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Abstract 

 

Traditional image classification relies on text information such as tags, which requires a lot of human effort to 

annotate them. Therefore, recent work focuses more on training the classifiers directly on visual features 

extracted from image content. The performance of content-based classification is improving steadily but it is 

still far below users’ expectation. Moreover, in a web environment, HTML surrounding texts associated with 

images naturally serve as context information and are complementary to content information. This paper 

proposes a novel two-stage image classification framework that aims to improve the performance of 

content-based image classification by utilizing context information of web-based images. A new TF*IDF 

weighting scheme is proposed to extract discriminant textual features from HTML surrounding texts. Both 

content-based and context-based classifiers are built by applying multiple correspondence analysis (MCA). 

Experiments on web-based images from Microsoft Research Asia (MSRA-MM) dataset show that our 

proposed framework achieves promising results. 

 

Keywords: Multiple Correspondence Analysis (MCA), Content-based Image Classification, Context 

Information, TF*IDF 

 

I. INTRODUCTION 

 

With the proliferation of digital photo-capture devices like cameras, cell phones, and camcorders, and the 



exponential growth of web 2.0, people especially the youths are accustomed to utilize photographs to record 

their daily lives and to share images on social network websites (Flickr, Twitter, Facebook, etc.) to demonstrate 

their seeing and feeling. The new trend of lifestyle raises an issue to multimedia data management area, namely 

how to effectively organize these image data. Generally speaking, image classification experiences two 

developing phases: text-based and content-based. Traditional text-based approaches, which could be traced 

back to 1970s, usually rely on manual annotation (such as tagging and labeling) to perform image 

classification. The construction of an index (or a thesaurus) is mostly carried out by documentalists who 

manually assign a limited number of keywords describing the image content. However, the processing speed 

cannot meet the requirements of fast and automatic organization and search of images nowadays. In order to 

automatically organize the great amount of increasing online images, learning focused on image content 

analysis has gained popularity over traditional text-based analysis (Liu, Zhang, Lu & Ma, 2007). 

 

Content-based image classification approaches have been introduced in the early 1990s to classify and index 

images on the basis of low-level and mid-level visual features derived from color, texture or shape information 

(Lew, Sebe, Djeraba & Jain, 2006). Although significant improvements have been achieved by using low-level 

visual features, the content-based approaches still face many challenges such as semantic gap and varied image 

qualities. Semantic gap characterizes the difference between the semantic meaning of an image and the 

extracted low-level visual features. A lot of effort has been put into bridging this gap, but it is still difficult to 

conquer (Naphade et al., 2006). On the other hand, context information for images can be utilized to be 

complementary to content information. Compared to low-level visual features, context information may better 

capture the semantics of images under the assumption that the textual terms are actually related to the images. 

An example of such context information is the HTML surrounding texts associated with images in a web 

environment. Therefore, a better image classification performance can be achieved by utilizing the context 

information to enhance the content-based image classification. To classify texts, or perform text categorization 

(TC) which is defined as the task of labeling texts with thematic categories from a predefined set (Sebastiani, 

2002), many techniques have been borrowed from information retrieval (IR) field. TF*IDF (term 

frequency-inverse document frequency) weighting scheme (Jones, 2004) is the most famous one and has 



achieved a great success.  

 

In this paper, a novel two-stage image classification framework is proposed, which integrates content-based 

and context-based classification. A new TF*IDF weighting scheme is also introduced to calculate term weights 

for textual feature extraction. A classifier based on multiple correspondence analysis (MCA) transaction 

weights in (Lin, Shyu & Chen, 2009) is trained by the visual features at the first stage. Then both predicted 

positive and negative results are refined by the classifiers trained by the textual features at the second stage. 

Fifteen concepts from MSRA-MM dataset (Li, Wang & Hua, 2009) are used for evaluation, ranging from 

highly imbalanced datasets to balanced datasets. Experiments contain the evaluation of the proposed new 

TF*IDF weighting scheme and the whole framework. The proposed TF*IDF variant is compared with the 

conventional TF*IDF and two supervised term weighting methods. The evaluation of the framework is done by 

first comparing the separate content-based and context-based MCA classifiers with other seven existing 

well-known classifiers, and then comparing to these results, promising improvements are achieved by using 

our proposed framework. Furthermore, comparisons are made with two existing approaches that fuse visual 

and textual features (Kalva, Enembreck & Koerich, 2007) and (Rafkind, Lee, Chang & Yu, 2006) to be 

introduced in the Related Work Section. The experimental results demonstrate that our framework, via 

effective utilizing context-based information, can enhance content-based image classification performance.  

