑻 = 𝑻𝒗𝒐𝒊𝒅 − 𝑻𝒔𝒐𝒖𝒏𝒅 𝒄𝒐𝒏𝒄𝒓𝒆𝒕𝒆    Eq. 2.2 

where Tvoid is the surface temperature above a void area (i.e. delamination) and 

Tsound concrete is the surface temperature in the intact area of the concrete.  It can 

be seen from Figure 2.1.C that a thermal contrast curve may have maximum 

thermal contrast (ΔTmax) at a distinct time (tmax) over the course of a typical day.  

In this study, the maximum thermal contrast was considered in evaluating some 

of the capabilities and limitations of a FEM model (described later in Chapter 3) 
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for detecting the subsurface voids under a variety of field test parameters, 

including varying environmental conditions.   

 

 

Figure 2.1 Thermal response of delaminations in concrete: (A) day time 
condition [12]; (B) night time condition; (C) surface 
temperature and thermal contrast as a function of time 

2.4.2 IR thermography instruments 

An IR camera measures and images the emitted infrared radiation from an 

object.  The fact that radiation is a function of object surface temperature makes 

it possible for the camera to calculate and display this temperature.  IR covers a 
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portion of the electromagnetic spectrum (EM) as shown in Figure 2.2.  The 

infrared spectral region starts at 0.75 μm where the region of visible perception 

ends and it ends at about 100 μm.  It is further divided into four sub-regions as 

the near infrared (0.75-3 μm), the middle infrared (3-6 μm), the far infrared (6-15 

μm) and the extreme infrared (15-100 μm).  The near infrared and far infrared 

regions are used in most commercial IR cameras to capture a thermal image 

[33].   

 

 

Figure 2.2 Infrared region in the electromagnetic spectrum [34] 

The configuration of a typical instrument for IR thermography is shown in 

Figure 2.3.  The main components of IR camera are a lens, spectral filter, a 

detector, and electronics and software for processing and displaying IR images 

and temperatures on a monitor [34].  The optical lenses for IR cameras are 
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typically made of germanium, which is a convenient material due to the high 

index of refraction for infrared wavelengths between 2 and 12 μm and 

opaqueness to wavelengths outside of the 2 to 20 μm region.  The germanium 

lens collects the energy from a target surface and focuses it on the detector.  

This allows the lens to serve as a filter for visible and UV radiation that would 

otherwise be incident on the detector.  The remaining infrared wavelengths 

outside of the 2 to 20 μm band are removed using in-line spectral filters that are 

placed in front of the detector.  The infrared detector is a device that converts the 

radiant infrared energy into a measurable electrical signal.  The IR camera used 

in this research use microbolometer focal plane array (FPA) technology, which is 

a type of thermal detector made of a material whose electrical conductivity varies 

with temperature change due to incident radiation.  The electrical signal is then 

converted to single pixel containing temperature data by applying an appropriate 

calibration factor.  Data obtained by the detector unit are digitized and displayed 

as shades of gray or color, depending on the data analysis software.  For 

example, cooler or hotter regions are identified by different colors compared to 

the surrounding concrete bridge deck as shown in Figure 2.3 (right image).  

These different colors represent different temperatures.   
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Figure 2.3 Typical components of an IR thermography  

2.4.3 Overview of heat transfer  

The overview of heat transfer, thermal properties, theory of heat diffusion 

and transient heat transfer are presented below. 

2.4.3.1 Heat transfer mechanisms 

Heat transfer takes place in three modes known as conduction, 

convection, and radiation.  Figure 2.4 shows the heat transfer mechanisms that 

occur for a concrete block in the ambient environment schematically, including 

radiant heating from the sun, forced and natural convection, and emitted infrared 

radiation from the concrete surface that takes place at the concrete surface-

atmospheric boundary, and conduction that occurs in the concrete itself [35].   
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Figure 2.4 The heat transfer mechanisms for concrete with environmental 
interaction 

The thermal energy due to the sun’s rays received by the concrete 

surface, qs, can be generalized as  

𝒒𝒔 = ∝𝒔 𝑰𝒔     Eq. 2.3 

in which αs is the absorptivity of concrete and Is is the total solar radiation on 

concrete surface.  Absorptivity, αs, is a measure of the efficiency of receiving 

radiated heat.  It depends on the color and the texture of the surface.  An 

absorptivity of 1 indicates that a material absorbs all incident radiated heat and 

reflects none.  The solar radiation, Is, depends on geographical location and the 

position of the sun relative to the surface of the concrete, which varies over the 

course of a day and throughout the year.  

The thermal energy transfer by convection, qconv, as a result of 

temperature differences between the concrete surface and the surrounding air is 

given generally by Newton’s law of cooling as 
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𝒒𝒄𝒐𝒏𝒗 = 𝒉(𝑻𝟐 − 𝑻𝟏)    Eq. 2.4 

in which h is a convection coefficient, T2 is the surface temperature of the 

concrete, and T1 is the ambient temperature.  The convection coefficient is a 

function of several parameters such as wind velocity, surface roughness, thermal 

properties of the air, and surface area.  The convective heat transfer is positive 

when the ambient temperature is less than the temperature of the concrete, such 

as may occur when radiant heating from the sun warms the concrete above the 

ambient temperature.  In this case, increased wind speed will result in increased 

energy transfer from the concrete to the surrounding environment, reducing the 

surface temperature of the concrete and thereby diminishing the thermal 

gradients in the concrete.  If the ambient temperature is warmer than the 

concrete, such as would be typical when ambient temperatures are increasing 

but there is no heating from the sun, i.e. shady conditions, then the convective 

heating transfer is negative.  Under this scenario, increased wind speed will 

accelerate the heat transfer to the concrete, and increase the thermal gradients 

in the concrete.  

The thermal energy of emitted radiation, qrad, is given by Eq.2.1.  As 

described before, IR thermography uses this emitted radiant energy to measure 

the surface temperature of the concrete.   

Within the concrete solid, heat transfer via conduction occurs and is 

affected by the thermal properties of the concrete.  For the one dimensional 

plane, the thermal energy transfer by conduction, qcond, can be expressed as   
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𝒒𝒄𝒐𝒏𝒅 = 𝒌 �𝑻𝟐−𝑻𝟏
𝑳

�    Eq. 2.5 

in which k is the thermal conductivity and L is the concrete thickness in the 

direction of heat flow.  Thermal conductivity, k, indicates how quickly heat flows 

through the material.  It is a measure of the rate at which heat passes 

perpendicularly through a unit area of homogeneous material of unit thickness for 

a temperature difference of one degree.  k is expressed as W/(m2K).  The 

thermal conductivity of concrete is dependent on the aggregate types used in the 

concrete mixture [31].   

2.4.3.2 Thermal inertia 

Thermal inertia or thermal mass, I, is a measure of the ability of the 

material to conduct and store heat.  It is computed as the square root of the 

product of thermal conductivity (k), density (ρ), and heat capacity (Cp) as 

𝑰 = �𝒌𝝆𝑪𝒑     Eq. 2.6 

Heat capacity (i.e. specific heat) is defined as the amount of heat needed to raise 

the temperature of a unit mass of a material by one degree.  This property 

describes the ability of material to store heat.  The volumetric heat of a material 

can be calculated as the product of the density and the specific heat of the 

material.  It is a measure of the quantity of heat required to produce a unit 

temperature change in a unit volume [36].   
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2.4.3.3 Theory of heat diffusion 

The theory of diffusion in isotropic homogeneous material is governed by 

the Fourier equation [36]: 

𝝏𝑻
𝝏𝒕

= 𝜶 ∙ 𝛁𝒙,𝒚,𝒛
𝟐 𝑻    Eq. 2.7 

in which T is the temperature, t is time and ∇2 is the Laplacian operator.  In the 

Cartesian coordinate system, the Laplacian of temperature is defined as 

𝛁𝟐 = 𝛛𝟐

𝛛𝐱𝟐
+ 𝛛𝟐

𝛛𝐲𝟐
+ 𝛛𝟐

𝛛𝐳𝟐
     Eq. 2.8 

Eq. 2.7 shows that the temperature at any point in the material changes with time 

during transient heat flow. 

Thermal diffusivity, α, in Eq.2.7 indicates how quickly a material changes 

temperature and is defined as  

𝜶 = 𝒌
𝑪𝒑∙𝝆

      Eq. 2.9 

where k is thermal conductivity, Cp is heat capacity, and ρ is density of the 

material.  A high thermal diffusivity means that heat transfer through a material 

will be fast and the amount of storage will be small.  Materials with a high thermal 

diffusivity respond quickly to changes in temperature.  On the other hand, low 

thermal diffusivity indicates a slower rate of heat transfer and a large amount of 

heat storage.  Materials with low thermal diffusivity respond slowly to an imposed 

temperature difference [31].   
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2.4.3.4 Transient heat transfer 

The effective use of quantitative IR thermography for subsurface void 

detection and void characterization in concrete requires the study of the transient 

heat transfer phenomenon.  Theoretically, this phenomenon could be solved 

using direct computation of the theory of diffusion (described in section 2.4.3.3) 

or using numerical analysis. 

For a simple case, such as one-dimensional transient heat flow, Eq. 2.7 

can be solved as follows [36]: 

𝑻𝒅 = 𝑻∞ + (𝑻𝒊 − 𝑻∞)𝐞𝐫𝐟 � 𝒚
𝟐√𝜶𝒕

�   Eq. 2.10 

where Td is temperature at any depth in the material, T∞ is the applied constant 

temperature at the surface of the material, Ti is the initial temperature of the 

material, and erf is Gaussian error function.  This equation shows that the 

temperature within the material changes in a nonlinear manner upon a step 

change in surface temperature.   

For more complex cases, where the material has subsurface voids 

(heterogeneous thermal properties at various depths and thickness), and is 

subjected to complex boundary conditions, the transient heat transfer cannot be 

solved using direct computation.  Numerical modeling is the only analytical 

method capable of simulating the transient heat transfer.  The finite element 

method (FEM), finite volume method (FVM), or finite difference method (FDM) 

can be considered to solve the differential equation in Eq. 2.7.  Using these 
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methods, the temperature at discrete points in the concrete can be obtained.  

Moreover, the accessibility of the numerical method via computer simulation 

(software) makes it more effective, and the capability of the method allows 

simulation of different heat transfer scenarios such as varying of boundary 

conditions, a variety of void characterization conditions, and varying of material 

properties.   

 

2.5 Application of IR Thermographic  

The objective of this section is to understand the applications of IR 

thermography for nondestructive evaluation of concrete bridges.  The description 

of IR testing procedures and advantages and limitations of IR thermography 

testing are presented below.  This section also includes brief summaries of 

previous investigations on the use of IR thermography for concrete bridge 

inspection.   

2.5.1 Active and passive IR thermography measurement 

There are two testing approaches for IR thermography depending on the 

presence of an external heat source known as: (1) the active approach, and (2) 

the passive approach.  The active approach uses an external thermal stimulus to 

induce the required heat flow condition on the concrete under testing.  An 

external heat source such as an electric heater is generally used over the surface 

concrete and the surface temperature is monitored and analyzed.  Based on the 

external stimulus, different methods of active thermography have been 
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developed such as pulse thermography, step heating, lock-in thermography, and 

vibro-thermography.   

The passive approach uses natural heat sources such as solar heating 

and night time cooling on the concrete under testing.  For example, enough solar 

radiation can cause a substantial temperature difference between the defect and 

the sound area of a bridge deck.  This approach is used for the research reported 

here.   

2.5.2 Advantages and limitations of IR thermography measurement 

The most common advantages of IR measurement are that it is non-

contact, much faster than conventional methods, and easy to analyze in 

comparison to other NDE techniques such as GPR.  As described before, no 

direct hands-on access is required between the IR camera and the concrete 

under inspection since the testing can be conducted from a distance by using the 

appropriate lens.  Therefore, lane closure and traffic control surrounding the 

testing area are not required.  The time required for testing is considerably 

reduced since a single infrared image can cover a large area not only for a bridge 

deck but also for a soffit (underside) surface of the concrete and other concrete 

components.  In addition, the IR testing can be conducted during both day and 

night time and the IR image can also be interpreted easily in the field.   

However, the effectiveness of IR measurement is highly dependent on 

environmental conditions at the time, and prior to, when a thermal image is 

captured.  Variations in test response occur with varying environmental 
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conditions, such as solar radiation, ambient air temperature, wind speed, cloud 

cover, and precipitation [26].  The solar loading drives radiant heat transfer in the 

concrete.  Ambient temperature and wind drive convective heat transfer in the 

system.  Clouds reduce intensity of incident solar radiation during the day and 

reflect infrared radiation at night, slowing heat transfer at the concrete surface.  

Rain may lead to concrete surface cooling, thus masking thermal effects from the 

surface.  Water below 0 ˚C forms ice in voids.  For that reason, the appropriate 

environmental conditions are required to achieve the heat flow conditions needed 

to detect the presence of subsurface delaminations.  In addition, characteristics 

of the subsurface defect (i.e. delamination depth, delamination thickness, and 

material in delamination) also affect the test response.  For example, as the 

depth of the delamination increases, it becomes more difficult to detect.  Based 

on these considerations, the variation in environmental conditions and 

characteristics of the subsurface defect were the subject of the research reported 

herein.   

2.5.3 Previous investigations on the use of IR thermography for concrete 

bridge inspection 

This section focuses on previous investigations of key parameters 

expected to affect the detectability of the subsurface delaminations in concrete.  

The parameters include environmental conditions, delamination depths, 

delamination thicknesses, materials present in the delamination, material 

properties of concrete, and asphalt overlays. 
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2.5.3.1 Environmental conditions  

Early studies by Manning found that delaminations in concrete decks 

could be detected using thermography in field tests [37] [38].  The ability of 

thermography to detect subsurface delamination was sensitive to environmental 

variables such as solar radiation, wind, ambient temperature, humidity, and cloud 

cover.  His studies found that the delaminations could be detected over a wide 

range of ambient temperatures since the delaminated areas heat up faster due to 

solar loading, and could develop surface temperature from 1⁰C to 3⁰C higher 

than the surrounding areas.   

ASTM D4788-03 [39] describes the required conditions for detecting 

delaminations in bridge decks using thermography.  This standard indicates that 

thermographic imaging is dependent on the amount of direct sunlight, the 

ambient temperature change, and wind speed, and provides generalized 

guidance on appropriate conditions for detecting delaminations in bridge decks.  

Thermography has been found to be unreliable when wind speeds are above 7 

m/s [37] to 9 m/s [40] since the wind increases convection cooling and reduces 

surface temperature differences. 

Recent studies by Washer [16, 17] have investigated the application of 

thermography for subsurface delamination detection in concrete.  This research 

studied the effect of environmental conditions such as direct solar loading, 

ambient temperature variation, wind speed, and humidity on the surface 

temperature of a concrete block containing subsurface voids at different depths.  
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Subsurface delaminations were simulated using Styrofoam targets at various 

depths.  It was found that direct, uninterrupted solar loading and low wind speeds 

provided optimum conditions for detection of targets for the south side of the 

block, while high rates of change in ambient temperatures were needed to create 

thermal contrast for the north side of the block, where no solar loading was 

present.  Quantitative values for the amount of solar loading, average wind 

speeds and ambient temperature variations were determined statistically from 

the experimental results and used to develop guidelines for the use of 

thermography in the field [15].  Parts of the experimental results of this study 

provide the input and verification data for the present work in described herein. 

