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Real-time pixel based multi-scale anomaly detection in multivariate images 

This thesis presents a method using machine vision for surface quality control in an 

industrial manufacturing process. The method is based on the anomaly detection due 

to challenging, large variety and low occurrence rate of possible defects that have to 

be identified. The control is performed on a surface of the inspected product using 

multiple light sources for better illumination which provides more information about 

the exterior conditions. The method itself handles the images taken from the different 

light sources and computes a statistical model of the obtained multivariate image at 

multiple scales in order to comprehend signaling the possible defects. For the final 

classification, a pixel based probability map is used to pinpoint possible defects. The 

method has been implemented in Matlab and tested on a sample set provided from a 

Swedish furniture factory. Experimental results show interesting properties as well as 

an evaluation of the proposed method. 

Pixelbaserad multiskalsanomalidetektion i multivariata bilder i realtid 

I det här examensarbetet presenteras en metod för optiskt ytavsyning i en industriell 

tillverkningsprocess. Metoden baseras på anomalidetektion eftersom defekterna som 

ska identifieras förekommer i stor variation och med låg frekvens. Avsyningen baseras 

på belysning med flera ljuskällor för att erhålla mer information om ytan. Metoden 

använder sig av bilderna tagna från de olika ljuskällor och skapar en statistisk modell av 

den erhållna multivariata bilden i multipla skalor för att omfatta de olika defekterna. 

För slutlig klassificering används en pixelbaserad sannolikhetskarta. Metoden är 

implementerad i Matlab och testad på en provkollektion från en svensk möbelfabrik. 

Resultaten visar intressanta egenskaper såväl som en utvärdering av den presenterade 

metoden. 
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1 Background, problem and aim 
Vision systems are used in a large variety of academic and industrial applications. Their 

increasing popularity is caused by availability of advance digital image sensors, as well 

as the demand for fast and reliable quality control (Facco, et al. 2011, Liang, et al. 

2009). 

1.1 Background 
OptoNova develops methods and solutions for automated visual quality assessment in 

industrial processes. A large number of these solutions is designed for wooden 

furniture industry where sustaining high quality is necessary. These vision systems are 

typically designed so that light from one or more synthetic sources is reflected by the 

inspected surface and then captured by one or more high-speed sensors (cameras). 

The real-time images from these sensors are then processed to find defects, which are 

later on compared with given quality standards of the product and then classified. 

1.2 Problem definition 
A major issue with vision systems is the extensive development time that is necessary 

to create a system that recognizes a large range of defects (from manufacture to 

material defects). One approach is to look at samples provided by the customer and 

handpick convolution kernels that enhance the defects for better detection. Such an 

approach will, however, usually depend on a large number of parameters which can 

increase the development time. Moreover a further increase can be caused when 

more light sources or more sensors are required to solve a given task. The problem 

could then become to handle this large quantity of data and parameters and to classify 

the data correctly in real-time. 

1.3 Method description 
A solution to the challenges stated above can be a pre-classification phase which finds 

defects for further examination. A machine learning approach can be used to solve this 

task. The choice between the different methods and techniques is based on several, 

deducted constraints. First of all the method should be able to analyze the data and 

create a model that describes only the correct samples. This is due to the fact that the 

defects are rare and in large variety which implies that the number of correct samples 

is far greater than the incorrect ones. Therefore a second constraint is that the method 

has to pinpoint anomalies i.e. samples that do not cohere with the model. The 

resulting method should also be possible to implement in a real time setting, due to 

the aimed, industrial application where the quality control is done directly after 
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production, often on the same production line. Since the method is aimed for a 

production line quality control of solid furniture parts that are transported on a 

conveyor belt, it can be assumed that in many cases the profile of these parts will stay 

the same along the conveyer belts axis. That is due to the machinery and the way the 

parts are produced. Therefore this assumption is used in this thesis. 

1.4 Aim 
This thesis aimed to research, implement and test at least one method appropriate for 

solving the problem mentioned above. This method has been tested with real world 

data and has been compared against a benchmark based on the receiver operating 

characteristics (ROC). 
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2 Theory 
Over the years many methods has been developed for the defect classification using 

different techniques from diverse areas of computer science. Several of those 

techniques were considered as appropriate for this thesis and researched. 

2.1 Scale-space 
To study real-world objects at different scales (e.g. at different distances or sizes) the 

computer vision community developed the scale-space framework. It exploits an 

approach where entities are stored in a multi-scale representation, which means that 

signals (images) are represented at several scales and tools that automatically adapt to 

scale can be used. The framework makes it possible to analyze those entities invariant 

to their size or distance towards the observer. Similar approach for such purpose is 

thought to be seen in biological vision (Lindeberg 2008). 

As mentioned above scale-space is used to represent signals at multiple scales. It is, for 

instance, useful for handling objects (e.g. defects) with different sizes and shapes. This 

multi-scale property might be useful to handle a complex defect set where the defect 

detection should be size and shape invariant. In this case the multi-scale 

representation might enhance defects in one or more scales and therefore raising 

chance of their detection. 

