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Abstract 

Roads are among the most important assets in the world. Road structure 
improvements make a crucial contribution to economic development and growth 
and bring important social benefits. Automation in structural health monitoring allow 
the accurate prediction of ongoing damage caused by long-term traffic loading. This 
permits optimal road structure management and ensures the longevity and safety 
of road structures. This chapter discusses a variety of advanced automation 
techniques in structural health monitoring of road structures, such as data 
acquisition, data processing, and life-cycle assessment. It demonstrates that the 
implementation of automation in road asset management can increase the 
productivity and extend the service life of road structures, and enhance the 
durability of crucial road structures and increase transport infrastructure 
sustainability. 

 Automation in inspection 

1.1  Introduction 

The implementation of damage identification strategy for assessing civil, mechanical, 
and aerospace engineering infrastructure is called structural health monitoring (SHM). 
Damage is defined as any change in material or geometric properties that can 
adversely affect the current or future performance of the infrastructure system, 
including boundary conditions and connectivity. (Farrar and Worden, 2007). Bridges 
are an important component of the civil infrastructure and a huge investment is 
required for their construction and maintenance. A bridge that is currently in use is 
subjected to constant and potentially destructive damage due to heavy repetitive traffic 
loading and certain natural hazards, such as earthquakes, floods, and other 
environmental effects. The ageing and degradation of bridges can lead to structural 
and/or functional failures. 

The 2017 data from the American Society of Civil Engineers (ASCE, 2017) lists a total 
of 614,387 bridges in the national bridge inventory, with an average bridge being 43 
years old. Therefore, an increasing number of bridges need rehabilitation or will soon 
need retirement as most of bridges in the US are designed for a 50-year life span. A 
total of 9.1% of all US bridges are already categorised as structurally deficit, and 
requiring significant maintenance, rehabilitation, or replacement. Figure 1.1 shows the 
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percentage of US bridges by age. The estimated backlog of rehabilitation projects for 
national bridges is around USD 123 billion. Similarly, as per the Canadian 
Infrastructure Report Card (2016), over 26% of the bridges in Canada are at below fair 
condition. 

 

Figure 1.1: American bridges by age (ASCE, 2017) 

In Australia, there are approximately 33,000 bridges, of which 11,308 bridges are in 
Victoria, most of which were built in 1960. Over 60% of Victorian bridges are made of 
concrete and over 50% of bridges in Australia are considered in a fair (40%) or poor 
condition (15%) (Rashidi and Lemass, 2011, Vines, 2010). 

The failure of the pin-connected suspension bridge, e.g., the Silver Bridge in Ohio, US, 
in 1967, due to a crack in one of the eye bars alerted the authorities to the deteriorating 
condition of the national infrastructure and the need for routine inspection. 
Consequently, the National Bridge Inspection Program (NBIP) was first initiated in the 
US in 1970 (Fu, 2005). By using the NBIP, over time, a bridge might be rated as 
structurally deficient due to several factors such as the mechanical behaviour of the 
concrete, traffic loading, ageing condition, and other factors.  

Bridge condition data are fundamental to a bridge management system (BMS). The 
data are collected at regular intervals and analysed to regulate the optimum fund 
allocation for new construction and the conservation and rehabilitation programs for 
existing structures. A substantial part of the bridge maintenance costs is for the repair 
and replacement of concrete decks only (Gucunski and Council, 2013). Around 60% 
of bridge maintenance strategies rely on regular inspection data for accurate prediction 
of bridge condition. Typically, the following five-step procedure is used to assess 
bridge health (Pan et al., 2009): 

1. Condition evaluation; 
2. Forecasting deterioration; 
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3. Defining a suitable maintenance strategy; 
4. Prioritising the maintenance; 
5. Optimising resource allocation. 

 General type of bridge inspection 

In order to ensure the structural integrity and level of service, different types of 
inspections are carried out during the service life of a bridge. These inspections 
include routine inspections, overall structure condition inspections, detailed or in-depth 
inspections, and special inspections. The selection of the type of bridge inspection 
depends upon the existing condition report and age of the structure. In Australia, these 
inspection programs are categorised into several different levels, depending on the 
state authority. The Victorian and Queensland inspection manuals contain three levels 
of inspections, described as Levels 1, 2, and 3, whereas the New South Wales bridge 
inspection manual has four levels (Sonnenberg, 2012, Fu, 2005). 

1.2.1 Routine inspection  

This inspection is normally completed in conjunction with the routine maintenance 
work of road reserves. The entire bridge and its adjacent structural components are 
assessed during this inspection and the main purpose is to check the general 
serviceability of structure and for any obvious sign of distress or damage that can 
affect the immediate safety of the road user. The inspection report also includes a 
recommendation for any future inspection and the immediate measures that should 
be taken to ensure road user safety.  

1.2.2 Structural condition inspection or damage inspection 

This type of inspection is usually carried out visually to assess the condition of the 
different bridge components and the whole structure. The structural defects and 
components that need detailed inspection are identified. Sometimes, a photographic 
record is obtained. An estimate for the maintenance budget and effectiveness of any 
past maintenance treatment is also assessed.  

1.2.3 Detailed or in-depth inspection 

This is a detailed engineering inspection that normally includes field testing as well as 
theoretical analysis. This is usually performed to collect the information regarding the 
integrity and safety of a specific element of the bridge. It provides an improved 
knowledge of service performance of the individual components and the load rating. 
This type of inspection most often requires specific tools and equipment either for 
accessibility or for further non-destructive testing investigations. 

1.2.4 Special inspection 

This refers to the investigation of a specific element with previously known or 
suspected deterioration conditions. Scour monitoring, foundation settlement, and 
bearing corrosion are some examples that require a special bridge inspection.  
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1.3 Frequency of bridge inspections around the world 

The summary of bridge inspection frequency for the US (FHWA, 2013), Japan 
(NEXCO-West), European countries (Everett et al., 2008), and Australia (Andrew 
Sonnenberg, 2014 ) is presented in Table 1.1.  

