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Abstract

Imaging based damage detection techniques are increasingly belizgduilongside traditional visual
inspection methods to provide owners/operators of infrastructitte an efficient source of quantitative
information for ensuring their continued safedaeconomic operatiorHowever,choosing asuitabledamage
detection technique that will provide a higvel of quantitative information is oftentamely andchallenging
prospect as there exists a wide arraglgbrithms currentlyavailable. These algathms may be partitioned into
one of two groups; pixel intensity based methods and texture analysis mhatfgods The algorithms in &h
groy arenaturally suited to differentapplications depending largely on whether the damaged regiwer
considerabn is more separable from the background based on colour or on téMisgoaper compares two
algorithms, one from each category, which have previohelgnproposed in the domain of Infrastructure
Maintenance Management (IMMJhe algorithms are apptieto a range of scenes featuring various forms of
damage and their performanceiwestigated for best detection on the basipaformance coordinates in the
Receiver Operating Characteristic (ROC) spadee generalsuperiority ofthe pixel intensity bBsed approach
overthe texture analysis based approechemonstrated, in particular when considering High Dynamic Range
(HDR) imagery
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1. Introduction

Regular inspections of structures are vital to ensure that they remaemnsdadfie for purpose.
Currently, many structures are assessed using a regime of visualiorspethe levels of
inspection cover a range of detail. It can be a cursory checky@pat inspection involving
detailed examination of all surfaces, or special inspections where theyemeploof invasive,
semtinvasive and noinvasive tests may become necessary. Most inspsdiindepend on
visual observations and the quality cdta collected largely depends on the ability of the
inspectors to observe and objectively record details of danTdge approach is prone to
considerations such as operator boredom, lapses in concentration, subjectivityjgaed fa
which contribute to the variability and reduced accuracy of visual inspe¢li@)sWith this

in mind, it isoften desirable to incorporateseecond more objective and quantitativeyurce
of informationabout thehealth condition of a structur®lon-Destructive Technique@DT)
often provide the only method of obtaining such information.

The information obtained from the NDT may be fed into an Infrastructure Management
System (IMS), which can help the decision makers to make more effective and dhforme
judgments when allating resources towards the correction of deficiencies and when
choosing an appropriate future course of acfidms aspect has attracted a growing interest in
recent years as the importance of life cycle optimisation and the related financialsbenefit
continue to be recognisef8,4]. For a well calibratedMS, it is important that the input
information is accurate and comprehensive. This requires selecting the ntaislesNDT
technique, which for a given application is not always readily apparent aasura of the



onsite performance of an NDT technigue remains a pertinent question in theyntdjoases

[6]. The choice of NDT will largely depend on the damage to be detected and will raquire
in-depth knowledge of the advantages and limitationscedsd with each optionEven
NDTs which fall underthe same category can produce markedly varying results
Unfortunately, many inspections proceed without a proper evaluation of all availalblesopt
and as a result an inferior level of informatiommitained

In recent timesimage processing based damage detection methods havenbesasingly
considered as a viable NDdption This is due to a number of reasoimage processing
methods use inexpensive and readily available equipment (i.e. a standard digital camera), and
they do not require the inspector to undertake extensive training. Furthermore, advances in
camera technology mean that rich detailed imagery of damaged components can be acquired.
Additionally, visual inspections almost alwayspta&re photographs to include in the
inspection report to corroborate the inspector’'s comments; however, these photogeaphs ar
rarely exploited to their fullest potential in either a qualitative or a quantitative fadtien.
primary limitationsimage processing methodese the lack of penetration below the surface of

the material and the requirement of goodhiigly and lighting conditions.

Applying damage detectioalgorithmsto the photographs cdocate and quantify visible
mechanical damage on the surface of infrastructural elements with minimal human
supervision. Physical properties of the identified damage, such as the sizehapel
characteristics, may be easily extracted with knowledge@dlavorld scale. The quantitative
nature of the data obtained from image analysis is important and naturallyitkeiti$o
numerous applications. It is helpful for developing new damage models, or strengtheni
existing ones, which are used to foredhast rate of propagation of damage as the structure
continues to operate.

