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Abstract  

One of the main obstacles of high accuracy Computer Aided Design (CAD) and Computer Aided Engineering 
(CAE) of casting components is detection and quantification of defects. Hardest defects to find are defects that 
have formed in the component's volume and it is nearly impossible to locate and quantify them by Visual Testing 
(VT). One way of finding such Defects is to use Radiography Test (RT), Results of this inspection can be improved 
by means of Image processing and local feature detection algorithms. The improved Inspection is expected to 
evaluate the defect map of Components which have sensitive functions in Aerospace, Mechanical or Civil 
Engineering applications. In this paper, we focus on implementing derivative-based feature recognition algorithms 
such as Harris detector and another similar interest point (Corner, Edge) detector algorithms. In order to inspect 
components with complex geometries for the existence of porosity or other defects, we need to take many 
radiographs of the same location, the resulted images will be in different angles, scales, and illuminations. In this 
paper, local feature detectors such as Harris, Harris-Laplace, and MSER are implemented, in order to detect flaws 
regardless of image imperfections. To illustrate the methods and compare the capabilities of aforementioned 
algorithms, a typical cast iron Brake disk was used as a test specimen for (RT) inspection, after exerting image 
processing procedure and local feature detector algorithms, different size and types of defects were found as an 
indicator of algorithm robustness. 

Keywords: Radiographic Testing (RT), Image Processing, Local feature detection (LFD), feature 
Correspondence matching, Edge Detection. 
 
1-Introduction 

The ultimate goal of casting is to produce a certain number of casts with desirable and controllable properties, 
with minimum possible expenditure. Any minor imperfection or inconsistency in the production line can result in 
an increasing amount of waste product, rejected parts or increase the cost of maintenance. Defects reduce the 
reliability of the products, so manufacturers are eager to find them and remove the cause. Several types of 
fabrication-induced defects can be found in casting products such as Misran, Core defects, Cracks, Shrinkage, 
Dirt, and Porosity etc. [1]. Some of them can be detected using Nondestructive methods, Radiography testing is a 
robust method to detect defects with different density compared to context material which in this case is cast iron. 
RT is a commonly used NDT method for detecting internal flaws. It is based on the ability of X-rays or g-rays to 
pass through metal and other materials opaque to ordinary light, and produce photographic records by the 
transmitted radiant energy because different materials and thicknesses absorb X-ray to a different extent, 
penetrated rays show variations in intensity on the receiving films. That provides a means to examine the internal 
structure of a welded or casting components.[2] Developing technological resources capable of minimizing the 
presence of such imperfections that may compromise the structural integrity of pieces of equipment operating 
under pressure has been at the top of the industry’s priority list. 
There are many methods available to represent an image in computer vision, one of the main representation 
philosophies is using Global features ,An image can be described by Global features of the image like Histograms, 
as Grauman &Leibe [3] defined: If we can assume that the images are cropped to the object of interest and rather 
aligned in terms of pose, then the pixel reading at the same position in each image is likely to be similar for same-
class examples. Thus, the list of intensities can be considered a point in a high-dimensional appearance space 
where the Euclidean distances between images reflect overall appearance similarity. There are couple of factors 
that put limitation on capabilities of global methods for Radiography image processing purposes, for example 
very different pictures could have the same global representation, other problems like occlusion, clutter or view 
point will introduce difficulties in process of image categorization. Researchers have tried to address these 
problems, Bosch et al. [4] tried to solve the problem of histogram insensitivity by adding spatial information of 
the picture by separating the original image and calculating the sub grid histograms. The other philosophy of 
image description is using local features to describe properties of an image which are invariant to photometric and 
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geometric deformations such as illumination, scale, Rotation, Affine transformation and linear projections. The 
successful development of local invariant feature detectors and descriptors has had a tremendous impact on 
research in object recognition. Those features have made it possible to develop robust and efficient recognition 
approaches that can operate under a photometric and geometric deformations.  Tuytelaars & Mikolajczyk [5]  
studied local invariant feature representation methods, they defined local features as an image pattern which 
differs from its immediate neighborhood. It is usually associated with a change of an image property or several 
properties simultaneously, although it is not necessarily localized exactly on this change. They distinguished three 
categories of feature detectors based on their usage: Corner, Blob and region detectors. There are few essential 
properties that a good feature detector should have, Repeatability, Distinctiveness, Locality, Quantity, Accuracy 
and Efficiency. Tuytelaars & Mikolajczyk [5]  introduced Harris, Harris-Laplace and MSER algorithms as overall 
superior local feature detectors . Original  Harris detector [6] was developed in 1988 and in order to improve 
repeatability and Efficiency, Improved Harris detector[7] introduced and showed improved performance in 
Repeatability and distinctiveness here we used improved Harris as a local feature detector. Harris corner detector 
will give acceptable results for scale factors less than 1.5 [7] ,So Researchers developed scale invariant feature 
detector ,main idea behind this method is that feature detector checks same edges or corners for larger windows 
and they consider features as function of the region size. A good region size has only one peak, this method uses 
Harris corner detector in space or (image coordinates) and Laplacian in scale[5]. In computer vision, maximally 
stable extremal regions (MSER) are used as a method of region detection in images. This technique was proposed 
by Matas et al[8] .Scale Invariant Feature Transform (SIFT) is an image descriptor for image-based matching and 
recognition developed by David Lowe[9]. This descriptor is used for a large number of applications in computer 
vision related to feature matching between different views of a scene this algorithm is used to find correspondence 
between radiographs of different position and angle in this paper. In this paper we have implemented these 
methods to digitized Radiographs, of a casting component and we have found imperfection map of this component 
as a result.  

