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Abstract

The task of unsupervised detection of peculiar images has immediate applications to numerous scientific disci-
plines such as astronomy and biology. Here we describe a simple non-parametric method that uses multi-order image
transforms for the purpose of automatic unsupervised detection of peculiar images in image datasets. The method is
based on computing a large set of image features from the raw pixels and the first and second order of several com-
binations of image transforms. Then, the features are assigned weights based on their variance, and the peculiarity of
each image is determined by its weighted Euclidean distance from the centroid such that the weights are computed
from the variance. Experimental results show that features extracted from multi-order image transforms can be used
to automatically detect peculiar images in an unsupervised fashion in different image datasets, including faces, paint-
ings, microscopy images, and more, and can be used to find uncommon or peculiar images in large datasets in cases
where the target image of interest is not known. The performance of the method is superior to general methods such
as one-class SVM. Source code and data used in this paper are publicly available, and can be used as a benchmark to
develop and compare the performance of algorithms for unsupervised detection of peculiar images.

Keywords: Outlier detection, peculiar images, image analysis, image transform, multi-order transforms.
2010 MSC: 68T10, 62H35, 68T45, 62H30 .

1. Introduction

Unsupervised detection of peculiar images is the ability of a computer system to automatically
detect images that are different from the other “regular” images in an image dataset. While in tasks
such as image classification the system can be trained in a supervised fashion using “ground truth”
samples, in unsupervised detection of peculiar images the algorithm cannot rely on data samples
or models that reflect the “regular” images or the target images of interest.

The problem of detecting data points significantly different from the other data is often referred
to as outlier detection (Hodge & Austin, 2004). Many established algorithms consider outlier
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detection as a by-product of clustering algorithms by searching for background noise samples that
do not belong in a cluster (Aggarwal & Yu, 2000; Guha, Rastogi & Shim, 2001). Other methods
are based on searching for samples that do not belong in a cluster and are also not background
noise, but are substantially different from the other samples in the dataset (Breunig et al., 2000;
Knorr & Ng, 1999; Fan et al., 2006). While many of the outlier detection algorithms were designed
and tested using lower dimensionality, other methods aim at automatic outlier detection in higher
dimensionality data (Aggarwal & Yu, 2001; Roth, 2005; Fan, Cehn & Lin, 2005; Lukashevich,
Nowak & Dunker, 2009). Applications of outlier detection include credit card fraud, network
intrusion detection, surveillance, financial applications, cell phone fraud, safety critical systems,
loan application processing, defect detection in factory production lines, and sensor networks
(Zhang et al., 2007).

While outlier detection has been studied in the context of a broad range of applications, less
work has yet been done on unsupervised detection of peculiar images in image datasets. Here we
describe a generic method that can be used for automatic detection of peculiar images in image
datasets based on a large set of image content descriptors extracted from the raw pixels, image
transforms, and compound image transforms. Applications include, for instance, the search for
peculiar cells or tissues in large datasets of microscope images, which can be used to detect phe-
notypes of particular scientific interest (d‘Onofrio & Mango, 1984; Carpenter, 2007; Jonesa et al.,
2009).

When the target image is known, the task of detecting a peculiar image can be related to the
problem of Content-Based Image Retrieval, and numerous effective methods of measuring simi-
larities between images in the context of CBIR have been proposed (Bilenko, Basu, & Mooney,
2004; Kameyama et al., 2006). However, since in this study the detection of a peculiar image in
an image dataset should be done automatically in an unsupervised manner, no assumptions can be
made neither about the target image nor about the context of the images in the data base. That is,
the computer system should automatically characterize the “typical” image in the dataset, and de-
tect images that are different from it. Since no pre-defined model of the data can be used, effective
systems for unsupervised automatic detection of peculiar images need to extract different image
features that will cover different aspects of the image content, and thus be able to characterize and
analyze a broad spectrum of image data.

Here we use a large set of image content descriptors extracted from the raw images, image
transforms, and multi-order transforms, and apply a statistical analysis to weight the different
image features by their ability to reflect the data and detect peculiar images. The primary advantage
of the method is its generality, which makes it effective for the analysis of a broad variety of image
datasets without the need for tuning or adjustments. In Section 2 we briefly describe the set of
image features and multi-order transform model used in this study, in Section 3 we describe the
unsupervised detection of the peculiar images, in Section 4 the performance evaluation method of
the proposed algorithm is discussed, and in Section 5 the experimental results are presented.