Table 1.1: Bridge inspection frequency around the world 

Country Inspection type Frequency 

US General inspection (83%) 
Bridges that need close monitoring (12%) 
Bridges that are in good condition (5%) 

Every 2 years 
Annually 
Maximum on 48-month cycle 

Japan First inspection after bridge construction 
Periodic thereafter  

Every 2 years 
Every 5 years (depending 
upon bridge condition) 

Finland General inspection (primary inspection) 
Large bridges 

Every 5 years 
Every 8 years (depending 
upon bridge condition) 

Denmark Principal inspection (visual) 
 

Every 5.5 years (average) 
(determined by the inspector 
depending upon bridge 
condition) 

Sweden Major inspection 
 
Bridges need special consideration 
(deteriorated) 

Every 6 years (determined by 
inspector) 
Frequently 

Norway Major inspection  
General inspection  

Every 6 years (minimum) 
Annually 

France Annual visual inspection 
Detailed visual inspection 
Engineered inspection 

Annually 
Every 3 years 
Every 3–9 years (determined 
by inspector based on bridge 
condition report) 

Germany Minor inspection (visual) 
Major inspection 

Every 3 years 
Every 6 years (first major 
inspection performed before 
opening the structure for 
traffic and second inspection 
before the end of guarantee 
period) 

Australia  Routine inspection 
Damage or condition inspection 
Detailed (in-depth) inspection 

Every 6–12 months 
Every 2 years (average) 
As required  
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 Automation in data processing for external defects 

In this section, the common external defects on transport infrastructure assets will be 
discussed in detail. Transport infrastructure assets mainly consist of bridges, roads, 
and tunnel structures. During their servicing periods, defects and problems with these 
structures will occur over time due to both internal and external factors. Some defects 
are exposed on the surface of structures, but others exist underneath the surface.  

For bridge structures, cracking, leaching, and scaling are typical defects that are 
caused by shrinkages, loading, corrosion of reinforcement, temperature changes, and 
chemical attacks on the surface of bridge structures (Yehia et al., 2007). More severe 
surface defects, including spalling, honeycombing, and delamination, can directly 
cause problems with the structures’ integrity as well as their performance (Ryall, 
2001). For road structures, visible defects are located on the surface of the pavement. 
These defects contain ravelling, upheaval, shoving, rutting, depressions, potholes, 
and cracking distress. The main cracking distress is classified into three types: 
longitudinal, transverse, and miscellaneous cracks (Oliveira and Correia, 2008). For 
tunnel structures, major surface defects include lining cracks, leakage, steel corrosion, 
and lining void that will reduce the capacity of lining structure, and they can even cause 
further crack propagation (Wang et al., 2018). By detecting, identifying, and assessing 
different types of defects and their negative impacts on the external surface of 
transport infrastructure and the structures’ performance, one can help to maintain a 
consistent structural health and performance throughout its design life.  

 

 Conventional and automatic data acquisition approach 

Currently, existing data acquisitions and structural inspection for transport 
infrastructures are mainly based on manual inspections and semi-automatic 
inspections. For bridge structures, the external defects on the surface are typically 
investigated by using a bridge inspection vehicle stopping on a bridge deck with a long 
mechanical arm that can extend under the bridge deck. Inspectors stand on the 
platform of the mechanical arm to conduct the external surface inspection. For road 
structures, the highway pavement distress can be detected by an inspection vehicle 
that carries a camera and laser technology. The road inspection is semi-automatic 
with drivers in a vehicle moving at a relatively slower speed than the traffic. For tunnel 
structures, the external defects on the tunnel lining concrete panels are investigated 
by an inspection vehicle that is modified with a mechanical arm and platform that 
carries inspectors on board. Those external defects can be visually detected by 
inspectors (Chang et al., 2003).  

Conventional visual inspections have limitations and disadvantages as they are 
labour-intensive, time-consuming, and costly. Hence, a new and advanced technique 
using an unmanned aerial vehicle (UAV) has been widely adopted internationally to 
complete images taken during the external surface detection process. When using 
UAVs for external defects detection on infrastructures, risk of work injuries for 
inspectors can be reduced. Also, application of UAV can reduce costs by reducing the 
labour and time (Zhang et al., 2019). Moreover, there is no need to close the road to 
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traffic in some situations. The use of UAV allows one to conduct non-destructive 
techniques for external defects detection (Metni and Hamel, 2007). The most 
important aspect, the data acquisition stage, can be fully automated with automatic 
UAV flying, automatic UAV image taking, and automatic image transferring to a 
personal computer. Figure 2.1 shows an unmanned aerial and vehicle based 
automatic bridge inspection conducted by the University of Melbourne. 

 

 

Figure 2.1: Unmanned aerial vehicle-based automatic bridge inspection and data 
acquisition 

 

2.2 Computer vision (CV)-based health assessment 

Computer vision (CV)-based health assessment can be defined as a process of 
analysing images for condition assessment of bridges. The routine structural damage 
inspection of bridges around the world is carried out by manual visual inspection 
(Table 1.1) and is probably the only appropriate evaluation method of structural 
assessment (Abdel-Qader et al., 2003). During a routine inspection, it is mandatory to 
identify the necessary measures and record information related to the defects and 
damage, like spalling, delaminations, bar exposure, rusting, staining, cracking, 
distortion, wear and tear, abrasion, scouring, and settlement. Similarly, the defects in 
non-structural elements, such as approach ways, wing walls, guide walls, and railing, 
are also monitored and recorded. In addition to these defects, monitoring the bearings 
and corrosion is recommended; irrespective of the bridge type and usage (Koch et al., 
2015a). This data collection is necessary to determine the condition rating of the 
existing structures. Depending on the condition of the elements, the condition rating is 
categorised on a scale from 1 to 4 (Good, Fair, Poor, and Severe) (AASHTO, 2013, 
Vicroads, 2014). Typically, condition assessment is manually performed by a 
trained/certified inspector at regular intervals or post-disaster. Visual inspections are 
always subjective and can produce unreliable results (Moore et al., 2001). 

