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This paper presents a texture analysis based approach for the detection of damaged regions on the surface of infrastructural elements. A k-means clustering algorithm was used to partition regions with similar textural properties. Four texture measures were derived from a Grey Level Cooccurrence Matrix (GLCM) namely; contrast, homogeneity, entropy and Angular Second Moment (ASM). The approach is validated successfully on an image of a damaged concrete bridge beam. The performance of this Non-Destructive Testing (NDT) technique is evaluated for various values of k through the use of performance points in the Receiver Operating Characteristic (ROC) space. The technique may be deployed as a Structural Health Monitoring (SHM) tool to track the extent of surface damage, and can used in a Bridge Management System (BMS) to aid structured decision making and scheduling of repair work.

INTRODUCTION

Bridges may be subjected to numerous forms of damage during their service life. The damage may include cracking, corrosion of reinforcement bars, leaching, rust spotting, spalling, honeycombing, collision damage, efflorescence, wear etc. [1].With this in mind, regular inspections of the integrity of structures are vital to ensure they remain safe and fit for purpose. Currently, many structures are assessed under a regime of visual inspections of varying scope; from a cursory check for gross defects, to a close examination of all surfaces, including the use of special equipment if necessary. The quality of data collected often depends on the ability of the inspectors to observe and objectively record details of damage. The damage is usually described and archived qualitatively by the inspector, with appropriate photographs attached as evidence behind the qualitative comments. An attempt to quantify the severity of the damage is generally made at this stage through the use of a numerical scale. The scales typically range over a limited number of categories (e.g. 5 levels), leading to some degree of uncertainty and vagueness. The use of numerical scales, though helpful for relative ranking and prioritising, does not lend itself to be integrated with future quantitative analyses or experiments and repair options as this level are usually based on qualitative comments based on personal expertise. The output from visual inspections can markedly vary and can have a lower level of accuracy and repeatability of detection compared to other inspection methods [2]. An image processing based detection approach acts as a relatively inexpensive tool to facilitate maintenance management and can offer a greater reproducible and measurable performance over visual inspection techniques [3]. Image processing based techniques have received significant attention in many other fields. However, they are yet to be explored to their full potential in the area of Structural Health Monitoring (SHM).

Image based analysis is a form of Non-destructive testing (NDT), which can provide useful information on the state of the structure [4]. This in turn may be fed into a Bridge Management System (BMS). The output from the BMS can help in the planning of long-term repair strategies and enable informed decisions to be made when prioritising resources towards the correction of deficiencies. Furthermore, information acquired from NDT techniques increase understanding of defect initiation and propagation and provide a solid foundation for improving ageing laws for real structures or for updating existing models to predict the behaviour of a particular structure and thus achieve a more reliable and suitable management strategy. This aspect has attracted a growing interest in recent years as the importance of life cycle optimisation and the related financial benefits continue to be recognised [5,6]. An important aspect of managing a bridge is having a means to determine the current health of bridge elements based on past inspection data. An image processing approach caters for this as captured images can be archived for assessment of degradation over time, thereby enabling the rate of propagation of damage to be estimated. Image processing techniques are particularly relevant to bridge monitoring as there are typically large sections that are largely inaccessible to close-up visual inspections and other NDT techniques. From an image processing perspective, the images can be acquired from a relatively far distance from the surface under consideration thereby minimising road user delay costs, minimising inspection time and cost related to access equipment, improving safety aspects of the inspection process, and keeping the structure in operation. There exists a broad range of NDT techniques used to asses structural integrity such as ultrasonic scanning [7], acoustic emission techniques and eddy current testing [8]. The most suitable choice of NDT for a given application will largely depend on the damage to be detected and will require an in-depth knowledge of the advantages and limitations associated with each option. The measure of the on-site performance of a NDT tool is still an 92208 44322 Nantes Cedex 3, France email: obyrnemj@tcd.ie, bghosh@tcd.ie, v.pakrashi@ucc.ie, franck.schoefs@univ-nantes.fr pertinent question in many cases [9]. Image processing based techniques, in conjunction with powerful detection algorithms, can be considered as an accessible, inexpensive, and easily deployable technique for visual inspection. The primary limitations of this approach are the lack of penetration below the surface of the material and the requirement of good visibility and lighting conditions. Previous image processing based methods have relied on colour information [10,[START_REF] Tarighat | Fuzzy concrete bridge deck condition rating method for practical bridge management system[END_REF], textural information [12], or a combination of the two (Wu and Tsai, 2006) to segment and extract regions of interest in images.