 

This paper is organized as follows. Related work is introduced in Section II. Our proposed framework is 

presented in Section III, followed by experimental analyses in Section IV. We conclude this paper and discuss 

the future work in Section V. 

 

II. RELATED WORK 

 

A. Term Weighting Methods 

To utilize context information, it is important to understand and choose the proper methods to extract and 

select useful textual features/terms. Among various term weighting methods, the most famous one is TF*IDF 



(term frequency-inverse document frequency) weighting method (Jones, 2004; Robertson, 2004), which is 

widely used in information retrieval and text mining, and many variants have been developed based on it. 

TF*IDF, as a common statistical measure, is employed to evaluate how important a word is to a document in a 

collection or corpus of documents. In conventional TF*IDF, the importance of a term increases proportionally 

to the number of times it appears in the document but is offset by the frequency of the term in the whole 

collection. Eq. (1a) and Eq. (1b) give the mathematic definitions of the tf and idf values, where ijn  is the 

number of term it  appearing in document jd , N  is the total number of documents in the collection, and 

in  out of it contain term it . 
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Due to the success of TF*IDF, many variants have been consequently developed, aiming to improve the text 

categorization performance (Wang, Zhang, Wu & Lin, 2010). Lan et al. used relevance frequency (rf) to 

substitute idf and proposed a novel supervised term weighting, i.e., tf*rf, aiming to improve the terms’ 

discriminating power (Lan, Tan, Su & Lu, 2009). Another study in (Liu, Loh & Sun, 2009) proposed a 

probability based supervised term weighting scheme (denoted as prob-based) to solve the imbalanced text 

classification problem and could better distinguish documents in minor categories. The scheme utilized two 

critical information ratios, i.e., relevance indicators, which were supported by probability estimates that might 

embody the category membership. The above two term weighting schemes have a similar term weighting 

function, except that the latter considers one factor more than the former. 

 

B. Utilization of Context Information 

One preceding work has studied computational models and techniques to combine textual and content features 

for the classification of images on the Internet (Gevers, Aldershoff & Smeulders, 1999). The authors made use 

of weighted document terms and color invariant image features to obtain a high-dimensional similarity 



descriptor to be used as an index. Based on supervised learning, the k-nearest neighbor classifier was used to 

classify the Internet images into semantically meaningful concepts. The experiments were conducted on a large 

set of images downloaded from the Internet and showed good results by integrating textual and visual features. 

A similar idea was introduced in (Cascia, Sethi & Sclaroff, 1998) which built an image system that combined 

textual and visual statistics in a single index vector for content-based search of a WWW image database. 

Textual statistics were captured in the vector form using latent semantic indexing (LSI) (Deerwester, Dumais, 

Furnas, Landauer & Harshman, 1990) based on texts in the containing HTML documents. Visual statistics 

were captured in the vector form using color and orientation histograms. The content of the documents (latent 

semantic content) and the content of the images (visual statistics) were integrated by using an early fusion 

approach. The combined approach gave an improved performance in conducting content-based classification. 

The study in (Tollari, Glotin & Maitre, 2003) combined textual and visual statistics in a single stochastic fusion 

process for content-based image classification. Textual statistics were captured in the vector form and first used 

in an ascendant hierarchical classification (AHC) approach for several semantic classes. Visual statistics were 

then drawn inside these classes, based on color and orientation histograms. Finally, a late fusion approach took 

advantages of coupling between visual and textual classification by assigning different weights. 

 

The approach in (Feng, Shi & Chua, 2004) aimed to bootstrap the learning process by adopting a co-training 

approach involving classifiers based on two orthogonal sets of features - visual and text. The idea of 

co-training was to start from a small set of labeled training samples, and successively classify a larger set of 

unlabeled samples using the two orthogonal classifiers while updating them. They also exploited the evidences 

from both the HTML text and visual features of images and trained two independent probabilistic support 

vector machine (pSVM) classifiers. Several thresholds needed to be tuned in the co-training framework. The 

experimental results demonstrated that their co-training approach could achieve a level of performance 

comparable to that of the supervised learning, but it required a much smaller set of labeled training samples 

(less than 23% in their test).  