As the frequency of routine inspection of bridges is rather high, it is time-consuming 
and uneconomical for the bridge management authorities to manually inspect and 
manage a large number of bridge structures. Currently, a lot of research studies have 
being carried out to automate visual inspection by using CV methods. Normally, the 
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digital photos of bridge elements are taken and processed from different image 
processing techniques to automate damage detection. Much of the research has been 
focused on cracks identification and quantification (Jahanshahi et al., 2009, Abdel-
Qader et al., 2003, Yamaguchi et al., 2008, Yamaguchi and Hashimoto, 2010, Abdel-
Qader et al., 2006, Prasanna et al., 2012, Adhikari et al., 2013). Some research studies 
considered the rusting of steel elements and spalling or delaminations of reinforced 
concrete elements (German et al., 2012, Adhikari et al., 2013).  

The CV-based damage detection has largely focused on visible damage/defects in a 
structure. The target is to achieve a fully automated system that can detect and classify 
the defects according to current BMSs.  

 Automatic digital image data processing techniques 

After introducing the automatic data acquisition by using UAV, the next step is to 
automatically process the collected data with CV-based techniques. Nowadays, 
application of digital image processing (DIP) techniques seem promising for automatic 
external cracking identification on concrete and asphalt surfaces for bridge, road, and 
tunnel structures.  

Digital image processing was developed as the advantageous crack assessment 
technique. The primary advantage of DIP is its repeatability, versatility, and the 
preservation of original data precision. These characteristics make DIP a useful 
technique to deal with the substantial amount of image information. The applications 
of DIP in areas related to automatic crack detection are generally aimed at solving the 
problems arising from subjective crack inspection and ineffective data collection and 
processing.  

Several methods for automated crack identification have been studied and edge 
detection has potential in crack detection  (Ellenberg et al., 2016). The edges in an 
image refer to the points where the brightness shows a critical jump (Chaganti, 2017). 
Hence, edge detection is the process of defining and locating those points with sharp 
discontinuous luminance (Chaganti, 2017). It is a common technique used in image 
processing and has a significant advantage with respect to effectively reducing image 
data to useful and desired information (Tsai et al., 2010). It has been shown that edge 
detection can be achieved by processing an image in the spatial, frequency, or time-
frequency domains.  

In spatial domain techniques, all the computation and operations are completed on the 
adjacent pixels of image (Gonzalez and Woods, 2008). The familiarised edge 
detection techniques such as Sobel and Canny are mainly based on gradients 
(Bhardwaj and Mittal, 2012). The gradient method focuses on finding the maximum 
and minimum intensity in the first derivative of the image. A sudden jump of intensity 
in some direction is presented by the angle for the gradient vector found at the edge 
pixels (Bhardwaj and Mittal, 2012). Sobel is a discrete differentiation operator most 
commonly used for its simplicity and speed when compared to other complicated 
algorithms (Abdel-Qader et al., 2003). It is based on the spatial gradient and is used 
for computing an approximate value of gradient of image intensity function for edge 
detection (Bhuvaneswari and Dr, 2014).  
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The Canny operator is a convolution filter of Sobel. Although it is more complicated 
when compared with the traditional detector, it is more powerful (Canny, 1986). The 
principle of the Canny edge detector is to search for the partial maximum value of 
image gradient that counts the derivative of Gauss filter (Davies, 2005). It then uses 
Hysteresis thresholding that defines two thresholds, Thigh and Tlow, for detecting edges. 
MNMS (x, y) refers to the output of the non-maxima suppression. A pixel with MNMS (x, 
y) >Thigh is called strong, whereas for pixels with MNMS (x, y) < Tlow would be discarded. 
Remaining pixels are identified as candidates, which means they are not output unless 
connected with a strong pixel.  

In frequency domain techniques, the fast Fourier Transform is a frequency-based, 
discrete transformation that is an optimal algorithm for machine calculation (Abdel-
Qader et al., 2003). It has a wide range of applications in the engineering world. The 
slowest varying frequency component corresponds to the average gravel level of an 
image, while the higher frequencies correspond to faster grey level changes in the 
image such as edges and noise (Gonzalez and Woods, 2008). To determine whether 
an abrupt change is noise or edges, a threshold is required to be given after performing 
the Fast Fourier Transform (FFT) (Gonzalez and Woods, 2008).  

In time-frequency domain techniques, Fast Haar Transform (FHT) is introduced. The 
basic functions of FHT are Haar functions, considered to be the simplest and oldest 
orthonormal wavelets (Gonzalez and Woods, 2008). These forms are used in many 
methods of discrete image processing. The FHT is defined by computing running 
averages and differences via scalar products with scaling signals and wavelets 
(Davies, 2005).  

With the help of two filters, the FHT firstly separates the image into low-frequency and 
high-frequency parts, followed by isolating the high-frequency coefficients. These 
high-frequency components correspond to the edges. Figure 2.2 shows the process 
of applying these four techniques for automatic image processing. Figure 2.3 
illustrates the processing results for a sample concrete cracking image on a bridge 
deck by using the four different techniques.  

 

Figure 2.2: Overall process of automatic crack detection using digital image 
processing techniques  
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Figure 2.3: Results of automatic concrete cracking image processing using different 
algorithms 

Based on the summary of the four edge detection techniques, they can be regarded 
as reliable and traditional techniques for automated crack detection by localising the 
borders of cracking pixels in images. However, there are still limitations if the original 
images contain noise that will influence the accuracy of crack detection.  