2.5.3.2 Void depths and void thicknesses  

Holt, Maser, and others presented several studies addressing the effect of 

delamination depth on the thermal contrast [13, 37].  Holt found that the 

magnitude of thermal contrast correlates with the depth of a delamination.  

Shallower delaminations are associated with larger thermal contrasts than 

deeper delaminations.  The field data from Manning supported Holt’s 

interpretation.  The results of their studies confirmed that delaminations located 

near the surface heated more rapidly and to a higher thermal contrast than 

deeper delamination.   

A study by Allport [41] showed that the thermal contrast decreases rapidly 

with the depth of a void, the loss in thermal contrast (c) being approximately 

proportional to the cube of the depth (d) as  
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𝒄 ≈ 𝟏
𝒅𝟑

      Eq. 2.11 

where c is defined by Allport as 

𝒄 = 𝑻𝒅−𝑻𝒃
𝑻𝒃

     Eq. 2.12 

where Td is the surface temperature above the defect and Tb is the surface 

temperature in the sound material.  This result was based on the quantitative 

evaluation of single-sided transient video thermography (TVT).  In this study, a 

pulsed or stepped surface heating (active thermography) was used as external 

heating over the composite plate with internal voids at depth from 0.5 mm to 4 

mm.   

Maser also investigated the effects of variable delamination thickness 

under a certain set of environmental variables using thermal model [2].  The 

results revealed that the thickness of the delamination affected the magnitude of 

the temperature difference (i.e. thermal contrast).  Increasing the delamination 

thickness by a factor of five increased the maximum thermal contrast by a factor 

of four.  These studies indicate that both the depth of a void (i.e.delamination) 

and its thickness affect the magnitude of the thermal contrast observed.   

2.5.3.3 Material contained in the delamination 

Air-filled void is the most commonly postulated model to represent a 

subsurface delamination.  However, in the field application, the material which 

fills a delamination is not necessarily air.  Other possible void-filling materials are 
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water, ice, and epoxy used to repair concrete.  Water filled voids would be 

expected under saturated concrete surfaces.  The water turns to ice in the 

delamination when temperatures drop below freezing [6].  In the case of 

deteriorated concrete, epoxy is sometimes used to fill a delamination and/or 

cracks in the concrete, with the goal of extending the useful life of the 

components.   

These materials that may be contained within a void have different thermal 

conductivity, heat capacity, and density in comparison to the sound concrete.  

Among these properties, thermal conductivity is a main property affecting 

temperature contrast between the void area and the sound area [6].  Since the 

thermal conductivity of air is considerably lower than that of concrete, the 

significant temperature differences between a thin delaminated area and the 

thicker sound concrete can be expected when the material contained in the void 

is air.  On the other hand, since the thermal conductivity of water is not 

significantly lower than that of concrete, clear thermal differences at water filled 

voids would not be expected for steady state.  However, for transient case, the 

thermal contrast can be produced because of the differing heat capacity of water 

and sound concrete [6].   

2.5.3.4 Material properties of concrete 

As shown in Eq.2.7, the thermal diffusivity (α) of the material affects the 

transient heat transfer.  Both thermal conductivity and volumetric heat are the 

primary material properties linked to thermal diffusivity.  The thermal diffusivity of 
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concrete varies with the water content of the material.  However, this property 

would not be expected to vary much within the concrete, so the effect of varying 

material properties of concrete might be too small to generate detectable 

indications [6].   

As shown in Eq.2.1, the emissivity of the concrete is another important 

surface property to consider when using IR thermography to measure thermal 

contrast associated with delaminations.  The property measures the ability of a 

material to radiate energy compared to a perfect blackbody radiator (ε=1).  In 

practical terms, this means that when using thermographic technique to scan 

large areas of concrete, the inspector must be aware of differing surface 

emissivity caused by such things as oil spots, rubber tire tracks and dirt on the 

surface.  These surface conditions can change the emissivity of the concrete 

surface, resulting variation in emitted radiation appear as temperature differences 

in the thermal image [13]. 

2.5.3.5 Asphalt overlays 

Asphalt overlays are often used to provide suitable riding surfaces on 

concrete bridge decks.  These overlays affect thermal response apparent in 

images collected in the field.  The overlay makes the identification of subsurface 

voids (i.e. delaminations) more complex than the conditions without overlays, 

because overlay reduces the thermal contrast associated with the voids.  

Additionally, debonding between the overlay and the concrete introduce another 

thermal contrast interpretation, separate from the detection of delaminations [6]. 
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Some field test data that illustrated the effect of an overlay, were 

presented by Manning and Maser.  Manning found that the maximum surface 

temperature difference (i.e. the maximum thermal contrast) of a delamination in a 

concrete deck with 3.1 inch (79 mm) bituminous overlay was 2⁰C under ideal 

summer conditions with no clouds or wind.  For bare deck, this maximum thermal 

contrast was 4.5⁰C under similar conditions [38].  Maser investigated the 

response of infrared detection systems using a one dimensional transient heat 

transfer model.  This analytic study revealed that the thermal contrast produced 

by a delamination under an overlay ranged from 0.5⁰C to 2.5⁰C [2].  This thermal 

contrast is much smaller than that for bare concrete, which exhibits a 

temperature range from 3⁰C to 8⁰C.   

2.5.3.6 Discussion 

Based on these previous research efforts, the parameters affecting the 

thermal contrast produced by a subsurface void in concrete include: 

• Depth of void and thickness of void 

• Material contained within the void 

• Material properties of the concrete 

• Presence of an asphalt overlay 

In the research reported herein, these parameters were examined analytically 

using the validated numerical model described in Chapter 3.  Results of these 

studies are discussed in Chapter 4, section 4.2, 4.3, 4.4, and 4.5.    
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3. NUMERICAL MODEL DEVELOPMENT AND MODEL 
EVALUATION 

 

 

 

3.1 Introduction 

This chapter discusses the development of numerical model to model 

environmental effects on the thermal contrast produced by subsurface voids in 

concrete.  First, the FEM in COMSOL computer software is introduced as a tool 

to simulate the effects of environmental conditions on the detection of subsurface 

voids.  Next, model descriptions including geometry, material properties, 

boundary conditions and mesh density are described.  The model used the same 

geometry as the block constructed in the experimental study by Washer, Bolleni, 

and Fenwick [15, 18, 19].  The material properties were obtained from typical 

values available in the published literature.  The boundary conditions in the 

model were the weather parameters recorded in the experimental study.  The 

mesh density for the model was determined to provide a balance between mesh 

size and processing time and achieve an accurate model.  Therefore, the 

numerical model results could be compared to the experimental testing results.  

Finally, the evaluation of model performance by conducting correlation and error 

analysis is presented.   
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3.2 Numerical Model Descriptions 

As described in section 2.4.3.4, the transient thermal behavior of the 

concrete block can be analyzed using numerical tools such as the finite element 

method (FEM), the finite volume method (FVM), and the finite difference method 

(FDM).  In this study, FEM was used for analyzing the effect of subsurface voids 

on heat transfer through a large concrete block under the actual weather 

conditions of solar radiation, ambient temperature variation, and wind speed. All 

the analytical simulations were performed using COMSOL-Multiphysics.  

Appendix A shows simulation details for one month (November 2007). 

3.2.1 Geometry and material properties 

Figure 3.1A shows the three dimensional geometry of the concrete block 

that was simulated using the FEM.  The concrete block model had the same 

geometry as the block constructed for use in the experimental study [18, 19], 

which is shown in Figure 3.1B.  The constructed block is a 2.4m x 2.4m by 0.9m 

in thickness, and included Styrofoam targets (305 x 305 x 13 mm in dimension) 

at depths of 25, 51, 76, and 127 mm on each side.  These Styrofoam targets 

have thermal conductivity close to that of air, such as would be present at a 

subsurface delamination in concrete.  Thermocouples were embedded in the 

concrete block to monitor internal thermal responses, and wiring from these 

thermocouples can be seen in the photograph (Figure 3.1B). 
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Figure 3.1 Concrete block containing subsurface voids: (A) model; and 
(B) photograph of experimental test. 

The thermal conductivity, the specific heat, the emissivity, and the density 

for the materials used in this model which were obtained from available published 

data [42] are summarized in Table 3.1.   

 

Table 3.1 Material properties of the concrete block model  

Material Properties Concrete Void (Air) 

Thermal Conductivity, k 1.8 W/m.K 0.024 W/m.K 
Specific heat, Cp 1000 J/kg.K 700 J/kg.K 
Emissivity, ε 0.95 - 
Density, ρ 2300 kg/m3 1.2 kg/m3 
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3.2.2 Boundary conditions 

The boundary conditions in the model consisted of the weather 

parameters recorded in the experimental study [15].  A commercial weather 

station located adjacent to the concrete block monitored the parameters of solar 

radiation, air temperature and wind speed over a 6 month period.  Details 

regarding the experimental measurement protocol, analysis, and results were 

given in previous works by Washer [15-17].   

Figure 3.2 shows a single day of data as an example of the input data 

used to model the boundary conditions of the block.  The data shown in the 

Figure shows the solar radiation (Fig. 3.2A), variation of ambient temperature 

(Fig. 3.2B) and wind speed (Fig. 3.2C).  The time period shown in the figures is 

midnight (0:00 hrs) to midnight (0:00 hrs).  In the experimental study, data on 

weather conditions and thermal images of the block were recorded at 10 minute 

time intervals, and this interval was used as the time-step in the FEM.  

Consequently, data from the FEM and the experimental date could be compared 

directly for each 10 minute time interval.   
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Figure 3.2 Environmental parameters as boundary conditions in 
simulation on November 5, 2007: (A) solar radiation; (B) 
ambient temperature; and (C) wind speed  
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The inclination of the concrete surface with respect to the direction of the 

sun’s rays was considered in the model, to adjust field-measured isotropic solar 

radiation measurements.  The intensity and incident angle of solar radiation were 

applied as an inward heat flux onto the vertical plane boundary of the concrete 

block, adjusted appropriately to represent the actual field conditions.  The 

ambient temperature variation and wind speed were simulated as convective 

heat transfer on the surface boundaries of the concrete block model. 

A three month period (89 days) on the South side and a three month 

period (92 days) on the North side of the concrete block were modeled.  The 

model was simulated separately for each month for both the South face (i.e. the 

surface exposed to direct solar loading) and the North face (i.e. the shaded 

surface) of the block.  The initial temperature for each monthly simulation was the 

surface temperature of concrete block at midnight (0:00 hrs) in the first day of 

each month, which was obtained from thermocouple measurements in the 

experimental test.   

 

3.2.3 Mesh density 

The mesh density for the model was determined to provide a balance 

between mesh size and processing time and achieve an accurate model.  In the 

model developed, the concrete block was meshed using the free meshing feature 

in COMSOL.  In this feature, a 3D physical domain was discretized by tetrahedral 

and triangular elements (Figure 3.3).   



46 
 

 

Figure 3.3 Meshing in COMSOL 

Different types of element density in COMSOL (course, normal, finer, 

extra fine, and extremely fine), as shown in Table 3.2, were utilized in a 

convergence study to determine the optimal mesh density.   

 

Table 3.2 Mesh Statistics 

Element type  Coarse Normal Finer Extra fine Extremely fine 
Tetrahedral elements 9642 19465 100045 205668 657496 
Triangular elements 1369 2495 9996 16616 31972 
Edge elements 281 381 824 1060 1460 
Vertex elements 48 48 48 48 48 
Domain element statistics 

  
  

  Number of elements 9642 19465 100045 205668 657496 
Minimum element quality 0.002958 0.00824 0.09848 0.08452 0.1333 
Average element quality 0.5535 0.6385 0.7125 0.7335 0.7608 
Element volume ratio 5.20E-05 8.395E-0.5 1.64E-04 2.65E-04 8.85E-04 
Mesh volume [m3] 6.362 6.362 6.362 6.362 6.362 
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Figure 3.4 shows a week of the thermal contrast data for 51 mm deep void 

as an example of using different types of element density in the model.  It was 

found that the thermal contrasts differed slightly for the finer, extra fine, and 

extremely fine mesh density over the course of a week.   

 

Figure 3.4 Thermal contrast of the model using different type of element 
density 

Figure 3.5 shows an example of the maximum thermal contrast and the 

computation time in a particular day (November 5, 2007) for 51 mm deep void 

using different types of mesh density.  It can be observed that the maximum 

thermal contrasts for the finer, extra fine and extremely fine mesh density had a 
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small difference value.  However, the extra fine and extremely fine mesh density 

were more computationally intensive than the finer mesh density.  Therefore, the 

“finer” element size (highlighted column in Table 3.2) was selected as a balance 

between computational economy and accuracy in solution, resulting in 100045 

total elements in the model.   

 

Figure 3.5 Estimated maximum thermal contrast and computation time 
using different mesh density 

 

3.3 Simulation Results 

Simulation results of the numerical modeling, including thermal image, 

surface temperature and thermal contrast, are presented below. 
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3.3.1 Thermal images 

Figure 3.6 displays an example of typical thermal images obtained from 

the model for the South face of the block and the actual image data collected in 

the experimental test.  The data inputs for solar radiation, ambient temperature 

change and wind speed are shown in Figure 3.2 for this particular day.  Figure 

3.6A shows the surface temperature distribution obtained from the model at 

12:00 p.m. (12:00 hours), and Figure 3.6B shows the actual thermal image 

collected at that time during experimental testing.  In the figure, variations in 

surface temperature are represented on a color scale applied over a temperature 

span of 7⁰C.  Figure 3.6C shows the surface temperature distribution obtained 

from the model at 8:00 p.m. (20:00 hours) of the same day.  Figure 3.6D shows 

the actual thermal image at that time from the experimental test.  As shown in the 

figures, the surface temperature distributions obtained from the model closely 

represented the data collected in the thermal image obtained during the 

experimental test.  
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Figure 3.6 Typical thermal images of the thermal behavior for the South 
side of the concrete block: (A) the model result at noon; (B) 
the experimental test result at noon; (C) the model result at 
8:00 p.m.; and (D) the experimental test result at 8:00 p.m. 

The variation of temperature contrast with the depth of the target can also 

be observed in Fig. 3.6, as well as the transient changes in the thermal contrast 

at each target location.  A positive thermal contrast is obtained when solar 

loading from the sun is present (12:00 p.m.), and the negative thermal contrast is 

observed when solar loading is removed and ambient temperatures are cooling 
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(8:00 p.m., see Fig. 3.2).  This figure illustrates the utility of the model for 

analytically predicting the thermal images that would be obtained in the field with 

an IR camera, using actual weather conditions (solar loading, ambient 

temperature variations and wind speed) as inputs for the model.  It should be 

noted that the images shown here are a subset of the data resulting from the 

simulation; in the modeling, the entire month was modeled for producing such 

images for each 10 minute time interval throughout the month.  

3.3.2 Surface temperatures and thermal contrasts 

An example of the modeled surface temperatures and resulting thermal 

contrasts for the South and the North face of the block are described in this 

section.  All the results are presented in Appendix B. 