2.1.1 Gaussian function and derivatives 

Scale-space is usually implemented using the Gaussian function since a signal can be 

represented at given scale   by convolution with the Gaussian kernel   without 

introducing any artifacts at any coarser scale (Lindeberg 2008): 

  (     )  
 

   
  
(     )
    (1) 

where the variance      is the scale parameter and  (     ) is the two-dimensional 

case of the Gaussian kernel. This convolution is usually referred to as Gaussian 

smoothing of the signal. For a discrete two-dimensional image  , the smoothing step 

can be performed by a convolution with the Gaussian kernel    as follows: 

          (2) 

where  

     (     )  (3) 

and    denotes image represented at scale  . 
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It is possible that defects can correspond to local changes in the images which can be 

enhanced by derivatives of the images. Similarly in scale-space many tools are based 

on local scale derivatives to find points of interest. Particularly the second derivative is 

used. The derivatives can be approximated by differentiating the scale-space i.e. 

subtracting an image at certain scale with the same image at higher scale (Crowley and 

Parker 1984). This fast way of computing the Gaussian derivatives is called Difference 

of Gaussians (DoG): 

    {       }              (       )    (4) 

 

- =  

Figure 1: Visualization of DoG in one dimensional case, figure taken from (Szelski 2011) 

 

2.1.2 Multivariate scale-space 

To handle color images, a scale-space can be constructed from the color channels. It is 

necessary that these channels or their combination is linearly separable. Then the 

scale-space framework’s methods can be defined for them separately (Hall, de 

Verdiere and Crowley 2000). Furthermore this method might be sufficient for 

multivariate images where multiple dimensions correspond to different observations 

e.g. different light sources, even if those would not be linearly dependent. However 

diverse non-linear smoothing methods might be more appropriate to obtain desired 

results according to Lindeberg. 

2.1.3 Gaussian pyramids 

For a multi-scale representation of an image, it is common to use Gaussian pyramids 

where each layer corresponds to the image in different scale (Crowley, Riff and Piater 

2002, Lindeberg and Bertzner 2003, Szelski 2011). This can be implemented so that an 

image is iteratively smoothed (convolved) with the Gaussian kernel (see equation (1)) 

and then subsampled to reduce its size. This coarse-to-fine approach is fast and 

efficient (Crowley, Riff and Piater 2002). 

For the multivariate images, the separability property of a multidimensional Gaussian 

kernel is used such that smoothing and subsampling is done separate for each 

dimension.  
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2.2 Anomaly detection 
Several areas such as computer network security, MRI imaging, credit card transactions 

etc. use anomaly detection as more effective procedure. Over the years a variety of 

anomaly detection techniques has been developed. Usually those are application 

specific, hence the choice of the anomaly detection technique for this thesis relates to 

the chosen method (Chandola, Banerjee and Kumar 2009). 

2.2.1 Multivariate distribution 

Due to large quantity of defect free samples and a large variety in the possible defect 

types an anomaly detection approach might be necessary to correctly classify 

presented samples. A common method is to compute a statistical distribution of the 

defect free samples and classify everything outside that distribution as defects (Duda, 

Hart and Stork 2001, Szelski 2011). Such method can be performed in two steps, an 

offline learning phase and an online classification phase, where the latter should give 

sufficient real-time performance (Kim and Kang 2007). 

An appropriate and popular model for computing such distribution is the Gaussian 

Mixture Model (GMM). The GMM is based on normal distribution but due to its 

complexity it can be used to approximate other non-normal distributions (Friedman, 

Hastie and Tibshirani 2001). This is of interest when the model used for anomaly 

detection has to fit data from an unknown distribution. 

2.2.2 Learning phase 

Computing a statistical model like Gaussian Mixture Model means estimating its 

parameters. Each component of the GMM is a multivariate normal distribution with 

parameters    and   : 

      {        }  (5) 

where    is a multidimensional vector describing the center,    is covariance matrix 

(with the same dimensionality as   ) describing the shape,    is the mixing coefficient 

i.e. probability of the component   and   is between 1 and the number of 

components. These parameters can be estimated with the expectation maximization 

(EM) algorithm which uses the probability density function: 

  ( |   )  ∑   ( |     )

 

  (6) 

where  ( |   ) is the multivariate normal distribution, to iteratively compute 

estimates for the unknown parameters {        }. Each iteration of the EM algorithm 

has two stages: 
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1. E step, the expectation stage estimates the responsibilities i.e. how likely a 

sample    (e.g. pixel) was generated from the  th component 

     
 

  
   (  |     )  (7) 

where    is the normalization constant: 

    ∑   (  |     )

 

  (8) 

such that: 

 ∑   
 

   (9) 

2. M step, the maximization stage updates the parameters’ values 

    
 

   
∑     
 

 

   
 

  
∑   (     )(     )

 

 

 

   
  
 

 

(10) 

 (11) 

 (12) 

where: 

    ∑   
 

 (13) 

is the estimate of the number of sample points assigned to each cluster. 

The EM algorithm can be initialized randomly or with guessed parameters and tries to 

iteratively converge while maximizing the expected value for the samples (Dempster, 

Laird and Rubin 1977, Szelski 2011). 

2.2.3 Classification phase 

To be able to compare new observations   with a previously learned statistical model 

{   }, the Mahalanobis distance can be used. It has been suitable for number of cases 

where multivariate outliers were to be detected (Chandola, Banerjee and Kumar 2009). 