 

Kalva et al. designed independent classifiers to deal with images and texts based on the hypothesis that 



contextual information related to an image can contribute in the image classification process (Kalva, 

Enembreck & Blasius, 2006). In their paper, image color, shape, and texture features were extracted and a 

neural network (NN) classifier was used to carry out image classification; while contextual information was 

processed and used in a Naïve Bayes (NB) classifier. Since both classifiers could produce the posteriori 

probability of a data instance for each class, the fusion mechanism relied on such probabilities to decide on the 

class. Twelve heuristic rules obtained on the validation set through experimentation were used to combine the 

probability of each class produced by both classifiers. Their experimental results showed a meaningful 

improvement in the correct image classification rate relative to the results provided by the NN classifier alone. 

 

In (Rafkind, Lee, Chang & Yu, 2006), Rafkind et al. explored supervised machine learning systems using 

support vector machines (SVM) to automatically classify biomedical images into six representative categories 

based on text, image, and the fusion of both. First, two SVM classifiers were trained by using the visual and 

textual features alone. Then a vector for each data point was constructed by extracting margins from the data 

point to the boundary in the feature space. For a five-class classifier, each data point would have five 

associated margins, each corresponding to the distance from the data point to the hyperplane that separated one 

class from the rest. Two five-dimensional vectors for each data point, generated from image-based and 

text-based classifiers, were normalized and concatenated to form a ten-dimensional fusion vector which was 

used to train a fusion SVM classifier. In their experiment, 554 images were downloaded; a half was used for 

training, a quarter for fusion, and a quarter for testing. The results showed a significant improvement in the 

average F1-score of the fusion classifier as compared to the image-based classifier or the text-based classifier. 

 

To integrate content and context information, most existing approaches of late fusion use various ways to 

combine the results getting from two parallel classifiers trained by visual and textual features, respectively. In 

this paper, a novel image classification framework is proposed with two stages of classification. Instead of 

combining the results from two parallel classifiers, a MCA classifier is trained by the visual features at the first 

stage of our framework. Then both initial predicted positive (target concept) and negative (non-target concept) 

classes are refined by two additional MCA classifiers trained by the textual features at the second stage. In 



addition, a new TF*IDF weighting scheme is developed to calculate the term weights, so that those terms with 

high discriminant capabilities can be identified to be used as the textual features. 

 

III. THE PROPOSED FRAMEWORK 

 

A novel framework for image classification is proposed which contains the training model and testing phase, as 

shown in Figure 1 and Figure 2, respectively.  

 

Figure 1. [The Training Model of the Proposed Image Classification Framework]. 

 

The training model consists of two stages which are enclosed in the dashed rectangular boxes, as shown in 

Figure 1. First, visual features are extracted from raw training images, and z-score normalization is performed 

on visual features to convert their scales and ensure that they are suitable for general data analysis. Table 1 



shows the extracted visual features which belong to three main categories: color, edge, and texture. 

Considering the fact that extracted features usually include redundant or noisy features which would slow 

down the training process or diminish classification performance, feature selection is performed as a 

pre-processing step to reduce the feature space. A correlation and reliability based feature selection algorithm 

(Zhu, Lin, Shyu & Chen, 2010) developed in our previous work is adopted to select a subset of features from 

the extracted visual features. Discretization is also required since the extracted features are numeric (for 

example, the value of the “color dominant” feature for an image may be 0.241), and multiple correspondence 

analysis (MCA) can only be applied to nominal feature data (for example, “sunny”, “overcast”, and “rainy” are 

values for the “outlook” feature). For discretization, based on our knowledge and experimental results, so far 

no particular discretization method is clearly superior to the others for our dataset. Thus, a modified version of 

the minimum description length (MDL) method (Fayyad & Irani, 1993; Kononenko, 1995) available in WEKA 

(Witten & Frank, 2005) is used to discretize the features. For example, after discretization, there are two 

intervals for the dominant blue feature: [0, 0.234] and (0.235, 0.577]. Then the content-based MCA classifier is 

trained by the selected discretized visual features, which involves setting a threshold NTH  to the 

content-based MCA classifier. A brief review of MCA classifier will be introduced in Subsection B. 

Table 1. Visual features. 