Figure 3.7 shows an example of the modeled surface temperature for the 

South face of the block.  The data shown is for the same day as that shown in 

Figures 3.2 and Figure 3.6.  It can be observed from Figure 3.7 that between the 

hours of 0:00 and ~8:00, the surface temperature of the deepest target (127 mm) 

was greatest and the shallowest target (25 mm) was lowest.  In the following time 

period, ~8:00 to ~16:00, the situation was reversed, with the 25 mm deep target 

having a greater surface temperature.   
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Figure 3.7 Modeled surface temperature for the South face of the block 
(November 5, 2007) 

The typical modeled surface temperatures for the North side are shown in 

Fig. 3.8.  The significant difference between the surface temperatures from the 

North side and the South side was the increased change in magnitude observed 

for the South side that results from the radiant heating of the sun; for the North 

side, only convective heat transfer from the environment was occurring, and as a 

result, the change in surface temperature over the course of the day was less 

pronounced.   
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Figure 3.8 Modeled surface temperatures for the North face of the block 
(May 5, 2008) 

The surface temperatures shown in Fig. 3.7 and 3.8 were used to 

calculate the time-varying thermal contrast for each of the subsurface voids, and 

these data are shown in Fig. 3.9 and 3.10, respectively.  These thermal contrasts 

were calculated using Eq. 2.2.  The thermal contrast data were processed using 

a 1-hour moving average to filter short-term transient spikes in the thermal 

contrast data.  The moving average of thermal contrast data is shown as solid 

lines, and the raw data of the thermal contrast is shown as dash lines.  As can be 

seen in thermal contrast results, these transient spikes are primarily in the South 
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side data, and result from short-term effects such as a cloud moving in front of 

the sun, or a short period of sunshine on an otherwise cloudy day.  For the South 

face (Fig. 3.9), the thermal contrast for each of the targets starts increasing at 

different times of the day, with deeper targets developing thermal contrast later in 

the day.  Also, the maximum thermal contrast is decreased as the target depth 

increases, as would be expected.  The maximum thermal contrast for 25, 51, 76 

and 127 mm deep targets at the day was approximately 7⁰C, 4⁰C, 2⁰C and 1⁰C, 

respectively.  The North face (Fig. 3.10) has a lower thermal contrast value for 

each target, and these contrasts are more consistent over the course of the day, 

as shown in the Figure.  The maximum thermal contrast for target depth of 25, 

51, and 76 mm was approximately 3 ⁰C, 2 ⁰C, and 1 ⁰C, respectively.  For the 

127 mm deep target, the maximum thermal contrast was minimal due to the 

depth of the target.  
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Figure 3.9 The time varying thermal contrast for the South face of the 
block; Solid line is for the moving average an hour. Dash line 
is for the raw data. 

 

Figure 3.10 The time varying thermal contrast the North face of the block; 
Solid line is for the moving average an hour. Dash line is for 
the raw data. 
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3.4 Evaluation of Model Performance 

The objective of the model evaluation in this section is to quantify the level 

of agreement between thermal contrast results from the model and actual field 

test.  Analysis was performed by comparing trend curves and correlations of 

thermal contrast data between the model and the experimental test results over 

the entire month.  Analysis of the error and bias was also conducted to assess 

the agreement of the model with the actual field test results.   

3.4.1 Trend curve of thermal contrasts  

The trend curve of time series thermal contrast data obtained from the 

developed model was compared to those obtained from the experimental testing 

in 10 minutes intervals over the six months.  The comparison reported herein is 

focused on the 51-mm and 76-mm deep targets, which most closely represent 

typical depths where delaminations may occur in a concrete structure.   

Figure 3.11 shows a month of the thermal contrast data for 51-mm and 

76-mm deep targets as an example of the comparison between model-predicted 

and field-measured results for the South side of the block.  It can be observed 

that the curve patterns of the thermal contrast results from the model are in 

reasonably good agreement with the field experiment, that is, the overall trend of 

the model-predicted data is consistent with the field-measured data, generally, 

over the course of a month.   
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Figure 3.11 Comparison of model predicted and field-measured of thermal 
contrast for the South (sunny) side: (A) 51 mm deep target, 
and (B) 76 mm deep target 
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Figure 3.12 shows an example of the trend curve comparison between 

model-predicted and field-measured thermal contrast for 51 mm and 76 mm 

deep target for the North side of the block.  In this case, there appears to be less 

agreement between the model and the experimental test results.  It should be 

noted that 11 days of the month (May 2008) shown is a rainy day.  The effects of 

over a half inch of rain throughout those days may be a source of this agreement.  

This preliminary analysis, nonetheless, showed that the curve patterns of the 

time varying thermal contrasts from the model reflected some patterns in the 

experimental results, indicating good potential for further research.  The entire 

results for the trend curves comparison could find in Appendix C.   
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Figure 3.12 Comparison of model predicted and field-measured of thermal 
contrast for the North (shaded) side: (A) 51 mm deep target, 
and (B) 76 mm deep target 
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3.4.2 Correlation analysis 

The Pearson correlation (r) analysis was completed to measure how 

estimated values and observed values of thermal contrast are linearly associated 

in data results (based on 10 minute time intervals) over the 6 month period.  This 

analysis was calculated mathematically from Eq.3.1 

𝑟 =
∑ (𝑃𝑖 − 𝑃�)𝑁
𝑖=1 (𝑂𝑖 − 𝑂�)

[∑ (𝑃𝑖 − 𝑃�)2 ∑ (𝑂𝑖 − 𝑂�)2𝑁
𝑖=1

𝑁
𝑖=1 ]0.5 Eq.3.1 

in which N is number of cases;  𝑷𝒊 is the thermal contrasts obtained from the 

model;  𝑷� is the average value of the thermal contrasts obtained from the model;  

𝑶𝒊 is the thermal contrasts obtained from the experimental data, and 𝑶� is the 

average value of the thermal contrasts obtained from the experimental data.  The 

ideal value for r is 1 or -1.  If r is close to 0, there is little linear association 

between estimated values and observed values of thermal contrast.   

In these analyses, days in which rain occurred were excluded because 

water on the surface of the concrete would affect the emissivity of the concrete 

and evaporation could affect the thermal behavior of the block.  Consequently, 

practical thermal inspections of bridges are not conducted on rainy days.   

Examining all the datasets of the South (sunny) side together, the thermal 

contrast correlations between model results and field observed for 25 mm, 51 

mm, 76 mm and 127 mm targets were 0.93, 0.92, 0.89 and 0.68, respectively, as 

shown in Table 3.3 (highlighted row).  Those values indicate high correlations 
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between model and experimental results.  When the North (shaded) side is 

examined, the correlation coefficients were 0.78, 0.70, 0.70, and 0.49 for the 25 

mm, 51 mm, 76 mm and 127 mm targets, respectively.  It can be noted that the 

model correlates better in the sunny side compared to the shaded side.  The 

absence of solar radiation in the shaded side is likely responsible for the lower 

correlation, since this provides a strong driving force for thermal contrast on the 

South side of the block.  On the North (shaded) side, convective heat transfer 

results in much lower magnitude contrasts, and the correlation between the 

model and the experimental results is decreased.   

Further analysis using cross-correlation method could optimize the 

correlation coefficient for the time shifted thermal contrasts.  It should be noted 

that the cyclic nature of the model data was shifted slightly in time relative to the 

experimental data.  These data were not adjusted to accommodate this shift; 

doing so would reduce the error measurements.   
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Table 3.3 Thermal contrast correlations (r) between the model and the 
experimental results.  N is number of cases. 

Pearson correlations (r) of thermal contrast between model and field results 
South (Sunny) Side 

Month 25 mm target 51 mm target 76 mm target 127 mm target 
November, 2007 

(N=3888) 0.932 0.925 0.903 0.702 

December, 2007 
(N=3888) 0.936 0.915 0.895 0.784 

January, 2008 
(N=3600) 0.923 0.927 0.877 0.546 

Total Average 
0.930 0.922 0.892 0.677 

(N=11376) 
North (Shade) Side 

May, 2008 
(N=2880) 0.769 0.691 0.677 0.433 

June, 2008 
(N=3024) 0.770 0.673 0.687 0.516 

July, 2008 
(N=3024) 0.805 0.721 0.734 0.514 

Total Average 0.781 0.695 0.699 0.488 
(N=8928) 

 

3.4.3 Error analysis 

The error analysis was also completed to evaluate the magnitude of 

variations between the model and experimental test results and to evaluate the 

accuracy of the model predictions.  In this study, the mean bias error (MBE), the 

mean absolute error (MAE), and the root mean squared error (RMSE) were used 

in time-series error analyses.  These analyses were calculated mathematically 

from the following equations: 
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𝑀𝐵𝐸 = 𝑁−1�𝑃𝑖 − 𝑂𝑖

𝑁

𝑖=1

 Eq.3.2 

𝑀𝐴𝐸 = 𝑁−1�|𝑃𝑖 − 𝑂𝑖|
𝑁

𝑖=1

 Eq.3.3 

𝑅𝑀𝑆𝐸 = �𝑁−1�(𝑃𝑖 − 𝑂𝑖)2
𝑁

𝑖=1

�

0.5

 Eq.3.4 

in which N is number of cases;  𝑷𝒊 is the thermal contrasts obtained from the 

model;  𝑶𝒊 is the thermal contrasts obtained from the experimental data.  MBE, 

MAE, and RMSE are in ˚C.  The ideal value for MBE, MAE, and RMSE is 0.   

The results of MBE, MAE, and RMSE are given in Table 3.4.  On average, 

the mean bias of the sunny side dataset was ~0.70˚C for both 51 mm and 76 mm 

deep target, and the mean bias of the shaded side dataset was ~0.2˚C for both 

51 mm and 76 mm deep target.  It can be seen that almost all of the MBE results 

produce positive values, indicating that the model tends to overestimate the 

thermal contrast.  The unaltered magnitudes (absolute values) of each thermal 

contrast difference between the model and the test results of the sunny side 

dataset were about 0.78˚C and 0.70˚C for 51 mm and 76 mm deep target, 

respectively.  The absolute values of thermal contrast difference of the shaded 

side dataset were 0.7˚C and 0.6˚C for 51 mm and 76 mm deep target, 

respectively.   
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The root mean square error (RMSE) values of each thermal contrast 

difference between the model and the experimental results of the sunny side 

dataset were 0.98˚C and 0.84˚C for 51 mm and 76 mm deep target, respectively.  

For the shaded side, the RMSE values were 0.88˚C and 0.67˚C for 51 mm and 

76 mm deep target.   

It can be seen, from examining the MBE, MAE, and RMSE values for both 

the sunny and the shaded side, the model seemed to be robust exhibiting lower 

errors (below 1˚C), except for the 25-mm deep target.  These results indicate that 

the model simulates the magnitude of thermal contrast well.   

 

Table 3.4 Time-series error analysis of thermal contrast differences 
between the model and the experimental results.  MBE is mean 
bias error, MAE is mean absolute error, and RMSE is root 
mean squared error. 

Side 
Depth MBE MAE RMSE 
[mm] [⁰C] [⁰C] [⁰C] 

The South (Sunny) 
N=11376 

25 0.21 1.04 1.44 
51 0.70 0.78 0.98 
76 0.67 0.70 0.84 
127 0.53 0.56 0.66 

The North (Shaded) 
N=8928 

25 0.17 0.86 1.12 
51 0.22 0.70 0.88 
76 0.22 0.56 0.67 
127 -0.02 0.22 0.27 
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Figure 3.13 and 3.14 show the results of the percentage distribution for 

the thermal contrast differences between model and experimental for all datasets 

of the sunny side and the shaded side, respectively.  They are grouped into 

ranges from lower than -1.5˚C to higher than 1.5˚C with increment 0.5˚C.  For all 

datasets of the sunny side with 51 mm deep target (Fig. 3.13.B), 72% are within 

1 ˚C difference, and 38% are within 0.5˚C difference.  For that side with 76 mm 

deep target (Fig. 3.13.C), 77% are within 1 ˚C difference, and 38% are within 

0.5˚C difference.  For all datasets of the shaded side with 51 mm deep target 

(Fig. 3.14.B), 76% are within 1˚C difference, and 42% are within 0.5˚C difference.  

For the side with 76 mm deep target (Fig. 3.14.C), 86% are within 1˚C difference, 

and 50% are within 0.5˚C difference.  The distribution of thermal contrast 

differences is more concentrated in the range 0.5˚C to 1˚C for the sunny side, 

and in the range 0˚C to 0.5˚C for the shaded side.  It can be deduced that the 

model predicts the thermal contrast with reasonable accuracy, but was least 

accurate for the shallowest void (25 mm).   
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Figure 3.13 Percentage distribution for thermal contrast differences 
between model-predicted and field-observed of the sunny 
side: (A) 25 mm deep target; (B) 51 mm deep target; (C) 76 mm 
deep target; and (D) 127 mm deep target. 
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Figure 3.14 Percentage distribution for thermal contrast differences 
between model-predicted and field-observed of the shaded 
side: (A) 25 mm deep target; (B) 51 mm deep target; (C) 76 mm 
deep target; and (D) 127 mm deep target. 
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3.4.4 Comparison of the model results with the experimental results 

The maximum thermal contrast obtained by the model developed under 

the study was compared to the previous experimental testing to assess the 

reliability of the model.  Figure 3.15 shows the predicted maximum thermal 

contrast obtained from the FEM model versus actual maximum thermal contrast 

obtained from the experimental testing for the South side.  As Fig.3.15 shows, 

the maximum thermal contrast determined by the model (dash line) has 

reasonable agreement (R2 = 0.792) with the experimental data.  The estimated 

maximum contrasts by the model may be slightly better when ∆Tmax measured 

from the experimental in the range 1°C to 7.0°C.  For this range, the differences 

of maximum contrast from both the developed model and the experimental result 

were within 1°C.  These results indicate that the developed model was 

reasonable accuracy for the data in the study.   
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Figure 3.15 Predicted maximum thermal contrasts obtained from FEM 
model versus actual maximum thermal contrasts obtained 
from the experimental testing (for the South side) 

 

For the North side, the predicted maximum thermal contrast obtained from 

the FEM model versus actual maximum thermal contrast obtained from the 

experimental testing was shown in Figure 3.16.  It can be seen that the maximum 

thermal contrast determined by the developed model (dash line) has reasonable 

agreement (R2=0.72) with the experimental data.  The estimated maximum 
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contrasts by the model were different within 1°C with those obtained in the 

experimental data.  These results indicate that the developed model was 

reasonable accuracy for the data in the study.   

 

Figure 3.16 Predicted maximum thermal contrasts obtained from FEM 
model versus actual maximum thermal contrasts obtained 
from the experimental testing (for the North side) 
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3.5 Conclusion 

This chapter has presented results from modeling of environmental effects 

on thermal detection of subsurface damage in concrete.  A 3D, nonlinear loading, 

numerical model of transient heat transfer was developed using finite element 

analysis to study the environmental effects on thermal response of simulated 

subsurface voids in a large concrete block.  The effects of solar radiation, 

ambient temperature variation, and wind speed on the thermal images that 

appear on the South and North side of the concrete block model with subsurface 

voids were presented.   

