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Abstract. In the image recognition field, there are many proposed artificial intelligence techniques that try
to find features such that data belonging to different classes can be separated by these features. Some features
or components that make ambiguous to separate data belonging to different classes are usually omitted in this
field. In this paper, we will demonstrate that those ambiguous components also have distinguishable ability.
We proposed an association rules based method to design an image classifier that can distinguish natural
images and text images. It is no doubt that the distinguishable ability utilizing those ambiguous components
is even better than traditional methods, and is also required when recent techniques meet fault.
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1. Introduction
Because digital image could be considered as a high dimensional data, a common process in image
recognition technique is to look for some features that images belonging to different classes are very
different in these features. For example, the Supported vector machine (SVM) [2] method looks for two
parallel hyper-planes that makes data belonging to two classes are separated at the opposite sides of these
two parallel planes. The normal vector of these two planes can be considered as a feature that data projected
to this direction have two clear separated distributions.
In Linear discriminant analysis (LDA) [1], we look for some eigenvectors such that the projection of two
class data are separated clearly in the subspace generated by these eigenvectors. Hence, these eigenvectors
are features with less ambiguousness in this problem. Either in SVM or LDA, two classes of data highly
mixed together are possible. Thus, it’s hard to find features that can well separate these two data. Only using
these features for recognition problem will lose much valuable information. We try to keep these features
that usually are omitted in recent artificial intelligent techniques. Upon these features, we will develop an
association rule based recognition method that performs acceptably.
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3. Combine association rules to increase the prediction accuracy
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It is natural to combine the association rule method to increase prediction accuracy.
The goal of association rule [3] is to establish the relationship between a combination of input variables
and a combination of output variables. Here, we give a brief introduction to the association rules method.
is any collection
Let I = i1,,ik be a set of k elements called ‘items’. Then, a basket data
of n subsets of I, and each subset
is called a ‘basket’ of items. We say that there is an association rule
A(Antecedent)→B(Consequent) if:
• A and B occur together in at least s% of the n baskets Support.
• All the baskets containing A, at least c% also contains B Confidence.
Applying association rule to our method, we can consider that each feature vector in
is a basket and
as the items. We search for the association rules from the training data such that the
the learner for
rules have significant support and confidence. Using these combinations of rules, we expect that we can
obtain the accuracy result than the original learner.

4. Experimental results
We apply our method in the image recognition problem. There are two types of images, one is the text
image that is snapped from books and the other is the natural image that is snapped from the landscapes. For
each type of image, we obtain 500 images; in total we have 1000 images. For convenience, we label the text
. We randomly choose 250 images from these two types of images
image as , and the natural image as
respectively to form the training set and the remainders as the testing set. Because the images are not always
the same size, we will rescale them to 640 x 480 before we do further processing. Moreover, the illumination
of each image is not the same generally, so we adjust the minimal illumination to zero and the maximal
illumination to 255 by a linear transformation.
The goal is to construct a model that can identify the input image to be a natural image or a text image.
In text image, there should be a lot of symbols and letters. These symbols and letters are sharp in the
boundary of font. So, the frequency domain is considered better than the physical domain. After we rescale
the image and adjust its illumination, we apply 2D discrete cosine transform (DCT) to obtain the DCT
coefficient of each image. Because the excessively high frequency is usually considered as noise, we only
is 90000.
extract the first 300 x 300 DCT coefficient as our domain, that is the dimension of
In the DCT domain, we check whether the component is ambiguous. There are 86.35% of components
. This data is pretty matched to our assumption.
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. Figure 1
. The left one is related to

the text image and the other one is a natural image. If the pixel is dark blue, then the corresponding

is

empty. The brightness is proportional to the number of elements in . From Figure 1, we can see that these
two images are complementary and the significant frequency of text image is in high frequency band. This
matched the general experiments.
Now, we can apply association rules method to observe the association rules for these two types of
images. There are top six significant rules (Support > 18.2% and Confidence > 29.6%) of text image and top
six significant rules (Support > 26.8% and Confidence > 50%) for natural images. See Table 1.
We use the remaining 250 images as the testing set. Each image in testing set is also scaled in both size
and illumination and then transformed to DCT frequency. For each image, we see how many rules passed in
text image and natural image. We count the number, and assign the image type to whom the maximal
number occurs. The accuracy rates of both two classes of image utilized the top six rules are 100%. Even
though we remove the top one of rules in text image and natural image, the accuracy rates are also 100%. It’s
amazing.

5. Conclusions
We proposed a new machine learning method that is designed by the ambiguous components. This
method combine the association rules to find out the efficient rules for classfication. Few rules are used to
get a good recognition result. When the data in differenct level are highly overlapping, our work has better
performance than recent methods. This work is not only applied in image recognition, it can be used
successfully in many artificial intelligent fields.

Fig. 1: The left side is the learner distribution for text image and the right side is for natural image.

Tab. 1: The top six rules of confidence and support for text (T) images and natural (N) images
Confidence (T)

96.4%

42.8%

34.8%

33.6%

33.0%

29.6%

Support (T)

50.6%

22.6%

21.4%

19.0%

18.2%

18.2%

Confidence (N)

91.6%

55.6%

50.8%

50.8%

50.4%

50.0%

Support (N)

47.0%

29.8%

26.8%

28.6%

27.8%

28.2%
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