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DEFECT DETECTION IN IMAGE SPACE

TECHNICAL FIELD

This invention relates to methods for detecting defects in transformed image space. In
particular, the present invention relates to training a neural network to detect cracks in images

(i.e. in objects shown in images), and use of such a neural network to detect cracks.

BACKGROUND

Crack detection is one of the most important considerations in blade structure maintenance.
Crack detection directly reflects how safe and durable the blade structure is. Conventional
human-based crack detection methods rely on trained inspectors to find cracks on the surface
of a blade based on their expertise and years of experience. They assess the blade structure
through analysing the position and width of cracks. Although human-based crack detection
methods are an effective way to detect cracks, the detection results are subjective and vary
from one to another because inspectors only make evaluations based on the current condition
according to existing guidelines and their experience.

To overcome the drawbacks of human-based crack detection methods, many image
processing techniques (IPTs) have been developed to detect blade cracks. The IPTs can not
only recognize cracks from images but also measure the width and orientation of the
recognized cracks. The simplest way to detect cracks from images is using the structural
features, including histograms and thresholding. To further improve performance, some
methods apply general global transforms and edge detection detectors, such as fast Haar
transform (FHT), fast Fourier transform (FFT), Sobel, and Canny edge detectors. Although the
IPTs are effective in detecting some specific images, their robustness is poor because the
crack images taken from a blade structure may be affected by factors such as light, shadows,
and rusty and rough surfaces in real-world situations. In most of the contexts, the cracks
appear as thin, irregular long-narrow objects, and often are buried into complex, textured

background with high diversity. This makes crack detection very challenging.

To improve the performance of image-based crack inspection methods, researchers turn to
deep learning algorithms. Deep-learning methods perform crack detection following two steps:
feature extraction and pattern classification. However, using deep learning for highly accurate
crack localization is non-trivial. First, region-based object detection cannot locate cracks

accurately, and it is also very inefficient. Second, networks face severe data imbalance issues
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(e.g. lack of sufficient, labelled data) inherent in crack-like object detection that can cause
training to fail. Third, deep learning-based methods are also domain sensitive, which can result
in poor model generalization ability. Fourth, deep learning is a data driven method that relies
on a large amount of manually labelled ground truths (GTs) for the training which is labour-

intensive and even infeasible, especially for annotating pixel-level GTs.

It is generally desirable to overcome or ameliorate one or more of the above described

difficulties, or to at least provide a suitable alternative.

SUMMARY OF THE INVENTION

Presently disclosed in is a method for training a neural network, comprising:
transforming each training image of a plurality of training images by, for each training
image:
detecting a hole in the training image; and
transforming the training image into a transformed image, to suppress non-
crack information; and

training a neural network using the transformed images, to detect cracks in images.

The method may further comprise:

receiving at least one further image; and

applying the trained neural network to the at least one further image, to detect cracks
in the at least one further image.

Transforming each training image may comprise, for each training image, applying a set of
filters, the set of filters being designed to enhance image features based on a shape of each
said feature, segmenting the training image to produce a segmentation mask, and combining
the segmentation mask with responses from the set of filters.

Segmenting may comprise performing active contour-based segmentation of the hole in the
image. Applying a set of filters comprises applying Jerman's 2D vesselness filter and a multi-

scale line filter to the image to enhance crack information in the training image.

Transforming each training image may further comprise identifying, based on the
segmentation mask and the responses from the set of filters, a surrounding region.
Transforming each training image may further comprise applying a filter to the surrounding

region to enhance crack features to produce a filter response, applying Gaussian blur to the
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surrounding region to produce a Gaussian blurred segmentation mask of the hole, and
attributing to the transformed image a maximum of the filter response and Gaussian blurred
segmentation mask. Transforming each training image may comprise converting each training

image into a near-binary image.

Transforming each training image into a transformed image, to suppress non-crack
information in the training image, may comprise detecting crack features by reference to the
hole detected in the respective training image. A plurality of the training images may form a
series of temporally spaced images of a common object, and detecting crack features by
reference to the hole detected in the respective training image may then comprise comparing
crack features detected in a first image in the series with crack features detected in a second
image in the series to determine crack progression. Each image may comprise an object, and
the method may then further comprising:

receiving a further image of an object;

applying the trained neural network to the further image, to detect crack features in the
further image; and

comparing the crack features in the further image to crack features in a temporally
previous image of the object of the further image to determine crack progression.

Transforming each training image into a transformed image, to suppress non-crack
information in the training image, may comprise disregarding crack features that are not
associated with a hole detected in the respective training image.

Said method may further comprise producing one or more further training images by
combining a hole segmentation mask with a crack segmentation mask.

Training the neural network may comprise training a conditional generative adversarial
network (cGAN) using the transformed images. Said cGAN may comprise an adversarial
discriminator for distinguishing between real ground-truth (GT) images and generated images,
and a generator for generating the generated images. The ground-truth images may be
associated with the training images. Training the neural network may also comprise
incorporating a perceptual discriminator into the cGAN. The perceptual discriminator is used

to discriminate crack/non-crack patches.

The perceptual discriminator may output an estimated probability p of the training image
containing a crack, wherein a perceptual discrimination loss is defined as a loss of binary

classification according to:
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Lyis p(x) = —logpg(x) = — glog p(x) — (1 - g) log(1 - p(x))
where g indicates a ground-truth class.