Category Subcategory Feature dimension 

 
color 

color dominant 
color histogram 
color moment 

16 
51 

108 
 

edge 
edge histogram 
face detection 

47 
8 

 
 

texture 

texture cooccurrence 
texture wavelet 
texture tamura 
texture gabor 

local binary patterns 

36 
219 

3 
24 
1 

 

After the first stage, an initial class label is assigned to each data instance, but there are some misclassified 

instances in both classes. Therefore, at the second stage, the context-based MCA classifiers are applied to 

refine the initial classification results. The textual features are extracted from the original training set, and 

those belonging to the initial positive set are used to train context-based MCA classifiers on the left hand side, 

and the right hand side context-based MCA classifier are trained by the textual features belonging to the initial 



negative set. In the process of textual feature extraction, gaps between every two term weights in a sorted term 

list are calculated and the largest gap is used as the threshold to select textual features. The detailed textual 

feature extraction method will be introduced in Subsection A. The reason why training two classifiers in this 

stage is to eliminate as many false positive data instances as possible in the initial positive class on the left 

hand side, while getting as many false negative data instances as possible from the initial negative class on the 

right hand side. That is, a context-based MCA classifier is trained on the left hand side and a threshold ( XLTH ) 

is set to eliminate as many false positive data instances as possible in the initial positive class so that those 

fuzzy positive data instances which probably contain true negative ones will be classified as the negative class 

in this stage. Thus the predicted positive set will eliminate those true negative data instances that have been 

misclassified in the first stage. Similarly, on the right hand side, another context-based MCA classifier is 

trained and a threshold ( XHTH ) is set to get as many false negative data instances as possible from the initial 

negative class to improve the data instances in the predicted negative class. Lastly, the refined positive data 

instances from these two classifiers form the final positive set, enclosed by the dotted box, and the final 

negative set is enclosed by the chain dotted box, which are used to evaluate the training model. 

 

The testing phase also consists of two stages as shown in Figure 2. When a testing image with its associated 

text comes, the same visual and textual features used in the training model are extracted from it, and the same 

pre-processing steps before classification as discussed in the training model are applied to the features. An 

initial label is assigned to it after the first stage, and then there are two possible routes, indicated in the solid 

line and the dotted line, depending on the initial label. If the initial label is positive, its textual features go to 

the left hand side context-based MCA classifier to get further classified. If the initial label is negative, the right 

hand side classifier is used instead.  



 

Figure 2. [The Testing Phase of the Proposed Image Classification Framework]. 

 

A. A New TF*IDF Weighting Scheme 

Based on the conventional TF*IDF and inspired by the relevance weight model (Robertson, 2004), a new 

TF*IDF variant is developed to weigh the terms in the associated texts. Terms with larger weights are supposed 

to have better discriminant capabilities and can better capture the semantics of the images, and thus are 

selected to serve as textual features for classification. 

 

Figure 3. [The Surrounding Text Collection]. 

 

Figure 3 shows a collection of surrounding texts containing positive data instances and negative data instances, 

where each data instance refers to the context information of a corresponding image. For a certain concept, R  



denotes the number of relevant (positive) surrounding texts in a collection of total N  texts. Thus, N R  is 

the number of irrelevant (negative) surrounding texts. As shown in Figure 3, the left hand side part of the 

rectangle separated by the bold line is the positive set R  and the right hand side part is the negative set 

N R . The ellipse inside the rectangle refers to the total number of surrounding texts containing term it , 

which is in . ir  is the number of surrounding texts in the positive set that contain term it , and i in r  

would be the number of surrounding texts in the negative set that have it  in them.  
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In order to find the terms that have the most capability to differentiate the positive set from the negative set, the 

tf value for each set or class needs to be considered. The tf value of the positive set for term it  can be 

calculated from Eq. (2a), and the corresponding tf value of the negative set can be calculated from Eq. (2b), 

where ijn  is the number of term it  appears in document jd . Compared to the conventional definition of tf 

in Eq. (1a), we take logarithm considering in most cases that the first appearance of a term gives the most 

evidence but successive appearances give successively less importance. Adding 1 to it before taking the 

logarithm is to ensure the tf value is larger than 0. The final tf value is given in Eq. (2c), which calculates the 

ratio of tf value for term it  in the positive document set versus it in the whole collection, in order to make the 

tf value lies between 0 to 1. Please note that the terms that do not appear in the positive set will have a tf value 

being 0. 