The Mahalanobis distance is similar to the Euclidian distance but uses a covariance 

matrix to calculate weighted distance according to a given distribution  : 

  (        )  ||     ||  
   (     )

   
  (     ) (14) 
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3 Analysis, method description and solution 
In this section a method is described based on combined notion of statistical anomaly 

detection with image measurements computed from the scale-space representation 

under the assumption that the shape of a horizontal cross-section remains constant in 

the vertical direction. The two main steps of the method are the learning step where 

the defect free samples are used to estimate the parameters for a multidimensional 

Gaussian Mixture Model and the classification step where based on the parameters 

obtained from the first step a sample can be classified. These two steps of the method 

can be further divided into several phases which are described in this chapter, in 

sections below. Moreover this methods description is a mathematical abstract which is 

implemented for a specific case later on in chapter 4. 

3.1 Recording 
Recording is done with a camera and   diffuse light sources (LEDs) that are switched 

on and off in a cycle. Camera is triggered for each LED individually so that the output is 

an interlaced image containing all channels, one from each LED. The image is then 

deinterlaced so that each channel becomes a separate dimension (that is pixel 

matched, 1:1 pixel in x-direction and 1:C pixels in y-direction). The resulting 

multivariate image   has dimensions       and contains intensity values of the 

reflected LEDs. The image is then cropped and rotated to align the recorded object as 

vertically in the image as possible. This is necessary in order to reduce displacement 

errors with respect to the camera. The image is cropped by first taking the sum of all 

channels, thresholding it with a manually chosen threshold and then taking the largest 

common area. This assures that the image contains only the necessary amount of 

information about the object of interest and not its surroundings. Then the skew angle 

  is calculated by fitting an ellipse to that area so that the second moment of the 

ellipse is the same as for the object. The image is then rotated with the inverse of   to 

assert vertical alignment of the object. The resulting image contains only the object of 

interest and is then further transformed to the scale-space representation. 

3.2 Scale-space and feature representation 
The image is represented in scale-space by the Gaussian pyramid explained in 2.1.3. 

The stored pyramid is seen as object’s feature representation, denoted as   with 

dimensions       where       and   being the depth of the pyramid i.e. the 

number of iterations. The     transformation is computationally intensive and since 

it is needed to preprocess the input data, it is crucial that it is highly optimized during 

the implementation so that the real-time constraint is met. 
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3.3 Model estimation i.e. learning phase 
For the feature representation   of defect free samples, a multivariate normal 

distribution model   is estimated for each column    ;   has   dimensions and   is 

a set of   components which is the statistical representation of the columns’ 

distributions of the recorded non-defect object. 

3.4 Probability map 
A feature representation   of an image of a recorded object can be compared to the 

model   by calculating the Mahalanobis distance for each vector   in respective 

column  . The obtained image   indicates how far each pixel is from the pre-calculated 

model in the feature space where           (    ) where   is an  -dimensional 

vector and      (   )   (         ) according to equation (14). 

3.5 Training phase 
Next step is to learn the minimal Mahalanobis distance of the estimated model i.e. at 

which Mahalanobis distance does the defect free distribution end. This can be denoted 

as a threshold function  ( ) where  ( ) equals the minimal distance at column  . This 

function is obtained by calculating, for each column, the distance that yields   (e.g. 

     ) of all pixels in a good object as non-defects. This can be achieved simply by 

sorting all pixel intensities (distances) in a given column c of the J image and then 

taking the p-th value as the threshold   . This discrete function can be seen as a 

boundary for the model   and is necessary for following anomaly detection. 

3.6 Analysis and anomaly detection 
A new, recorded object is compared to the statistical model to calculate how much it 

deviates from the observation. It is done by first calculating the probability map 

mentioned in section 3.4 and then applying the threshold function which results in a 

binary image: 

  (   )    (   )   ( ) (15) 

This binary image indicates whenever the distance is large enough to be counted as an 

anomaly. If the deviation is too large i.e. the Mahalanobis distance is greater than the 

learned threshold then it is counted as an anomaly. This indication however is not a 

reliable indication of a defect that is supposed to be at least 1 mm2. A further and final 

step is needed to calculate if a real anomaly is found. This is done by calculating and 

thresholding the area of the found anomalies in the image  . The final processing of 

the image also aims to reduce false positives and to keep all true positives. Such 

processing technique used here is image erosion which removes too small (false 

positives) anomalies and still keeps larger ones. This operation also disconnects 
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components that would otherwise be connected by a thin area and it distorts the 

information about anomaly’s area which has to be taken into account later on. The 

resulting binary image   is true whenever a real anomaly is thought to be present. 

Recording features

Learning phase

Training phase

Analysis

Recording
Multivariate 

image
Feature 

representation

Recording features Model

Recording features
Probability 

map
Threshold

Recording features
Probability 

map
Binary image Classification

 

Figure 2: An overview of the whole method described in section 3: Recording features: section 3.1 and 
3.2; Learning phase: section 3.3; Training phase: section 3.5; Analysis: section 3.6 

3.7 Parameters 
After combining all phases, the method depends on six parameters {           } 

that need to be predefined. Where: 

   defines the depth of the pyramid i.e. corresponds to the dimensionality of 

the feature representation       where   is the number of channels, 

   is the number of components in each GMM, 

   is the confidence interval of the model in the Mahalanobis space i.e. it is 

used for calculating the minimal Mahalanobis distance  , 



10 

   and   define the number of images used for learning and testing 

respectively, 

   defines the size in pixels of the erosion. 