 Innovative techniques for concrete image processing 

By considering the limitations of applying edge detection techniques, nowadays, there 
are innovative image processing techniques with an additional filtering and 
morphology process to improve the crack identification performance. (Fujita et al., 
2011) proposed an automatic crack detection technique for “noisy” concrete surface 
images. There are two pre-processing steps and two detection steps in this technique. 
The use of a median filter to remove shadings from concrete images is the first pre-
processing step. The second step is to use a multi-scale line filter with Hessian matrix 
to emphasise cracks from stains. After the pre-processing stage, probabilistic 
relaxation is firstly applied to detect cracks. Next, locally adaptive thresholding is used 
to detect fine cracks. This proposed technique shows high accuracy of crack detection 
based on 60 sample images. The schematic diagram of the proposed techniques 
developed by Fujita and Hamamoto (2011) is shown in Figure 2.4. 

 

 

 

 

 

FHT FFT Canny Sobel Original 
Image 



10 

 

 

 

 

 

 

 

 

 

Figure 2.4: Proposed techniques of automatic crack detection by Fujita and Hamamoto 
(2011) 

Lee et al. (2013) and Kim et al., (2019), developed an image processing technique for 
automatic crack detection and analysis based on the digital image of concrete surface. 
The first step is to apply a morphological technique to successfully correct the non-
uniform brightness of the background of images. The next step is to apply a local 
binarisation process and double extraction process to accurately detect cracks from 
conditions of meaningless objects, textile background, and stains. The final step is to 
use a specific algorithm based on an artificial neural network (ANN) to calculate crack 
width, length, and orientation. The results have been validated to show accuracy of 
crack detection and analysis by using this technique in practical applications  (Lee et 
al., 2013).  

Lee et al., (2013) and Kim et al., (2019) are not the only researchers who developed 
an automatic image processing technique. A research group from Japan also 
generated an automatic image processing technique using multiple sequential image 
filters. They developed an image filter to first detect major cracks with genetic 
programming. Second, residual noise elimination and detection of indistinct cracks are 
conducted via an iterative application of image filtering of the surrounding area of the 
cracks. Finally, the width and length of cracks can be calculated based on the spatial 
derivatives of the brightness patterns. Their results show that the speed of identifying 
the best multi-sequential image filter is less than one-tenth of the speed of other 
conventional methods, and the accuracy of detection of cracks from various image 
conditions is highly improved by using two iterative methods for applications of image 
filters. Further, not only is their processing technique able to effectively calculate crack 
width and length, but the speed of automatic image processing of extracting crack 
information is fast with only 10 s processing time for a 1.5 million-pixel image running 
on a personal computer. However, the condition of concrete surface and crack types 
are considered the limitations of the proposed method developed by the Japanese 
research group (Nishikawa et al., 2012) as shown in Figure 2.5.  
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Figure 2.5: Concept of multiple sequential image filters applied in Nishikawa et al.’s 
(2012) study 

However, the difficulty of distinguishing images containing cracks or crack-like noise 
patterns still exists (Kim et al., 2019). With the innovation of automatic DIP and image 
recognition techniques, the performance of crack identification under conditions of 
rough surface with stains, lumps, shadows, and holes is enhanced by using machine 
learning (ML) algorithms. In Moon and Kim’s (2011) paper, they apply ANN for image 
classification after image processing. The first step uses the image filter, subtraction, 
and morphological operation to detect the crack and obtain crack information. In the 
second step, backpropagation neural network is adopted to automatically classify 
images to distinguish images with cracks and images with dark dirt only. In the 
process, a multi-layer ANN is used to replace human intelligence. The visual 
classification of images becomes a computer-based automatic classification. The 
manual classification results of images are treated as the target data values in the 
training process based on backpropagation neural network algorithms. Moon and Kim 
(2011) show that accuracy of cracking image and non-cracking image classification is 
up to 92% by using ANN based on 120 testing sample images and 105 training sample 
images (Figure 2.6) (Moon and Kim, 2011) (Moon and Kim, 2011).  
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Figure 2.6: Overall process of crack recognition using artificial neural network (ANN) 
algorithm in Moon and Kim (2011) study 

Another ML-based technique, developed by Kim et al. (2019), can classify cracks and 
non-cracking patterns that cannot be distinguished by other existing image processing 
algorithms. In their study, a framework based on crack candidate regions (CCRs) for 
crack identification is established. Concrete surface images with cracks and non-
cracks are prepared in the training stage. After generating CCRs, the speeded-up 
robust features (SURF)-based method and the convolutional neural network (CNN)-
based method are used to extract cracking information. The results show that the 
proposed framework for crack identification based on ML can effectively classify the 
images with cracks and non-cracking noise of concrete surface (Figure 2.7) (Kim et 
al., 2019).  

 

  

 

 

 

 

 

  

Figure 2.7: Proposed method of concrete crack classification in Kim et al., (2019) study 
using machine learning 
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 Innovative techniques for pavement image processing 

The automatic detection of asphalt pavement distress from digital images of 
pavements requires more pre-processing of images when compared with the image 
processing for concrete surface. The asphalt pavement images contain more noise, 
and weather conditions as well as shadow influence increases the difficulties of image 
processing (Koch (Koch et al., 2015b). In Zou et al.’s (2012) research, a fully automatic 
technique for crack detection from asphalt pavement images was developed.  

To overcome the shadow effect from the real images, a new geodesic-removal 
algorithm was developed to remove the shadow on the image and improve the 
contrast. Then, by adoption of the perceptual cues of proximity and continuity, a tensor 
voting technique has been applied to establish a crack probability map. To complete 
the final crack curves, the minimum spanning trees are constructed to find the 
connections of undesired edges in this tree and sample crack seeds. Based on 206 
pavement images containing different kinds of cracks, the proposed technique has 
been tested successfully and positively, and its performance is better than several 
existing crack detection algorithms (Zou et al., 2012). This process is shown in Figure 
2.8. 