2. Image features

The set of image content descriptors used in this study is based on the feature set used by the
wndchrm algorithm, which is a large set of numerical image content descriptors that cover a broad
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range of aspects of the visual content (Shamir et al., 2008a; Orlov et al., 2008; Shamir et al., 2010).
Basically, the wndchrm feature set includes several generic image features such as high-contrast
features (object statistics, edge statistics, Gabor filters), textures (Haralick, Tamura), statistical
distribution of the pixel values (multi-scale histograms, first four moments), factors from poly-
nomial decomposition of the image (Chebyshev statistics, Chebyshev-Fourier statistics, Zernike
polynomials), Radon features, and fractal features. A detailed description of these image con-
tent descriptors and the way they are used in the context of the wndchrm feature set is available
in (Shamir et al., 2008a; Orlov et al., 2008; Shamir et al., 2010; Shamir, 2008; Shamir et al.,
2009). The reason for using a large set of features is that the search for peculiar images is unsuper-
vised, and no assumptions can be made regarding the possible difference between the peculiar and
non-peculiar images. Therefore, it is important that the set of image content descriptors is com-
prehensive enough so that at least some of the image features will be likely to sense differences
between a regular and a peculiar image in a given image dataset.

As will be discussed in Section 5, a key contributor to the ability of the method proposed
in this paper to detect peculiar images in an unsupervised fashion is the extraction of the image
content descriptors not just from the raw pixels, but also from image transforms and compound
image transforms. The extraction of image features from compound image transforms has been
shown to contribute significantly to the performance of general-purpose image classifiers (Shamir
et al., 2008a; Orlov et al., 2008; Shamir et al., 2010, 2009), and can therefore be effective for
peculiar image detection in cases where the differences between the typical and the peculiar im-
age should be determined automatically, without using “ground truth” samples or any other prior
knowledge about the data. The image transforms include the Fourier, Chebyshev, Wavelet, and the
edge-magnitude transform, as well as multi-order transform combinations. The combinations of
transforms include the Fourier transform of the Chebyshev transform, the wavelet transform of the
Chebyshev transform, the Fourier transform of the wavelet transform, the wavelet transform of the
Fourier transform, the Chebyshev transform of the Fourier transform, and the Fourier and Cheby-
shev transforms of the edge magnitude transform. A detailed description of the tandem transform
combinations can be found in (Shamir et al., 2010; Shamir, 2008), and the total number of images
features extracted using these transforms is 2659 (Shamir et al., 2008a; Shamir, 2008). The length
of the chain of transforms is limited to the first and second order of the image transforms, as ex-
periments showed that using compound transforms with order higher than two typically does not
contribute to the informativeness of the image analysis system (Shamir et al., 2009). The effect
of using the multi-order image transforms on the ability of the algorithm to automatically detect
peculiar images will be discussed in Section 5.

For color images we used a color transform, which is based on transforming the RGB pixels
into the HSV space, followed by classification of the HSV triplets into one of 16 color classes
using fuzzy logic modeling of the human perception of these colors (Shamir et al., 2006). Then,
the Fourier, Chebyshev, and wavelet transforms of the color transform are computed, and the set
of image features is extracted as described in (Shamir et al., 2010). When the color transform is
also used, the total number of image features is 3658 (Shamir et al., 2010). Figure 1 illustrates the
paths of the transforms and compound transforms used by the feature set.
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Figure 1. Paths of multi-order image transforms.

3. Automatic detection of peculiar images

In order to automatically detect peculiar images, it is first required to characterize the “typical”
image in the dataset. Since many image features are used without prior knowledge about the
dataset, it can be assumed that not all content descriptors are relevant to the image dataset at hand,
and might represent noise. Therefore, it is required to select the image features that are the most
informative, and can potentially discriminate between peculiar and non-peculiar images.

In the first stage of the algorithm, all image features are normalized to the interval [0, 1], so that
the differences between the values of different image features can be compared without introducing
anumerical bias. For instance, if the values of one image feature are in the range of [0, 1000] while
the values of another are in the range of [0, 10], a numerical difference of 5 between the values
of the first feature extracted from two different images can be considered small, while the same
numerical difference can be much more substantial for the second feature, in which it is half of the
entire range.