Texture and colour based segmentation approaches are the primary modes of segmentation employed for image analysis. While both approaches have important applications in image processing methods, the colour based methods have been researched to a much greater extent. Texture may be considered as an innate property of surfaces. It may be qualified by terms such as fine, coarse, smooth, rippled, molled, irregular, or lineated [13]. Texture segmentation finds particular relevance in cases where the regions of interest are more separable from the background based on their texture than colour. There are numerous texture based image segmentation techniques. Such techniques include wavelet analysis [14], Laws' texture energy [15] and Grey Level Cooccurrence Matrix (GLCM) [16]. This paper presents an enhanced texture based detection technique involving GLCM. GLCM is a well established texture analysis method and offers a highly accurate approach for quantifying the perceived texture in an image. k-means clustering is subsequently used to partition regions of similar texture features together. GLCM had been used previously in conjunction with k-means classification on magnetic resonance images [17], however their algorithm used a different set of statistics. It is felt that the four statistics used in the proposed technique provide a well-rounded description of the texture in the image whilst offsetting unnecessary computational time that would result from the inclusion of additional statistics that would only contribute to a minimal increase in accuracy of detection.

The methodology of the proposed technique is detailed in the following section. The technique is applied to an image of a concrete bridge beam featuring cracking to concrete and exposed reinforcement. The successful application of the method is presented and the performance of the technique is evaluated.

METHODOLOGY

A semi-automatic image based damage detection algorithm is proposed in this paper. The algorithm involves two steps; the first step is using a GLCM to develop to a texture characteristics map of an image of a damaged surface. The image is in a greyscale form which is represented by a single numerical array, or plane, that is populated by pixel intensity values. Typical ranges for intensity values are 0 to 255, or 0 to 1. Black is represented by 0 in both cases while white is denoted by 255 and 1 respectively. Values within this range represent intermediate shades of grey. The second step in the algorithm is to partition the damaged regions in the image using k-means clustering. These two steps are discussed in detail in the following subsections.

Texture Characteristics Map

A texture characteristics feature vector {v f } a,b has to be generated for each pixel within the original image, I, where f indicates the index of the vector element, while a and b indicate the spatial coordinates of a pixel. The GLCM is a matrix of frequency values that combinations of pixel intensities appear in some specific spatial arrangement within an image or sub-image. In this paper, the GLCM is generated for a sub-image that is attained through a sliding window, SW, of size N-pixel x N-pixel with centre positioned at (a,b) at any stage of the convolution throughout the overall image. There are four texture features calculated from the GLCM, namely: homogeneity, contrast, entropy and Angular Second Moment (ASM). Some of these features relate to certain texture characteristics in the image such as homogeneity or contrast. Other features describe aspects such as image complexity or the transition of pixel intensity values. However, in spite of each of the aforementioned features containing some degree of information about the texture characteristics of the image, it is difficult to establish which textural trait is represented by each feature.

Each entry in the GLCM corresponds to the number of occurrences of a pair of grey levels (i,j,d,θ) in the sliding window, where i denotes the grey level in the reference pixel, j denotes the grey level in the destination pixel, d is the interpixel distance and θ is the angle of offset between neighbouring pixels. Both i and j can take integer values between 1 and G, where G is the total number of grey levels. The grey levels are defined on a scale of 1 -12 instead of a typical scale of 1 -255. Quantisizing in this manner promotes computational parsimony and avoids sparse matrices. Pixel combinations that are close together tend to be more relevant than pixel combinations that are far away from each other in terms of interpixel distances. With this in mind, a value of 1 was chosen as the interpixel distance (i.e. only combinations of pixels which shared a corner or had a shared edge were counted). This allowed for an algorithm that considered a significant amount of useful information whilst minimising complexity and computing time. Four angles for the offset were chosen: θ = 0°, θ = 45°, θ = 90°, θ = 135°. The GLCM is calculated for each of the four offsets for each position of the sliding window. The GLCM is populated as per equation 1. 
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where d x and d y are the horizontal and vertical offsets between neighbouring pixels in the sliding window which are dependent on d and θ, and SW(u,v) gives the quantized pixel intensity value at the spatial coordinates u and v in the window.

An important prerequisite to the process of generating statistics from the GLCM is to normalise the matrix which is achieved through: ( ,,,) ( ,,, )
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where R represents the total number of grey level pairs (i,j) for a given (d, θ) pair within the window. This normalised GLCM was used to calculate four values for each of the four texture measures corresponding to the four offset angles. As it is not known which angle of offset provides the most meaningful value for each texture measure, the average of the four texture measures was calculated and assigned to the texture measure in question, as per equation 4. (4)

The following features were determined from the GLCM:

1. Homogeneity gives a measure of the similarity in the image. 
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ASM ranges from 1/G 2 to 1. A value of 1 indicates a constant image.

k-means Clustering

The k-means clustering algorithm partitions N observations into k clusters in which each observation belongs to the cluster with the nearest cluster centre by iteratively minimizing the squared sum of a computed norm from each observation to its cluster centre, over all clusters. The result is a set of clusters that are as compact and well-separated as possible.