Parameters of the generator are obtained by optimizing a loss function being a sum of the
adversarial loss and a perceptual loss produced by the adversarial discriminator and
perceptual discriminator, according to:
Lg(G) = La(G) + Lyis (G)
where
La(G) = —logDy(y,G(y, 2)).

Also disclosed herein is a system for training a neural network, comprising:
memory; and
at least one processor, the memory storing instructions that, when executed by the at
least one processor, cause the at least one processor to:
transform each training image of a plurality of training images by, for each
training image:
detecting a hole in the training image; and
transforming the training image into a transformed image, to suppress
non-crack information; and

train a neural network using the transformed images, to detect cracks in images.

The at least one processor may be configured to perform the method described above. The
at least one processor may transform each training image into a transformed image, to
suppress non-crack information in the training image, by detecting crack features by reference
to the hole detected in the respective training image.

The at least one processor may be further configured to:

receive at least one further image; and

apply the trained neural network to the at least one further image, to detect cracks in
the at least one further image,
wherein transforming each training image into a transformed image, to suppress non-crack
information in the training image, comprises detecting crack features by reference to the hole
detected in the respective training image; and/or

wherein a plurality of the training images form a series of temporally spaced images of
a common object, and the at least one processor is configured to detect crack features by
reference to the hole detected in the respective training image by comparing crack features
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detected in a first image in the series with crack features detected in a second image in the
series to determine progression of a crack, and wherein each image comprises an object, the
at least one processor being further configured to:
receive a further image of an object;
apply the trained neural network to the further image, to detect crack features
in the further image; and
compare the crack features in the further image to crack features in a
temporally previous image of the object of the further image to determine crack
progression.

The at least one processor may transform each training image by, for each training image,
applying a set of filters, the set of filters being designed to enhance image features based on
a shape of each said feature, segmenting the training image to produce a segmentation mask,
and combining the segmentation mask with responses from the set of filters. The at least one
processor may segment the respective image by performing active contour-based
segmentation of the hole in the image. The at least one processor may apply a set of filters by
applying Jerman's 2D vesselness filter and a multi-scale line filter to the image to enhance
crack information in the training image. The at least one processor may transform each training
image by further identifying, based on the segmentation mask and the responses from the set
of filters, a surrounding region. The at least one processor may transform each training image
by further applying a filter to the surrounding region to enhance crack features to produce a
filter response, applying Gaussian blur to the surrounding region to produce a Gaussian
blurred segmentation mask of the hole, and attributing to the transformed image a maximum
of the filter response and Gaussian blurred segmentation mask. The at least one processor
may transform each training image by converting each training image into a near-binary
image.

Advantageously, it has been found that cracks often start around holes and, by detecting holes
and then identifying cracks by reference to the holes (e.g. stemming from a hole, radiating
away from a hole, concentric with a hole etc), there is a greater likelihood of positively

identifying cracks rather than dark features that have similar appearance to cracks — e.g. dirt.

BRIEF DESCRIPTION OF THE DRAWINGS

Some embodiments will now be described, by way of non-limiting example only, with reference

to the accompanying drawings in which:
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Figure 1 is a diagram showing example image patches containing cracks;

Figure 2 is a method for training (and applying) a neural network in accordance with present
teachings;

Figure 3 is a flow diagram showing a method used for crack detection;

Figure 4 is a flow diagram showing a method used for patch transformation for converting
each raw image patch into near-binary patches;

Figure 5 is a diagram showing example filter responses and the resulting near-binary patch;
Figure 6 is a diagram showing non-crack paiches, crack patches enhanced by the filter
response only, and crack patches enhanced with the ground truth cack mask;

Figure 7 is a diagram showing the structure of the proposed cGAN networks;

Figure 8 is a diagram showing cGAN training for enhanced image patch generation; and
Figure 9 is a schematic diagram showing components of an exemplary computer system for
performing the methods described herein.

DETAILED DESCRIPTION

Disclosed herein is a system for training a neural network to detect holes or cracks in images.
The proposed system is applicable in maintenance, repair and overhaul (MRO) industries that
require visual inspection of small surface defects. Such a system can be used in the detection
of small defects such as cracks, scratches, and dents, in images of a structure or article, and
classification of such small objects in images/videos of the structure or article. As shown in
Figure 1, some of the example cracks associated with turbine blade cooling holes are
ambiguous even to human experts. Embodiments of the methods disclosed herein are able to
address the challenges of detecting such holes or cracks on high pressure turbine blades of,
for example, aircraft engines and in other aerospace industry applications (e.g. fuselage
monitoring).

Embodiments also relate to methods of training a neural network to detect a hole or cracks in
images and using the thus trained neural network for such detection. Embodiments of the
proposed detecting system consider two levels of hierarchy to detect holes in images, the first
level being image transformation to suppress non-crack information, and the second level
being training a conditional generative adversarial network (cGAN) using the transformed
images. The proposed detecting methods at the first level allow each original image patch to
be converted to a near-binary image patch, providing the flexibility to incorporate prior
knowledge about the unique characteristics of hole cracks, and directing the deep learning

model trained at the second level to focus on identifying shape information.
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To be specific, at the first level, the original images are transformed into near-binary image
patches by image segmentation and filtering. In each image patch, the generation of image
patches after hole detection combines a set of filter responses to highlight the hole and its
crack. At the second level, the cGAN is trained using the transformed images to further
enhance the weak appearance of such cracks and hence improve the detection rate. In some
embodiments, the second level can be further refined by combining losses from multiple

discriminator networks to rapidly converge the cGAN towards an optimal solution.