In the next step, the mean, median, and variance of each image feature are computed. To char-
acterize the “typical” feature values of an image in the dataset, the highest 5% and the lowest 5%
of the values of each image feature are ignored when computing the mean and standard deviation,
so that extreme values that results from noise, artifacts, or peculiar images will not affect the mean
and variance of the “typical” images.

After these values are computed, each image in the dataset is compared to the “typical” image
using Equation 3.1

D= ) (1-op Uﬂ (3.1)

feF

where D; is the dissimilarity value of image i from the “typical” image in the dataset, fis a
feature in the feature set F, f is the median of the values of feature f in the given image dataset,
fi is the value of the feature f computed from the image i, s is the standard deviation of feature
f, and k 1s a constant value set to 25. The value of k will be thoroughly discussed in Section 5.
The D; dissimilarity value can be conceptualized as the sum of Z scores computed for each fea-
ture separately, such that each score‘s contribution to the total distance is inversely dependent on
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the standard deviation. That is, features that have lower standard deviation are considered more
“representative” features, while feature that their values are more sparsely distributed are assumed
to provide a weaker representation of the “typical” image and are therefore assigned with a lower
score and have a weaker affect on the dissimilarity value.

Clearly, image features that their values are constant across the dataset (and therefore o= = 0)
cannot provide any useful information in this model, and can therefore be safely ignored without
affecting the performance. On the other hand, the values of some of the other features can be
sparsely distributed across the image dataset, and therefore the median of these values cannot be
considered as a value that reliably represents the typical image. For that reason, the effect of each
image feature is weighted by its standard deviation, which is used as an assessment of the feature‘s
informativeness and its ability to characterize the typical image.

While in Equation 3.1 the effect of features that their values are sparsely distributed is weak-
ened by using the standard deviation as a measurement of their informativeness, it can be assumed
that many of the features will not be informative for a given image dataset at hand, and therefore
the high number of irrelevant features can add noise to the analysis and negatively affect the per-
formance. In order to reduce the effect of non-informative features, 90% of the features with the
highest o~ are ignored, and the remaining 10% are used by Equation 3.1 to compute the distance
between a given image and the “typical” image in the dataset. Since the image features are also
weighted by their standard deviation, the performance of this method is not highly sensitive to
small changes in the number of features that are used, as will be discussed in Section 5. This
approach of combining feature selection and feature weighting is conceptually similar to the ap-
proach of the feature selection in the wndchrm image classifier (Shamir et al., 2008a; Orlov et al.,
2008; Shamir et al., 2010).

In many cases, using o to assess the informativeness of the features and their ability to differ-
entiate between a peculiar and a typical image might not be optimal and can lead to the sacrifice
of some of the information. For instance, if the values of a certain image feature range between
0 and 0.8 for most images in the dataset, but is always 1 for a certain peculiar image, this feature
could have been effectively used to detect the peculiar image, but will be assigned with a low score
due to the sparse distribution of the values. On the other hand, features can be assigned with high
scores due to the consistency of their values, while these image features might have little ability
to differentiate between a typical and a peculiar image. Since the goal of the method described in
this paper is to detect peculiar images in an unsupervised fashion, no assumptions or prior knowl-
edge about the data can be used, and therefore the image content descriptors cannot be selected or
scored based on a target peculiar image. However, by using a large set of image features, it can be
expected that some of the features that are assigned with high scores will be able to differentiate
between a peculiar and a typical image. This will be demonstrated in Section 5.

In summary, the following pseudo code summarizes the outlier detection algorithm:

Step 1: Compute image features for all images.
Step 2: Reject the lowest and highest 5% values of each feature.

Step 3: Compute the mean M of the values of each feature f.
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Step 4: Compute the o ¢ of the values of each feature f.

Step 5: Reject 90% of the features with the lowest o

Step 6: Compute d for each image I such that d = \/ 2 (L=opk- %
Step 7: Sort the images in the dataset by d.

The computational complexity of the algorithm is O(F - I log I), where I is the number of im-
ages and F' is the number of features computed for each image. The computational complexity is
determined by the complexity of sorting all values of each feature, which is the most computation-
ally demanding task in the algorithm described above. The bottleneck of the process, however,

is the computational complexity of the Wndchrm feature set, which is much more complex as
described in (Shamir et al., 2008a, 2009).