 



The idf value can be calculated using Eq. (3) which is similar to the one in (Robertson & Jones, 1976) but is 

added 1 to prevent the idf value from going below 0, since they are term weights and will not make sense if 

they are negative. In rare cases, iR r  could be 0, which means the term it  appears in all the positive set. 

At the same time, i in r  is a small amount of surrounding texts, and then this term is supposed to be a good 

feature. However, if i in r  is a large proportion in the negative set, which means this term is common in 

both classes, like stop words, this term should not be considered as a good one. The same rule applies to 

i in r when it is 0, which means it  does not appear in any of the negative surrounding texts. In the following 

pseudo code for calculating idf, the proportion is set to be 0.5 for the general purpose, but can be adjusted 

based on different datasets.  

          

 

Now, the weight of a term can be calculated by TF*IDF scheme using Eq. (4). Terms with large weights 

1    if 0iR r   then 

2        if 0.5i in r

N R





 then 

3         1iR r   

4         else 

5                    0iidf   

6        end if 

7    else if 0i in r   then   

8        if 0.5ir

R
 then         

9         1i in r       

10       else 

11       0iidf   

12       end if 

13   else 

14       
  

   2log 1i i i
i
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r N R n r
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15   end if 



indicate a better capability to differentiate the positive class from the negative class, and thus they should be 

selected as the textual features to train the context-based MCA classifier. 

 

i i iw tf idf  .                                   (4) 

 

In addition, we looked into the textual features extracted by our developed TF*IDF variant algorithm. Take 

concept “Christmas” as an example. Terms like “Christmas”, “holiday”, “Christian”, “shopping”, and “winter” 

all have large TF*IDF weights, and these terms are intuitively related to the concept itself. Take another 

concept “Airplane” for example, terms like “airframe”, “helicopter”, and “emitter” also have large weights and 

can well imply the concept. Therefore, an effective text analysis can often well and directly capture the 

semantics of the images, which are usually hard to achieve by using low-level visual features alone. 

 

B. MCA Classifier 

Multiple correspondence analysis (MCA) has been applied in content-based video concept detection (Lin, 

Ravitz, Shyu & Chen, 2008; Lin, Shyu & Chen, 2009). Since the basic theory can also be used for image 

classification, MCA is adopted in both content-based and context-based classifiers in this paper. In other words, 

the content-based MCA classifier is trained by using the low-level visual features, while the context-based 

MCA classifier is trained by using the textual features. MCA can be considered as an extension of the standard 

correspondence analysis (CA) to more than two variables (Greenacre & Blasius, 2006). It is used to analyze a 

set of observations described by a set of nominal (categorical) variables. Thus, in order to apply MCA, each 

feature needs to be discretized into several intervals or nominal values (called feature-value pairs in our study). 

In this work, both content and textual features require discretization because they are represented by feature 

values and frequency counts, respectively, which are numerical values. Taking the textual features for example, 

the training dataset for concept “cloud” after discretization is shown in Table 2. Each of the T  features is 

discretized into several feature-value pairs, for example, the first feature of the first instance is feature-value 

pair 3
1F . 

 



Table 2. Context-based training dataset. 

Feature 1 Feature 2 … Feature T 
3

1F  1
2F  … 2

TF  
1

1F  1
2F  … 1

TF  

… … … … 
 

Next, all features are combined with the class labels to form an indicator matrix with instances (images) as 

rows and categories of variables (feature-value pairs and classes) as columns. Assuming the i-th feature has ij  

feature-value pairs and the number of classes is m , then the indicator matrix is denoted by Z  with size 

 in j m  , where n  is the number of instances. Instead of performing on the indicator matrix, MCA 

analyzes the inner product of this indicator matrix, i.e., TZ Z , called the Burt Table which is symmetric with 

size    i ij m j m   . Singular Value Decomposition (SVD) is then applied to the correspondence matrix 

which is transformed from the Burt Matrix by centering and standardizing. Now the feature-value pairs and 

classes can be projected into a two-dimensional space constructed by the first and second principal components 

due to the fact that over 95% of the total variance can be captured by the first two principal coordinates 

(Greenacre & Blasius, 2006).  

 

Figure 4. [The Geometrical Representation of MCA]. 