Those parameters influence the outcome and the accuracy of the method and will be 

chosen empirically (see section 6.2). 
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4 Implementation 
The method described in section 3 was implemented in Matlab 2012a using the Image 

Processing, Parallel Computing and Statistics Toolboxes. The images were recorded on 

a laboratory rig provided by OptoNova with a Spyder3 line camera. The results are 

visualized in grey scale or in black and white for binary information. Since the method 

is based on the anomaly detection, the defects of interest are shown as brighter or 

white part of an image.  

4.1 Sample test set 
The real world data that will be used for testing comes from a Swedish furniture 

factory. The set contains two hundred and fifty samples i.e. wooden doors of varying 

types and sizes that were painted with a white, glance, polyester paint. These doors 

are made from solid wood which is first cut into shapes and then beveled and painted 

on an automated production line. The provided set contains handpicked examples of 

these doors with defects that appeared during the production and which detection is 

of importance for the factory. Some of those defects are shown in the Appendix A. 

There are several features of these samples that are of importance for this thesis. The 

key feature is the samples’ invariance along the edge i.e. the profile of the edge’s 

shape does not change vertically in a recorded image. Based on this assumption the 

method can be column based which can potentially lower the time complexity while 

sustaining the precision. 

The second most important feature is that there can be a variation of different shapes 

of the edges. Front and back side as well as long and short side of the front may have 

different shapes of the edge. In this particular set three different shapes occur dividing 

the set into three subsets. Examples of those edges are shown below. 
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Figure 3: Sample no 222 with edge type A 

 

Figure 4: Sample no 144 with edge type B 
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Figure 5: Sample no 102 (backside), edge type C  

The difference in edges implies computing separate model for each edge type. 
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4.2 Recording and feature extraction 
 

 

Figure 6: 3D sketch of the rig used for recording 

The samples were placed manually on the conveyor belt which moved them 

perpendicular to the projected LED line (see Figure 6). At each time step       one 

of the LEDs was turned on in a cycle and the camera took an          image. This 

was repeated       times which yielded an              interlaced image that 

contained an edge and a bit of the surface of the sample. The image was then cropped 

and rotated using the Image Processing Toolbox. Figures 7-11 visualizes the steps of 

the recording and the feature extraction phase of the method. 
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Figure 7: Show the raw input image of sample no 204 and a magnification of the present defect 
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Figure 8: Sum of all channels of the cropped and rotated image of the sample no 204 
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Figure 9: Deinterlaced image of the sample no 204 with all 3 channels horizontally next to each other. 

 

Figure 10: From the left: 2D Gaussian kernel (           ) used for the smoothing step, 
visualization of the second derivative in y direction, visualization of LoG in both x and y direction. 

 

Figure 11: Feature representation of the sample no 204. Rows correspond to channels and columns 
correspond to second order derivative in different scales. 
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4.3 Learning phase 
Based on the feature representation, a multidimensional Gaussian mixture model was 

estimated using the EM algorithm described in section 2.2.2. Given a feature 

representation matrix   [     ] of a defect free sample, an  -dimensional 

GMM was estimated for each column of   using   pixels per dimension. The final 

model   had   GMM components. For example in case where: 

 an object would be recorded using three channels i.e.    , 

 the image of the recorded object would have an image size of      

      ,  

 the feature extraction would use four scales i.e. the pyramid would have depth 

   , 

 each GMM would have been estimated with one multivariate Gaussian 

component i.e.    , 

then   would have      GMMs, where each of those would have had one mean 

vector   [    ] and one covariance matrix   [     ] since        

       dimensions. 

Furthermore the threshold function  ( ) was calculated using the model   and a 

feature representation of defect free training samples as described in section 3.5. 

 

Figure 12 Example of the threshold function  ( ) 
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4.4 Classification phase 
Classifying a sample e.g. sample no 204 involved three steps that are described in 

detail in sections 3.4 and 3.6. First the probability map was calculated by taking the 

feature representation shown in Figure 11. Then the threshold function (Figure 12) was 

applied according to equation (15) and finally the binary image was processed. 

     

Figure 13: Visualization of the three steps used for classification of sample no 204. From the left: the 
probability map, the binary (thresholded) image and the binary image after processing 
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The binary image was processed using erosion as described in section 3.6. The erosion 

was implemented using a kernel disk with a varying radius. 

     

Figure 14: Example of erosion performed with three different erosion radiuses:   {             } 

4.5 Accuracy measurement 
The accuracy was measured by counting positive pixels in the resulting processed, 

binary image   (see section 3.6) i.e. each pixel over the threshold was counted as a 

true-positive (TP) if it was inside the predefined defect area or was counted as a false 

positive (FP) if it was outside. Furthermore each pixel under the threshold was counted 

as true-negative (TN) if it was outside and false-negative (FN) if it was inside. However, 

since it was not possible, in the time frame of this thesis, to pinpoint the exact area of 

a defect, a rectangular area was used instead. This meant that neither FN nor TN pixels 

could have been accurately calculated and therefore the true-positive ratio   was used 

as final accuracy measurement. The resulting ratio  (   ) was calculated by summing 

the thresholded pixels inside the predicted defect area and dividing them by all 

thresholded pixels in the processed binary image i.e.   { ( )   }: 

  (   )  
∑  ( )   

∑  ( )   
 (16) 

where   is a rectangle of the predicted defect. 
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For the given above example the true-positive ratio equals       meaning that      

of all pixels are false-positive i.e. did not indicate the predicted defect. 