 

Figure 2.8: The process of applications of algorithms for shadow removal in Zou et 
al.’s (2012) research 

With the development of automatic crack detection techniques for asphalt pavement 
images, another innovative algorithm has been developed by Amhaz (2016) based on 
minimal path selection. This technique includes both the photometric and geometric 
characteristics of images during the image processing stage by localisation of minimal 
paths and application of two post-processing steps as shown in Figure 2.9. In this 
study, the existing minimal path selection is improved by this algorithm to estimate the 
thickness of crack patterns with an additional artefact filtering step. In comparison to 
five alternative techniques for crack detection on asphalt pavements, the proposed 
technique can afford the best Dice Similarity Coefficient (DSC) rate. The results show 
this method has generated precise and robust cracking detection results in various 
situations and in a fully unsupervised manner (Amhaz et al., 2016).  
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Figure 2.9: Core steps of the minimal path selection technique in Amhaz et al.’s (2016) 
study 

According to the abovementioned ML-based techniques for crack classification and 
detection on concrete surface, the same concept can be applied to the crack detection 
on asphalt pavements. In view of the challenges of intensity inhomogeneity of cracks, 
complex backgrounds, and low contrast with surrounding pavement and shadows, 
Zhang (2016) developed a deep learning-based method for crack detection on 
pavements through the successful application of deep learning in CV. Another key 
step was to train a supervised deep CNN to classify each patch of acquisition images. 
Based on 500 sample images, the experiment successfully shows the proposed deep 
learning technique can generate high crack detection performance for pavement 
images (Zhang et al., 2016b). The core steps of the automatic pavement cracking 
detection used by Zhang et al., is shown in Figure 2.10. 

 

Figure 2.10: Core steps of the automatic pavement cracking detection using deep 
learning-based technique in Zhang et al.’s (2016) study 

Based on the abovementioned existing techniques for automatic detection of external 
defects from both concrete and pavement images, the level of performance can be 
concluded in Table 2.1. The level of performance in the table indicates identification 
of only the defect and the characteristics of the defect such as length and width for 
each transport structure. The overall process of automatic structural inspection and 
data processing discussed in foregoing sections is summarised in Figure 2.11. 
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Table 2.1: Summary of level of automatic external defect detection at current stage 
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Figure 2.11: Overall process of automatic structural inspection and data processing 
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 Automation in data processing for internal defects 

Non-Destructive Testing (NDT) is one of the most commonly used methods in the field 
of deteriorating civil infrastructure (Maizuar et al., 2020, Maizuar et al., 2018, Maizuar 
et al., 2017a, Kafle et al., 2017a, Zhang et al., 2016a). It has been widely used to 
identify individual defects without causing any harm to the remaining tested structure. 
Some of the methods may also detect localised damage to the concrete surface, 
known as “partially-destructive”. However, there is no single NDT to date that can 
provide complete information since each method has its limitations. Accordingly, there 
is often a need to choose more than one technique to get a complete picture of 
damage within a structure.  

Given the limitations of NDT in obtaining a holistic picture of deterioration, it is 
important to choose the appropriate one by undertaking a prior study to assess the 
relevance of a technique for a particular health assessment need. Several NDTs have 
been appraised and are available in literature as well as in the commercial market. 
Some of them are being used broadly by bridge monitoring agencies while some are 
highly specialised, including ground penetrating radar (GPR), infrared thermography 
(IRT), impact echo (IE), ultrasound pulse velocity (UPV), ultrasonic surface waves 
(USW), MIRA, interferometric radar system (IBIS-s), three dimensional optical 
measurement system (ARAMIS)  acoustic emission (AE) and CV-based crack 
detection (Rehman et al., 2016, Koch et al., 2015a). McCann and Forde (McCann and 
Forde, 2001) have described five major factors that need to be considered before 
deciding on the NDT survey. These factors are (1) required depth of structure to be 
investigated, (2) resolution of the target, (3) contrast in physical properties between 
surroundings and target, (4) signal to noise ratio for the physical properties, and (5) 
design and construction information of the target. A 3D optical measurement system 
available at the University of Melbourne is shown in Figure 3.1 and the schematic 
diagram of the application of IBIS-S and ARAMIS in bridge structural health monitoring 
is shown in Figure 3.2. 
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Figure 3.1: Detail of 3D optical measurement system components: (i) right and left 
cameras; (ii) camera lights; (iii) cable connecting the cameras to data acquisition box; 
and (iv) tripod 

 

 

 

 

 

 

 

 

 

Figure 3.2: Schematic diagram showing the application of IBIS-S and ARAMIS in 
bridge structural health monitoring 
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3.1 Infrared thermography (IRT) 

Infrared thermography is one of the advanced methods for non-destructive evaluation 
of reinforced concrete bridges. Infrared thermography is an efficient and effective way 
for rapid and safe evaluation of bridge components, including substructures, soffit 
areas, and superstructures (Washer et al., 2009). Traditionally, subsurface defects are 
monitored by using chain drag and hammer sounding tests as part of a visual 
inspection of bridges (Hiasa et al., 2017). These tests are based on the principle that 
the sound from dragging the chain or hitting the hammer on the deck changes from 
ringing (sound deck) to the somewhat dull and hollow (delamination) (Gucunski and 
Council, 2013). These techniques require trained inspectors and are time-consuming. 
Moreover, the accuracy of results is subjective to inspectors’ experience and to the 
surrounding noise. It may further require partial or full road closure for traffic and can 
potentially put the inspector at risk.  

Infrared thermography has the advantage over traditional methods as the inspector 
can rapidly scan the whole bridge remotely and is able to identify the potential 
subsurface deterioration by just examining the thermographs obtained by the IR 
cameras. The technology is able to identify likely delaminated, spalled, and inner void 
areas from a distance up to 60 m with reasonable accuracy; thereby avoiding the need 
for any road closure or suspension of traffic operations. One can also perform it at a 
normal car driving speed. It can also be combined with other CV-based non-
destructive techniques like digital photography and the line scanning camera system 
to completely automate the bridge inspection procedure and replace the visual 
inspection so as to increase qualitative data and reduce subjective data.  