 

Figure 4 shows an example of MCA geometrical representation, which is also called the symmetric map, for 

the textual feature “concourse” for concept “cloud”. As can be seen from Figure 4, this “concourse” feature is 

discretized into four feature-value pairs, which correspond to four points in the map, namely, 1
1F  , 2

1F  , 3
1F , 

and 4
1F , respectively. The positive and negative classes are represented by two points lying in the x-axis, 



where 1C  is the positive class and 2C  is the negative class. Take 1
1F  as an example. The angle between 

1
1F  and 1C  is 1

1a . Similar to the standard CA, the meaning of 1
1a  in MCA can be interpreted as the 

correlation between 1
1F  and 1C . 

 

Since our goal is to identify the target concept (i.e., positive class), the angle between a feature-value pair and 

the positive class is analyzed. The cosine value of the angle represents the percentage of the variance that 1
1F  

is explained by the positive class. A larger cosine value which is equal to a smaller angle indicates a strong 

correlation. 4
1F , on the other side, would have a negative cosine value regards to 1C , which means it has a 

stronger correlation with the negative class than it is with the positive class. The cosine value of the angle 

between the feature-value pair and the positive class can act as the weight for that feature-value pair regarding 

to its discriminant capability. For the j-th feature-value pair of the i-th feature, its weight j
iW  is indicated by 

Eq. (5). 

 

 cosj j
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Table 3. Context-based training dataset. 

Feature 1 Feature 2 … Feature T Weight 
-0.71 0.57 … -0.23 6.21 
0.88 0.57 … -0.23 4.93 
… … … … … 

 

A transaction weight for each data instance in the original context-based training dataset in Table 2 can be 

calculated by summing the weights of the feature-value pairs along all the features. As shown in Table 3, the 

transaction weight for the k-th data instance, kTW , can be calculated by Eq. (6). Positive data instances are 

supposed to have larger transaction weights compared to the negative data instances since a feature-value pair 



with a large weight indicates a strong correlation with the positive class in comparison to a small weight. Thus, 

the threshold values can be set based on the training dataset to classify the testing data instances, as NTH , 

XLTH , and XHTH  in Figure 1 mentioned earlier. In this study, these thresholds are chosen from the mean 

transaction weight of the positive training data instances minus a constant multiplying its variance. The 

following pseudo code is used to classify n  testing data instances. Here, 1 denotes the positive label and 0 

denotes the negative label. 

 

              

 

IV. EXPERIMENTS AND RESULTS 

 

The dataset used in our experiments is the web image dataset from MSRA-MM (Li, Wang & Hua, 2009) which 

contains 50000 images with ground truth. The download URLs of the images and term frequencies in their 

surrounding HTML are provided. The way they captured the context information of an image is to first 

segment the web pages into semantic blocks using VIPS algorithm (Cai, He, Ma, Wen & Zhang, 2004), and 

then extract the texts in the block that surrounds the image URL. Texts are then split into words. Only those 

texts that appear in the WordNet are kept and their frequencies are recorded. We successfully downloaded and 

extracted visual features and surrounding texts from 8560 images with a landscape shape. Fifteen concepts are 

used with the positive to negative ratio (P/N ratio) scattered from slightly imbalanced (0.29) to extremely 

imbalanced (0.002), shown in Table 4. Three-fold cross-validation approach is adopted to evaluate our 

framework so that every image is tested. Precision (pre), recall (rec), and F1-score (F1) which are the harmonic 

mean of precision and recall, are adopted as our evaluation metrics for classification. 

1    for 1k   to n  do 

2        if k pos posTW mean const std    then 

3             tan 1kIns ce   

4        else 

5                    tan 0kIns ce   

6        end if 

7    end for   



 

Table 4. Concepts to be evaluated. 

No Concept name P/N ratio 
1 Airplane 0.004 
2 Baby 0.016 
3 Building 0.066 
4 Car 0.070 
5 Christmas 0.005 
6 Clothing 0.290 
7 Cloud 0.273 
8 Computer 0.022 
9 Dog 0.026 

10 Food 0.034 
11 Logo 0.043 
12 Panda 0.002 
13 Sea 0.033 
14 Sky 0.191 
15 Woman 0.164 

 

 

A. Evaluation of the New TF*IDF Weighting Scheme 

Our proposed TF*IDF weighting scheme is compared with conventional TF*IDF (Robertson & Jones, 1976) 

and two other similar supervised weighting methods: tf*rf (Lan, Tan, Su & Lu, 2009) and prob-based (Liu, Loh 