4.6 Time complexity 
The Matlab implementation uses, the mentioned earlier, Parallel Computing Toolbox. 

The integrated profiling tool was used to find several key stages of the implemented 

method that were slowing down the process, so call bottle necks of the method. Those 

stages were then rewritten and optimized. 

Optimization of the feature extraction gave a major improvement where the 

computation of the features (described in section 4.2) became parallel executed for 

each channel and then put together as a whole multidimensional matrix. This 

improvement exploits the assumption that linear approach is sufficient for the 

multivariate data as described in section 2.1.2. This enhancement implied also that the 

increase in the number of channels (light sources) should affect the time consumption 

linearly which should give more scalable capabilities. Similarly, the parallel 

implementation of the probability map gave promising improvement of the time 

consumption. Since classification is done column-wise, the computation of the 

Mahalanobis distance, necessary for the calculation of the probability map, can be 

done individually for each GMM of the model which could be run in parallel. Average 

results of these major improvements are shown in the table below. 

Table 1 Shows the profiling results averaged per object using the Central Processing Unit (CPU) time 

 

CPU time 
consumption 
in seconds 
before the 
improvement  

CPU time 
consumption 
in seconds 
after the 
improvement 

Improvement 
in percent 

Total effect on 
the 
classification 
phase in 
percent 

Feature 
extraction 

6,362 2.843 55.3 65.6 

Mahalanobis 
distance 
computation 

2.589 1.301 49.8 30.0 

Classification 
phase 

9.143 4.332 52.6  
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5 Experiments 
In order to test the previously described method, a sample set from a Swedish 

furniture factory was used as described in section 4.1. The set included an amount of 

known defects which had to be marked manually. 

5.1 Qualitative experiments 
A qualitative experiment was conducted to test phases of the method. Each step of the 

experiment yielded visualized results that were closely inspected. The experiment is 

described step by step based on an example from the furniture set: 

 

Figure 15: Sample no 115, Defect seen on the picture is a pinhole on the side of the sample 

Each sample was recorded and processed as described in section 3.1, and the output 

from this step is shown below with manually marked defect:  

1 cm 
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Figure 16: Visualization (in grayscale) of the recorded sample no 115. There are three channels 
corresponding to three different light sources and the defect marked within a rectangle on each channel 

The features were then calculated (see section 3.2) and the probability map computed 

(see 3.4) using previously estimated model. 

 

Figure 17: Binary image showing results from the thresholded probability map. The defects are marked 
with red rectangles. 

The true-positive ratio was then calculated to evaluate the accuracy of the method. 

5.2 Quantitative experiment 
A part of the whole set was recorded and then used as train-test set for the Matlab 

implementation. The test set contained manually marked defects that were used to 

calculate the accuracy of the implementation. For purpose of this experiment a test-
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train set was created using the quantified input data i.e. the images of recorded 

objects were split and treated as separate objects. 

 

Figure 18: Visualization of the data quantification for the experiment. The black rectangle visualizes a 
recorded object and the red rectangle indicates a defect; a) recorded object with marked defect, b) 

object with marked parts of equal size, c) four separate objects 

The data was divided randomly into learn, train and test sets with a constraint that 

neither the learning nor train sets could contain samples with defects. The sets were 

obtained for each edge type and each given parameter set and used as follows: 

 the model was computed using the learning sets, 

 the threshold using the train sets, 

 the accuracy was measured as mean or median value of the true-positive ratio 

calculated, according to the equation (16), for each sample in the test sets. 

The cross evaluation of the a chosen parameter set was done using test sets with 

different edges i.e. same parameter set was used for all edge types and the mean true-

positive ratio was compared. This cross evaluation aimed to find generally optimal 

parameter set since an optimal parameter set for one edge type did not necessary 

yield optimum results for a different type. 

a) b) c) 
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6 Results 

6.1 Qualitative results 
The qualitative experiments described in 5.1 provided some interesting results which 

are presented in the subsections below, indicating that it might be possible to use the 

method described in section 3 for anomaly detection on the obtained multivariate 

images. Several properties of the method were observed and few weakness or 

drawbacks should be noted. Furthermore examples of different defects and their 

classification obtained from this experiment are shown in Appendix A. 

       

Figure 19: Examples of recordings of the samples used for the experiments 
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6.1.1 Vertical invariance 

The methods vertical invariance can be seen in the figure below where objects of 

different length are used for learning, training and testing phases. 

    

Figure 20: From the left: First two images were used for learning and training and third for testing. The 
last is the binary result image with correctly classified surface. 
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6.1.2 Horizontal dislocation 

Seen below are two objects of the same type, recorded from the furniture set. It is 

noticeable that these objects have different vertical alignment which creates 

classification mismatch. Moreover the alignment issue has another implication. The 

edge of the object is recorded at different distance from the camera at the beginning 

of the recording then at the end. This means that due to perspective projection of the 

object onto the image plane, the side of the object appears larger at the end. This 

results in higher false-positive outcome along the object’s side as seen below. 