2- Theory 

Harris detector is based on the second moment matrix, also called the auto-correlation matrix, which is frequently 
used for feature detection purposes. The M matrix describes the gradient distribution in a local neighborhood of 
a pixel. In the equation (1), g is Gaussian operator, X=(x, y) is the location of selected pixel and �掴 and  �槻 are 
location of the local image derivatives which are computed with Gaussian kernels of scale σD(Differentiation 
scale), convoluted with the original image intensity (I). The derivatives are then averaged in the neighborhood of 
the point by smoothing with a Gaussian window of scale σI (Integration scale) smoothing the window limits, will 
reduce the noise sensitivities. Eigenvalues of the matrix M represent the principal signal changes in two orthogonal 
directions in a finite neighborhood around the point is defined with integration scale (σI). As a result, corners can 
be found as locations in the image that image signal varies significantly in both directions. Cornerness is a 
computationally less expensive measure proposed by Harris. Different values of cornerness will define the status 
of the pixels whether the pixel is Edge, Corner or flat. In equation (4) � is a numeric constant value equal to 0.04. 
[3] [5]  
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Harris-Laplace starts with a multiscale Harris corner detector as initialization to determine the location of the local 
features. Here as mentioned in equation (5) through (8) �掴 , �槻 are Laplacian kernels of the original intensity image. 
In equation (6) initial sigma (�) or scale parameter is set to be 1.5 and following scales are calculated for 13 steps 
with step gain equal to 1.2. The characteristic scale is then determined based on scale selection as proposed the 
idea is to select the characteristic scale of a local structure, for which a given function attains an extremum over 
scales. The selected scale is characteristic since it measures the scale at which there is a maximum similarity 
between the feature detection operator and the local image structures. Size of the region is therefore selected 
independently of the image resolution for each point. As the name Harris-Laplace suggests, the Laplacian operator 
is used for scale selection. As mentioned in equation (8) value of Laplacian of Gaussian (LoG) of a selected Harris 
point determines the scale characteristic of that point. [5] [7]  
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The enumeration procedure of MSER algorithm is as following: First, pixels are sorted by intensity. After sorting, 
pixels are marked in the image (either in decreasing or increasing order) and the list of growing and merging 
connected components and their areas is maintained using the union-find algorithm [10]. In other words, the 
MSER are the parts of the image where local binarization is stable over a large range of thresholds. Step size 
between intensity threshold levels, this value is expressed as a percentage of the input data type range used in 
selecting extremal regions while testing for their stability. Decrease this value to return more regions. [3] [5] [8] 

3- Test sample specifications 

The sample for Radiography testing was a typical cast iron brake disk shown in Figure 1, no visible flaws were 
detected on the surface of the brake disk since surface finishing was flawless. The maximum thickness of the disk 
is about 13 mm; other dimensions of the disk are presented in Figure 2. 

 
Figure 1. Cast-Iron brake disk 

 
Figure 2. Brake disk dimensions in millimeters 

 
In order to inspect the specimen for the existence of defects in the volume, radiography testing was used, as a 
mean to find flaws. Three photos were taken from different parts of the disk, all of them were taken from the top 
of the specimen, and the sensitive film was attached to the other side of the disk. Radiography testing 
specifications are represented in Table 1. 
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Table 1. Radiography testing specifications 
SFD(Source-to-Film Distance) 0.6 (m) 
Density 2 
Ci/KV 250 
mA 5 
Technique SWSI (Single wall, single image) 
Film Type KODAK 
Sensitivity 2% 
Ug (Geometric Un-sharpness) 0.002 (m) 

 

4- Results 

After taking a digital photo of ordinary radiography film, 3 feature detector algorithms were implemented on the 
digital images. All of the images were transformed into greyscale images and after that, feature detectors were 
used. According to Tuytelaars and Mikolajczyk local feature detector survey [5], Harris ,Harris-Laplace and 
MSER are amongst the most reliable local feature detector algorithms Here are results of these three algorithms: 
 

4-1 Harris_ Corner Detector 

Harris local feature detector algorithm is considered a Corner detector algorithm, it's worth mentioning that most 
of the corner detectors are capable of finding edges in the given image, According to Tuytelaars & Mikolajczyk 
[5] Harris detector has the highest repeatability and can detect  points of interest even after rotation transform, but 
it lacks the ability of sustaining proper detection after Affine transform or scaling. Here we performed this 
algorithm to Radiography images, results show a minor defect in Radiograph B and Major shrinkage in 
Radiograph C Area of the defect can be calculated by using detected points as outer corners of a polygon and 
dividing it into n triangles. There was no defect detected in Radiograph A even though global threshold was 
changed in a loop. 