The model performance was evaluated by comparing the thermal contrast 

of the model results with those reported from a previous experiment.  It was 

found that the model provided an overall pattern of temperature contrasts that 

were similar to the pattern of experimental results, showing the model was 

successful in capturing the basic physical behavior of concrete block.  Thermal 

contrast correlations between model and experimental results on the South side 

were 0.92 and 0.89 for 51 mm and 76 mm deep target, respectively.  These 

results were better than the correlation on the North side (0.70). 

An evaluation of the model performance was also made from the 

quantitative difference measured with the experimental results.  For the South 

(sunny) side, the distribution of thermal contrast differences is concentrated in 

the range 0.5 ˚C to 1 ˚C for both 51 mm and 76 mm deep target.  For the North 

(shaded) side, the distribution of thermal contrast differences is within 0.5 ˚C for 
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both the 51 mm and 76 mm deep targets.  With respect to MBE, MAE and 

RMSE, overall the model seemed to generate good results with errors below 1˚C.  

These results indicate that the model predicted the thermal contrasts with 

reasonable accuracy when compared to experimental data.   

Based on these data, it was concluded that the model developed in this 

study was sufficiently accurate to provide a useful tool for estimating the thermal 

contrasts resulting from subsurface voids in the concrete, and provide a tool to 

support practical thermal inspections.  For example, the model could be used to 

predict if a particular day’s weather would produce the thermal contrasts required 

to be imaged using a common thermal camera given the anticipated depth of a 

delamination and predicted weather conditions.  Alternatively, such a model 

could be used in a post-test analysis of data to estimate the depth of a 

delamination, given the known weather patterns surrounding the test and the 

measured thermal contrast detected during the test. 

In the next chapter, the model proposed would be used for analyzing the 

effect of different field test parameters such as: a variety of void geometries 

(depth and thickness), a variety of different materials contained in the 

delamination, asphalt over the void, and material properties of the concrete.   
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4. PARAMETRIC STUDIES  
 

 

 

4.1 Introduction 

In the previous chapter, a numerical model to predict the thermal contrasts 

resulting from subsurface voids (i.e. delaminations) in concrete under 

environmental conditions was developed using the FEM.  The model was verified 

using the experimental test data, and the results indicated that the model could 

be an effective tool to support the thermography inspection of the concrete.  In 

this chapter, the use of the same model to evaluate the effects of different key 

parameters expected to influence the detectability of the subsurface voids in 

concrete is presented.  These key parameters include: void depth and thickness, 

material contained in the void, material properties of concrete, and asphalt 

overlay.  For simplification in these parametric studies, the geometry of the block 

and boundary conditions were changed on the previous model described in 

Chapter 3.  The 3-dimensional model (Figure 4.1) with three consecutive days of 

environmental data as boundary conditions (Figure 4.2) was used.  The results of 

these parametric studies are discussed.  An example of the post-test model 

analysis is also provided that illustrates the capability of the model to estimate 

the maximum thermal contrast.   
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4.2 Parametric Study Case 1: Effect of varying void depths and void 

thicknesses 

The first parametric study involved a concrete block with an embedded air 

void to simulate the effect of a subsurface delamination at different depths and of 

different thicknesses.   

4.2.1 Description 

Figure 4.1 shows the basic geometry for the case which consists of a 

concrete block 2.4 m wide by 2.4 m long and 0.9 m deep with a square void 

inserted.  The void was to simulate a delamination.  The thermal properties of air 

were used to describe the voided area.  The depths of the voids were 25, 51, 76, 

and 127 mm from the front surface of the block, the lateral size of the void was 

taken as 305 mm square and the void thickness ranged from 0.5 mm to 15 mm.  

 

Figure 4.1 The basic geometry of the concrete model 
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Three days of weather data, which were obtained from the experimental 

study (the sunny side), were simulated as boundary conditions.  The solar 

radiation (Fig 4.2A), the ambient temperature (Fig. 4.2B), and the wind speed 

(Fig. 4.2C) were applied in the model.  Solar radiation was simulated only at the 

top surface of the concrete block.  Convective cooling was simulated at the top 

surface and the bottom surface of the concrete.  Table 4.1 shows an example 

input parameters for a simulation in Case 1. 

 

Table 4.1 An example input parameters for a simulation in Case 1 

Input parameter Value Description 
rho_concrete 2300 [kg/m3] Density of concrete 
Cp_concrete 1000 [J/(kg.°C)] Heat capacity of concrete 
k_concrete 1.8 [W/(m.°C)] Thermal conductivity of concrete 
e_concrete 0.95 Emissivity of concrete 
Size of the void 305 x 305 x 13 [mm3]  
Depth_from_surface 51 [mm] Depth of void from the surface of 

concrete 
Material of  void Air  
rho_void 1.2 [kg/m3] Density of void 
Cp_void 700 [J/(kg.°C)] Heat capacity of void 
k_void 0.024 [W/(m.°C)] Thermal conductivity of void 
Solar radiation Solar radiation data on 

the sunny side 
3 consecutive days of the solar 
radiation data  

Air temperature 
variations 

Ambient temperature 
data on the sunny side 

3 consecutive days of air temperature  
data  

Wind speed Wind speed data on 
the sunny side 

3 consecutive days of wind speed 
data  

T_initial 12 [°C] Initial surface temperature  
Time step 10 minutes  
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All simulations were run using 10 minutes time step over a period of three 

consecutive days.  The purpose of modeling three days of data was to allow the 

concrete block to achieve its thermal inertia for transient heat flow.  Only data 

results of the final 24 hours of the third day were used in the analysis.  The initial 

temperature of the concrete block was taken to be the same as the initial surface 

temperature obtained from thermocouple measurement in the experimental test. 

The model was meshed using the tetrahedral meshing feature from the 

COMSOL program.  The “extra fine” element size was selected as a balance 

between computational economy and accuracy in the solution, since only three 

days of environmental data were used as boundary conditions.   
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Figure 4.2 Three consecutive days of environmental parameters as a 
boundary condition in simulation: (A) solar radiation; (B) 
ambient temperature; and (C) wind speed 
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4.2.2 Results and discussions 

The results of the simulation provided transient thermal images of the 

concrete surface.  These thermal images presented data on the surface 

temperature in response to the weather conditions for different depths and 

different thicknesses of voids.  For quantitative analysis, surface temperatures as 

a function of time from a point above the void (Tvoid) and a reference point where 

there is no void (Tsound concrete) were compared and these surface temperature 

differences (i.e. thermal contrast) were calculated using Eq.2.2.   

Figure 4.3A illustrates an example of the effect of varying void depths on 

the thermal contrast produced by an air-filled void (for 13 mm void thickness).  

The results indicated that increasing depth of the void reduced the thermal 

contrast.  The void located near the concrete surface resulted in maximum 

thermal contrast and the shortest time to achieve maximum thermal contrast, 

while deep voids resulted in low maximum thermal contrast and a longer time 

period to achieve that contrast.  The thickness of the air-filled void was also 

found to affect the thermal contrast as shown in Figure 4.3B (for 51 mm deep 

void).  It should be noted that these results were appropriate for the simulations 

under the particular weather condition as shown in Fig.4.2.   
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Figure 4.3 The time varying thermal contrast: (A) as a function of void 
depth, and (B) as a function of void thickness 

Figure 4.4 and Table 4.2 summarize the results of the maximum thermal 

contrast from voids at various depths  and thickness for this case.  The results 

show some interesting details regarding the effect of void depth and void 

thickness on the thermal contrast.  The maximum thermal contrast decreased 

nonlinearly for increasing void depths (Fig.4.4A), such as for a void thickness of 2 

mm, the maximum thermal contrast for 25 mm, 51 mm, 76 mm, and 127 mm 

deep void was 4.86°C, 2.82°C, 1.69°C, and 0.69°C, respectively.  In addition, 

Fig.4.4B shows that the bigger the void thickness, the greater the thermal 

contrast.  For example, in case of 51 mm deep void, the maximum thermal 

contrast increased from 1.24°C to 5.29°C with increasing thickness from 0.5 mm 

to 13 mm.  The variation of the maximum thermal contrast with void depths could 

be fit by the exponential function, and the variation of the maximum thermal 
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contrast with void thickness could be fit by the logarithm functions (inversion of 

the exponential functions). 

 

Figure 4.4 (A) Effect of void depth on the maximum thermal contrast and 
(B) Effect of void thickness on the maximum thermal contrast 
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Examining all the coefficient of determination results in Table 4.2, the 

values of R2 varied from 0.989 to 0.999.  Those values indicate the maximum 

thermal contrast strongly depends on the void depth that followed the trends of 

exponential functions as 

∆𝑻𝒎𝒂𝒙 = 𝑨𝐞𝐊∙𝐝    Eq. 4.1 

where ΔTmax is the maximum thermal contrast in °C, d is the depth of void in mm, 

e is the natural exponential base (e ~2.71828), A and K are constants.  Equation 

4.1 was fitted to the maximum thermal contrast-void depth data in variation of 

void thickness (z) from 0.5 mm to 13 mm.  The best-fit exponential function was 

obtained by an iterative least-square (maximum likelihood) method using the 

Excel program.   

Table 4.2 Result for simulations involving void depths (d) and void 
thicknesses (z) on maximum thermal contrast (ΔTmax) 

Void 
thickness, z 

[mm] 

The maximum thermal contrast, ΔTmax [°C]   The best fitting exponential 
functions for ΔTmax [°C] 

25 mm 
deep void 

51 mm 
deep void 

76 mm 
deep void 

127 mm 
deep void   ΔTmax = A·eK·d R2 

0.5 1.85 1.24 0.64 0.28 
 

2.96e-0.019·d 0.989 

1 3.06 1.92 1.11 0.37 
 

5.39e-0.021·d 0.998 

2 4.86 2.82 1.69 0.69 
 

7.54e-0.019·d 0.998 

3 5.96 3.42 2.06 0.74 
 

9.78e-0.020·d 0.999 

5 7.62 4.31 2.57 0.95 
 

12.37e-0.020·d 0.999 

7 8.28 4.68 2.83 1.12 
 

12.97e-0.020·d 0.998 

9 8.73 4.98 3.06 1.03 
 

14.69e-0.021·d 0.999 

11 9.11 5.12 3.08 1.20 
 

14.38e-0.020·d 0.998 

13 9.18 5.29 3.23 1.14 
 

15.16e-0.020·d 0.999 
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In this method, the constant, A, determines the maximum thermal contrast 

when the depth of the void was 0 for each void thickness.  The results of A, as 

shown in Figure 4.5A, indicate that A varies due to changes in the void thickness.  

In general, the values of A increased with increasing void thickness and their 

relationship could be expressed by the natural logarithm (ln) of z as 

𝑨 = 𝟑.𝟖𝟓𝟐 𝐥𝐧(𝒛) + 𝟓.𝟐𝟗𝟒    Eq. 4.2 

The strong dependence between A and the void thickness was indicated by the 

coefficient of determination of 0.982. 

The constant K reflects the rate at which the maximum thermal contrast-

void depth curve changes slope and indicates the shape of the curve.  Larger 

values of K lead to faster rates of growth, and vice versa.  The results of K, as 

shown in Figure 4.5B, indicate that K did not change significantly with increasing 

void thickness.  The average value of K was about -0.02 for the void thickness in 

this study.  When the term of eK in Eq.4.1 was replaced by a constant B, as the 

base of the exponential equation, the value of B could be obtained as 0.980 

(𝐵 = eK = 2.71878−0.02 = 0.980).  This means that the maximum thermal 

contrast decreased by a constant multiple of 0.980 as the void depth increased 

over the depth of void range used in the model (25 mm to 127 mm).   
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Figure 4.5 Values obtained for constant A and constant K for exponential 
expressions fitted to the maximum thermal contrast-void 
depth data in variation of void thickness 

Based on the exponential expressions obtained in this case, the 

relationship between the maximum thermal contrast (ΔTmax), void depth (d) and 

void thickness (z) could be expressed by substituting the value of A in Eq.4.2 and 

the value of B into Eq.4.1, therefore 

∆𝑻𝒎𝒂𝒙 = (𝟑.𝟖𝟓𝟐 ∙ 𝐥𝐧(𝒛) + 𝟓.𝟐𝟗𝟒) ∙ 𝟎.𝟗𝟖𝒅   Eq. 4.3 

where ΔTmax in °C and both d and z are in mm.  For example, the maximum 

thermal contrast was computed using Eq.4.3 for three different thicknesses: 0.5 

mm, 2 mm, and 7 mm, which represent as a thin void thickness, a typical void 

thickness, and a thick void thickness, respectively, and for 51 mm deep void.  

The results from the calculations were presented in Table 4.3.  It can be seen 

that the maximum thermal contrasts obtained from Eq.4.3 matched with those 

obtained in Table 4.2.  Again, it should be noted that the use of Eq.4.3 for 
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predicting the maximum thermal contrast was proper for the model under a 

particular set of weather conditions in Fig.4.2. 

 

Table 4.3 Example of estimation of maximum thermal contrast (d=51 mm 
deep void) 

Void thickness, z 
[mm] A = 3.852 ln(z)+5.294 Maximum thermal contrast 

[°C] 
0.5 2.62 ΔTmax= 2.62 ᵡ 0.98d = 0.9 

2 7.96 ΔTmax= 7.96 ᵡ 0.98d = 2.8 

7 12.79 ΔTmax=12.79 ᵡ 0.98d = 4.6 

 

4.2.2.1 Estimation depth of void  

Inversion of Eq.4.3 as expressed in Eq.4.4 allows for the estimation of the 

depth of the void, given the known weather patterns surrounding the test, the 

measured thermal contrast detected during the test, and the anticipated 

thickness of a delamination.  The depth of void could be obtained mathematically 

from the following equation   

𝒅 = �𝐥𝐧(∆𝑻𝒎𝒂𝒙)−𝐥𝐧(𝑨)
𝑲

�    Eq. 4.4 

where ΔTmax is the maximum thermal contrast in ˚C, A is the constant determined 

in the Eq.4.2, and K is -0.020.   

The use of Fig.4.4A (highlighted as the blue dash lines) was a simple 

procedure to estimate the depth of void graphically.  For example, for a 3.5˚C 
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maximum thermal contrast, the estimated void depth was approximately 41 mm 

when the void thickness was 2 mm.  It was predicted as 65 mm when the void 

thickness was 7 mm. 

4.2.2.2 Minimum void thickness 

The model could also be used to evaluate the capability and limitation of 

the detectable void.  For example, it could estimate the minimum thickness of the 

detectable void, either mathematically or graphically, when the expected 

maximum thermal contrast and the anticipated depth of a void were given.  It 

could be determined mathematically from the following steps: 

• Establish the expected maximum thermal contrast (ΔTmax) and the 

anticipated void depth (d). 

• Obtain the constant A by using inversion of Eq.4.1. 

𝑨 = 𝒆𝐥𝐧(∆𝑻𝒎𝒂𝒙)−𝑲𝒅    Eq. 4.5 

• Substitute the value of A in Eq.4.5 to Eq.4.2, therefore 

𝒛 = 𝒆𝟎.𝟐𝟔𝟎∙𝑨−𝟏.𝟑𝟕𝟒    Eq. 4.6 

The use of Fig.4.4B (highlighted as the blue dash lines) was a simple 

procedure to estimate the minimum thickness of the detectable void graphically.  