& Sun, 2009). tf*rf only considers ir  and i in r  as shown in Figure 3, while prob-based takes iR r  into 

account but does not consider    i iN R n r   . The MCA classifier is used to evaluate the classification 

result based on the textual features extracted from these four different weighting methods. Figure 5 shows the 

F1-scores of the fifteen concepts in Table 4, where the conventional TF*IDF is denoted as tf*idf and the new 

proposed variant is denoted as tf*idfv. As can be seen from Figure 5, tf*idf results in the worst performance in 

text classification, tf*idfv achieves the best on all fifteen concepts, and tf*rf achieves the second best F1-scores 

for eleven concepts. 



 

Figure 5. [Evaluation of the proposed TD*IDF weighting scheme]. 

 

B. Evaluation of The Framework 

To fully evaluate our framework, we first evaluate the performance of the MCA classifier since it is an 

important component in the whole process. Next, the comparison is made among the results of mining pure 

content information, mining pure context information, and mining both content and context information. 

Finally, we compare our framework against two existing frameworks introduced in Section II using the same 

extracted visual and textual features.  

 

The first part of the experiments is done by comparing the MCA classifiers with seven popular classifiers. 

WEKA provides an implementation of these seven classifiers, namely Adaptive Boosting (Ada), Decision Tree 

(DT), Rule based Jrip (Jrip), K Nearest Neighbor (KNN) where k=3, Native Bayes (NB), Neural Network 

(MultilayerPerceptron) (NN), and Support Vector Machine (Sequential Minimal Optimization) (SVM). Here, 

the visual and textual features are used to train two sets of classifiers. In order to be fair to the other classifiers, 

the original non-discretized numeric features and default parameter setting in WEKA are used to build them. 

Figure 6 and Figure 7 show the average precision, recall and F1-score of fifteen concepts for each classifier by 

using pure visual features and pure textual features, respectively. It can be seen that in both situations, MCA 

outperforms all the other classifiers in the F1-score values, which are the most important metric considering 

both precision and recall values. 



 

Figure 6. [Comparison with Common Classifiers Using Visual Features]. 

 

 

Figure 7. [Comparison with Common Classifiers Using Textual Features]. 

 

The second part of the experiments aims to evaluate the improvement of the proposed framework based on 

mining both content and context information. As can be seen in Table 5, the MCA classifier trained by pure 

textual features usually performs better than the one trained by pure visual features, which is probably due to 

the reason that texts can better capture the semantics of the images than the low-level visual features. However, 

since the surrounding texts are not always directly related to the images in the Internet, mining both 

information and integrating them in an effective way can achieve better and more reliable results. Table 5 

shows that by effectively utilizing the context information, our framework achieves an average increase of 

12.8% in the F1-scores compared to the F1-scores of the content-based classifier and an increase of 7.6% in the 

F1-scores compared to the F1-scores of the context-based classifier. 

 



 

Table 5. Classification via mining visual and textual features. 