Infrared thermography uses the temperature gradient between the defected and sound 
surface (∆T = Td – Ts) to identify the defect regions in a concrete deck. All objects 
with temperature above absolute zero (-273°C) emit IR radiation. The IR cameras are 
able to detect the emitted radiation from the surface of the object and convert the 
obtained information in image form. The amount of radiated energy is given by Stefan-
Boltzmann law, i.e. the energy radiated by an ideal black body is proportional to the 
temperature raised to the power four:  

E = σ T4        (1) 

where E is the total amount of energy radiated from the surface (W/m2), σ is the Stefan-
Boltzmann constant (5.6697 x 10-8 Wm-2 K-4), and T is the temperature of the radiating 
body. However, the materials in bridge decks never act as ideal black bodies and they 
do not emit back all the absorbed radiation. The correlation between the true kinetic 
energy and the emitted energy by radiation is defined by the emissivity of the material 
and its value lies between 0 and 1. For ideal black bodies, the value of emissivity is 
equal to one. For concrete, the emissivity value is normally greater than 0.92 (Chen 
and Chen, 2016). However, it depends upon the surface colour and texture as well as 
the moisture content on the concrete surface.  

There are two approaches to conduct the IRT: active thermography and passive 
thermography. Active thermography uses the external heat source to stimulate the 
object, whereas passive thermographic techniques use the heat from the sun and 
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ambient environment for stimulation of the object under inspection (Robert, 1982). 
Passive thermography is the commonly adopted technique for the inspection of civil 
infrastructure because of their large exposed area for inspection. It is uneconomical 
and sometimes impossible to use active thermographic techniques to thermally 
stimulate the whole area that is to be inspected.  

The concept behind the passive thermography for delamination detection is that the 
daytime solar irradiations heat up the concrete surface and heat flows within the 
concrete by conduction. The delamination or air-filled voids act as a thermal barrier 
due to its negligible thermal conductivity as compared to concrete. Therefore, the 
volume of concrete above the delamination heats up quickly and appears as a hot spot 
during daytime (when heat is travelling into the system from the surroundings). In 
contrast, during the cooling phase (i.e., no solar irradiation during the night), the thin 
delaminated region radiates energy quickly to the surroundings and the surface above 
the defect appears as a cold spot (Holst, 2000). 

3.2 Infrared thermography for bridge subsurface defects inspection 

Infrared thermography has been used for bridge deck delaminations for many years. 
The first standard test method for IRT for bridge deck was established by ASTM in 
1988. The ASTM D4788 describes the desired atmospheric conditions and time of the 
day along with the procedure to carry out the IR thermographic inspection for bridges. 
Thermographic inspection has several advantages over other techniques. This 
technique can furnish the required information for bridge elements without needing 
access to the specific element. For example, the soffit of a bridge can be imaged from 
the ground and the deck of bridge can be observed by standing on the sides of the 
bridge. Based on the data collection procedure, the current practice for IRT can be 
divided into three categories:  

1. Handheld or manually operated IRT; 
2. Motorised vehicle-mounted IRT; 
3. UAV IRT. 

In handheld thermography, the IR camera is usually manually operated by an 
inspector. With vehicle-mounted IRT, the bridge surfaces (usually decks) are quickly 
scanned at normal driving speed (50–60 km/h). A UAV IRT has an IR camera mounted 
on a UAV either remotely or controlled by a navigator on the ground. It contains in‐
flight data acquisition and post-flight image processing and can fly autonomously by 
defining a pre-programmed flight path before inspection or semi-autonomously as a 
combination of both.  

The vehicle-mounted and UAV IRT, have become important tools for automation in 
bridge subsurface defect detection. Vehicle-mounted IRT is used for a quick scan of 
bridge decks, whereas the UAV-based thermography has the advantage of remotely 
accessing any area of a bridge structure. For vehicle-mounted IRT, the speed of the 
vehicle influences the thermal photographs and for UAV-mounted thermography, the 
stability and flying speed of drones also affect the thermal results.  
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3.3 Thermal image processing/data interpretation 

Infrared imagery technology produces best results when the thermal contrast is 
detectable over time. The structure itself has different temperatures depending upon 
location and orientation of the structure with respect to the sun. Therefore, it is not 
always possible to detect subsurface anomalies of concrete from the colour variation 
of thermal images. Akashi et al. (Akashi et al., 2006) developed a relationship between 
temperature variation and inherent damage characteristic of concrete from analytical 
and statistical studies. They developed a damage classification system that 
automatically classifies the damage rate into three categories: “Critical” (crack exists 
on concrete surface and immediate attention is required), “Caution” (crack exists within 
2 cm from the concrete surface and close monitoring is recommended) and 
“Indication” (currently satisfactory). The raw IR data is filtered and processed using 
image processing techniques via the software and classified as shown in Figure 3.3. 
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Figure 3.3: Subsurface damage rating by infrared thermography (Akashi et al., 2006) 
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decks. The images taken by UAV-mounted thermal camera were stitched together by 
using algorithms to form a mosaic of the bridge deck. K-mean clustering technique 
was used to form different thermal clusters and categorise the defects into severity 
groups.  

The University of Melbourne SHM group engaged in conducting studies using IR 
cameras, integrated with a remotely piloted aircraft, to inspect roads in Melbourne. 
Figure 3.4 indicates the surface damage captured on one of the roads and the damage 
identified by infrared thermography is shown in Figure 3.5.   

 

Figure 3.4: Subsurface damage of a road 
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Figure 3.5: Subsurface damage indicated by infrared thermography  

 

It is always a challenge for bridge inspectors to detect the surface and internal 
defects and analyse these defects in road infrastructure. The application of different 
automated data acquisition and data processing techniques discussed in the 
foregoing sections enhances the process in SHM. 