Such a method 100 is shown in Figure 2. The method 100 broadly includes:
transforming each training image from a plurality of training images by:
Step 102: detecting a hole in each training image of a plurality of training
images; and
Step 104: transforming each training image into a transformed image, to
suppress non-crack information in the training image; and
Step 106: training a neural network using the transformed images, to detect cracks in
further images.

Once the neural network has been trained, per Step 106, the trained neural network will then
be used to identify cracks (e.g. locate crack features in objects in further images that did not
form part of the trained corpus of images). To that end, the method 100 will further include:
Step 108: receiving at least one further image (i.e. a new image that did not appear in
the training images); and
Step 110: applying the neural network trained at Step 106 to the further image(s), to
detect cracks in the further image(s).

A "hole" in an image is something that looks like a physical hole — e.g. an intentional hole such
as a rivet hole or bolt hole, or unintentional hole such as one formed by corrosion, weakening
or impact. A hole is defined by particular image features. Step 102 may therefore involve
processing the images to identify hole features (and therefore holes) using one or more of
various known machine learning approaches. In the present context, step 102 involves
employing local standard deviation filtering based on pixel lightness or contrast. The local
standard deviation is calculated over a predetermined window size. Where more than one
window size is used, the results may be summed or otherwise combined (e.g. through
weighted summation). For example, filtering may be performed based on the local standard
deviation of the lightness of the image using two window sizes: e.g. 5 and 9 pixels. A combined
response of local standard deviation is then obtained by summing the responses for the two

window sizes.
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Step 102 may also involve thresholding the response (e.g. determining whether the combined
filter response exceeds a predetermined threshold), to generate an initial mask for holes. Step
102 may further involve analysing shape properties of each candidate hole and refining the
initial mask (thereby producing a refined mask) for the holes based on the shape properties.
Such analysis may include determining whether there is a complete boundary for the hale —
e.g. for a rivet or bolt hole the boundary of the hole will form a closed circle. Relevant shape
image feature analysis methods will be understood by the skilled person in view of present
teachings.

Holes may be detected per Step 102 by applying or producing a segmentation mask that
distinguishes between hole pixels and non-hole pixels. Segmentation may include performing
active contour-based segmentation to detect the hole in the image. Moreover, a set of filters
may be applied, the set of filters being designed to enhance image features based on a shape
of each relevant feature. As discussed below, applying a set of filters may include, for example,
applying Jerman's 2D vesselness filter and a multi-scale line filter to the image to enhance

crack information in the training image.

The training images may then be segmented to produce a segmentation mask, and the
segmentation mask combined with responses from the set of filters. Based on the
segmentation mask and the responses from the set of filters, a surrounding region can be
identified that surrounds the hole. A filter can then be applied to the surrounding region to
enhance crack features. Therefore, cracks are identified by reference to holes.

Notably, one capability of embodiments of the present method can be that the progression of
a crack can be monitored over time. To that end, per Step 112, a number (i.e. two or more) of
the training images may form a series of temporally spaced images of a common object —i.e.
the same object, such as a particular region of a turbine blade or a particular hole, is captured
in each of the images. Crack features are then detected by reference to the hole detected in
the object in each of the training images — this can involve comparing crack features detected
in a first image in the series with crack features detected in a second image in the series to
determine crack progression. If there is no progression — elongation or enlargement — of the
crack then the structure of the object may still be acceptable. If there is progression of the
crack, the structure may need repair. Note: in this sense, the absence of crack features from
an earlier image, and the presence of crack features in a later image of the same object, is
considered to be a circumstance of comparing crack features and thus of detecting crack

progression. After training, the same process can be used on new or further images.
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Conversely to identifying cracks by reference to holes, crack features may also be disregarded
if they are not associated with a hole.

Step of the method 100 are more fully explored by reference to method 200 of Figure 3.
Method 200 is similarly used for training a neural network to detect a crack or hole in images.
The method 200 broadly comprises:
transforming images by:
Step 202: detecting a hole in each training image of a plurality of training
images; and
Step 204: transforming each training image into a transformed image, to
suppress non-crack information in the training image; and

Step 206: training a neural network using the transformed images.

As step 202, a method for generating image patches is first conducted. Step 204 then involves
converting each image into a near-binary image. In some embodiments, each patch is

transformed into near-binary image patches by image filtering and segmentation.

Image filtering conducted at step 204 may comprise, for each training image, applying a set
of filters. The set of filters is designed to enhance image features based on a shape of each
said feature. The image features are then used to enhance tubular or vessel-like structures.
For instance, Hessian based filters can be used to enhance thin vessel-like structures. Such
filters employ the analysis of second order derivatives of image intensity, which is encoded in
a Hessian matrix. The core of each Hessian based filter is an enhancement function, a
mathematical expression involving the eigenvalues of the Hessian matrix, based on which the
response of the filter is computed. Hessian based filters aim to indicate or identify elongate
structures by the enhancement function of Hessian eigenvalues. However, the response of
Hessian based filters may exhibit various deficiencies such as variation of eigenvalues with
image intensity and non-uniformity of enhancement across scales.

