
Visual Concept Detection  

using MOD Salient Points 

Ard Oerlemans     Erwin M. Bakker     Michael S. Lew 

LIACS Medialab, Niels Bohrweg 1, 2333CA, Leiden 

Abstract 

Visual concept detection is the automated detection of image semantics. Detecting image semantics is  

particularly useful in content based retrieval because it allows us to annotate media with semantically  

meaningful information. One computationally efficient approach toward subimage annotation is to  

focus on regions which are considered salient.  The novel contribution in this paper is using the regions 

found from the maximization of distinctiveness (MOD) saliency approach for automatic visual concept 

detection. We present results based on real images and compare nearest neighbour classification, 

support vector machines and a neural network. Also, preliminary results for automated image annotation 

in the MIRFLICKR-25000 dataset are presented. 

1 Introduction 

Bridging the gap between low level features such as color histograms and semantic descriptions such as 

"trees" is highly useful for searching image databases and digital libraries. From the panels of CIVR and 

MIR conferences, it has been said repeatedly that one of the primary goals of the community is automatic 

annotation of images and video.  It would be ideal to have a program which receives as input an unknown 

image, analyzes the pictorial content of the image and then outputs a set of keywords. In this paper we 

present our ongoing work in detecting visual concepts toward automatic image annotation. 

The basis of visual concept detection is the need for automatically describing the content of images. 

For image retrieval tasks, these generated descriptions of images can be very useful. For example, the 

image in Figure 1.1 could be classified as containing buildings and trees. 

 

 
Figure 1.1.  An image which could be labeled with trees, buildings and sky. 

 

With this annotation, it is possible to search for these images using keywords.  A high level overview 

of our system frame work is shown in Figure 1.2.  In our system, a visual concept is learned interactively 



by our program using positive and negative responses from the user.  Once the visual concept has been 

learned, it is applied to an unknown image and automatically outputs descriptive text. 

 

 
Figure 1.2: High-level overview of the visual concept detection system 

 

For detecting visual concepts in images, we have compared the following methods: nearest neighbour 

classification, support vector machines and a neural network. We also use several approaches for 

segmenting images into sub-images using wavelet-based salient points and maximization of 

distinctiveness (MOD) based interest points, of which the visual concepts are determined. 

2 Related work 

In the recent years, visual concept detection or automated image annotation has become a very active 

field of research. As the amount of visual information available increases, the need for new methods for 

searching it, also increases.  

A well known paper by Datta [2] discusses many techniques that can be used for automatic image 

annotation.  

Annotating images with concept words can not only be seen as an computational problem, but also as 

a linguistic problem. Words can have multiple meanings and concepts can have multiple words to 

describe them. For example, Srikanth et al [12] describe an image annotation method that uses an 

ontology for linking annotation words. They measure the retrieval performance when annotation words 

are connected to other words in a hierarchy. Retrieval accuracy improves using this knowledge. 

Other related work in the research literature for visual concept detection is face detection in complex 

images.  Representative examples would be the neural network work by Rowley and Kanade [10] or the 

information theoretic approach by Lew and Huijsmans [5] in which the authors detect the specific visual 

concept of a human face. An excellent survey of the work done in face detection is found in Yang, et al. 

[17]. 

3 Maximization Of Distinctiveness (MOD) 

Recently, we have proposed the Maximization Of Distinctiveness paradigm [8] for detecting interest 

points in images. These interest points have the property that they are optimized for visual content 

matching using feature vectors. The selected points have the highest distinctiveness with respect to certain 

features, in a local region around the selected point. 
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For computing the MOD interest point, each pixel in an image is first assigned a distinctiveness value 

that is based on the dissimilarity of the point to all pixels in a neighbourhood around it. The dissimilarity 

for a pixel is estimated as the inverse of the similarity value for the closest matching point in the 

neighbourhood, when the features are considered that will be used for matching. The dissimilarity values 

are combined to form a distinctiveness map of an image and the local maxima in this distinctiveness map 

will yield the MOD interest points. 