 Automation in life-cycle performance assessments 

Performance assessment and monitoring of road infrastructure is an important aspect 
in effective maintenance in many countries. A deterioration model is the key element 
in a BMS to predict the future performance of the infrastructure system. There are 
different methods available in predicting deterioration models in an automatic manner. 
In this section, the reliability-based analysis method, general algorithms (GAs) and 
artificial intelligence (AI) are discussed in detail. 

 Reliability analysis 

Reliability-based performance assessment methods are one of the most accepted 
methods used in estimating life-cycle performance of transport infrastructure. This 
method accounts for both aleatory and epistemic uncertainties. Reliability theory 
relates to determining the probabilistic measure of a safe performance. 

Estimating the service life of any structure requires a model capable of predicting the 
structure’s performance over time; which depends on both external (e.g., 
environmental demands) and internal aspects (e.g., material degradation) and their 
relationship with the structural performance. Predicting the residual life of a bridge is 
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challenging and involves the estimation of progressive damage accumulation due to 
bridge ageing (e.g., corrosion and degradation of bridge materials) and immediate 
damage caused by impacts such as truck impact or earthquake (Ausroads 2004; Urs 
et al. 2015). 

The residual life of a deteriorating structure subject to this combined effect of different 
deteriorating mechanisms is usually obtained from the so-called life-cycle 
performance model. The life-cycle performance of a structure throughout its lifetime is 
generally affected by time-variant deterioration effects of continuous degradation and 
damage processes due to sudden extreme events (e.g., earthquake, truck impact, 
etc.) (Estes and Frangopol, 2005, Stein et al., 1999, Guo and Chen, 2015, Frangopol 
and Soliman, 2016). Further, the structural lifetime performance depends on how 
these mechanisms interact; those deterioration mechanisms, their effects and 
evolution over time are generally complex (Biondini and Frangopol, 2016). Different 
types of deterioration mechanisms, their interactions and the consequences on the 
structural performance can be found in papers by (Sánchez-Silva et al., 2016, 
Sanchez-Silva et al., 2011). 

Studies on structural deterioration can be grouped into two broad categories: 
progressive and shock based. While progressive degradation (e.g., corrosion) is a time-
dependent phenomenon that continuously depleted at a rate over structural lifetime, 
shock degradation (e.g., truck impact) describes sudden changes in the structural 
performance over small-time intervals. Both mechanisms cause damage accumulation 
over time (Sanchez-Silva et al., 2011, Sánchez-Silva and Klutke, 2016, Junca and 
Sanchez-Silva, 2013, Riascos-Ochoa et al., 2014, Maizuar et al., 2017b, Iervolino et 
al., 2013, Kafle et al., 2017b, Lua et al., 2014). Previous studies on progressive 
deterioration of reinforced concrete structures have focused on chloride ingress that 
results in steel reinforcement corrosion, concrete creep, cracking and loss of bond, and 
spalling ((Melchers et al., 2008, Ellingwood and Mori, 1993, Lihai et al., 2013, Koh et 
al., 1997b, Sofi et al., 2011, Baidya et al., 2013). Most shock-based degradation and 
failure models are associated with earthquakes (Rackwitz et al., 2005, Sánchez-Silva 
and Rackwitz, 2004). The effect of both earthquake damage and progressive 
deterioration has been investigated (Sanchez-Silva et al., 2011, Yang and Klutke, 
2000). 

Consider a structural system with an initial capacity u0 (Figure 4.2). As deterioration 
increases, the capacity of the component decreases. If D(t) describes the accumulated 
deterioration of the component at time t; the remaining life of the component at time t 
can be expressed as: 
 𝑉(𝑡) = 𝑢0 − 𝐷(𝑡)          (2)  

An intervention (maintenance or reconstruction) is carried out once the remaining life 
of the system reaches a threshold value. In Figure 4.1, a single threshold value, i.e., 
s*, (limit state) is considered. In this case, it represents the minimum level of 
performance of the system (i.e., a level below which the system cannot be in service 
under any circumstance; note that this does not necessarily imply collapse). Other 
threshold values can be defined if necessary; for example, operational or safety 
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thresholds. In summary, the system will be in acceptable operation as long as the 
capacity is larger than a given value s* in Figure 4.1; and the system will be out of 
service once the capacity falls below s* and until it is repaired and taken to a new 
"initial" remaining life value u > s*. Finally, after the intervention, the condition of the 
structure will reach a new value corresponding to a capacity that might differ from the 
value at the beginning of the previous cycle.  

Consider a structural component with a sample path as the one shown in Figure 4.1. 
Assuming that both continuous and sudden damaging events are independent, the 
deterioration at time t, for the first cycle can be computed as: 𝐷(𝑡) = ∫ 𝑟𝑝𝑡0 (𝜏)𝑑𝜏 + ∑ 𝑌𝑖𝑠𝑁𝑡𝑖=1         (3) 

where rp is the rate of some continuous progressive deterioration processes (e.g., 
corrosion), N(t) is a random variable that describes the number of shocks at time t, 
and 𝑌𝑖𝑠 is the drop in structural capacity caused by the i-th shock. The remaining 
capacity of the structure is obtained by combining Equations (2) and (3) to give 𝑉(𝑡) = 𝑢0 − (∫ 𝑟𝑝𝑡0 (𝜏)𝑑𝜏 + ∑ 𝑌𝑖𝑠𝑁𝑡𝑖=1 )       (4) 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.1: Life-cycle performance of a structure throughout its lifetime (Sanchez-
Silva et al., 2011) 
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4.1.1 Case study 

The abovementioned approach for predicting residual life of bridges subjected to 
multiple truck impacts was implemented for the case of a bridge in South Melbourne, 
Australia (i.e., Montague Street Bridge shown in Figure 4.2). This railway bridge is 
highly vulnerable to truck impacts due to its relatively low clearance heights (Preston, 
2017). This steel box girder bridge is 70 m long and has a width of 7.5 m. The railway 
overpass bridge is used to serve Melbourne's metropolitan electric railway network in 
order to reduce congestion with traffic road under the bridge.  