For example, in the case of a 3˚C maximum thermal contrast, the minimum 

thickness of detectable void was approximately 0.9 mm, 2.2 mm, and 8.9 mm 

when void depth was 25 mm, 51 mm, and 76 mm deep, respectively.  It could not 

be detected when the void depth was 127 mm.  Figure 4.4B also showed that the 
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influence of the void thickness on the maximum thermal contrast was significant 

in the case of voids near the surface (25 mm, 51 mm and 76 mm deep voids), 

but the influence was small on the deepest void (127 mm deep).   

4.2.2.3 Determining effect of reinforcing steel 

A concern at the beginning of this study was whether the rebar in the 

concrete would affect prediction of the surface temperature.  Two models were 

simulated to determine the effect of rebar.  One model was plain, unreinforced 

concrete, and the other was the concrete with reinforcing.  The concrete models 

were similar in dimension and specification.  For the model which included rebar, 

12.7 mm diameter steel bars were used.  The corresponding value of thermal 

conductivity, specific heat, and density from the steel reinforcement was then 

specified as 44.5 W/m°C, 475 J/kg°C, and 7850 kg/m3, respectively.  The ratio of 

the rebar to the concrete area was 0.2%. 

For this study, the surface temperatures at a reference point of the 

concrete block with and without rebar (in the same location) were compared as 

shown in Figure 4.6.  The results indicated that the rebar did not affect 

significantly the thermal behavior of the concrete block.  The small difference in 

the surface temperature results did not justify the high increment in computation 

time for the model with rebars.  Therefore, the internal rebar was not considered 

for the simulations in this study. 
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Figure 4.6 The surface temperatures at a reference point of the model 
with rebar and without rebar 

4.2.2.4 Numerical and field experimental comparison 

For model verification, the predicted maximum thermal contrasts for the 

South side were compared to those obtained from the experimental testing 

(Figure 4.7A).  In these comparisons, the thickness of the void was 13 mm, and 

the material present in the void was Styrofoam.   

The results show that the maximum thermal contrasts of the model-

predicted were slightly higher than those contrasts of the experimental data, 

except for 25 mm deep void.  The maximum thermal contrasts for the simulations 

were 8.59˚C, 4.94˚C, 2.96˚C and 1.10˚C for 25 mm, 51 mm, 76 mm and 127 mm 

deep voids, respectively, while the experimental results indicated the maximum 

thermal contrasts were 9.80˚C, 4.02˚C, 2.56˚C and 0.98˚C for 25 mm, 51 mm, 76 

mm and 127 mm deep voids, respectively.  Figure 4.7A also presents the 

exponent curve fit for both the model prediction and the experimental data.   
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In addition, by using the same procedure as described in previous 

sections, a model for the North side was also proposed.  The comparison 

between the model results and the experimental data of the maximum thermal 

contrast were summarized in Figure 4.7B.  The results show that the maximum 

thermal contrasts of the predicted model were slightly underestimated than those 

contrasts of the experimental data.  The maximum thermal contrasts for the 

model predicted were 3.11˚C, 1.96˚C, 1.30˚C and 0.56 ˚C for 25 mm, 51 mm, 76 

mm and 127 mm deep voids, respectively, while the experimental data indicated 

the maximum thermal contrasts were 4.05˚C, 2.39˚C, 1.72˚C and 0.84 ˚C for 25 

mm, 51 mm, 76 mm and 127 mm deep voids, respectively.  It can be seen that 

the variation of the maximum thermal contrast with void depths could be fit well 

by the exponential function where the values of R2 were almost 1. 

 

Figure 4.7 The comparison between the maximum thermal contrasts of 
model-predicted and the experimental data: (A) the sunny side, 
and (B) the shaded side 
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4.3 Parametric Study Case 2:  Effect of the materials in delamination  

4.3.1 Description 

Similar to the first case, a simple model of a concrete block with a variety 

of materials contained in the delamination void was proposed and used to predict 

thermal response under weather conditions for the particular days shown in Fig. 

4.2.  Table 4.4 shows a group of analysis which included five different materials 

in the void.  The material in void was represented with the properties of air, 

water, ice, epoxy and Styrofoam in each model and was located at the center of 

the block.  The thickness of the void was 13 mm in these simulations. 

 

Table 4.4 Material properties for Case 2 involving different materials 
contained in the void and the sound concrete 

Material 
k Cp ρ 

 [W/(m °C)]  [J/(kg °C)]  [kg/m3] 
Void (air) 0.024 700 1.2 
Void (Styrofoam) 0.027 1300 35 
Void (water) 0.6 4200 1000 
Void (ice) 2.2 2050 915 
Void (epoxy) 
The sound concrete 

1.24 
1.8 

1200 
1000 

1530 
2300 

 

4.3.2 Results and discussions 

Figure 4.8 shows the time varying thermal contrast as a function of 

materials present in the void for the 51 mm deep void.  The results showed that 
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when the void was filled with air, the substantial difference in thermal conductivity 

(k) between air and concrete (Table 4.4) supported expectations of significant 

thermal contrasts between a void area and the sound concrete.  Since the 

thermal conductivity of water, ice, and epoxy adhesive was not substantially 

different than that of concrete, the thermal contrasts of these materials in the void 

were not more pronounced.  In addition, the results showed that the differing 

specific heat (Cp) of air and Styrofoam would be expected to produce a small 

difference in the thermal contrast.  There was also a small difference in thermal 

contrast among water, ice, and epoxy.  However, it can be noted that the thermal 

conductivity of the material in void dominated the thermal contrast behavior.   

 

Figure 4.8 The time varying thermal contrast as a function of the 
materials present in the void 
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The characteristic maximum of thermal contrast for different materials 

contained in the void can be summarized in Figure 4.9.  It can be clearly seen 

that the maximum thermal contrasts for air-filled void and Styrofoam-filled void 

were detected more easily than the others filled materials.  

 

Figure 4.9 Effect of void material on the maximum thermal contrast  

 

4.4 Parametric Study Case 3: Effect of material properties of 

concrete 

4.4.1 Description 

A simple model of a concrete block was used to predict thermal response 

under the same weather conditions as in the first case and the second case.  In 
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this case, the thermal properties of interest are thermal conductivity, volumetric 

heat (i.e. the product of a material’s specific heat and the density), and emissivity 

of the concrete itself.  The thermal conductivity of the bulk concrete material 

varied from 1.6 to 2.3 W/(m∙°C) and the volumetric heat was in the range 1.8x106 

to 2.5 x106 J/(m3∙°C).  The emissivity of the concrete varied from 0.75 to 0.95.  A 

total of 16 finite element models were simulated to evaluate the effect of these 

properties on the thermal contrast.  The thermal properties of air were used to 

describe the voided area.  The depth of the void was 51 mm from the front 

surface of the block, and the thickness of the void was 13 mm in these 

simulations. 

4.4.2 Results and discussions 

Figure 4.10A, Figure 4.10B and Figure 4.10C present the maximum 

thermal contrast for the different thermal conductivities, the various volumetric 

heats and the emissivity of the concrete, respectively.  The results show that the 

maximum thermal contrast appears better for higher thermal conductivity than 

those obtained for lower conductivity.  In contrast, the influence of the volumetric 

heat of the concrete shows that the lower the volumetric heat, the better the 

thermal contrast is, as same as the influence of the emissivity of the concrete.  
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Figure 4.10 Effect of material properties of concrete on the maximum 
thermal contrast: (A) thermal conductivity; (B) volumetric heat; 
and (C) emissivity  

Overall, the results of Case 3 show that the thermal properties of the 

concrete had a small effect on the thermal contrast in the model.  An increase on 

the thermal conductivity of the concrete by 40% tends to enhance the thermal 

contrast only by 8%.  Increases of the volumetric heat by 38% may diminish the 

contrast only 4%.  An increase of the emissivity from 0.75 to 0.95 tends to 

decrease the thermal contrast as 0.3°C. 
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4.5 Parametric Study Case 4: Effect of asphalt overlays 

4.5.1 Description 

The thermal model was applied to concrete with an asphalt overlay to 

investigate the effect of varying asphalt thickness on the thermal contrast 

produced by an air filled void.  Similarly to the previous cases, a model of the 

concrete with a variety of asphalt thickness from 40 mm to 120 mm was used to 

predict thermal contrast under the weather conditions as shown in Fig.4.2.  In 

addition, a model without asphalt overlay was also simulated.  The thermal 

properties of air were used to describe the voided area.  The depth of the void 

was 51 mm and 76 mm from the front surface of the block, and the thickness of 

the void was 13 mm in the simulations. 

4.5.2 Results and discussions 

Figure 4.11 shows the time varying thermal contrast as a function of the 

asphalt thickness.  The results showed that the present of asphalt overlay in the 

model reduced the thermal contrast.  The thicker the overlay, the smaller the 

maximum thermal contrast became. 



95 
 

 

Figure 4.11 The time varying thermal contrast as a function of asphalt 
thickness: (A) 51 mm deep void (B) 76 mm deep void 

The relationship between the maximum thermal contrast and asphalt 

thickness for 51 mm deep void and 76 mm deep void with 13 mm void thickness 

is shown in Figure 4.12.  The trends of the predictions were same as the first 

case (i.e. effect of varying void depths) since the overlay was a thermal mass 

above the void.  Thus, the mass reduced the thermal contrast associated with the 

void.  It can also be seen that there was a certain condition of asphalt thickness 

for which the thermal contrast would be too small (less than 0.5 °C) to be 

measured.  This result shows the limits of applicability of IR thermography to 

asphalt-overlaid concrete bridge delamination detection. 
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Figure 4.12 Effect of asphalt thickness on the maximum thermal contrast 

 

4.6 Example of the Post-test Model Analysis 

An example of the post-test model analysis is shown to evaluate the 

capability of the model to estimate the maximum thermal contrast, given the 

known weather patterns surrounding the field test and the anticipated 

characteristics of void (depth and thickness).  The hourly weather data including 

solar radiation, ambient temperature, and wind speed were obtained from nearby 

weather station, where the field thermography testing was located.  The 

characteristics of void were obtained from the field coring test.  The capability of 

the model was evaluated by comparing the thermal contrasts predicted by the 

model and those detected by thermography inspection during the field test.    
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4.6.1 Description of the field testing 

The object test was the College Bridge, which is a pedestrian bridge over 

College Avenue, Columbia, Missouri.  The bridge is roughly 40 years old, 

constructed in the early 1970s by the Missouri Department of Transportation and 

Stephens College.  An upgraded project to replace the main walkway of the 

bridge was conducted in the summer 2012.  The deck was constructed with ~51 

mm (2 in.) concrete overlay, as determined by coring after the field testing.   

4.6.1.1 Field testing [43] 

The first field test involved collecting thermal images of the surface of the 

bridge at one-hour intervals, during 6:30 a.m. and 10:30 p.m. on June 8, 2012.  

These thermal images captured using FLIR T620, which is a hand-held infrared 

camera.  Thermal sensitivity of 0.04˚C coupled with a 307,200 pixel display 

provided extremely accurate thermal images in real time.     

Figure 4.13A shows the digital image of the bridge section that was 

investigated.  Figure 4.13B to Figure 4.13F display a subset of time-series 

thermal images were captured by the infrared camera on the section.  These 

images vary throughout the day during the thermography testing.   

Each thermal image shows three spot temperatures (T1, T2, and Tsound 

concrete) which were the subject locations of the study.  T1 and T2 were the surface 

temperatures at the locations where the cores (color coded “red” and “green”, 

respectively) were taken.  It was assumed a subsurface void existed at these 
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areas, based on the thermal images.  Tsound concrete was the surface temperature 

of the sound concrete.   

 

Figure 4.13 The measured thermal contrast detected during the field test 
[43] 
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For quantitative analysis, the apparent temperature differences (i.e. 

thermal contrast) between the voids and the sound concrete were calculated 

using Eq. 2.2.  The results of the time varying thermal contrasts of the case in 

Fig.4.13 are shown in Figure 4.17 as “field data 1” and “field data 2”.  The field 

data 1 was obtained from T1-Tsound concrete and the field data 2 was obtained from 

T2-Tsound concrete.  The maximum thermal contrasts (ΔTmax) for each field data 

were listed in Table 4.5. 

4.6.1.2 The coring test [43] 

After evaluation of the thermal contrast, cores were taken at selected 

locations to confirm the existence of voids and to determine their depth and 

thickness.  Figure 4.14 shows the photography when the coring test was 

operated.   

 

Figure 4.14 Photograph of the coring operation [43] 
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Data of the coring test were collected for two locations (color coded as red 

and green delamination) as shown in Figure 4.15, and the results were given in 

Table 4.5.   

 

 

Figure 4.15 Photographs of core locations : (A) Red delamination; and (B) 
Green delamination [43] 

 

Table 4.5 The field test results including the coring results and the 
maximum thermal contrast (ΔTmax) from thermography images.   

Field test Depth of void* Thickness of void* Condition* ΔTmax
** 

(The coring color coded) 
Field data#1 (Red) ~51 mm 0 no interface gap 0.5˚C 
Field data#2 (Green) ~43 mm ~4 mm air-filled void 7.3˚C 
*  Obtained from coring data       
** Obtained from thermography images     
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4.6.1.3 The weather patterns surrounding the field test  

In this example, environmental data for the concrete model were gathered 

over 3 days from June 6 and June 8, 2012.  The hourly data of solar radiation 

(Figure 4.16A), air temperature of the environment (Figure 4.16B), and wind 

speed (Figure 4.16C) were obtained from nearby weather station in Sanborn 

field, Columbia, MO.   
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Figure 4.16 Three consecutive days of environmental parameters as a 
boundary condition in simulation: (A) solar radiation; (B) 
ambient temperature; and (C) wind speed 
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4.6.2 The predictive model analyses 

An analytic study was carried out to predict the way in which infrared 

imaging technique responds to the bridge conditions.  These predictions provided 

a basic understanding of the usefulness of the technique.   

The thermal response was predicted using a 3-dimensional transient heat 

transfer model (a similar process as described in section 4.2).  The model was 

simulated using a concrete block as shown in Fig.4.1.  The hourly weather data 

were simulated as boundary conditions in the model.  These actual weather data 

were gathered over 3 consecutive days prior to the field thermography testing (in 

the analysis, the model results of the final 24 hours were used to verify with the 

thermography data).  The effect of varying void thicknesses on the thermal 

contrast produced by an air-filled void at a depth of 51 mm was simulated, and 

the result was shown in Figure 4.17.  It can be seen that the model incorporated 

potential variations of the thermal contrast with the measured thermal contrast 

detected by the thermography camera during the field test.   
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Figure 4.17 Thermal contrast as a function of void thickness for 51 mm 
deep void 

Similar analysis procedures as described in section 4.2 were applied for 

predicting the maximum thermal contrast in response to the weather conditions in 

Fig.4.16 for different depths of void and different thicknesses of void.   

Figure 4.18 shows the values obtained for constant A and constant K for 

exponential expressions fitted to the maximum thermal contrast-void depth data 

in variation of void thickness.  The value of constant A and the constant K were 

obtained as: 𝐴 = (6.814 ∙ ln(𝑧) + 9.285) and 𝐾 = −0.017, respectively. 
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Figure 4.18  Values obtained for constant A and constant K from the model 
under a particular weather condition shown in Fig.14. 