Let D(x,y) represent the distinctiveness of a pixel at (x,y). The function to be optimized can be 

expressed elegantly as 

 

D(P) = argmin(R)[− Similarity(R.P)]        (3.1) 

 

where R represents a region based on a pixel location P. In our experiments R is a rectangular region 

around P. The constellation of salient points would then be 

 

C = maxima of D(P)          (3.2) 

 

This means that we select the set of pixels which are local maxima of distinctiveness with regard to the 

similarity function used in the matching algorithm. 

One of the advantages of this paradigm is that the similarity function can be adapted to the area of 

computer vision or pattern recognition. It can be adapted to be rotation invariant, scale invariant, color 

invariant, etc. As mentioned earlier, different problem areas have different constraints.  

Another advantage of using interest points is the computational speed of the matching step. Only the 

image regions indicated by the interest points have to be considered.  

4 Detecting visual concepts 

We used two steps in detecting visual concepts in images: Visual concept description and visual concept 

matching.  

First, the visual concepts need to be described. This can be done by selecting positive and negative 

examples and to use a classification method which uses these positive and negative examples to create a 

general model of the concept. For each of the positive and negative examples, a number of feature vectors 

is extracted. We have used an HSV based color feature, color moments and a texture feature created by 

Ojala [9], which is invariant under grayscale variations and rotation.  

The second step for visual concept detection is to match each image to the visual concepts. Images are 

compared to the generalized model and are classified as either matching or non-matching for each visual 

concept. The list of matching concepts is then an annotation for the image. For describing the visual 

concepts, we have used the interactively selected lists of positive and negative images. 

For matching images with visual concepts, we have looked at three different methods: Nearest 

neighbor classification, support vector machines and a neural network. These methods are explained in 

detail in the next three sections. We expect classification using SVM’s or the neural network to 

outperform the nearest neighbor method because of the generalization capabilities of these machine 

learning techniques, but we included the nearest neighbor method as a benchmark. 

4.1 Classifiers 

This section describes the classification techniques that were used for determining the presence of a visual 

concept in a part of an image. 

4.1.1 Nearest neighbour 

With this type of classification, an image is compared to all positive and negative examples of a visual 

concept. The label of the closest example (using L2 distance) will be used as the classification. 



4.1.2 Support vector machine 

Support vector machines [1][4][15] are widely applied to pattern recognition. They can be used for 

classifying feature vectors in very high dimensional spaces. SVMs try to find a plane which defines the 

border between the positive and the negative examples. In our case, we have made a separate SVM for 

each visual concept we want to detect. The SVMs are trained with the positive and negative examples for 

each of the concepts and for each image, we use these SVMs for classifying them. 

4.1.3 Neural network 

Neural networks are also well-known for their generalization capabilities for large input vectors. We have 

used a three-layer feed-forward network, the first layer being the input vector. The hidden layer has 25 

hidden nodes and the output of the final node was used to determine a binary classification for a concept. 

The specifications for the network were empirically determined, but we have not looked into the effects 

of different configurations yet. In the future, we would like to include this in the training phase of the 

classifier. 

5 Experiments 

We have tested our system on a dataset of tourist-like images of the cities of Leiden and Amsterdam and 

serveral other images. This section shows the user interface of the program, the results of applying 

concepts to a few of these city images and also the results of an application of visual concept detection to 

face detection. Also, we show preliminary results for annotating the MIRFLICKR-25000 dataset. 

5.1 Interface 

Figure 5.1 shows the interface of our visual concept detection program. Users can add concepts and 

assign image regions to the positive or negative examples for each concept.  

 

 
Figure 5.1: The user interface for the visual concept detection program 



5.2 City images 

We have trained our visual concept detection system with images from the cities of Amsterdam and 

Leiden. We then applied the learned concepts to several other images, also made in Leiden and 

Amsterdam. 

Our system has learned three visual concepts: buildings, sky and trees. Figures 5.2 to 5.8 show the 

results for the three different classifiers on three different images that were selected from the test set. 