Applying a set of filters may therefore instead, or in addition, include applying a vessel
enhancing filter. One such example for use in present methods is Jerman's 2D vesselness
filter that is applied to each training image to enhance crack information in the training image
— it may similarly be applied to new images after training. Jerman's 2D vesselness filters are
used to overcome the aforementioned challenges faced by the Hessian based filters. For
completeness, to define Jerman's 2D filter we let A, =1,2,3 denote the Hessian eigenvalues
of an image at each coordinate x. Considering the ideal eigenvalues’
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relationship A2 = As A |Az3|>>|A1| in vasculature — being the origin of the term "vessel” in
"vesselness”, which itself is intended to suggest the degree to which features represent a
vessel of the vasculature — a Hessian eigenvalues function can be constructed to improve the
enhancement performance using two-step piecewise compensation. In the present scenarios,
it may be assumed that cracks have appearance features (i.e. features identifiable in images)
that resemble vessels of the vasculature. Thus, vesselness filters may be understood to

similarly refer to the degree to which particular image features represent a crack.

In some scenarios, the magnitudes of A2 and A3 may be lower at the vascular boundary or in
the low-scale vessel (|As| = |Az| = |Aj|—Low). This does not match the ideal Hessian
eigenvalues relationship in vasculature, resulting in significant attenuation of the vesselness
response. A piecewise compensation on the eigenvalue Ascan be accordingly performed as:

N As i Az < T ming Ag{x. ),
Ay = ) . _
- Trail, d{x, 51 otherwise,

where ois the vessel scale and ris a threshold between 0 and 1. In addition, traditional
vesselness filters would suppress blob-like structures and obtain poor response at vascular
nodes (|A1| = |Az| = |As|— High). Blob-like structures in the present context may include holes
and the like. Thus, compensation can be applied to the ellipsoid structure conforming to the
condition A2 = A,/2 > 0 to construct the final vesselness function according to:

£ Ay > UA A U,
i Ay € A,72,

~ Ag} ( - ) otherwise .

L AZTAL

Jerman's 2D vesselness filters are based on the ratio of multiscale Hessian eigenvalues. In
the present disclosure, /is used to denote the normalized lightness channel of the input image,
i.e., its values lie in [0, 1]. With / as input, Gaussian smoothing can be firstly performed with
standard deviation, which is equal to 1.5. A number of filter responses can then be obtained.
In the present example, two filter responses of the smoothed image are obtained.

The two filter (i.e. P = 2) responses include V7 for dark cracks on bright background, and V>
for bright cracks on dark background. The vessel scale ois set to be from 0.5 to 2 with a step
size of 0.5. It will be appreciated that other ranges may be used depending on the features



WO 2021/118463 PCT/SG2020/050727
11

sought to be identified, lighting and other factors. Decreasing r generally increases A, since
there is a higher likelihood that A2 > A,/2, for which Vpis set to 1. The consequence of this is,
in general, a more uniform response on bright cracks for r < 1. In some embodiments, the

cutoff threshold 7 is set to be 1 for controlling response uniformity.

Applying the set of filters may further comprise applying a multi-scale line filter to the image to
enhance crack information in the training image. The basic idea of the multi-scale line filter is
that line detection at varying scales can be achieved by simply changing the length and
orientation of a basic line filter. The multi-scale line filter is based on a combination of the
eigenvalues of the Hessian matrix. The resultant multi-scale line-filtered images provide
significantly improved segmentation and visualization of curvilinear structures. For better
robustness, said multi-scale line filter is exploited with the inverse image (i.e., 7-) as input.
Based on the prior statistics of crack length, scales are arranged from a minimum number of
pixels (presently 5 pixels) to a maximum number of pixels (presently 11 pixels), with a step
size that moves from the minimum to the maximum in a whole number of steps (presently 2
pixels). The combined multi-scale line filter response, denoted by R, is thus obtained by
linearly combining the line filter responses at selected scales.

For each training image, step 202 may also comprise segmenting the training image to
produce a segmentation mask. Image segmentation is used to figure out which pixels of the
image belong to which objects when there is more than one object in view in a scene at the
same time. It is a process of partitioning a digital image into multiple segments (i.e.
sets of pixels, also known as image objects). The main aim of image segmentation is to
segment the meaningful regions of interest for processing. In some examples, image
segmentation may include assigning a label to every pixel in an image such that pixels with
the same label share certain characteristics, such as color, intensity, or texture. In this case,
it may be that each identified pixel either is considered to represent a hole pixel, or a not-hole
pixel.

In some examples, the corresponding result of image segmentation may be a set of contours
extracted from the image. Contours herein refer to boundaries designed for the area of interest
required in an image. Indeed, image segmenting may comprise performing active contour-
based segmentation of the hole in the image. Active contour can be described as active model
for the process of segmentation, and is a defined model for segmentation of pixels from the
required region of interest for which processing is performed to obtain the outcome for
research. In particular, active contouring is used in present methods to produce a pixel-wise

segmentation mask for each object. This technique is applied for separation of foreground
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from the background. The segmented region of interest undergoes further image analysis, and
defines a separate boundary or curvature for the regions of target object for segmentation. It
is also defined as the use of energy forces and constraints for segregation of the pixels of
interest from the image for further processing and analysis. This can dramatically increase
accuracy of the training process, while also reducing computational load by avoiding lengthy

processing of every pixel or kernel.

Figure 4 illustrates an example workflow 300 of patch transformation at step 202/204 for
converting each raw image patch into transformed images (i.e. near-binary patches). In pre-
processing, all holes in each image are detected. An image patch is then created for each
hole. For each image patch, the hole is placed at the centre. Moreover, each patch contains
only one hole. Thus, for each detected hole, a corresponding image patch is cropped, and
segmentation/masking/active contour is applied to the cropped image patch.