   

Figure 21: From the left: first image was used for learning and second for testing, last image is the binary 
result image with clear artifacts caused by vertical alignment.  
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6.1.3 Artifacts along edges of the object 

Artifacts appear near horizontal edges due to column based classification. This affects 

outcome of the classification by introducing false-positive results. 

 

Figure 22: Input image to the left, binary result image to the right with artifacts present at top and 
bottom 
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6.2 Quantitative results 
Several properties, as well as the accuracy of the implementation were studied closely 

using the quantitative experiment described in section 5.2. The results of that 

experiment are presented in subsections below. 

6.2.1 Parameter estimation 

There are several parameters, described in detail in section 3.7, that need to be set for 

the method to work properly. Using the quantitative experiment described in section 

5.2, a range of each parameter was tested in order to try to find the optimal set of the 

parameters. The following figures presented below show the variation in true-positive 

ratio depending on each parameter. 

The difference between use of the Laplacian of Gaussian (LoG) and the  -directional 

second order derivative is show in Figure 23 and Figure 24 respectively. 

 

Figure 23: Shows true-positive ratio for LoG over the depth   of the pyramid i.e. the dimensionality for 
each channel 
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Figure 24: Shows true-positive ratio for the second order derivative in y-direction over the depth of the 
pyramid 

 -directional second derivative shows better results which is probably caused by  -

directional classification i.e. column based classification. 
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The measurement of the true-positive ratio using different ratio of pixels used for the 

training phase i.e. using different ratio value   for estimating the minimal Mahalanobis 

distance described in section 3.5. The results for the parameter set {         

                   } are shown below. 

 

Figure 25: Shows median of the true-positive ratio over the confidence interval in Mahalanobis space 

 

Figure 26: Shows mean of the true positive ratio over the confidence interval in Mahalanobis space 

The results indicate that on average, around one third of the pixels in an image is false-

positive, however since median is at around      it would suggest that one third of 
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images has very low true-positive ratio i.e. has features that are falsely classified as 

defects. 

Using erosion (described in section 3.6) to remove false-positive results could improve 

the classification, however if the erosion is set too large it may remove actual defects 

i.e. introduce false-negative results. Results using different erosion radius   for the 

chosen parameter set: {                              } are shown 

below. 

 

Figure 27: Shows mean of the true-positive ratio over the radius of erosion counted in pixels 

The results indicate that the optimal parameter set for this implementation and the 

provided sample set is {                           }. However the 

optimal choice of the parameters yields a true-positive ratio at 0.8061 which means 

that on average 19% of pixels are false-positives. Implications of these results are 

discussed in section 9. 
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6.2.2 Time complexity 

As mentioned earlier the classification phase has crucial time constrain in order to 

work in an industrial application. For the requirements of this thesis the method was 

implemented using parallel computing which improved the time complexity (see 

section 4.6). The following figure shows time measurements of the feature extraction 

and classification conducted on the sample set. 

 

Figure 28: Time measurements per row 

These results show that the time for feature extraction and classification grows linearly 

with the number of dimensions. Furthermore the classification speed at pyramid depth 

11 is about 
 

       
       which is similar to the recording speed of the camera used 

for this study. This shows that the presented method should be sufficient for a real-

time implementation. 
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7 Summary 
Due to large variety and low occurrence of defects an anomaly based method was 

desirable to solve tasks of quality control in an industrial application. After considering 

different approaches a method was developed using the scale-space as feature 

extraction and Gaussian mixture model for classification. The model has been 

estimated column-wise with the EM algorithm and the final anomaly detection was 

done using a thresholded probability map. An implementation has been done in 

Matlab for a real-world sample set from a Swedish furniture factory. Due to the large 

variation in shapes of the defects a true-positive ratio has been used as the accuracy 

measurement for the evaluation. Furthermore using the qualitative experiments, 

several interesting properties of the method has been found and a range of each 

parameter was tested using a quantitative experiment, aiming to find the optimal 

parameter set for the method. Moreover the time complexity has been evaluated to 

make sure that the method could be implemented sufficiently in order to meet the 

time constraint derived from the industrial target. 
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8 Future work 
Other techniques could be appropriate for solving the problem presented in this thesis 

and could be considered as alternative to the earlier proposed method. 

8.1 Scale-space 
To detect image points that differ from their surroundings, the concept of interest 

point detection has been developed in computer vision. Such detection might useful 

for discovering anomalies which could give a more advanced feature extraction with 

better performance. 

An appropriate implementation might be the Scale Invariant Feature Transform (SIFT) 

and its extensions that have been developed and used for many tasks such as image 

matching, object recognition, texture classification, biometrics etc. The original SIFT 

descriptor was developed by Lowe (2004) and was based on image intensities around 

points of interest that were obtained from extrema in scale-space. Those points could 

be, for instance, used for matching same features like corners or windows in different 

images of the same real-world scene with high performance and accuracy (Lindeberg 

2012). 