Most image processing based damage detection algorithms consist of seagmésitatved

by subsequent classification of the segmented regions. Ideally, the seégmentthodology

should identify and accurately define all regions of interest in an imvhggt minimizing the

inclusion of extraneous regions. In reality, perfect segmentation is difficcachieve given

the inherent chromatic and Iluminous complexities encountered in natural scenes.
Segmentation algorithms use either pixel intensiojqur) information or texture information

to isolate similar regions in an image. The effectiveness of colour based segmentation
algorithms and texture based segmentation algorithms will vary according sarfhee and

damage type under consideration as certain damages are more separable from the undamaged
surface based on either their colour or texture attributes.

This paper evaluates and compares the performance of a pixel intensity based&ethdd

a texture analysis based metH@§l which have previously been proposed in the domain of
IMM. Both methods are applied to four different scenes featuring various damage for
lighting conditions, viewing angles, resolut®etc. Additionally, High Dynamic Range
(HDR) imagery is adopted as a protocol, as proposef8Jpyn an attempt to optimise the
detection accuracy @&ach method.

The following section provides an overview of each of the detection techraguesll as
providing a brief background to HDRhis section also details the performance evaluation
process which is based on performance points plotted in the Receiver Operating Characteristic
(ROC) spaceSection 3 introduces the imagery used wli8ketion 4 presents the results
obtained from each metho8ection5 concludes the paper.



2. M ethodology

A comparison study between two previously proposed image processing based damage
detection methods has been conducted in this paper; a pixel intensity basedtagme
method and a texture analysis based method. The comparison involves two steps. Ehistly, ea
detection method is applied to the four Standard Dynamic Range (SDR) images and the
corresponding HDR images. Secondly, the detection accot#ayned from each method is
calculated for each ing@anda comparison is then drawhhe detection methods are briefly
described below.

2.1 Pixel Intensity based Segmentation Method

Pixel intensity based segmentation algorithms may be grouped into four miggorcss:
thresholding, edge detection using gradient information, region growing, and hyhiodse

[9]. The method used in this paper, known as REMPS (Regionally EnhancedMVake
Segmentation)is a hybrid method whicintegrates three feature detectistages The first
stageinvolves the application of the Sobel edge detector pre-parocessedmage in order to

form closed geometries corresponding to objects in a s&tasstical properties arien
calculated foreach closed geometry, which arsed as the basis for the clustering based
filtering phase. This phase retains closed geometries deemed to representddagiags.
Finally, Support Vector MachinesVMs areused to identify pixels having intensity values
characteristic of damaged zones. These pixels are then applied locally to the filteeeld clos
geometries in order to improve the definition of the detected damaged regions. REMPS
attempts to utilise the adviages of these three independent techniques most effectively and
extract their mutual benefits. For instance, the robustness and generalitySubidleedge
detector serves as a natural precursor to the closed geometry clustering stage.t@éhigyclus
stage performs well at classifying the presence of damage, however, it is only afterethe pix
supplementation stage that the shape and size characteristics of the retained closed geometries
are sufficiently realisedA flowchart illustrating the order of éhfeature detection methods is
presented in Figure 1(a)

2.2 Texture Analysis based Segmentation Method

Texture is an innate property of surfaces which, for human observers, texture may be
qualified by terms such as fine, coarse, smooth, rippled, molled, irregular, dedif&a].
There are numerous ways dqoaantify texture; wavelet analysis, Laws’ texture enerigyst
Order Statistics (FOS) ar@rey Lewel Cooccurrence Matrix GLCM). The texture analysis
based segmentation methoesked in this paper combines both FOS and GLCM statiJtes.
texture dependent statistics, or texture measures, are calcatagedry pixel in an image
using a sliding window approackour statisticswerederived from a GLCNangular second
moment, homogeneity, contrast and correlatawhile afurther six texture measuregere
calculated directly from the pixel intensity vekifrom the original image These were
Shannon entropy, mean, variance, range, skewness and kurtesis0 texture measures
calculatel at each pixelocationform a feature vectoMorlinear SVM models are used to
classify pixels as either damaged odamaged based onetfeature vectocorresponding to

that pixel Two SVM classification modelsvere considereda CustordWeighted Iterative
(CWI) model and a-Dimensional Feature Space (4DFS) model in which the feature vectors
were mapped to a four dimensional feature spélbe.4DFS model was generally shown to



produce better segmentation results so this model was used for the purposes of this
comparison. The method is illustrated in the following flowchart Figure 1(b).