The results indicate the relationship between the maximum thermal 

contrast (ΔTmax), void depth (d) and void thickness (z) could be fit by the function 

as 

∆𝑻𝒎𝒂𝒙 = (𝟔.𝟖𝟏𝟒 ∙ 𝐥𝐧(𝒛) + 𝟗.𝟐𝟖𝟓) ∙ 𝟎.𝟗𝟖𝒅    Eq. 4.7 

where ΔTmax in °C and both d and z are in mm.  The term of 0.98 in Eq.4.7 was 

obtained from eK = 2.71878−0.017 = 0.98.  This means that the maximum thermal 

contrast decreased by a constant multiple of 0.98 as the void depth increased 

over the depth of void range used in the model (25 mm to 127 mm).   

4.6.3 The post-test model verification 

For the model verification, the maximum thermal contrasts predicted by 

the Eq.4.7 and those obtained from the field test using infrared themography 

were compared.  The predicted maximum thermal contrasts were computed 
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using the void thickness and the void depth obtained from the coring test.  For a 

43 mm void depth and a 4 mm void thickness (the coring with “green” coded), the 

predicted maximum thermal contrast by Eq. 4.7 was approximately 7.9˚C, while 

the measured maximum thermal contrast detected by the field thermography 

testing was 7.3˚C (Table 4.5).  The Eq.4.7 could not estimate the maximum 

thermal contrast for the coring with “red“ coded because it was found no interface 

gap at the location after the field coring test.  The maximum thermal contrast 

obtained from thermography image (0.5˚C) confirmed there was debonding 

between the overlay and the concrete.   

The results of the post-test model analysis shows that the model could 

predict the maximum thermal contrast of subsurface voids in concrete under a 

given set of environmental conditions surrounding the test and the anticipated 

depth and thickness of a delamination. 

 

4.7 Conclusion 

This chapter focused on the evaluation of the effect of key parameters 

expected to influence the detectability of the subsurface voids.  These 

parameters included void depth, void thickness, material contained within the 

void, material properties of the concrete, and presence of an asphalt overlay.  

These parameters were examined analytically using the validated numerical 

model.   
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The findings from the study of the effect of varying void depths and void 

thicknesses demonstrated that the maximum thermal contrasts were a function of 

both the depth of the void and the thickness of the void.  The maximum thermal 

contrast decreased exponentially by a constant multiple of 0.98 as the void depth 

increased.  The maximum thermal contrast increased nonlinearly (as a logarithm 

function) with increasing thickness of the void.  The results also showed that 

changes in maximum thermal contrast were more pronounced for voids located 

closer to the surface.  The study had led to a simple procedure for estimating the 

depth of a void as a function of the thickness of the void and the thermal contrast 

as demonstrated by using Eq.4.4.  The investigation of the minimum detectable 

void demonstrated that the minimum thickness was determined by the depth of 

the void and the expected maximum thermal contrast as shown in Eq.4.6.  In 

addition, the effect of reinforcing steel (rebar) in the concrete was also evaluated. 

The result indicated that the presence of the rebar was not significant on thermal 

behavior of the concrete in this study. 

The results from the study of the effect of different materials contained in 

subsurface void (i.e. delamination) demonstrated that air-filled void produced a 

significant thermal contrast compared to water-filled void, ice-filled void, and 

epoxy adhesive-filled void.  The differences of the thermal contrast for each 

material in the void arose from different thermal behavior due to different 

properties of heat conduction and/or specific heat compared to the thermal 

properties of the sound concrete.  
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The findings from the study of the effect of varying material properties of 

the concrete indicated that variations in the thermal conductivities, volumetric 

heats, and emissivity of the concrete produced systematic variations in thermal 

contrast.  The maximum thermal contrast increased as the thermal conductivity 

of the concrete increased.  The maximum thermal contrast decreased as the 

volumetric heat of the concrete increased, as same as the effect of the emissivity 

of the concrete.  However, variations in these properties had a small effect on the 

thermal contrast.  Thus, the success of the thermographic testing will not depend 

strongly on the specific values of the thermal properties of the concrete. 

The results from the study of the effect of asphalt overlays on the concrete 

indicated that the presence of an asphalt overlay reduced the maximum thermal 

contrast.  The thicker the overlay, the more limited the thermal contrast from a 

void.  The prediction of the relationship between the maximum thermal contrast 

and asphalt thickness followed the trends described in the first case (i.e. effect of 

varying void depths) since the overlay was a thermal mass above the void. 

Evaluation of the analytical results with the experimental data was done by 

comparing the maximum thermal contrast (ΔTmax).  The differences between the 

maximum thermal contrast of model-predicted and the experimental data for the 

sunny side were 1.21˚C, 0.92˚C, 0.40˚C and 0.12˚C for 25 mm, 51 mm, 76 mm 

and 127 mm deep voids, respectively.  The differences between the maximum 

thermal contrast of model-predicted and the experimental data for the shaded 

side were 0.94˚C, 0.43˚C, 0.42˚C and 0.28˚C for 25 mm, 51 mm, 76 mm and 127 
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mm deep voids, respectively.  These results indicate that the model predicted the 

maximum thermal contrasts with reasonable accuracy when compared to the 

experimental data. 

An example of model validation was also presented that compares the 

predicted model of void characteristics (depth and thickness) with actual void 

presented by the core testing.  The model was developed under a given set of 

actual weather conditions surrounding the test, and the measured thermal 

contrast detected using an infrared camera on the same locations as the coring 

tests were taken.  It was found that the model result was sufficiently accurate to 

predict the void depth and thickness when compared to the coring data. 

Based on the results of these studies, it was concluded that the model 

developed provided valuable information on the expected responses and 

possible limitations of using thermographic technique to detect subsurface voids 

in concrete bridge.   

In the next chapter, the model proposed will be used to develop a simple 

multiple linear regression equation to establish a functional relationship between 

the thermal contrast at various void depths and daily environmental parameters.  

Such the equation could be used to asses if a particular day’s weather would 

produce the thermal contrast required to be imaged using a common thermal 

camera given the anticipated depth of a delamination and predicted weather 

conditions.    
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5. EQUATION DEVELOPMENT FOR MAXIMUM 
THERMAL CONTRAST OF SUBSURFACE DAMAGE IN 

CONCRETE  
 

 

 

5.1 Introduction 

This chapter describes the development of a practical equation to predict 

the maximum thermal contrast at various depths of void in concrete based on a 

dataset composed of various environmental variables.  A range of statistical 

procedures were used to obtain the equation including: statistical outlier removal, 

descriptive statistics, correlation analysis, variable selection, multi-parameter 

regression analysis, statistical test, and residual analysis.  The procedures are 

discussed separately for the South (sunny) side and the North (shaded) side.  

The verification of the proposed equations with finite element simulations and the 

experimental data was also evaluated.   

 

5.2 Multi-parameter Regression Analysis 

In this study, multi-parameter regression analysis was used to develop a 

functional relationship between the maximum thermal contrast at various depths 

of void in the concrete and environmental variables based on daily data analysis.  

The daily maximum thermal contrast, as a “response variable”, was extracted 
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from the maximum hourly running average of thermal contrast at each depth of 

void obtained in the FEM model.  Selected characteristics of the daily 

environmental conditions data, as a set of “predictor variables”, were extracted 

from the solar loading, ambient temperature, and wind speed dataset obtained in 

the experimental testing.  Specifically, the following characteristics of the daily 

weather variables were extracted: maximum daily solar loading, total daily solar 

loading, maximum daily temperature, minimum daily temperature, average daily 

temperature, average daily wind speed, average quarterly wind speed, and daily 

precipitation.  The best (i.e. the most influential or most valid) subset of the 

predictor variables and the corresponding best-fitting regression model on the 

response variable was determined.   

Furthermore, the maximum daily thermal contrasts estimated by statistical 

analyses were compared to those measured from the experimental field.  If the 

chosen model equation provides sufficiently accurate prediction for estimating 

the maximum thermal contrast in the experimental results, such that the model 

equation could be used to assess specific daily environmental variables during, 

or leading up to, a field inspection, to predict the anticipated thermal contrast for 

a delamination at a given depth.  This equation could then be used to predict if a 

particular day’s weather would produce the thermal contrasts required to be 

imaged using a common thermography camera given the anticipated depth of a 

delamination and predicted weather conditions.  Alternatively, such that the 

equation could be used in a post-test analysis of data to estimate the depth of a 
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delamination, given the known daily weather conditions surrounding the test and 

the measured thermal contrast detected during the test. 

 

5.3 Equation Development for the Surface Exposed to Direct Solar 

Loading (the South Side) 

A range of statistical analyses were performed on the daily data of 

environmental variables to develop a model equation for predicting the maximum 

thermal contrast at various depths of void in the concrete. 

5.3.1 Dataset for the equation development 

The equation was developed based on the South side dataset over a 

period of 3 months.  During this period, days in which rain occurred were 

excluded from the dataset because water on the surface of the concrete would 

affect the emissivity of the concrete and evaporation could affect the thermal 

behavior of the concrete.   

A series of boxplot graphs was used to assess the data distributions for 

each variable (response variable and predictor variables) and to detect data 

points that appeared to be irregular (i.e. outlier).  A boxplot (also known as a box-

whisker graph) is a tool of graphically depicting groups of a dataset [44].  The 

bottom and the top of the box are the 25th and 75th percentile (the lower and 

upper quartiles, respectively), and the middle of the box is the 50th percentile (i.e. 

median).  The ends of the whiskers represent the highest data value within the 
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upper limit and the lower limit.  Data values beyond the whiskers consider as 

outliers.  For example, the boxplots as shown in Figure 5.1A and 5.1B represent 

the distribution of the daily maximum solar loading and the daily average wind 

speed over 6 a.m. to 6 p.m. period, respectively.  The outliers (symbolized by 

asterisks) beyond the whiskers indicate the data that were excluded for the 

regression analysis.  This way was taken to minimize data errors in analysis.   

 

 

Figure 5.1 Data check for outliers: (A) Daily maximum solar loading and 
(B) Daily average wind speed over 6 a.m. to 6 p.m. period. 

The filtering of the daily weather variables and the daily maximum thermal 

contrast of the South side dataset from the outlier’s data resulted in a total of 205 

data points for model equation development.  These data were listed in 

Appendix D by date (November 2007 to January 2008), environmental variables 

(including solar loading, ambient temperature, and wind speed), depth of voids 

(25 mm, 51 mm, 76 mm, and 127 mm), and the maximum thermal contrasts.   
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Descriptive statistics of the dataset in Appendix D were listed in Table 5.1.  

The maximum thermal contrast ranged from 0.55°C to 9.03°C, while the daily 

total solar loading ranged from approximately 703 W·hr/m2 to 2309 W·hr/m2.  The 

ranges for daily ambient temperature change and daily average wind speed were 

2.3°C to 19.4°C, and 0.51 m/s to 5 m/s, respectively.   

 

Table 5.1 Descriptive statistics of data in the South side datasets 

Variable* N Mean Std.Dev. Minimum Maximum Range 

SL(Max) 205 356.81 68.03 176.97 554.94 377.97 

SL(Total) 205 1577.50 411.80 703.90 2309.00 1605.20 

SL(Total)
1/4 205 6.26 0.45 5.15 6.93 1.78 

SL(Total)-1 205 1486.40 524.10 252.00 2309.00 2057.00 

Tair (Max) 205 281.49 7.75 263.87 298.15 34.28 

Tair (Min) 205 269.63 6.71 255.04 284.87 29.83 

Tair (Change) 205 11.85 3.70 2.33 19.39 17.06 

Tair (Avg) 205 275.58 7.03 259.57 291.09 31.52 

Tair (Avg)-1 205 275.64 6.87 259.57 291.09 31.52 

W(Avg 1) 205 1.56 1.39 0.00 5.43 5.43 

W(Avg 2) 205 2.27 1.38 0.00 5.66 5.66 

W(Avg 3) 205 2.97 1.29 0.56 5.92 5.36 

W(Avg 4) 205 1.88 1.52 0.00 4.86 4.86 

W(Avg 23) 205 2.62 1.23 0.54 5.79 5.25 

W(Avg) 205 2.17 1.09 0.51 5.06 4.56 

W(Max) 205 5.86 1.81 2.55 10.82 8.27 
d 205 73.02 37.03 25.00 127.00 102.00 
e -0.02*depth 205 0.29 0.19 0.08 0.61 0.53 
∆T(Max) obtained 
from FEM 205 3.45 2.11 0.55 9.03 8.48 

*Description of each variable is shown in Appendix D. 
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5.3.2 Correlation analysis of all variables  

Correlation analysis was performed to find the potential variables to be 

considered in the model equation.  All predictor variables listed in Table 5.1 were 

considered in the correlation analysis, including depth of the void, solar loading, 

ambient temperature, and wind speed.  Non-linear transformations of some 

predictor variables were also considered.  The results of the correlation analysis 

were listed in Table 5.2. 

 

Table 5.2 Pearson correlation coefficient (R) matrix for the South side 
datasets 

 

 

Table 5.2 shows that e-0.02*d had a significant correlation with ∆Tmax 

(R=0.817).  The correlation between ∆Tmax and SL(Total)
1/4 was 0.280, that was 

slightly better correlated than  SL(Max) (R=0.159).  Tair (Change) was not strong 
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correlated with ∆Tmax (R=0.250).  The correlation between ∆Tmax and Tair(Avg) was 

almost nonexistent (R=0.022).  W(Avg 2)  and W(Avg 3) were slightly better 

correlated (R=-0.136 and R=-0.191, respectively) among the average wind speed 

based on a 6 hour average.  From the correlation analysis, it appeared that  

e-0.02*d, SL(Total)
1/4, Tair(Change), and W(Avg 23) could be key factors in the model.  In 

addition, several interaction terms between environmental variables appeared a 

moderate correlation.  For example, the correlation between SL(Total)
1/4 and 

Tair(Change) was 0.590.  Tair(Average) and W(Max) was moderate correlated (R=0.303). 

5.3.3 Variable selection for the equation development 

There are three strategies for selecting variables, known as: forward 

selection method, backward elimination method and best subsets regression 

method.  A forward selection method is focused on deciding whether a single 

variable should be added to a model.  A backward elimination method is focused 

on deciding whether a single variable should be deleted from a model.  A best 

subsets regression method is an efficient way to identify model that achieve the 

goal with as few predictors as possible [45].  In this study, a best subsets 

regression method was used in order to select predictor variables for the model 

equation.   

The method identifies the subset models that produce the highest R2 

values from a full set of the predictor variables that were specified.  R2 is the 

square of the sample multiple correlation coefficient.  This quality naturally varies 

between 0 and 1.  The larger the value of R2 means the stronger the linear 
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relationship between the maximum thermal contrast and the predictor variables.  

The method may also estimate the regression coefficients and predict future 

responses with smaller variance (i.e. SSE) than the full model using all predictors 

[46].  In this study, Minitab statistical computer program [44] was used as a tool 

to examine all possible subsets of the predictors, beginning with the model 

containing one predictor, and then the model containing two predictors, and so 

on.   

All the predictors that were obtained to be significant during the correlation 

analysis were considered in the best subsets regression procedure, including e-

0.02*d, SL(Total)
1/4, Tair(Change), and W(Avg 23).  Interaction term between SL(Total)

1/4 

and Tair(Change) and interaction term between SL(Total)
1/4 and Tair(Change) were also 

taken into account in best subset formulation for the model as shown in Table 

5.3. 