Another possible scale-space tool could be the blob detection with automated scale 

selection. It has been used by computer vision community to detect points or regions 

that differs in terms of brightness or color compared to the surrounding. Similarly to 

SIFT it is based on scale-space extrema which, in this case, are commonly obtained 

from scale-normalized Laplacian of Gaussian or the determinant of Hessian of the scale 

representation (Lindeberg 1998, 2012). 

8.2 Wavelet transform 
The wavelet transform has been used for many years in a variety of different 

applications like denoising (Facco, et al. 2011), multi-resolution geometric processing, 

multi-scale orientated filtering, image compression (Szelski 2011), defect detection 

(Yang, Pang and Yung 2004) etc. 

Wavelets are filters that localize a signal (e.g. image) in both space and frequency. They 

are defined over a hierarchy of scales and are closely related to Gaussian pyramids. 

Some wavelet families are overcomplete to provide better shiftability. Moreover 

wavelets differ from Gaussian pyramids because they are more orientation selective. 

Typical two-dimensional wavelet decomposition is a course-to-fine analysis where low- 

and high-pass filters are used to recursively to produce a multi-resolution description 

of an image (Szelski 2011). 
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Yang, Pang and Yung (2004) showed that the scale and rotational invariant wavelet 

transform can be used for quality control. They have compared different methods of 

classifying defects in images of fabrics. Those methods used feature extraction based 

on the wavelet transformation and classification based on different discriminative 

training approaches. They used standard wavelets like Haar, Daubechies etc. with 

neural network and Euclidean distance classifiers and compared them to adaptive 

wavelets that use the discriminative feature extraction (DFE) and the Euclidean 

classifier. Theirs result showed enhanced performance of the DEF based method. 

Interesting results have also been shown by Arivazhagan and Ganesan (2003) and Kim 

and Kang (2007) where discrete wavelet transform and wavelet packet frame 

decomposition has been used respectively for Brodatz texture image segmentation. 

8.3 Principle component analysis (PCA) 
The occurring multidimensional data can be hard to handle correctly or efficiently 

(Friedman, Hastie and Tibshirani 2001). A common solution to such problem is 

dimensionality reduction made with e.g. PCA (Szelski 2011). This approach uses linear 

combination of the dimensions to find an orthogonal transform that corresponds to 

the largest possible variation in the data. The dimensionality reduction is then done by 

using only few principal components that correspond to the largest variations. Szelski 

(2011) shows that the PCA is used in a large spectrum of applications, from descriptors 

to 3D modeling of biological objects like faces or human body. 

8.4 Multivariate image analysis (MIA) 
Another approach is to apply PCA to a multivariate image. Here PCA is performed on 

an unfolded image where each pixel corresponds to a row and each channel to a 

column. Results from the PCA can be easily mapped back to the original image and 

tasks of interest such as clustering, modeling and classification et cetera can be 

performed (Wise and Geladi 2000). 

Bharati and MacGregor (1998) and Facco, et al. (2011) have showed that it is possible 

to use an extended MIA to perform on-line analysis and classification based on 

textures. Facco, et al. (2011) have used shifted images to look at neighboring pixels to 

find neighboring correlations which showed promising results while classifying paper 

textures. 

Liang, et al. (2009) have combined scale-space and MIA to perform surface defect 

detection. They compared results from the PCA to Gaussian derivatives which are used 

in the scale-space framework. Furthermore they have used statistical thresholding to 

find defects. 
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9 Conclusions and recommendations 
This thesis shows that the anomaly detection by multivariate Gaussian analysis in 

scale-space can have capability to solve the task of properly classifying defects on a 

reflective surface. It suggests that it is should be possible to implement this method in 

real-time and that scalability should be possible to achieve. However, there are some 

issues in this thesis that possibly influence the results and should be further studied.  

The main issue is the assumption about the relation between the light sources. It is 

assumed that a linear method is sufficient to handle them i.e. each channel is treated 

separately in the feature extraction phase (see section 2.1.2 and 2.1.3). That is 

reasonable for e.g. a lambertian surface. However the solution in this thesis is aimed 

for a different kind of surface which is more reflective than lambertian and the linear 

method might be inadequate. An approach to this problem could be use of a 

reflectance model in the feature extraction or in the statistical model of the pixel 

intensity distribution. 

A second issue is that this implementation does not handle complex surfaces of an 

object, such as horizontal groves i.e. the method can only manage features that span 

along the whole object (in the y-direction of the recorded image). In such cases those 

features would be treated as anomalies (false positives). This can become an obstacle 

if objects are too composite. This is not treated in this thesis, however it might be 

possible to solve this problem by changing the model described in section 3.3 to a pixel 

based rather than column based. That change could raise the time complexity of the 

learning phase but should not affect the classification phase sustaining the time 

efficiency required for real-time classification. 

Another problem is the significant sensitivity to horizontal dislocation of an object with 

respect to the camera. This is due to the column mapping of the model and the 

perspective projection of the object as shown in section 6.1.2. A simple solution to this 

problem is implemented in this thesis, although the results show that a more robust 

solution is desirable. A more effective solution could be for example an edge detection, 

where during the recording phase, the object’s edge would be detected and then the 

object would be transformed to an absolute position in the image using the position 

information from the edge. Such a solution could position the object at the same 

location and with the same alignment each time and could be implemented efficiently 

using e.g. the Hough transform (Szelski 2011). Moreover, mechanical solutions are 

present in the quality control systems where objects are placed mechanically with 

greater precision or extra sensors are used to provide accurate information about the 
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objects’ placement. Solving this issue should possibly lower the false-positive ratio, 

increasing therefore accuracy of the method. 