4. Performance evaluation

In order to test the performance of the proposed method, several different image datasets were
used. These datasets include the Brodatz texture album (Brodatz, 1966), the COIL-20 object
image collection (Nene, Nayar & Murase, 1996), JAFFE and AT&T face datasets (Samaria &
Harter, 1994; Lynos et al., 1998), the MNIST handwritten digit collection (LeCun et al., 1998;
Liu et al., 2003), and a dataset of digitized paintings of Van Gogh, Monet, Dali, and Pollock
Shamir et al. (2010). Since the MNIST dataset contains a large number of images, a subset of 100
images from the first two classes (0 and 1) were used in the experiment. For microscopy images
we used the CHO (Chinese Hamster Ovary) dataset (Boland & Murphy, 2001), consisting of
fluorescence 512x382 microscopy images of different sub-cellular compartments, and the Pollen
dataset (Duller et al., 1999), which is a dataset of 25X25 images of geometric features of pollen
grains. The CHO dataset might not be considered a perfect representation of biological content
(Shamir et al., 2011), but it is used in this study for general-purpose outlier detection. These
two datasets are available for download as part of the [ICBU-2008 benchmark suite at http:
//ome.grc.nia.nih.gov/iicbu2008 (Shamir et al., 2008b), and sample images of the different
classes are shown by Figures 2 and 3. The image datasets used in this study are listed in Table 1.

Figure 2. Sample images of class “obj_198” (top) and “obj_212” (bottom) taken from
the pollen dataset.
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Table 1. Image datasets used for the experiments.

dataset typical class peculiar class 1mages per class
Pollen obj_198 obj_212 45
CHO giantin hoechst 69
JAFFE KA KL 22
AT&T 1 2 10
Painters 1 Pollock Dali 30
Painters 2 Monet Van Gogh 30
Brodatz 1 Bark Brick 4
Brodatz 2 Wood Wool 4
MNIST 0 1 100
COIL-20 obj1 obj2 71

Figure 3. Sample images of giantin (left) and hoechst (right) taken from the CHO
dataset.

As the table shows, these datasets were used such that two classes from each dataset were
selected: one class was used as the “typical” class and the other as a pool of “peculiar” images.
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In each run the tested dataset included all images from the typical class, and one image from the
peculiar class. The experiment was repeated for each image in the peculiar class, such that in each
run a different image from the peculiar class served as the peculiar image. For instance, the AT&T
face dataset has 10 images in each class, and therefore it was tested 10 times such that in each run
all 10 images of person / were used and one image of person 2 (a different image in each of the 10
runs). The goal of the algorithm was to automatically detect the single image of person 2 among
the dataset of 11 images (10 images of person / and one image of person 2).

The performance was evaluated by the number of times the algorithm correctly detected the
peculiar image in the set (which included the “typical” images and the one “peculiar” image),
divided by the total number of images in the peculiar class. Another performance metrics used in
this study is the rank-10 detection accuracy, which was measured as the percentage of the cases in
which the peculiar image was among the first 10 candidates with the highest dissimilarity value as
determined by Equation 3.1.

5. Results

The performance of the automatic detection of peculiar images was evaluated as described in
Section 4, and the rank-1 and rank-10 detection accuracies for each of the tested datasets are listed
in Table 2.

Table 2. Rank-1 and rank-10 accuracy of the detection of the peculiar image.

Dataset Rank-1 accuracy Rank-10 accuracy

Pollen 29/45 34/45
CHO 57/69 69/69
Jaffe 16/22 22/22
AT&T 10/10 10/10
Painters 1 26/30 30/30
Painters 2 0/30 18/30
Brodatz 1 4/4 4/4
Brodatz 2 4/4 4/4
MNIST 29/100 92/100
COIL-20 38/71 71/71

As the table shows, in almost all cases the proposed algorithm was able to automatically detect
the peculiar images in accuracy significantly better than random. For instance, with the Pollen
dataset the algorithm was able to automatically find the peculiar image in 29 times out of 45
attempts (each attempt with a different image), and the rank-10 detection was accurate in 34 times.
The noticeable exception is the second datasets of painters, which consists of paintings of Monet
and Van Gogh. In that case, the proposed method was not able to automatically detect any of the
tested Van Gogh paintings in a set of Monet paintings, and the rank-10 accuracy was 60%. Since
Monet and Van Gogh were inspired from each other, their artistic styles are similar to each other,
and it usually requires knowledge in art to differentiate between the works of the two painters.