As said before, the best model was selected based on two criterions 

including their goodness of fit (i.e. coefficient of determination, R2) and their 

variability (i.e. standard error of estimate, SSE).  The result of the statistical 

procedure was presented in Table 5.3.  It can be seen that of 6 possible terms in 

the model, only the 4 variables (highlighted row) demonstrated to be significant in 

the model equation form.  The contribution of interaction terms was remarkably 

low (0.003) that means the interaction terms did not significantly improve the 

model’s fit.  Thus, both of the interaction terms were dropped from the model. 
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Table 5.3 Best subsets regression method on the maximum thermal 
contrast for the South side datasets 

 

 

5.3.4 The final equation for the South side 

The model equation form was developed based on a multiple linear 

regression analysis.  The general form of the model shows in Equation 5.1 [45]. 

∆𝑻𝒎𝒂𝒙 = 𝒂 + ∑𝑪𝒊 ∗ 𝑻𝒊    Eq. 5.1 

where ΔTmax is the maximum thermal contrast in ˚C, a is intercept of the model 

(constant), Ci is a regression coefficient of the i th term, and Ti is i th term.  

Figure 5.2 displays Minitab output from the multiple linear regression 

analysis using all the terms that were obtained in the correlation analysis and 

variable selection.  The value of a and Ci in Eq. 5.1 could be obtained from the 

column labeled “Coef.” (for coefficient) in the Figure.  Therefore, the best model 

for the maximum thermal contrast (ΔTmax) in ˚C was found to be 
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∆𝐓𝐦𝐚𝐱 = −𝟓.𝟏𝟏 + 𝟏𝟎.𝟎𝟑 𝐞−𝟎.𝟎𝟐×𝐝 + 𝟎.𝟖𝟓 �𝐒𝐋(𝐭𝐨𝐭𝐚𝐥)
𝟒 + 𝟎.𝟏𝟑 𝐓𝐚𝐢𝐫(𝐂𝐡𝐚𝐧𝐠𝐞) −

𝟎.𝟒𝟖 𝐖(𝐀𝐯𝐠𝟐𝟑)      Eq. 5.2 

where e=2.7183, d is the depth of void in mm, SL(Total) is the daily total solar 

radiation intensity which was calculated by integrating the solar radiation intensity 

during a day in W·hr/m2, Tair(Change) is the daily air temperature change which was 

obtained by subtracting the daily maximum air temperature and the daily 

minimum air temperature in K, and W(Avg 23) is the average wind speed calculated 

during 12 hours (from 6:00 am to 6:00 pm) in m/s.   

 

 

Figure 5.2 Minitab output for multiple regression analysis of ΔTmax  
versus e-0.02xdepth, SL(Total)

1/4 , Tair (Max) , Tair (Avg)-1, W(Avg 23) 
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In addition, the columns of T and P in Fig. 5.2 contain the results of a 

statistical test that evaluates the significance of each regression coefficient.  The 

test results show that the intercept (constant) and all the predictor coefficients 

were significant (p-level is less than 0.05).  The results show also that the model 

was particularly strong (R2
adj = 87.2%).  The standard error of estimate (SEE) 

was 0.76°C. 

5.3.5 Residual analysis for the South side 

The residuals (actual maximum thermal contrast minus predicted 

maximum thermal contrast) of the model equation were plotted against the main 

environmental variables.  The results were shown in Figure 5.3A through 5.3C.  It 

can be seen that the residuals seem to be randomly distributed with no obvious 

trend.  The residuals of the model ranged from -2.76°C to 2.33°C, with a 

standard error of 0.76°C.  In addition, Figure 5.3D presents the result of 

frequency distribution for the residuals.  It can be noticed that the distribution of 

residuals was concentrated in the range -0.75°C to 0.5°C.   
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Figure 5.3 Residual of the maximum thermal contrast vs. environmental 
variables: (A) Solar loading; (B) Ambient temperature change; 
(C) Wind speed; and (D) Residual histogram for the maximum 
thermal contrast 

5.3.6 Equation verification 

5.3.6.1 Comparison of the equation results with the numerical model results 

The equation developed from statistical method was compared to those 

obtained from the finite element method (FEM) model to demonstrate the 

difference between the models.  Figure 5.4 shows the predicted maximum 

thermal contrast based on Eq.5.2 versus actual maximum thermal contrast 

obtained from the FEM for the South side dataset.  As Fig.5.4 shows, the 
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maximum thermal contrast determined by the equation (dash line) has 

reasonable agreement (R2 = 0.874) with the FEM model.  The estimated 

maximum contrasts by the equation may be as much as 0.5°C higher and as 

much as 0.75°C lower than the FEM model (equality line).  Therefore, it can be 

deduced that the equation predicts the maximum thermal contrast with 

reasonable accuracy with those obtained from the FEM results. 

 

Figure 5.4 Predicted versus actual maximum thermal contrast obtained 
from the FEM results (based on the South side dataset) 
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5.3.6.2 Comparison of the equation results with the experimental results 

The maximum thermal contrast obtained by the equation developed under 

the study was compared to the previous experimental testing to assess the 

reliability of the chosen model.  The pair-matching data for the daily maximum 

thermal contrast were compared and shown in Figure 5.5.  As Fig.5.5 shows, the 

maximum thermal contrast determined by the model equation (dash line) has 

reasonable agreement (R2=0.759) with the experimental data.  The estimated 

maximum contrasts by the equation may be slightly better when ∆Tmax measured 

from the experimental in the range 1.5°C to 7.0°C.  For this range, the 

differences of maximum contrast from both the model and the experimental result 

were within 1°C.  These results indicate that the model chosen was reasonable 

for the data in the study.   
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Figure 5.5 Predicted versus actual maximum thermal contrast obtained 
from the experimental results (based on the South side 
dataset) 

5.3.6.3 Case examples (the South side) 

The model equation was tested for values within the range of the South 

side dataset to evaluate the application of the model compared to those obtained 

from the FEM and the experimental results.  A day from each month was 

randomly taken from the dataset, and the comparisons among those results were 

presented in Figure 5.6.  The results indicated that the maximum thermal 

contrast for 25 mm deep void would be difficult to characterize accurately using 

the equation.  However, the equation was sufficiently accurate to estimate the 

maximum thermal contrast for 51, 76, and 127 mm deep voids.   
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Figure 5.6 The comparison among the maximum thermal contrast of the 
equation, the FEM model, and the experimental testing 
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5.4 Equation Development for the Shaded Surface (the North Side) 

As with the South side model equation development, a range of statistical 

analysis were performed on the data in the North side dataset to develop a 

model for estimating the anticipated level of maximum thermal contrast for 

subsurface delaminations based on actual environmental conditions surrounding 

the concrete and the anticipated depth of a delamination. 

5.4.1 Dataset for the equation development 

The daily North side dataset was thoroughly checked for outliers.  The 

data that were found visually to be excessively large or small values were 

removed from the dataset.  The boxplot graph was used to check the presence of 

outliers.  For example, the boxplots as shown in Figure 5.7A and 5.7B represent 

the distribution of the daily maximum air temperature and the daily average wind 

speed over 6 a.m. to 12 p.m. period, respectively.  The outliers (symbolized by 

asterisks) at the upper and lower end part of the box indicate the data that were 

eliminated for the regression analysis. 
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Figure 5.7 Data check for outliers: (A) Daily maximum air temperature, 

and (B) Daily average wind speed over 6 a.m. to 12 p.m. 

Filtering the North side dataset from the outliers resulted in 199 data 

points for model equation development.  These data were listed in Appendix E 

by date (May 2008 to July 2008), daily ambient temperature, daily wind speed, 

depth of void, and maximum thermal contrast.   

Descriptive statistics of the dataset in Appendix E were listed in Table 5.4.  

The maximum thermal contrast ranged from 0.09°C to 2.87°C.  The ranges for 

daily ambient temperature change and daily average wind speed were 7.22°C to 

19.28°C, and 0.38 m/s to 4.76 m/s, respectively.   
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Table 5.4 Descriptive statistics of data in the North side datasets 

Variable* N Mean Std.Dev. Minimum Maximum Range 

Tair (Max) 199 301.96 3.49 294.04 307.87 13.83 

Tair (Min) 199 289.85 4.63 277.15 297.93 20.78 

Tair (Min*) 199 290.03 4.48 277.15 297.93 20.78 

Tair (Change) 199 12.10 2.81 7.22 19.28 12.06 

Tair (Change*) 199 11.93 2.98 6.39 19.28 12.89 

Tair (Avg) 199 295.73 3.65 287.85 302.58 14.73 

Tair (Avg)-1 199 294.63 3.79 285.18 302.58 17.40 

W(Avg 1) 199 0.99 1.22 0.00 4.00 4.00 

W(Avg 2) 199 2.11 1.21 0.06 5.05 4.99 

W(Avg 3) 199 2.90 1.34 0.94 6.50 5.56 

W(Avg 4) 199 1.40 1.29 0.10 5.04 4.94 

W(Avg 12) 199 1.55 1.16 0.03 4.39 4.35 

W(Avg) 199 1.85 1.12 0.38 4.76 4.37 

W(Max) 199 5.51 2.12 2.55 11.36 8.81 

d 199 74.34 36.74 25.00 127.00 102.00 

e -0.02*depth 199 0.29 0.18 0.08 0.61 0.53 
∆T(Max) obtained 
from FEM 199 0.98 0.67 0.09 2.87 2.78 

*Description of each variable is shown in Appendix E. 

 

5.4.2 Correlation analysis of all variables 

A correlation matrix as shown in Table 5.5 was created based on the 

dataset.  It can be seen that e-0.02*d had a significant correlation with ∆Tmax 

(R=0.893).  The correlation between ∆Tmax and Tair(Change*) was 0.229, that was 

slightly stronger correlated than Tair(Change) (R=0.216).  W(Max) and W(Avg1) were 
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slightly better correlated (R=-0.136 and R=-0.124, respectively) among the wind 

speed categories.  From the correlation analysis, it showed that e-0.02*d, 

Tair(Change*), W(Max) and  W(Avg1) could be key factors in the model. 

 

Table 5.5 Pearson correlation coefficient (R) matrix for the North side 
datasets 

 
 

5.4.3 Variable selection for the equation development 

In order to select predictor variables for the shaded side model equation, a 

best subsets regression method was used.  All the predictors that were obtained 

to be significant during the correlation analysis were considered in the best 

subsets regression procedure, including e-0.02*d, Tair(Change*), W(Max) and W(Avg 1).  

The result of the procedure was presented in Table 5.6.  It can be seen that of 4 

initial terms in the model, only the 2 terms (highlighted row) shown to be 

significant in the model equation form.  The terms of e-0.02*d and Tair(Change*) were 
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selected for the model equation based on the R2 values and SSE values.  The 

contribution of the wind speed terms was insignificant in the model’s fit.  Thus, 

the terms of W(Max) and W(Avg 1) were not included in the model.   

 

Table 5.6 Best subsets regression method on the maximum thermal 
contrast for the North side datasets 

Total of predictor 
variables 

Criterion  Predictor variables 

R2 SEE  e -0.02 x depth Tair (Change*) W(Max) W(Avg 1) 

1 79.8 0.2994  X    
1 5.3 0.6490   X   
2 90.2 0.2094  X X   
2 80.9 0.2908  X   X 

3 90.1 0.2093  X X  X 

3 90.1 0.2094  X X X  
4 90.3 0.2075  X X X X 

 

5.4.1 The final equation for the North side 

Similar to those developed for the South side model, the model equation 

form for the North side was developed based on a multiple linear regression 

analysis.  The model took the general form of Eq. 5.1 and their regression 

coefficients (labeled Coef.) are shown in Figure 5.8. 
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Figure 5.8 Minitab output for multiple regression analysis of ΔTmax versus 
e-0.02xdepth, Tair(Change*) 

The best practical model for the maximum thermal contrast based on the 

Shaded side dataset was found to be  

∆𝐓𝐦𝐚𝐱 = −𝟎.𝟖𝟓 + 𝟑.𝟒𝟎 𝐞−𝟎.𝟎𝟐×𝐝 + 𝟎.𝟎𝟕 𝐓𝐚𝐢𝐫(𝐂𝐡𝐚𝐧𝐠𝐞∗)  Eq. 5.3 

where e=2.7183, d is the depth of void in mm, and Tair(Change*) is the daily air 

temperature change which was obtained by subtracting the daily maximum air 

temperature and the daily minimum air temperature in K.  In this case, the 

minimum air temperature was taken during night time in the preceding day.  In 

addition, the columns of T and P in Fig. 5.8 contain the results of a statistical test 

that evaluates the significance of each regression coefficient.  The test results 

indicate that at a significance level of 95 percent, all the intercept and the 

coefficients were significant (p-level is less than 0.05).  The goodness of fit 
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statistics indicates that the model was very strong (R2
adj = 90.1%).  The standard 

error of estimate (SEE) was 0.21 °C. 

5.4.2 Residual analysis for the North side 

Figure 5.9A shows the residual analysis of the daily maximum thermal 

contrast versus the daily ambient temperature change.  The residual appeared to 

be randomly distributed with Tair(Change*) and ranged between -0.52°C to 0.65°C.  

Figure 5.9B presents the residual histogram for the maximum thermal contrast in 

the Shaded side model.  It can be seen that the distribution of residuals is 

concentrated in the range -0.2°C to 0.2°C.   

 

 
Figure 5.9 (A) Residual of the maximum thermal contrast vs. Ambient 

temperature change; and (B) Residual histogram for the 
maximum thermal contrast 
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5.4.3 Equation verification 

5.4.3.1 Comparison of the equation results with the numerical model results 

The model equation developed from statistical method was compared to 

those obtained from the finite element model to demonstrate the difference 

between the models.  Figure 5.10 shows the predicted maximum thermal 

contrast based on Eq. 5.3 versus actual maximum thermal contrast obtained 

from the FEM for the Shaded dataset under this study.  As Figure 5.10 shows, 

the maximum thermal contrast determined by the model equation (dash line) has 

a strong agreement (R2 = 0.902) with the FEM model.  The estimated maximum 

contrasts by the equation may be as much as 0.1°C higher and as much as 

0.3°C lower than the FEM model (equality line).  Therefore, it can be deduced 

that the model equation predicts the maximum thermal contrast with reasonable 

accuracy with those obtained from the finite element results. 
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Figure 5.10 Predicted versus actual maximum thermal contrast obtained 

from the FEM results (based on the North side dataset) 

5.4.3.2 Comparison of the equation results with the experimental results 

The maximum thermal contrast obtained by the previous experimental 

testing was compared to those obtained from the model equation developed 

under this study to assess the reliability of the chosen model.  The pair-matching 

data for the daily maximum thermal contrast were compared and shown in Figure 

5.11.  As Figure 5.11 shows, the maximum thermal contrast determined by the 

model equation has reasonable agreement (R2 = 0.777) with the experimental 

data.  The estimated maximum contrasts by the equation were different within 
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1°C with those obtained in the experimental data.  These results indicate that the 

model chosen was reasonable for the data in the study.   