Concept Metric 
Pure 

content 
Pure 

context 
Combined 

MCA 

1. Airplane 
pre 
rec 
F1 

0.17 
0.44 
0.25 

0.27 
0.47 
0.34 

0.32 
0.49 
0.39 

2. Baby 
pre 
rec 
F1 

0.07 
0.23 
0.11 

0.16 
0.25 
0.20 

0.18 
0.36 
0.24 

3. Building 
pre 
rec 
F1 

0.11 
0.23 
0.15 

0.12 
0.41 
0.19 

0.21 
0.34 
0.26 

4. Car 
pre 
rec 
F1 

0.28 
0.43 
0.34 

0.34 
0.46 
0.39 

0.39 
0.56 
0.46 

5. Christmas 
pre 
rec 
F1 

0.10 
0.45 
0.16 

0.14 
0.42 
0.21 

0.19 
0.53 
0.28 

6. Clothing 
pre 
rec 
F1 

0.45 
0.52 
0.48 

0.48 
0.58 
0.53 

0.53 
0.67 
0.59 

7. Cloud 
pre 
rec 
F1 

0.39 
0.58 
0.47 

0.46 
0.52 
0.49 

0.49 
0.64 
0.56 

8. Computer 
pre 
rec 
F1 

0.37 
0.20 
0.26 

0.35 
0.31 
0.33 

0.44 
0.36 
0.40 

9. Dog 
pre 
rec 
F1 

0.09 
0.46 
0.15 

0.14 
0.49 
0.22 

0.23 
0.52 
0.32 

10. Food 
pre 
rec 
F1 

0.22 
0.27 
0.24 

0.26 
0.29 
0.27 

0.31 
0.38 
0.34 

12. Logo 
pre 
rec 
F1 

0.14 
0.37 
0.20 

0.21 
0.32 
0.25 

0.28 
0.39 
0.33 

12. Panda 
pre 
rec 
F1 

0.13 
0.24 
0.17 

0.16 
0.28 
0.20 

0.26 
0.34 
0.29 

13. Sea 
pre 
rec 
F1 

0.20 
0.41 
0.27 

0.27 
0.51 
0.35 

0.37 
0.54 
0.44 

14. Sky 
pre 
rec 
F1 

0.38 
0.58 
0.46 

0.36 
0.57 
0.44 

0.42 
0.67 
0.52 

15. Woman 
pre 
rec 
F1 

0.24 
0.61 
0.34 

0.31 
0.64 
0.42 

0.32 
0.75 
0.45 

 

Finally, our framework (denoted as Combined MCA) is evaluated in comparison with the two state-of-the-art 



representative methods introduced in Section II (Kalva, Enembreck & Koerich, 2007) and (Rafkind, Lee, 

Chang & Yu, 2006). These two methods used late fusion to combine the results getting from the classifiers 

individually trained by the visual and textual features. One is developed by Kalva et al. (denoted as Kalva07) 

that used twelve rules to fuse the results from NB (trained by the visual features) and NN classifiers (trained by 

the textual features). The other one is developed by Rafkind et al. (denoted as Rafkind06) that constructed two 

margin vectors for each data instance, one generated by a SVM trained by the visual features, and the other one 

by a SVM trained by the textual features. Then a fusion SVM classifier is built by a vector that concatenates 

from the two margin vectors. Parameters and thresholds are set according to the descriptions of the two papers. 

 

Figure 8 and Figure 9 show the precision and recall values of fifteen concepts for each method, where the 

numbers on the x-axis are the concept numbers. As can be seen from Figure 8, the precision values of our 

Combined MCA framework are higher than those of Rafkind06 and Kalva07, except for Concept 5 which is a 

little lower. Furthermore, by averaging the precision values of all fifteen concepts, our Combined MCA 

framework is 6.6% higher than that of Rafkind06 and 4.4% higher of Kalva07. As for recall, our Combined 

MCA framework outperforms the other two by a considerable margin, in the averages of 19.1% and 13.3%, 

respectively. Moreover, our performance of F1-scores shown in Figure 10 is better than those of the other two 

methods in all fifteen concepts, with an average increase of 11.2% compared to Rafkind06 and 7.6% compared 

to Kalva07. 

 

 

Figure 8. [Comparison of Precision]. 



 

Figure 9. [Comparison of Recall]. 

 

Figure 10. [Comparison of F1-score]. 

 

 

V. CONCLUSIONS AND FUTURE WORK 

 

In this paper, a two-staged image classification framework is proposed which utilizes context information to 

enhance content-based image classification. It first applies content analysis to extract visual features and 

classifies the images into an initial positive set and an initial negative set in the first stage. Then text analysis is 

conducted to extract textual features and further refine the classification results generated from the first stage. 

A new TF*IDF weighting scheme has been developed to weigh the terms in the surrounding texts of the 

images. This scheme aims to extract textual features that best discriminate the positive class from the negative 

class. MCA technique has been applied to perform classification and the MCA classifiers are trained by the 

visual and textual features, respectively. Experimental results show that the new developed TF*IDF 



outperforms the conventional TF*IDF and two other supervised weighting schemes in the task of 

context-based classification. Evaluation of the proposed framework using MSRA-MM web image dataset 

shows promising results as compared to two existing approaches that also utilize context information.  

 

In the next steps, more concepts will be tested, and public image datasets from different sources such as Flickr 

and Picasa will be used to improve our framework. We will also keep exploring new approaches to better 

utilize and integrate context information with the content information. Moreover, MCA can be extended to 

handle multi-class classification instead of binary classification, which could avoid scalability issue when the 

number of concepts increases.  
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