(a) (b)
Pixel Intensity based Segmentation Method Texture based Segmentation Method
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Figure 1. (a) Flowchart for the pixel intensity based segmentation method, and (b) flowchart for the texture
analysis based segmentation method

2.3 High Dynamic Range (HDR)

HDR is a set of techniques that allow a greater dynamic range of luminance values between
the brightest and darkest regions of an image than standard digital images. SDR images can
typically only accommodate a very limited range bracket of the full tonal spectrum in a real
world scene. Therefore, a dynamic range bracket would have to be chosen in the knowledge
that all luminance values outside the range would not be represented correctly. The broad
principle behind HDR imagery is that multiple SDR images of the same scene, each taken at a
different exposure, and thus capturing a different range bracket of the tonal spectrum, may be
merged to form one HDR image that has a wider dynamic range [11]. Combining SDR
images can be done using various merging algorithms [12].

The usefulness of HDR imagery as an imaging protocol may be observed in Figure 2 which
depicts the pixel intensity values plotted along a profile line for a normally exposed SDR
image and the corresponding HDR image (the SDR and HDR images in question are from
Figure 4 (1) and (5) respectively). It may be observed that HDR image exhibits an increased
tonal range compared to the SDR image, thus offering an altogether superior information
content.
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Figure 2. The increased tonal range during damage detection for an HDR image as compared to an SDR
image with normal

2.4 Performance Evaluation

The performance of each method is evaluated through the use of performance points in the
Receiver Operating Characteristic (ROC) space. The ROC space allows for a convenient
means for characterising and comparing the performance of NDTs in various conditions [13]
and has been recently expanded to image detection [14]. For any NDT, the Detection Rate
(DR) along with the accompanying Misclassification Rate (MCR), or alternatively known as
Probability of Detection (PoD) and Probability of False Alarm (PFA) in the field of
probability space and decision theory, are determined by comparing the corroded regions
detected with a visually segmented image, which acts as the control. The DR and MCR are
represented as a percentage between 0% and 100%. Each (MCR,DR) pair formed a coordinate
in the ROC space.

There are a few measures for comparing segmentation performance [15]. In this paper, a
measure of the performance was attained through the use of the a-6 method [16,17]. This
method relies on calculating the angle, o, and the Euclidean distance, 9, between the best
performance point, defined as an ideal NDT with 100% detection and 0% misclassification
rates and represented in the ROC space with coordinates (0,1) and the considered point to
give a measure of the performance of the considered point. As this paper is not devoted to risk
analysis where the shape to the ROC acts as a key factor, only the delta, 5, parameter is
required. A low value for ¢ is indicative of a strong performing technique.



3. Data Analysis

The pixel intensity and texture based segmentation methods were applied to four images
featuring various forms of damage on the surface of infrastructural elements. In order to
provide a more meaningful comparison, the images were chosen to reflect a broad range of
surfaces, damage forms, viewing angles, lighting conditions and image resolutions as shown
in Figure 3. The sample images in the figure depict, (1) pitting corrosion on metal sheet piling
in marine conditions, (2) marine growth on the surface of underwater steel pile wharf, (3)
corroded metal sheeting , and (4) an exposed concrete bridge deck through wear of pavement
surfacing. The HDR images are also displayed (5 - 8). It is readily apparent that the HDR
images offer more detail than their SDR counterparts.

SDR

HDR

3
Figure 3. SDR images of various forms of damage (1 - 4), and the corresponding HDR images (5 - 8)

The next section presents the results obtained from each detection method performed on these
images.