 

Figure 5.11 Predicted versus actual maximum thermal contrast obtained 
from the Experimental results (based on the North side 
dataset) 

5.4.3.3 Case examples 

The equation was checked for values within the range of the Shade side 

dataset to evaluate the application of the model equation compared to those 

obtained from the FEM and the experimental results.  A day from each month 

was randomly taken from dataset, and the comparisons among those results 
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were presented in Figure 5.12.  It can be seen that the model proved to produce 

reasonable results.   

 

Figure 5.12 The comparison among the maximum thermal contrast of the 
model equation, the FEM model, and the experimental testing 
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5.5 Conclusion 

This chapter presented the results of statistical analyses for prediction of 

the maximum thermal contrast at various depths of void in concrete under a 

given set of environmental conditions.  The 10 minutes data of solar loading, 

ambient temperature and wind speed obtained from the experiment were 

characterized into a daily dataset.  The maximum hourly running average of 

thermal contrast at 25, 51, 76 and 127 mm deep voids obtained from the finite 

element method was related with the daily environmental data for both cases of 

the South side and the North side.  The correlation analysis, the best subset 

regression method, and the multiple regression analysis were used to formulate 

an equation for quantifying the relationship between environmental variables and 

thermal contrast in variations of void depths.   

The findings from the study of the statistical analyses demonstrated that 

Eq.5.2 and Eq.5.3 were the best recommended models to predict maximum 

thermal contrasts for the South side and the North side, respectively.  For the 

South side model, it was found that including the terms of e-0.02*d, SL(Total)
1/4, 

Tair(Change), and W(Avg 23) significantly improved the accuracy of the prediction.  

The model equation (Eq. 5.2) had an R2 value of 0.874 and a standard error of 

estimate of 0.76°C.  The equation shows also a good agreement with the 

experimental results (R2=0.759).  For estimation of maximum thermal contrasts 

on the North side, the model including the terms of e-0.02*d and Tair(Change*) as the 

predictors showed a high R2 (0.902) and a low standard error of estimate 
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(0.21°C).  The model equation (Eq.5.3) shows also a strong agreement with the 

experimental results (R2=0.777).  In addition, the residual analysis was 

completed to evaluate the magnitude of variations between the model equation 

and the FEM model results.  For the South side, the distribution of residuals was 

more concentrated in the range -0.75°C to 0.5°C.  For the North side, the 

distribution of residuals was more concentrated in the range -0.2°C to 0.2°C.   

Based on the results of these studies, it was concluded that the proposed 

model equations predicted the maximum thermal contrasts with reasonable 

accuracy when compared to the FEM results and the experimental results for 

both the South and the North conditions.  The model equation would be a useful 

tool to predict the thermal contrast obtainable at various depths of void in 

concrete from specific daily environmental variables.  On the other hand, the 

model would inform to inspectors about the conditions required in the field for 

effective thermography technique at a range of void depths.   
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6. SUMMARY 
 

 

 

6.1 Major Results 

This section summarizes the major results of the numerical model 

development and model evaluation, the parametric studies, and the equation 

development in the research. 

 

6.1.1 Numerical Model Development and Model Evaluation 

A 3D, nonlinear, numerical model of transient heat transfer was developed 

using finite element analysis to study the environmental effects on the thermal 

response of simulated subsurface voids (i.e. delaminations) in a large concrete 

block, for the purpose of providing an analytical tool to support thermographic 

inspection of concrete bridge components.  The effects of solar radiation, 

ambient temperature variation, and wind speed on the thermal images that 

appear on the South (sunny) and North (shaded) side of a concrete block model 

with subsurface voids over a 6 month period were assessed.  The surface 

temperature variations were examined in terms of thermal contrast to perform 

quantitative analysis of the model results.  The model performance was 
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evaluated by comparing the thermal contrast of the model results with those 

obtained from the experimental testing.   

In summary, the following major results were made based on the model 

evaluation: 

• The model provided an overall pattern of temperature contrasts that 

was similar to the pattern of experimental results, showing the model 

was successful in capturing the basic physical behavior of the concrete 

block.   

• The thermal contrasts obtained from the model had good linear 

correlations with the experimental testing.   

o For the South side, the correlation coefficients between model and 

experimental results were 0.93, 0.92, 0.89, and 0.68 for 25 mm, 51 

mm, 76 mm and 127 mm deep void, respectively.   

o For the North side, the correlation coefficients were 0.78, 0.70, 

0.70, and 0.49 for 25 mm, 51 mm, 76 mm and 127 mm deep void, 

respectively.   

• Time-series error analysis of thermal contrast differences between the 

model and the experimental results showed that the model predicted 

the thermal contrasts with reasonable accuracy, but it was least 

accurate for the shallowest void (i.e. 25 mm deep void).   

o MBE, MAE and RMSE values were below 1˚C for both the South 

and the North side, except for 25 mm deep void.   
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o For the South side, the distribution of thermal contrast differences 

between model and experimental results was concentrated in the 

range 0˚C to 1˚C for 51 mm, 76 mm, and 127 mm deep void.   

o For the North side, the distribution of thermal contrast differences 

was within 0.5˚C for 51 mm, 76 mm, and 127 mm deep void.   

Based on these results, it was concluded that the model developed in this 

study was sufficiently accurate to provide a useful tool for estimating the thermal 

contrasts resulting from subsurface voids in the concrete, and provide a tool to 

support practical thermal inspection.   

 

6.1.2 Parametric Studies  

The effect of other field test parameters expected to influence the 

detectability of the subsurface voids was examined analytically using the 

validated numerical model.  These parameters included: void depth, void 

thickness, material contained within the void, material properties of the concrete, 

and presence of an asphalt overlay.  The effect of these parameters on the 

thermal response (i.e. the maximum thermal contrast) was assessed under a 

specific set of environmental conditions.   

In summary, the following major results were made based on these 

parametric studies: 
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• Increasing depth of void reduced the thermal contrast, and increasing 

thickness of void raised the thermal contrast. 

o The maximum thermal contrast decreased exponentially by a 

constant multiple of 0.98 as the void depth increased 

o The maximum thermal contrast increased nonlinearly (as a 

logarithm function) with increasing thickness of the void.   

o Changes in maximum thermal contrast were more pronounced for 

voids located closer to the surface.   

• Air-filled void produced a significant thermal contrast compared to 

water-filled void, ice-filled void, and epoxy adhesive-filled void.   

o The thermal conductivity, k, of the material in void dominated the 

thermal contrast behavior. 

• Variations in the thermal conductivities, volumetric heats, and 

emissivity of the concrete did not significantly affect thermal contrast. 

o The maximum thermal contrast increased as the thermal 

conductivity of the concrete increased.   

o The maximum thermal contrast decreased as the volumetric heat of 

the concrete increased, as same as the effect of the emissivity of 

the concrete.  

• The presence of an asphalt overlay reduced the maximum thermal 

contrast.  The thicker the overlay, the more limited the thermal contrast 

from a void.   
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The results of these parametric studies provided valuable information on the 

expected thermal responses and possible limitations of using thermographic 

technique to detect subsurface voids in concrete bridges.  

A Post-test model was provided that illustrated the application for the 

model to reveal thermal contrast from thermography measurements.  The model 

was developed using the known weather patterns surrounding the field test and 

the characteristics of void (depth and thickness) obtained from the coring test.  

The results showed that the thermal contrasts obtained from the model agreed 

with those detected by the field thermography measurements.  The approach 

showed promise as a method to support practical thermographic inspection, for 

the purpose of improving condition assessments of the existing concrete bridges.   

 

6.1.3 Equation Development for Maximum Thermal Contrast of Subsurface 

Damage in Concrete  

A practical equation to predict the thermal contrast at various depths of 

void in concrete under various environmental variables was developed using 

statistical analyses.  Data of the “response variable” (i.e. the maximum thermal 

contrasts) obtained from the FEM model and the “predictor variables” (i.e. the 

environmental conditions) obtained from the experimental testing were used in 

the equation development for both the South and the North side.  Correlation 

analysis was used to find the potential “predictor variables” to be considered on 

the equation development.  The best subset regression method was used to 



144 
 

determine the most influential “predictor variables” for the equation based on the 

value of the coefficient of determination (R2), and the standard error of estimation 

(SSE).  Multi-parameter regression analysis was used to formulate the equation 

for quantifying the relationship between “predictor variables” and “response 

variable”.  The residual analysis was completed to evaluate the magnitude of 

variations between the maximum thermal contrast of the proposed equation and 

the FEM model results.   

In summary, the following major results were made based on the equation 

development: 

• The best recommended equation to predict maximum thermal 

contrasts for the South side was shown in Eq.5.2. 

o Including the terms of e-0.02*d, SL(Total)
1/4, Tair(Change), and W(Avg 23) as 

the predictor variables in the equation significantly improved the 

accuracy of the maximum thermal contrast prediction. 

o The equation showed a high R2 (0.874) and a low SSE (0.76°C). 

o The distribution of residuals was concentrated in the range -0.75°C 

to 0.5°C. 

• The best recommended equation to predict maximum thermal 

contrasts for the North side was shown in Eq.5.3. 

o Including the terms of e-0.02*d and Tair(Change*) as the predictor 

variables in the equation significantly improved the accuracy of the 

maximum thermal contrast prediction. 
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o The equation showed a high R2 (0.902) and a low SSE (0.21°C).   

o The distribution of residuals was more concentrated in the range -

0.2°C to 0.2°C.   

The proposed equations (Eq.5.2 and Eq.5.3) were evaluated by 

comparing the maximum thermal contrast obtained from the equations with those 

obtained from the experimental testing.  The result showed that: 

• For the South side, the thermal contrasts obtained from Eq.5.2 had a 

strong agreement with the experimental testing (R2=0.759).    

• For the North side, the thermal contrasts obtained from Eq.5.3 had a 

strong agreement with the experimental testing (R2=0.777).    

Based on these results, these proposed equations predicted the maximum 

thermal contrasts with reasonable accuracy when compared to the FEM model 

and to the experimental testing results for both the South and the North side.   

These practical equations could be used as a rapid tool to assess if a 

particular day’s weather would produce the thermal contrast required to be 

imaged using a common IR thermography camera given the anticipated depth of 

a delamination and predicted weather conditions. The equations would also 

inform inspectors about the conditions required in the field for effective 

thermography technique at a range of void depths.   
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6.2 Recommendations 

Overall, the research results described an effective approach for the 

improvement of inspection procedures for concrete bridge components using IR 

thermography.  However, the following tasks should be considered in the future 

to improve the research: 

1. Implementation of wind direction and relative humidity effects in the 

input parameters for the model. The simulation results would be more 

accurate and the boundary conditions would be closer to reality. 

2. Development of nomographs (or charts) as a practical tool for field 

inspectors.  These graphs would be useful for presenting the response 

variable (i.e. the maximum thermal contrast) as a function of the 

predictor variables (i.e. solar loading, ambient temperature variation, 

wind speed, and void depth).   
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APPENDIX A  
Comsol-Multiphysics Files 
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APPENDIX B  
Thermal Contrast Results 
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Appendix B. 1 The time varying thermal contrast for November 2007 
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Appendix B. 2 The time varying thermal contrast for December 2007 
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Appendix B. 3 The time varying thermal contrast for January 2008 
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Appendix B. 4 The time varying thermal contrast for May 2008 
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Appendix B. 5 The time varying thermal contrast for June 2008 
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Appendix B. 6 The time varying thermal contrast for July 2008 
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APPENDIX C  
Comparison of Model Predicted and Field Measured Of 

Thermal Contrast 
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Appendix C. 1 Comparison of model predicted and field-measured of 

thermal contrast for 25 mm deep target of the Sunny side (Nov 
2007) 

 
Appendix C. 2 Comparison of model predicted and field-measured of 

thermal contrast for 51 mm deep target of the Sunny side (Nov 
2007) 
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Appendix C. 3 Comparison of model predicted and field-measured of 

thermal contrast for 76 mm deep target of the Sunny side (Nov 
2007) 

 
Appendix C. 4 Comparison of model predicted and field-measured of 

thermal contrast for 127 mm deep target of the Sunny side 
(Nov 2007) 
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Appendix C. 5 Comparison of model predicted and field-measured of 

thermal contrast for 25 mm deep target of the Sunny side (Dec 
2007) 

 
Appendix C. 6 Comparison of model predicted and field-measured of 

thermal contrast for 51 mm deep target of the Sunny side (Dec 
2007) 
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Appendix C. 7 Comparison of model predicted and field-measured of 

thermal contrast for 76 mm deep target of the Sunny side (Dec 
2007) 

 
Appendix C. 8 Comparison of model predicted and field-measured of 

thermal contrast for 127 mm deep target of the Sunny side 
(Dec 2007) 
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Appendix C. 9 Comparison of model predicted and field-measured of 

thermal contrast for 25 mm deep target of the Sunny side (Jan 
2008) 

 
Appendix C. 10 Comparison of model predicted and field-measured of 

thermal contrast for 51 mm deep target of the Sunny side (Jan 
2008) 
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Appendix C. 11 Comparison of model predicted and field-measured of 

thermal contrast for 76 mm deep target of the Sunny side (Jan 
2008) 

 
Appendix C. 12 Comparison of model predicted and field-measured of 

thermal contrast for 127 mm deep target of the Sunny side 
(Jan 2008) 
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Appendix C. 13 Comparison of model predicted and field-measured of 

thermal contrast for 25 mm deep target of the Shaded side 
(May 2008) 

 
Appendix C. 14 Comparison of model predicted and field-measured of 

thermal contrast for 51 mm deep target of the Shaded side 
(May 2008) 



 

187 
 

 
Appendix C. 15 Comparison of model predicted and field-measured of 

thermal contrast for 76 mm deep target of the Shaded side 
(May 2008) 

 
Appendix C. 16 Comparison of model predicted and field-measured of 

thermal contrast for 127 mm deep target of the Shaded side 
(May 2008) 



 

188 
 

 
Appendix C. 17 Comparison of model predicted and field-measured of 

thermal contrast for 25 mm deep target of the Shaded side 
(June 2008) 

 
Appendix C. 18 Comparison of model predicted and field-measured of 

thermal contrast for 51 mm deep target of the Shaded side 
(June 2008) 
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Appendix C. 19 Comparison of model predicted and field-measured of 

thermal contrast for 76 mm deep target of the Shaded side 
(June 2008) 

 
Appendix C. 20 Comparison of model predicted and field-measured of 

thermal contrast for 127 mm deep target of the Shaded side 
(June 2008) 
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Appendix C. 21 Comparison of model predicted and field-measured of 

thermal contrast for 25 mm deep target of the Shaded side 
(July 2008) 

 
Appendix C. 22 Comparison of model predicted and field-measured of 

thermal contrast for 51 mm deep target of the Shaded side 
(July 2008) 
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Appendix C. 23 Comparison of model predicted and field-measured of 

thermal contrast for 76 mm deep target of the Shaded side 
(July 2008) 

 
Appendix C. 24 Comparison of model predicted and field-measured of 

thermal contrast for 127 mm deep target of the Shaded side 
(July 2008)  
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APPENDIX D  
The Sunny (South) Dataset for Model Equation 

Development 
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Appendix D. 1 Daily environmental variables, depth of voids, and daily 
maximum thermal contrast for the Sunny side datasets 
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APPENDIX E  
The Shaded (North) Dataset for Model Equation 

Development 
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Appendix E.1 Daily environmental variables, depth of voids, and daily 
maximum thermal contrast for the Shaded side datasets 
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