The objective of generating image patches in a transformed space (i.e. near-binary image
patches) is to enhance the hole and its associated crack (if any) and to suppress irrelevant
information from the background at the same time. This objective is achieved by combining
the segmentation mask of the holes with responses of the set of filters. For each patch 302,
active contour based segmentation of the detected hole is performed first at the center of the
holes in the image. After segmenting the training image, the Jerman'’s 2D vesselness filter and
multi-scale line filter may be further used for the enhancement of crack information in the
training image.

Based on the resulting segmentation mask 304 and the filter responses 306, the next step is
to identify a surrounding region in which the enhanced response for cracks should be retained
based on the segmentation mask and the responses from the set of filters. In some
embodiments, transforming each training image comprises applying a filter to the surrounding
region to enhance crack features to produce a filter response 308 as well as applying
Gaussian blur to the surrounding region to produce a Gaussian blurred segmentation mask
310 of the hole. The filter response for a dark crack in the surrounding region and the Gaussian
blurred segmentation mask of the hole can be combined by taking the maximum value of

them, resulting in a near-binary image patch 312.

Figure 5 illustrates example filter responses and the corresponding near-binary patch. In
particular, Figure 5A shows said normalized lightness channel / of the input image. Figure 5B
to 5D illustrates respectively the filter response V;,V,,and R of the image patch in Figure 5A.

As shown in Figure 5E, by integrating the filter responses V,,V,,and R with the segmentation
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mask of the hole, a region of interest (ROI) mask can be obtained. Said region of interest (ROI)
is an area of an image defined for further analysis or processing. In particular, the ROl mask
indicates the region in which strong filter responses should be retained — e.g. a region
containing filter responses that exceed a predetermined threshold. The resulting near-binary
patch is then obtained by taking the maximum value the filter response and the Gaussian

blurred segmentation mask inside ROI, as shown in Figure 5F.

It will be appreciated that some alternative methods may be used to obtain the final near-
binary patch. For example, the final near-binary patch can be obtained by performing non-
linear filtering of the near-binary patch (see Figure 5G). A non-linear filtering is one that cannot
be done with convolution of Fourier multiplication. On the one hand, nonlinear filters offer
definite advantages over linear filters in preserving the detailed structure of the signal and in
suppressing long-tailed noise processes. On the other hand, nonlinear filters are considerably
harder to use and design than linear ones, because the mathematical tools such as
the impulse response and frequency response cannot be used on them. A nonlinear filter may
also produce results that vary in a non-intuitive manner. The final near-binary patch can also
be obtained by generating an RGB image patch instead by using the three filter responses
Vi, Vo,and R (see Figure 5H). Table | shows the comparison results of different patch
generation methods in terms of precision, recall and F-score. Among the three methods, the
proposed method based on near-binary patch was shown to achieve the highest F-score and
recall. Results for methods illustrated in Figures 5G and 5H have shown that these alternative
methods are inferior to the adopted one illustrated in Figure 5B to 5E.

Precision Recall F-score

Near-binary patch (see Figure 5F) 84.0% 86.9% 85.4%
Nonlinear filtering (see Figure 5G) 86.4% 83.6% 85.0%
RGB patch (see Figure 5H) 83.5% 81.1% 82.3%

Table |

Figure 6 illustrates three kinds of near-binary patches. In particular, Figure 6A shows example
filtered non-crack patches. As shown in Figures 6B and 6C, the method 200 may further
comprise producing one or more further training images by combining a hole segmentation
mask with a crack segmentation mask. To be specific, for training images and with the
available ground truth mask for cracks, “crack” patches are enhanced by directly combining
the hole segmentation mask with the crack mask. The above strategy has the ability to
generate alternative sets of training image patches. In particular, Figure 6B shows one kind of



WO 2021/118463 PCT/SG2020/050727
14

crack patches which are enhanced by the filter response. Figure 6C illustrates another kinds
of crack patches which are further enhanced with the ground truth (GT) crack mask. To train
the cGAN to further enhance the crack, manually drawn ground truth masks for cracks may
be overlaid on the filtered images to construct ground truth images. Compared to the crack
patches in Figure 6B, the cracks in GT images in Figure 6C are thicker and more prominent,
with even less background noise. As will be discussed later, the neural network trained at step

206 aims to have the ability to discriminate said crack and non-crack patches.

Despite the filtering and segmenting enhancement at step 202/204, the crack in the near-
binary image patches may be still thin and weak. In some embodiments, thin and weak cracks
may still be detected by reference to holes — e.g. by those cracks extending from holes.
Moreover, cracks can be distinguished from more readily identifiable noise (e.g. discolouration
or dirt that looks like a crack) by virtue of the association of those cracks with holes and the
lack of association of the noise with holes.

One way to detect weak and thin cracks in image patches is using a neural network trained at
step 206 using the transformed images so as to enhance defects and hence improve the
detection rate. In some embodiments, the neural network consists of three components,
including one generator and two discriminators. At step 206, the training set is constructed
first by using the available training images generated at step 204. The neural network may
take a pair of images, i.e. the filtered and GT images in both the generator and the
discriminator networks. In some embodiments, the GT images may be associated with the

training images.

The generator is designed to generate like-real patches to fool the adversarial discriminator
and enhance the perceptual discriminator. During training, the generator learns to generate
images that cannot be distinguished from real GT images by the adversarial discriminator.
The first discriminator is an adversarial one for discriminating real GT images and generated
images. The second discriminator is a perceptual discriminator incorporated in the framework
used to discriminate crack/non-crack patches. In this regard, for each patch, representing
either crack or non-crack, there is a GT image and a generated image. In the context of the
training and testing phases, the terms "patch" and "image" may be used interchangeably. This

is particularly the case where the patches contain only one hole.