For a Euclidean norm, the overall objective function, J is minimized as
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is the distance measure between a data point A l and the cluster centre A ĉ , is an indicator of the distance of the N ĉ data points from their respective cluster centres. An optimum value of k can generally be attained by considering the level of detail or precision required. For a higher k value, there will be a stronger correlation between pixels within each cluster. This is advantageous if one wishes to reduce the rate of misclassification. An ROC based optimization framework is explored in Section 3, where different k values are tested in an attempt to determine which produces the best outcome.

A schematic of the methodology is presented in Figure 1.

Figure 1. Flow chart of the proposed methodology.

EVALUATION OF TECHNIQUE

The proposed technique was performed on an image of exposed reinforcement on an outer bridge beam (Figure 2). The DR and the MCR provide the coordinates for a point in the ROC space, which allows for a graphical illustration of the performance of the technique. A convenient way of ranking and analysing the performance of points in the ROC space is by means of the alpha-delta method [20,21]. Essentially, this method relies on calculating the angle, α, and the Euclidean distance, δ, between the best performance point (coordinates (0,100%)) and the considered point to give a measure of the performance of the considered point. For this situation only the delta, δ, parameter is required. A low value for δ is indicative of a strong performing technique. The detection and misclassification rates, along with the δ value, are summarized in Table 1 and the corresponding coordinate points are shown in the ROC space in Figure 5. A fitted curve is also shown for illustration purposes. The proposed technique performed well at defining the outer shape and size of the damaged region. However, as the value of k is increased, the detected regions become less homogenous with a greater prominence of undetected regions contained within the greater damaged area. It may be noted from the Figure 5 that when k is equal to either 3 or 4, a high performance level is achieved. The value of 3 for k is slightly better as evident from the lower value of δ. There is a relatively low detection rate in the case when k is equal to 5, while the converse is true for when k is equal to 2, i.e. there is a relatively high misclassification rate. As a result, relatively large values of δ accompany both of these cases.

A significant proportion of the misclassification rate may be attributed to the small spurious regions that are frequently included in the cluster corresponding to the damaged region. A simple way of reducing the misclassification rate without any significant reduction in the detection rate would be to apply an additional algorithm that removes these isolated regions that are below a certain area.

The result from performing k-means clustering directly on the colour image to group regions with similar pixel intensity values is graphically illustrated in Figure 6. It may be observed that this approach produced extremely poor results, so much so that it is not even apparent which cluster predominantly corresponds to the damaged region. This comparison highlights the usefulness of texture analysis on images featuring damaged regions that are more separable based on their textural characteristics rather than colour information. In this case the image was partitioned into 3 clusters; however other values of k performed to a similar level.

CONCLUSION

A texture based image processing technique to detect damage on the surface of bridge elements has been proposed. Although popular in other fields, image processing techniques have received little attention in the field of Structural Health Monitoring (SHM). Their potential as a tool that could be employed in a Building Management System (BMS) has been outlined. As a case study, the proposed technique was successfully applied to an image of a damaged concrete bridge beam. The statistics derived from the Grey Level Cooccurrence Matrix (GLCM) were found to be effective at describing the perceived texture in the image, while the kmeans clustering demonstrated a strong ability at grouping texture features corresponding to damaged regions for a range of k values. The ROC space was employed as a tool to evaluate the performance of the technique and as a means to obtain an optimum value of the k parameter to maximise the detection accuracy of the algorithm.
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  Hom ranges from 0 to G-1. A value of 0 indicates a strong similarity in the image.2. Contrast is a measure of the local variations present in an image. If there is a high amount of variation the contrast will be high.Con ranges from 0 to (G-1) 2 . A value of 0 indicates a constant image.3. Entropy is a statistical measure of randomness. ranges from 0 to infinity.4. Angular Second Moment (ASM)represents the uniformity of distribution of grey level in the image.

Figure 2 .

 2 Figure 2. Sample Image of a Damaged Bridge Beam.

Figure 3 .

 3 Figure 3. Detected Regions for Various Values of k. The performance of the texture analysis based detection in conjunction with the k-means clustering for various values of k is evaluated by plotting performance points in the Receiver Operating Characteristic (ROC) space. The ROC space provides a common and convenient tool for graphically characterising the performance of NDT techniques and its usage has recently been extended to image detection [18]]. A box counting approach similar to the procedure described in [19] was employed to calculate the Detection Rate (DR) and Misclassification Rate (MCR) for each image. This involved visually segmenting the images and comparing them with the k-means clustered images.

Figure 4 .

 4 Figure 4. Visually Identified Damaged Region.

Figure 6 .

 6 Figure 6. Image Clustered Based on the Pixel Intensity Values
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Table 1 -

 1 Performance of the Proposed Technique.

	k-clusters	DR	MCR	δ
	k = 2	96.55%	28.12%	0.283
	k = 3	88.61%	15.80%	0.195
	k = 4	85.43%	14.11%	0.203
	k = 5	72.00%	12.12%	0.305

Figure 5. Performance Points in the ROC Space for the Proposed Technique.
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