Lior Shamir / Theory and Applications of Mathematics & Computer Science 3 (1) (2013) 13-31 21

The other painter dataset that was tested demonstrated a much higher detection accuracy since
the two painters, Jackson Pollock and Salvador Dali, belong in different schools of art (Abstract
Expressionism and Surrealism, respectively) and the differences between their styles are highly
noticeable even without any previous knowledge or training in art.

The results specified in Table 2 demonstrate the generality of the method and its ability to
handle very different image datasets in a fully automatic fashion, and without the need to select or
tune parameters. The generality of the method can also be demonstrated by the different classes
of the Pollen dataset. While the results in Table 2 are based on obj_198 as the “typical” class and
“obj_212” as the peculiar class, the pollen dataset includes seven classes (Shamir et al., 2008b).
Table 3 shows the rank-1 detection accuracy of all combinations of the seven classes in the pollen
dataset, such that each cell is the detection accuracy when the row the “typical” class and the
column is the “peculiar” class. As the table shows, the detection accuracy is significantly higher
than random in all combinations of “typical” and “peculiar” classes, demonstrating the generality
of the proposed method.

Table 3. Rank-1 detection accuracy (%) of all combinations of typical and peculiar
classes using the pollen dataset.

Regular\Peculiar [ 198 212 216 360 361 405 406

198 - 64 51 67 53 69 67
212 55 - 55 65 58 67 67
216 63 67 - 63 58 64 64
360 61 64 67 - 64 72 69
361 57 67 65 67 - 72 69
405 66 71 73 69 67 - 71
406 63 59 65 69 69 6l -

As discussed in Section 3, 90% of the image features with the highest o are ignored. Changing
the number of features that are rejected and not used by the image dissimilarity evaluation of
Equation 3.1 can change the dissimilarity value determined by the Equation for each image, and
consequently affect the performance of the algorithm. Figures 4 and 5 show the rank-1 and rank-10
detection accuracy of the peculiar images when the number of used features is changed.

As the graphs show, while the peculiar image detection accuracy of some image datasets peaks
when 10% of the features are used, in other datasets such as MNIST or COIL-20 the detection
accuracy peaks when 40% of the features are used. In the case of MNIST, the rank-1 detection
accuracy was elevated from 29% when 10% of the features were used to 94% with 40% of the
image features. This shows that the detection of peculiar images can be optimized if the number
of used image features is adjusted for the specific dataset. However, since the detection of the
peculiar image is unsupervised, and in many cases the target peculiar image is unknown, adjusting
the parameters for optimizing the performance based on sample target peculiar images might not
be possible, and it is therefore required to use a general pre-defined parameter setting as was done
for the performance figures reported in Table 2.

Another value that was determined experimentally is the K values in Equation 3.1. Figures 6
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Figure 4. The rank-1 detection accuracy of the peculiar image as a function of the
amount of features used.

and 7 show the rank-1 and rank-10 detection accuracy of the peculiar image as a function of the
value of this parameter. In all cases, 10% of the image content descriptors were used as described
in Section 3.

As the graphs show, the detection accuracy of the CHO dataset drops as the value of K in-
creases, and the detection of a Dali painting in a set of Jackson Pollock paintings also peaks when
the value of K is low. However, in most cases the detection accuracy of the peculiar image reaches
its maximum when the value of K is around 25. In some of the tested image datasets, such as
the Brodatz texture datasets and the rank-10 of the Painters I and COIL-20 datasets, the detection
accuracy of the peculiar image remained perfect regardless of the value of K.

A single peculiar image is expected to be detected more easily among a smaller dataset of
regular images. That is, finding a peculiar image hidden in a dataset of millions of images is
expected to be a more difficult task than finding a peculiar image in a dataset of just a dozen regular
images. On the other hand, the presence of a large number of regular images allows the algorithm
to find the image features that can discriminate between peculiar and regular images, and better
estimate the weights of the features by their informativeness and ability to discriminate between
a regular and a peculiar image as described in Section 3. To study the effect of the number of
the regular images in the dataset we used the MNIST dataset, which provides a sufficient number
of images of handwritten digits “0” and “1”. Figure 8 shows the rank-1 and rank-10 detection
accuracy of a peculiar image when changing the number of regular images in the dataset using
1000 images of the handwritten digit “0”.