Step 206 may comprise training a cGAN in the transformed space for patch-based crack
detection. A cGAN is a type of generative adversarial network (GAN). GAN is a type of deep
learning network that can generate data with similar characteristics as the input training data.
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A GAN consists of two networks that are trained together, including a generator and a
discriminator. The generator of the GAN generates data with the same structure as the training
data given a vector of random values as input. The generative model G learns to map input
data z from noise distribution p,(z) to data x in data space: G:z - x. Given baiches of data
containing observations from both the training data, and generated data from the generator,
the discriminator attempts to classify the observations as "real" or "generated".

Figure 7 shows an example structure of the proposed cGAN 600. Compared to traditional
GAN, cGAN takes advantage of labels during the fraining process. That is, cGANs learn from
an additional observation y: G: {y, z} — x. Similar to GAN, given a label and random array as
input data z 602, the generator 604 of cGAN generates with the same structure as the training
data observations corresponding to the same label. Given batches of labeled data containing
observations from both the training data and generated data from the generator 604, the
adversarial discriminator 606 of the cGAN attempts to classify the observations as "real" or
"generated". The perceptual discriminator network 608 is incorporated into the framework as

a defect/non-defect classifier.

In the proposed cGAN setup, the neural network takes a pair of input images, filtered (i.e. y,
see 610) and GT image (i.e. x, see 612), in both the generator and discriminator networks.
Using pairs of images with ground truth labelling as input, the generator network is trained to
generate images in which the defects become more apparent and the perceptual discriminator
network is trained to classify defect images from normal images simultaneously. The
adversarial discriminator network D, 606 outputs an estimated probability of the input
belonging to the real GT image 612. These parameters are obtained by optimizing a loss

function:

Ldis_a(Da) = —logD,(y,x) — log(1— Da()’; Gy, Z)))
The perceptual discriminator network D, 608 outputs an estimated probability p of the input
containing a crack. During training stage, the perceptual discriminator network D, 608 is
trained by GT images x to achieve high classification accuracy. The perceptual discrimination

loss is defined by the loss of binary classification:

Lgis p(*) = —logpy(x) = —glogp(x) — (1 — g)log(1 —p(x))
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where g indicates the ground truth class. The parameters of the generator network are
obtained by optimizing a loss function that is the sum of the adversarial loss and the perceptual
loss produced by the discriminator networks:

Lg(G) = Lo (G) + Ldis_p(G)
where
La(G) = —log Dy (y, G(v, 2)).

Figure 8 shows cGAN training for enhanced patch generation. The generator network 604 and
the two discriminator networks 606, 608 are trained simultaneously so as to maximize the
performance of them. To maximize the performance of the generator 604, the sum of the
adversarial loss and the perceptual loss (i.e. L;(G)) needs to be maximized when given
generated labeled data. The target of the generator 604 is to generate labeled data that the
adversarial discriminator 606 classifies as ‘real’, and to generate labeled data that the
perceptual discriminator 608 classifies correctly as containing ‘crack’ or not containing ‘crack’.
To maximize the performance of the adversarial discriminator 606, the target is to minimize
the loss of the adversarial discriminator when given batches of both real image 612 (i.e. x)
and generated labeled data (i.e. G:{y, z}, see 614). As shown in Figure 8, the objective of the
adversarial discriminator 606 is to not be fooled by the generator 604. To maximize the
performance of the perceptual discriminator 608, the target is to minimize the loss of the
perceptual discriminator 608 when given batches of both filtered (i.e. y, see 610) and
generated labeled data G: {y, z} 614. It will be appreciated that an ability of the perceptual
discriminator 608 to discriminate between crack/non-crack patches increases as an ability of
the adversarial discriminator 606 to discriminate between GT images and generated images
decreases.

These above strategies result in a generator that generates convincingly realistic data that
corresponds to the input labels and discriminators that has learned strong feature
representations that are characteristic of the training data for each label. Thereby, the
generator 604 is forced to produce images that can be classified more easily by the perceptual
discriminator and that the adversarial discriminator finds more difficult to classify. This
approach can be considered under the paradigm of transfer learning, that is, the neural
network is trained on a first task is re-purposed on a second, related task. The intuition behind
transfer learning is that if a model is trained on a large and general enough dataset, this model
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will effectively serve as a generic model. It is easy to take advantage of the learned feature

maps without having to start from scratch by training a large model on a large dataset.

In some embodiments, the method 200 also includes a testing step 208 (see Figure 3), which
includes transforming the “new” or "further” training images into a similar space as that of the
training set; and then fine tuning the trained models, if necessary. As mention before, said
transformed space is used to facilitate transfer learning for crack detection, which addresses
the challenges arising from weak signals due to the inherent shape characteristics of cracks,
as well as large appearance variations caused by varying imaging conditions. In the testing
stage, an image generated by the generator network is passed to both the adversarial
discriminator network D, and the perceptual discriminator network D,,.

Embodiments of the proposed method 200 are further illustrated by reference to the following

non-limiting experiment results.

Table | shows an example training and testing dataset. The process was repeated a number
of times to obtain a mean score. The aforementioned method 200 was applied and validated
on a dataset of images of turbine blades of aircraft engines containing over 2500 image
patches of 256 by 256 pixels, where 80% of the whole dataset was selected randomly as a
training set, and 20% as a testing set (see Error! Reference source not found.).