 

Figure 4.2: Montague Street Bridge in South Melbourne, Australia 

Figure 4.3 shows the probability of failure of the bridges as a function of time as a 
result of progressive deterioration only, multiple truck impacts only and the 
combination of both progressive deterioration and multiple truck impacts, respectively. 
Figure 4.4 shows random sample paths describing probability of failure of a bridge 
under progressive deterioration. Under normal progressive deterioration only, the 
average and shortest expected bridge lifetimes are around 65 years and 100 years, 
respectively. Under multiple trucks impacts only, the results in Figure 4.5 indicate the 
average residual life of the bridge could significantly be reduced to 57 years. Further, 
when the combined effect of progressive deterioration and multiple truck impacts are 
considered, the average residual life could be reduced by 65%. The results indicate 
the impact of progressive deterioration and multiple truck impacts on bridge lifetime 
should be investigated in an integrated manner. 
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Figure 4.3: Time-dependent probability of failure of the bridge as a result of 
progressive deterioration only 

 

Figure 4.4: Time-dependent probability of failure of the bridge as a result of multiple 
trucks impacts only 
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Figure 4.5: Time-dependent probability of failure of the bridge as a result of 
combination of both progressive deterioration and multiple trucks impacts 

 General algorithms (GAs) 

General algorithms (GAs) were developed by Holland (1972) based on principles of 
natural selection and genetics, and later this concept was used in many engineering 
applications such as in transport networks by Xiong and Schneider (1992). Following 
this, the use of GAs in maintenance optimisation techniques, introduced by Fwa, Tan, 
and Chan in 1994, was popular in road network applications. PAVNET (Fwa et al., 
1994) was developed to investigate the maintenance planning of pavement networks 
and an updated version was developed to solve the trade-off between maintenance 
and rehabilitation activities (Fwa, et al. 2000; Fwa, et al. 1996). The bridge deck 
network is an important aspect in road infrastructure network and GA-based models 
were developed to identify optimum maintenance strategies for long-term solutions 
(Liu, et al., 1997; Miyamoto et al., 2000). Many of these models use linear or non-
linear deterministic deterioration models to predict the future condition of road 
infrastructure. GAs in optimisation techniques are popular due to the efficiency and 
the increasing likelihood of obtaining results within a reasonable time frame (Goldberg 
1989).  

The uncertainty due to the nature of infrastructure deterioration is considered through 
the use of stochastic methods such as Markov chains. These methods can be used to 
predict performance through discrete time intervals and transition from one interval to 
the other. Pontis, BRIDGIT, and MicroPAVER are some of the examples of 
infrastructure systems and components that use Markov chains in predicting the future 
condition of infrastructure.  
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Although Markov chain models are used in many BMSs, there are some limitations: 

• Assumption of past conditions have no effect on predicted condition 
(Madanat,1993). 

• Assumption of discrete transition time intervals and stationary transition 
probabilities which are unrealistic sometimes. This means it does not consider 
the process development of the bridge in the past and significant repairs that 
have been made in the past are not considered.  

• Deficiency in consideration of interactive effects among the deterioration 
mechanism of different bridge components, hence different bridge components 
are computed separately, and overall bridge deterioration prediction is difficult.   

 

 Artificial Intelligence Deterioration Models  

An artificial neural network is an information processing tool that models biological 
processes in the nervous system. This concept is transformed to computer-based 
systems that follow instructions through mathematically formulated algorithms to solve 
a problem. There are two main stages in AI, namely, training and testing. The model 
learns on a case-by-case basis and the training process determines the correlation to 
predict data patterns.  

Artificial intelligence techniques such as ANN, case-based reasoning (CBR), and ML, 
are commonly used to solve engineering problems. Many researchers focus on 
developing and improving BMSs through improvements in functions and tools. The 
most effective feature in ANN is that it determines the missing values and patterns in 
the historical dataset and provides meaningful conclusions.  

There are three main types of ANN namely, one-layer feed forward, multi-layer feed 
forward, and recurrent. A multi-layered neural network is shown in Figure 4.6.  

 

 

 

 

 

 

 

 

Figure 4.6: Schematics of a Multi-layer neural networks 
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In relation to structural condition assessments, neural networks have been used to 
identify the magnitude of the damage in the structural system. Sobanjo (1997) used 
the Multi-layer Perception (MLP) Model to predict condition ratings of bridge 
superstructure by using the age of the bridge. Artificial neural networks are also used 
to predict ratings of different structural elements (Li & Burgueño 2010). The lack of 
historical training data motivated the development of ANN to generate past condition 
ratings to predict future ratings (Lee et al. 2008).  

Ensemble neural networks (ENN) is a combination of many individual MLP models 
that have been used to determine the output. The schematic diagram of an ENN is 
shown in Figure 4.7.  

 

 

 

 

 

 

 

 

 

 

Figure 4.7: Schematic diagram of an ensemble neural network 
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ensemble. The classification accuracy can be improved by using diversified classifiers 
and this occurs due to the development of uncorrelated errors between the classifiers 
(Hu 2001). 

Ensemble neural networks have been used in many applications in bridges such as 
identifying damage in timber bridges (Dackermann et al. 2009) and predicting bridge 
abutment condition ratings (Li 2008).  

 Conclusion 

Road structures require significant maintenance and rehabilitation. However, road 
authorities currently face numerous challenges in maintaining road infrastructure 
assets due to inexact and incomplete information arising from an uncertainty of 
future traffic demand and degradation of construction materials (Zhang et al., 2013, 
Koh et al., 1997a). Through the implementation of automation in structural health 
monitoring of road structures by using advanced monitoring techniques, such as 
unmanned vehicles; non-destructive testing techniques; and artificial intelligence 
deterioration models, accurate prediction of ongoing damage can be achieved. 
Accordingly, the automation of these monitoring processes provides significant 
benefits to both the economy and society by ensuring the longevity and safety of 
the road structures. 
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