 
Figure 3. Harris detector result for radiograph-A 

 
Figure 4. Harris detector result for radiograph-B 

 
Figure 5. Harris detector result for radiograph-C 
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4-2 Harris- Laplace Detector 

Harris-Laplace algorithm was performed on all of the Radiographs, Different Threshold values were used here 
T=0.07, T=0.007 results are represented in following table 2. Further change of threshold had small effect on 
number and location of detected interest points. As a result calculated area of the defect didn't change much by 
lowering threshold, also same as Harris detector no defect was found in radiograph A and small defect was found 
in radiograph B and large shrinkage was found in radiograph C. 
 

Table 2. Harris Laplace detector result for radiograph A-B-C, First row results are obtained with T=0.07, 
Second row results are obtained with T=0.007, Harris Laplace points are represented in last row with red dots, 

Threshold is same as second row. 
Radiograph A Radiograph  B Radiograph  C 

 

4-3 MSER Base Algorithm 

Here in MSER algorithm, the global threshold is equal to Step size between intensity threshold levels. This value 
is expressed as a percentage of the input data type range used in selecting extremal regions while testing for their 
stability. By decreasing this value from 25, algorithm returned more regions each step. 
 

Table 3. Number of Regions (NR) and Threshold (T) used to fined defect regions of Radiograph C with MSER 
T=25 
NR=1 

 

T=20 
NR=3 

 
T=15 
NR=3 

 

T=10 
NR=5 

 
T=2 
NR=16 

 

T=1 
NR=22 

 
T=0.1 
NR=25 

 

T=0.01 
NR=25 

 
 
Same procedure was used for other radiographs, Defects were found in interested areas by masking the unwanted 
Areas of the radiographs, the most sensitive part of brake disk is the circular section that interacts with brake pads 
during the operation of using brake in high velocities. 
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Figure 8.Detected defect region in radiograph B 

 

 
Figure 9. Detected defect region in radiograph C 

4-4 Noise effect 

 Gaussian white noise of mean M and variance V was added to radiographs. White noise mean was zeros and 
different variances were tested as a test of local feature algorithm capabilities. Noise variances were 1%, 3%, 5%, 
and 10%, after implementing noise, many false regions were detected and by increasing the noise variance, 
number of false regions amplified, calculated area didn't follow a certain decrease or increase pattern, calculated 
error and other results are presented in table 2. It's worth mentioning that global Threshold was set to value T=0.1. 
 

Table 4.Effect of Noise on Area of defect, calculated by MSER algorithm. 
Noise parameters: 
M=0 
V=0 

Flaw Area: 
A=2.18 square cm 
Number of regions: 
25. 

 
Noise parameters: 
M=0 
V=1% 

Flaw Area: 
A=1.74 square cm 
Error=-20.15% 
Number of regions: 
442. 

 
Noise parameters: 
M=0 
V=3% 

Flaw Area: 
A=1.78 square cm 
Error=-18.17% 
Number of regions: 
1151. 

 
Noise parameters: 
M=0 
V=5% 

Flaw Area: 
A=2.20 square cm 
Error=0.87% 
Number of regions: 
1533. 

 
Noise parameters: 
M=0 
V=10% 

Flaw Area: 
A=0.93 square cm 
Error=-57.48% 
Number of regions: 
2048. 

 
 
For Harris algorithm defect location was found only for 1% noise T=0.12, and for higher variance of white noise 
Harris algorithm couldn't find proper corners and edges. Harris-Laplace algorithm couldn't detect defects for noise 
variance higher than 1% with any value of global Threshold. 
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4-5 Scale-invariant feature transform 

The SIFT descriptor is invariant to translations, rotations and scaling transformations in the image domain and 
robust to moderate perspective transformations and illumination variations. So we used SIFT algorithm to find 
and attach each radiograph to its location on the cad model. Result of this procedure is presented in figure 10. 
  

 
Figure 10. Final defect distribution on Brake disk 

5- Conclusion 

In this paper possibility of casting-induced defect detection and categorization of digitized radiographs was 
studied with local feature detection algorithms such as Harris, Harris-Laplace, and MSER. MSER algorithm 
detected the shrinkage Area more accurately than Harris and Harris Laplace detector, Harris-Laplace detected 
more interest points with a threshold same as Harris detector. In Radiograph A No defect was detected. In 
radiograph B a minor Defect was detected by all of the algorithms, but only MSER algorithm was capable of 
calculating defect intensity (Area). In radiograph C a large region of Shrinkage was detected, Area of the defect 
was calculated by means of Point locations in Harris and Harris-Laplace methods and pixel count for MSER 
method. None of the aforementioned methods performed smoothly in a noisy situation, as conclusion series of 
denoising methods should be implemented on input images. In order to find correspondence between radiographs 
and CAD simulation, SIFT algorithm was successfully used. All in all results show that aforementioned local 
feature detectors can perform smoothly in digital radiographs with low level of noise. 
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