Crack Non-crack Total

Training 698 1582 880

Testing 177 394 571
Table I

The quantitative evaluation is shown in Table Ill, which shows performance comparison on
five detection methods. Crack detection accuracy was measured by precision, recall and F-
score. The EfficientGAN is a semi-supervised anomaly detection method, that learns a feature
representation from “normal” samples and identifies anomalies by identifying any deviations
from this normal. In particular, 80% of the normal data (non-crack patches) is used as a training
set. Regarding the detection method Orig+Class, the original image patch I is fed directly into
a simple convolutional neutral network (CNN) for classification. The whole dataset is split into
three-fold cross validation for training and testing. For Filter+Class, the filtered result Ir;z. is
fed directly into a simple convolutional neutral network (CNN) for classification. Similarly, the
whole dataset is split into three-fold cross validation for training and testing. Regarding
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cGAN+Class, the original cGAN is used first to enhance the filtered images. For crack
classification, the same CNN is trained by GT images and tested on the output images of
cGAN. For the proposed cGAN, 80% of the whole dataset was randomly selected as a training
set and 20% as a testing set. The process was repeated four times to get the average
accuracy. The results have shown that the integrated perceptual discriminator is very effective

in improving the crack detection accuracy.

Precision Recall F-score

Orig+Class 83.0% 73.2% 77.8%

Filter+Class 84.0% 86.9% 85.4%

cGAN+Class 75.9% 86.8% 81.0%

EfficientGAN 70.4% 92.1% 79.8%

Proposed cGAN 100% 96.8% 98.4%
Table IlI

Figure 9 is a block diagram showing an exemplary computer device 800, in which
embodiments of the invention may be practiced. The computer device 800 may be a mobile
computer device such as a smart phone, a wearable device, a palm-top computer, and
multimedia Internet enabled cellular telephones, an on-board computing system or any other
computing system, a mobile device such as an iPhone ™ manufactured by Apple™, Inc or
one manufactured by LG™, HTC™ and Samsung™, for example, or other device.

As shown, the mobile computer device 800 includes the following components in electronic
communication via a bus 806:
(a) a display 802;
) non-volatile (non-transitory) memory 804;
c) random access memory ("RAM") 808;
) N processing components 810;
) a transceiver component 812 that includes N transceivers; and

f) user controls 814.

Although the components depicted in Figure 9 represent physical components, Figure 9 is not
intended to be a hardware diagram. Thus, many of the components depicted in Figure 9 may
be realized by common constructs or distributed among additional physical components.
Moreover, it is certainly contemplated that other existing and yet-to-be developed physical
components and architectures may be utilized to implement the functional components
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described with reference to Figure 9.

The display 802 generally operates to provide a presentation of content to a user, and may be
realized by any of a variety of displays (e.g., CRT, LCD, HDMI, micro-projector and OLED
displays).

In general, the non-volatile data storage 804 (also referred to as non-volatile memory)
functions to store (e.g., persistently store) data and executable code. The system architecture
may be implemented in memory 804, or by instructions stored in memory 804.

In some embodiments for example, the non-volatile memory 804 includes bootloader code,
modem software, operating system code, file system code, and code to facilitate the
implementation components, well known to those of ordinary skill in the art, which are not
depicted nor described for simplicity.

In many implementations, the non-volatile memory 804 is realized by flash memory (e.g.,
NAND or ONENAND memory), but it is certainly contemplated that other memory types may
be utilized as well. Although it may be possible to execute the code from the non-volatile
memory 804, the executable code in the non-volatile memory 804 is typically loaded into RAM
808 and executed by one or more of the N processing components 810.

The N processing components 810 in connection with RAM 808 generally operate to execute
the instructions stored in non-volatile memory 804. As one of ordinarily skill in the art will
appreciate, the N processing components 810 may include a video processor, modem
processor, DSP, graphics processing unit (GPU), and other processing components.

The transceiver component 812 includes N transceiver chains, which may be used for
communicating with external devices via wireless networks. Each of the N transceiver chains
may represent a transceiver associated with a particular communication scheme. For
example, each transceiver may correspond to protocols that are specific to local area
networks, cellular networks (e.g., a CDMA network, a GPRS network, a UMTS networks), and

other types of communication networks.

The system 800 of Figure 9 may be connected to any appliance 818, such as one or more
cameras mounted to the vehicle, a speedometer, a weather service for updating local context,

or an external database from which context can be acquired.
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It should be recognized that Figure S is merely exemplary and in one or more exemplary
embodiments, the functions described herein may be implemented in hardware, software,
firmware, or any combination thereof. If implemented in software, the functions may be stored
on or transmitted over as one or more instructions or code encoded on a non-transitory
computer-readable medium 804. Non-transitory computer-readable medium 804 includes
both computer storage medium and communication medium including any medium that
facilitates transfer of a computer program from one place to another. A storage medium may

be any available medium that can be accessed by a computer.

It will be appreciated that many further modifications and permutations of various aspects of
the described embodiments are possible. Accordingly, the described aspects are intended to
embrace all such alterations, modifications, and variations that fall within the spirit and scope
of the appended claims.

Throughout this specification and the claims which follow, unless the context requires
otherwise, the word “comprise”, and variations such as “comprises” and “comprising”, will be
understood to imply the inclusion of a stated integer or step or group of integers or steps but
not the exclusion of any other integer or step or group of integers or steps.