Additional improvement of the system could be a different approach for the 

processing of the binary image  . In section 3.6 an erosion process is described which 

aims to minimize false-positive results that could have been caused by noise, object 

displacement etc. However that method can be implemented in many different ways, 

e.g. using different erosion kernels. In the current implementation (see section 4.4 and 

Figure 27) a disk kernel with different radii was tested. That kernel could be 

substituted with other shapes possibly removing specific types of false-positive 

defects. Moreover a multi-scale morphological approach could be used where the 

morphological operations with different sizes could emphasize true defects and 

therefore benefit the performance of the classification. 

An obstacle with the anomaly based solution is the evaluation step due to the lack of 

defects in this data and the problem of accurately specifying pixel or pixel areas that 

belong to a defect in the test set. These problems greatly influenced the results where 

true-positive ratio could only be approximated as explained in section 4.5. 

Furthermore the receiver operating characteristics should be examined using an 

appropriate technique. Here the challenge war to properly evaluate a whole sample. 

Prior information about which areas of the sample should be examined is necessary in 

order to calculate true-negative and false-negative classification. The adequate 

quantity of such information has not been obtained for the given sample set and 

therefore conclusive results could not have been achieved. 

9.1 PCA and MIA 
In section 8.3 it is pointed out that principal component analysis (PCA) is used to 

enhance methods that use multidimensional data. Such augmentation seems possible 

for this application however since this method is based on anomaly detection then 

simple dimensionality reduction might lower the accuracy. This is due to the possibility 

that the reduced dimensions could contain crucial information about the defects but 

since the PCA would have been performed on defect free data those dimension might 

have been removed. Therefore spectral anomaly detection techniques (Chandola, 

Banerjee and Kumar 2009) could be of better use. 

As mentioned in section 8.4, similar problem was approached earlier (Liang, et al. 

2009) using scale-space and multivariate image analysis technic. Based on the 

published results, it seems plausible that an altered method, where shape of the object 

is taken to account, could be an alternative solution for the problem presented in this 

thesis. 
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The final conclusion of this study is that this method shows promise in meeting 

demands for industrial quality control and should be further examined using more 

extensive sample set together with a more accurate and reliable recording method. 

Moreover if the further examination shows enhanced performance this method could 

be an appropriate pre-classification phase in a quality control system. 
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Appendix A  Examples of defects from the sample set 

 

Figure 29: Sample no 159 backside: easy 
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Figure 30: Sample no 173 backside: easy 

 

Figure 31: Sample no 195 backside: easy 
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Figure 32: Sample no 17 backside: easy 



45 

 

Figure 33: Sample no 115 front side: easy, however decreased accuracy due to vertical orientation 
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Figure 34: Sample no 102 front side: semi hard defects due to its size 

 

Figure 35: Sample no 102 backside: hard to detect due to positioning on the edge 
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Figure 36: Sample no 152 backside: very hard due to oblong nature of the defect and small variation 
from the surface 

 

Figure 37: Sample no 175 backside, large zoom in on the defect: very hard to detect due to size and 
position of the defect 



48 

 

 

Figure 38: Sample no 244 (front- and backside): pressure marks, very hard to detect due to small 
variation from the rest of the edge 



49 

 

Figure 39: Sample no 58 backside, hard due to edge positioning 



www.kth.se

Powered by TCPDF (www.tcpdf.org)

http://www.tcpdf.org

	1 Background, problem and aim
	1.1 Background
	1.2 Problem definition
	1.3 Method description
	1.4 Aim

	2 Theory
	2.1 Scale-space
	2.1.1 Gaussian function and derivatives
	2.1.2 Multivariate scale-space
	2.1.3 Gaussian pyramids

	2.2 Anomaly detection
	2.2.1 Multivariate distribution
	2.2.2 Learning phase
	2.2.3 Classification phase


	3 Analysis, method description and solution
	3.1 Recording
	3.2 Scale-space and feature representation
	3.3 Model estimation i.e. learning phase
	3.4 Probability map
	3.5 Training phase
	3.6 Analysis and anomaly detection
	3.7 Parameters

	4 Implementation
	4.1 Sample test set
	4.2 Recording and feature extraction
	4.3 Learning phase
	4.4 Classification phase
	4.5 Accuracy measurement
	4.6 Time complexity

	5 Experiments
	5.1 Qualitative experiments
	5.2 Quantitative experiment

	6 Results
	6.1 Qualitative results
	6.1.1 Vertical invariance
	6.1.2 Horizontal dislocation
	6.1.3 Artifacts along edges of the object

	6.2 Quantitative results
	6.2.1 Parameter estimation
	6.2.2 Time complexity


	7 Summary
	8 Future work
	8.1 Scale-space
	8.2 Wavelet transform
	8.3 Principle component analysis (PCA)
	8.4 Multivariate image analysis (MIA)

	9 Conclusions and recommendations
	9.1 PCA and MIA

	10 Bibliography
	Appendix A  Examples of defects from the sample set