 

   
Figure 5.2: Images used in this section, labeled a) Image 1, b) Image 2 and c) Image 3 

 

   
Figure 5.3: Annotation results for the concept 'building' on Image 1 for  

a) nearest neighbour classification, b) SVM classification and c) neural network classification 

 

   
Figure 5.4: Annotation results for the concept 'sky' on Image 1 for  

a) nearest neighbour classification, b) SVM classification and c) neural network classification 

 

   
Figure 5.5: Annotation results for the concept 'tree' on Image 2 for  

a) nearest neighbour classification, b) SVM classification and c) neural network classification 

 



   
Figure 5.6: Annotation results for the concept 'sky' on Image 2 for  

a) nearest neighbour classification, b) SVM classification and c) neural network classification 

   
Figure 5.7: Annotation results for the concept 'building' on Image 3 for  

a) nearest neighbour classification, b) SVM classification and c) neural network classification 

   
Figure 5.8: Annotation results for the concept 'tree' on Image 3 for  

a) nearest neighbour classification, b) SVM classification and c) neural network classification 

5.3  Face detection 

Figure 5.9 shows the results of applying a 'face' concept to an image. In this case, the training image set 

and test set were very small, but we present this result as an example of other uses of the visual concept 

detection.  

 
Figure 5.9: output of the visual concept detector for the 'face' concept. 

5.4 MIRFLICKR-25000 annotation 

At the ACM-MIR conference in 2008, the MIRFLICKR-25000 dataset was presented [3]. It contains 

25000 images from the Flickr website and a large number of annotations are available, ranging from 



general to very specific categories. This dataset was used in ImageCLEF 2009 for the visual concept 

detection and annotation task. 

We have tested our MOD method combined with a neural network to test the annotation accuracy. 

Note that these results are preliminary and that we intend to present more results in the future. 

For each tested concept, we have randomly selected 25 images for extracting positive training 

examples and 25 images for extracting negative training examples. The neural network classifier was 

trained using one color and two texture features.  

For testing, we have randomly selected 5000 images from the dataset, with 50% of the images tagged 

with the concept. Each detected MOD region in the test images was classified and we have used a fixed 

threshold of 10 detected regions to determine if the image would be annotated with the concept. Table 5.1 

shows the misdetection rates for each concept. 

 

Concept Misdetection rate 

Sky 0.54 

Water 0.40 

People 0.14 

Night 0.01 

Plant life 0.16 

Animals 0.25 

Table 5.1: misdetection rates for preliminary tests on the MIRFLICKR-25000 dataset. 

6 Discussion and further research 

The results from the different concepts and classifiers show the promising results that can be obtained 

when using the MOD interest points as a hint on where to look for concepts within images. Especially the 

combination of a more advanced classifier like the support vector machine or a neural network with the 

MOD regions turns out to give very interesting results. 

As an example, detecting the 'tree' concept, as shown in figure 5.8, with a support vector machine 

yields a correct classification of a small image region, that we did not expect to be easily detected.  

The other results on the Leiden-Amsterdam database show that the 'building' concept detection results 

in some errors. The nature of this concept is visually more complex than a 'sky' concept, so we expected 

more difficulties with detecting the concept, which can be clearly seen figure 5.7. 

For the MIRFLICKR-25000 results, one result that seems surprising is the high misdetection rate for 

the sky concept. One would assume this concept is easy to classify, however the appearance of sky in this 

dataset is particularly difficult, as there are many colors and textures that represent sky. Even when an 

image was taken at night, it could still have the annotation 'sky', alhough the sky itself would be 

completely dark. 

As this is ongoing research, we have a few ideas on how to improve our system. One of the next steps 

is to select the best features for each concept for the annotation. At this point, we use three different 

features, but we expect the system to improve with more features and a specific subset of these features 

for each concept. Clearly, concepts that do not need a specific color, will benefit of ignoring the color 

features in the annotation task. 
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