The reference in this specification to any prior publication {(or information derived from it), or
to any matter which is known, is not, and should not be taken as an acknowledgment or
admission or any form of suggestion that that prior publication (or information derived from it)
or known matter forms part of the common general knowledge in the field of endeavor to which
this specification relates.
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Claims

1. A method for training a neural network, comprising:

transforming each training image of a plurality of training images by, for each

training image:
detecting a hole in the training image; and
transforming the training image into a transformed image, to suppress

non-crack information, by detecting crack features by reference to the hole

detected in the respective training image; and

training a neural network using the transformed images, to detect cracks in
images,
wherein transforming each training image further comprises, for each training image:

applying a set of filters, the set of filters being designed to enhance image
features based on a shape of each said feature, segmenting the training image to
produce a segmentation mask, and combining the segmentation mask with
responses from the set of filters;

identifying, based on the segmentation mask and the responses from the set
of filters, a surrounding region; and

applying a filter to the surrounding region to enhance crack features to
produce a filter response, applying Gaussian blur to the surrounding region to
produce a Gaussian blurred segmentation mask of the hole, and attributing to the
transformed image a maximum of the filter response and Gaussian blurred

segmentation mask.

2. The method of claim 1, further comprising:
receiving at least one further image; and
applying the trained neural network to the at least one further image, to detect

cracks in the at least one further image.

3. The method of claim 1, wherein segmenting comprises performing active contour-based

segmentation of the hole in the image.

4. The method of claim 1, wherein applying a set of filters comprises applying Jerman's
2D vesselness filter and a multi-scale line filter to the image to enhance crack

information in the training image.
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The method of claim 1, wherein a plurality of the training images form a series of
temporally spaced images of a common object, and detecting crack features by
reference to the hole detected in the respective training image comprises comparing
crack features detected in a first image in the series with crack features detected in a
second image in the series to determine crack progression.

The method of claim 5, wherein each image comprises an object, the method further
comprising:

receiving a further image of an object;

applying the trained neural network to the further image, to detect crack
features in the further image; and

comparing the crack features in the further image to crack features in a
temporally previous image of the object of the further image to determine crack

progression.

The method of 1, wherein transforming each training image into a transformed image,
to suppress non-crack information in the training image, comprises disregarding crack

features that are not associated with a hole detected in the respective training image.

The method of claim 1, further comprising producing one or more further training images

by combining a hole segmentation mask with a crack segmentation mask.

The method of claim 1, wherein training the neural network comprises training a
conditional generative adversarial network (cGAN) using the transformed images to
detect cracks, the cGAN comprising an adversarial discriminator for distinguishing
between real ground-truth (GT) images and generated images, and a generator for

generating the generated images.

The method of claim 9, comprising incorporating a perceptual discriminator into the
cGAN such that an ability of the perceptual discriminator to discriminate between GT
images and generated images increases as an ability of the adversarial discriminator

to discriminate between GT images and generated images decreases.

The method of claim 10, wherein the perceptual discriminator outputs an estimated
probability p of the training image containing a crack, wherein a perceptual

discrimination loss is defined a loss of binary classification according to:
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Lgis,(x) = —logpg(x) = — g logp(x) — (1 - g) log(1 - p(x))

where g indicates a ground-truth class.

12. The method of claim 8, wherein parameters of the generator are obtained by optimizing
a loss function being a sum of the adversarial loss and a perceptual loss produced by

the adversarial discriminator and perceptual discriminator, according to:

Ls(G) = La(G) + Ldis_p (@)
where
Lq(G) = — logDa(y’ Gy, Z))

13. A system for training a neural network, comprising:
memory; and
at least one processor, the memory storing instructions that, when executed
by the at least one processor, cause the at least one processor to:
transform each training image of a plurality of training images by, for
each training image, by:
applying a set of filters, the set of filters being designed to
enhance image features based on a shape of each said feature,
segmenting the training image to produce a segmentation mask, and
combining the segmentation mask with responses from the set of
filters,
detecting a hole in the training image;
transforming the training image into a transformed image, to
suppress non-crack information, by detecting crack features by
reference to the hole detected in the respective training image;
identifying, based on the segmentation mask and the
responses from the set of filters, a surrounding region; and
applying a filter to the surrounding region to enhance crack
features to produce a filter response, applying Gaussian blur to the
surrounding region to produce a Gaussian blurred segmentation mask
of the hole, and attributing to the transformed image a maximum of the
filter response and Gaussian blurred segmentation mask; and
train a neural network using the transformed images, to detect cracks

in images.
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14. The system of claim 13, wherein the at least one processor is configured to perform the
method of claim 1.

15. The system of claim 13, wherein the at least one processor transforms each training
image into a transformed image, to suppress non-crack information in the training
image, by detecting crack features by reference to the hole detected in the respective

training image.

16. The system of claim 15, wherein either:

the at least one processor is further configured to:

receive at least one further image; and

apply the trained neural network to the at least one further image, to
detect cracks in the at least one further image,
wherein transforming each training image into a transformed image, to
suppress non-crack information in the training image, comprises detecting
crack features by reference to the hole detected in the respective training
image; and/or
wherein a plurality of the training images form a series of temporally spaced
images of a common object, and the at least one processor is configured to
detect crack features by reference to the hole detected in the respective training
image by comparing crack features detected in a first image in the series with
crack features detected in a second image in the series to determine
progression of a crack, and wherein each image comprises an object, the at
least one processor being further configured to:

receive a further image of an object;

apply the trained neural network to the further image, to detect crack
features in the further image; and

compare the crack features in the further image to crack features in a
temporally previous image of the object of the further image to determine crack

progression.