As the graph shows, the detection accuracy generally drops as more regular images are added
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Figure 5. The rank-10 detection accuracy of the peculiar image as a function of the
amount of features used.

to the dataset. Clearly, this is due to the lower difficulty of finding a peculiar image in a dataset of
50 images compared to correctly finding a single peculiar image among a dataset of 1000 regular
images. However, while the rank-10 accuracy decreases as the number of regular images gets
higher, the rank-1 detection accuracy drops to ~30% at around 80 regular images, but marginally
changes when more regular images are added to the dataset. This can be due to the effect of
the better weights assigned to the image features when the number of non-peculiar images in the
dataset increases, which improve the ability of the algorithm to characterize the “typical” image
in the dataset and differentiate it from peculiar images.

It should be noted, however, that while a higher number of regular images improves the feature
weights, it also increases the probability that one the regular images in the dataset will be assigned
with a high dissimilarity value computed by Equation 3.1. Since the algorithm aims to detect
the irregular images in an unsupervised fashion, any difference between one of the images in
the dataset and the “typical” image might lead to the detection of that image as “peculiar”. For
instance, in the MNIST dataset of the handwritten digit “0” the 10 most common images that were
detected by the proposed algorithm as peculiar are shown in Figure 9.

As the figure shows, some of these handwritten digits are noticeably different from a standard
handwritten digit “0”. For instance, the top left digit has a black dot near it, while other images of
handwritten “0” feature incomplete circles or thick lines. These images can confuse the algorithm
since they are different from the typical image of the digit “0”. Repeating the same experiment
with a dataset of 100 manually selected “0” images that seemed relatively uniform led to perfect
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Figure 9. The 10 most different images in the dataset of 1000 regular images of hand-
written “0” digit.

detection accuracy of the “1” images.

Similarly, the most peculiar images of the CHO dataset and the AT&T dataset are shown
in Figures 10 and 11, respectively. As the figures show, in the AT&T dataset the images are
relatively similar to each other, and it is difficult to identify specific images that are significantly
more different from the rest of the images. However, in the CHO dataset the peculiar images are
noticeably different from the “typical” giantin images showed in Figure 3.

As showed by Figure 5, the detection of an image of the handwritten digit “1” in a large set
of images of the handwritten digit “0” can be improved when using 40% of the image features.
Figure 12 shows the detection accuracy when 40% of the image content descriptors are used.

As the figure shows, when using 40% of the features the detection accuracy also drops as the
number of regular images gets larger, but the detection accuracy is significantly higher compared
to the detection accuracy when using just 10% of the image content descriptors. The rank-10
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Figure 10. The 10 most different images in the AT&T dataset. The leftmost image is
the most peculiar.
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Figure 11. The 10 most different images in the CHO (giantin) dataset. The upper left
image is the most peculiar and the lower right image is the least peculiar
of the 10 samples.

accuracy, however, remains steady at 100% regardless of the number of regular images among
which the peculiar image should be detected.

A key element in the proposed algorithm is the use of the large set of image features extracted
from the raw pixels, but also from image transforms and compound transforms. To test the con-
tribution of the features extracted from transforms and compound transforms, the performance of
the proposed method was tested using features extracted from the raw pixels only, raw pixels and
transforms, and raw pixel, transforms, and transforms of transforms. Table 4 shows the rank-1 and
rank-10 detection accuracy when using image features computed using the raw pixels alone, and
Table 5 shows the performance of the method when using also the image features extracted from
the first-order image transforms. Table 2 shows the detection performance when using the raw
pixels, image transforms, and transforms of transforms.

As the tables show, the use of image features extracted from transforms and multi-order image
transforms has a significant effect on the performance of the method, and demonstrates the infor-
mativeness of standard image features extracted not just from the raw pixels, but also from image
transforms and compound transforms (Rodenacker & Bengtsson, 2003; Gurevich & Koryabkina,
2006; Shamir et al., 2010, 2009).

5.1. Comparison the previous methods

The performance of the peculiar image detection method was also compared to the perfor-
mance of one-class SVM (Scholkopf et al., 2001). The experiments were done with the LibSVM
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Figure 12. Rank-1 and rank-10 accuracy as a function of the number of regular images
using the MNIST handwritten digits image dataset using 40% of the image
features.

Table 4. Rank-1 and rank-10 accuracy of the peculiar image detection when using
image features extracted from the raw pixels only.