4. Results

Both detection methods required two SVM parameters as input parameters which ultimately
had an influence on the detection accuracy. In order to achieve a fair comparison, a parameter
search was performed according to the method outlined in each paper to find sufficiently
optimized parameters. Following this optimization procedure, the methods were applied to
each image in Figure 3 resulting in the detected regions shown in Figure 4. Their performance
levels are summarized in Table 1 and the corresponding performance points are plotted in the
ROC space in Figure 5.
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Figure 3. Detected regions for the pixel intensity and texture analysis based segmentation methods

Table 1. Detection accuracy of the pixel intensity and texture analysis methods

Sample Image Pixel Intensity based Texture based
Segmentation Segmentation
DR MCR 0 DR MCR 0

(1) Pitting Corrosion - SDR | 84% 8% 0.18 78% 32% 0.39
(2) Marine Growth - SDR 64% 8% 0.37 64% 29% 0.46
(3) Corroded Metal - SDR 98% 16% 0.16 96% 24% 0.24
(4) Exposed Deck - SDR 93% 10% 0.12 52% 10% 0.49
(5) Pitting Corrosion - HDR | 85% 7% 0.17 75% 43% 0.50
(6) Marine Growth - HDR 96% 47% 0.47 69% 21% 0.37
(7) Corroded Metal - HDR | 97% 7% 0.08 99% 31% 0.31
(8) Exposed Deck - HDR 93% 10% 0.12 78% 29% 0.36
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Figure 4. Comparison of detection methods through the use of performance points in the ROC space
4.1 Discussion

It may be noted from the detected regions in Figure 4 that the pixel intensity based method
was quite successful for the majority of cases with the exception of the marine growth image.
The poor detection results for this image may be explained by the fact that the damaged
regions throughout the image were not characterized by one single colour. Instead they took
on numerous contrasting shades which often overlapped with the non-damaged background.
Generally however, this method proved effective at locating the presence of damage as well
as accurately defining the shape and size of damaged regions.

The texture based method was not as effective in terms of detection accuracy as the pixel
intensity based method. The only case where it was on a par with the pixel intensity method
was for the image of the marine growth. It also suffered from detecting many small spurious
regions unlike the pixel intensity based method which a ‘cleaner’ and more homogenous
detection.

Analysis of the ¢ values in Table 1 reveals that HDR imagery does indeed improve the
accuracy of the pixel intensity based method. Texture based segmentation on the other hand
did not appear to benefit from the use of HDR as on two occasions, the best detection results
emerged when using SDR images while on the other two occasions, HDR images provided



better resultsThis suggests that adopting a HDR protocohda$ especially relevant when
using texture analysis as a detection method

Furthermore,the aspect of computational time may be an imporfactor for some,
especially in cases where a large batch of images are required to be processed. It was found
thatthe colour based segmentation method had a superior computational efficientlyeover
texture based algorithmwhich is due to the facthat texture must be calculated by
considering a collection of neighbouring pixels around each pixel while colour based
segmentation techniques typically need only consider each pixel intensite val
independently.

5. Conclusion

This paper presents a comparison between two imaggdbdamage detection methotsis

study was necessitated by the vast array of damage detection methods currently ,available
which makes choosing an appropriate method a timely and daunting prospect. This paper
gauges the efctiveness ofwo contrastingapproaches, thereby providing an insight into the
expected performance levels that can be attaibgdanybody who is considering
incorporatingan image processing techniqguretheir inspection routineThe two methods

were baed on detection vigixel intensity (colour) information and detection \exture
information. While both of these methods are not necessaflbctive ofall pixel intensity

and texture analysis based methods currently available, the comparison doedoserve
underlinehow each approach may typically resppedpeciallywhen the damage type is
known beforehand.

Themain forms of surface damage encounteredgeing infrastructural elemts (corrosion,
leaching, etc.)are often characterised to a greater extent by the change in colour from the
undamaged surface thag a change in textur@Vith this in mind,t is not surprising thathe

pixel intensity lased nethod demonstrated a hgtdegree of succeder the majority of the

cases explored ithis paperTexture based segmentatifaredworse at isolatinglamage so

it may becan be classified as suitable for specific applications suaaase growthwhere

the damaged regions do not share a distinct colour but are characterised more &0 by the
rougher texture than the surroundings.

The presented results indicate that improvements can be made to the detection accuracy of the

pixel intensity based method by adopting a HDR protocol. The texture analysisrbathod
however did not experience any noticeable gginsing HDR.
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