Dataset Rank-1 accuracy Rank-10 accuracy

Pollen 11/45 19/45
CHO 21/69 36/69
Jaffe 9/22 14/22
AT&T 4/10 10/10
Painters 1 16/30 23/30
Painters 2 0/30 14/30
Brodatz 1 4/4 4/4
Brodatz 2 4/4 4/4
MNIST 9/100 56/100
COIL-20 11/71 44/71

support vector machine library using the “one-class” option with RBF (y=5) and polynomial (d=5)
kernels, where nu was set to 0.5 (Scholkopf et al., 2001; Fan, Cehn & Lin, 2005). The value K
in Equation 3.1 was set to 25. Figure 13 shows the rank-1 detection accuracies using the method
described in this paper and the one-class SVM with the two kernels.

As the graph shows, the detection using weighted distances from the means as described in this
paper is substantially better compared to one-class SVM. The better performance when using the
weighted distances from the means can be explained by the ability of the weighted feature space to
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Table 5. Rank-1 and rank-10 accuracy of the peculiar image detection when using
image features extracted from the raw pixels and image transforms.

Dataset Rank-1 accuracy Rank-10 accuracy

Pollen 18/45 25/45
CHO 39/69 53/69
Jaffe 13/22 22/22
AT&T 8/10 10/10
Painters 1 22/30 26/30
Painters 2 0/30 17/30
Brodatz 1 4/4 4/4
Brodatz 2 4/4 4/4
MNIST 29/100 92/100
COIL-20 38/71 68/71

H Weighted distance M Polynomial kernel = RBF kernel
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Figure 13. Detection accuracy using the proposed method and one-class SVM using
the image feature set.

work efficiently when the variance in the informativeness of the different image features is large.
These results are in agreement with previous experiments of automatic image classification using
the large image feature set used in this study (Shamir et al., 2010), which also indicated that SVM
classifiers have difficulty to effectively handle the strong variance in the informativeness of the
image features included in the large feature set. The significant effect of assigning weights to the
features compared to using a non-weighted feature space is also discussed in (Orlov et al., 2008;
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Shamir et al., 2010).

6. Conclusions

This paper describes a method that applies multi-order image transforms to unsupervised de-
tection of peculiar images in image datasets. The detection of the peculiar images is done in an
unsupervised fashion, without prior knowledge that can be used to define the peculiarity of an
image in the context of the given image analysis problem at hand. This approach can be useful in
cases where it is required to detect unusual images, in the absence of a clear definition of what an
unusual image is or how a “peculiar” image is different from a “typical” image in the dataset. For
instance, screens in Cell Biology might result in microscopy images of very many cells, and the
researcher might be interested in detecting the irregular and uncommon phenotypes (d‘Onofrio &
Mango, 1984). In many cases the phenotypes of the highest scientific interest can be “new” types
of cells, which the researcher has never seen before, and therefore cannot characterize or use pre-
vious samples to train a machine vision system to detect. Other examples can include automatic
search for peculiar astronomical objects in image datasets acquired by autonomous sky surveys
driven by robotic telescopes, or uncommon ground features in datasets of satellites images of the
Earth or other planets. Future work will include the application of the proposed system to practical
tasks in biology, astronomy, and remote sensing.

The experiments described in this paper show that the detection accuracy of the peculiar image
can in some cases be improved if the parameters are adjusted for a specific dataset. However, the
pre-defined parameter settings used in this study demonstrated detection accuracy significantly
better than random, and showed that in some cases the rank-10 detection accuracy can be as high
as 100%. This shows that image features extracted from multi-order image transforms can be used
to automatically detect peculiar images in image datasets without using any prior knowledge about
the regular images, but more importantly, without any prior knowledge about the target peculiar
images.

One limitation of this method is that since the detection of the peculiar image is done in an
unsupervised fashion, the feature representation of the regular images should be similar to each
other so that the algorithm can differentiate between them and the peculiar image. That is, the
variation among the regular images should be smaller than the difference between the peculiar
images and the regular images.

Another downside of the method described in this paper is its relatively high computational
complexity. Since no prior knowledge about the images can be used, a large and comprehensive
set of image features is computed for each image in order to cover many different aspects of
the visual content, and then select the most informative features that can differentiate between a
regular and a peculiar image. Computing the full set of image content descriptors and transforms
can be a computationally expensive task. For instance, computing the feature set for a single
256x256 image takes ~100 seconds using a 2.6GHZ AMD Opteron with 2 GB of RAM. A more
comprehensive analysis of the response-time as a function of the image size is available in (Shamir
et al., 2008a).
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