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Abstract. This paper introduces a composite relevance feedback approach for 
image retrieval using transaction-based and SVM-based learning. A transaction 
repository is dynamically constructed by applying these two learning techniques 
on positive and negative session-term feedback.  This repository semantically 
relates each database image to the query images having been used to date.  The 
query semantic feature vector can then be computed using the current feedback 
and the semantic values in the repository.  The correlation measures the seman-
tic similarity between the query image and each database image.  Furthermore, 
the SVM is applied on the session-term feedback to learn the hyperplane for 
measuring the visual similarity between the query image and each database im-
age.  These two similarity measures are normalized and combined to return the 
retrieved images.  Our extensive experimental results show that the proposed 
approach offers average retrieval precision as high as 88.59% after three itera-
tions.  Comprehensive comparisons with peer systems reveal that our system 
yields the highest retrieval accuracy after two iterations. 

Keywords: Content-based image retrieval, transaction repository, support vec-
tor machines. 

1   Introduction 

Content-based image retrieval (CBIR) has attracted a broad range of research interests 
in many computer communities in the past decade [1].  However, finding desired im-
ages from multimedia databases still remains a challenging issue.  The sensor gap be-
tween the real world object and the information represented by computers and the  
semantic gap between low-level features and high-level semantics are two major un-
solved issues. This paper will focus on bridging the semantic gap in CBIR via rele-
vance feedback sessions by combining transaction-based and support vector machine 
(SVM)-based learning. 

Present CBIR systems use relevance feedback and machine learning techniques to 
mitigate the semantic gap issue. Here we briefly review these two techniques and re-
fer the interested readers to three survey papers [1], [2], [3] for a more detailed study.  

Relevance feedback techniques have recently been extensively studied to narrow 
the semantic gap. They will first solicit the user’s relevance judgments on the  
retrieved images returned by CBIR systems.  They will then refine retrieval results by 
learning query concept (i.e., the query targets) based on provided relevance  
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information.  In general, relevance feedback techniques can be classified into three 
categories: query reweighting, query shifting, and query expansion.  Both query re-
weighting and query shifting apply a nearest-neighbor sampling approach to refine 
query concept using the user’s feedback. Specifically, query reweighting [4], [5], [6] 
assigns a new weight to each feature of the query, and query shifting [7], [8], [9] 
moves the query to a new point in the feature space.  Query expansion [10], [11] uses 
a multiple-instance sampling approach to learn from samples around the neighbor-
hood of positive labeled instances. However, most approaches require seeding a query 
with appropriate positive examples and do not effectively use negative examples. 
These systems also focus on the short-term learning by refining low-level  
features using current feedback. They do not utilize any previous feedback, which 
contains semantic relevance between each query and its retrieved images returned by 
CBIR systems. 

Machine learning techniques have also been widely studied for updating classifiers 
to learn a boundary to separate positive and negative examples labeled by the user.  
Different learning techniques [12], [13], [14], [15], [16], [17], [18], [19] are intro-
duced for classification using a limited number of positive and negative samples.  
That is, a classifier is updated after each round of labeling, where each returned image 
is labeled as positive or negative by the user.  However, these learning techniques 
work well when a sufficient number of positive images are returned at each round, the 
images with the same labels are clustered, and the query concept is not diverse.  Sev-
eral ensemble techniques such as cascade linear utility model based SVM [20], SVM 
ensembles [21], and Adaboost [22] have been proposed to further improve classifica-
tion accuracy by introducing learning redundancy and reducing the bias. However, 
these ensemble techniques perform well with a large number of training instances and 
a sufficient amount of training time. 

To address the limitations of current retrieval systems, we propose a learning ap-
proach to retrieving the desired images using an integrated transaction-based and 
SVM-based learning technique.  To this end, we dynamically construct a transaction 
repository (TR) by recording each session-term feedback, which contains the accumu-
lated collection of all short-term positive and negative feedbacks for each query.  This 
TR remembers the user’s intent and stores a semantic representation of each database 
image in terms of presence or absence of the semantics of each query image.  We then 
refine the query semantic features using the current feedback and the TR, and meas-
ure the semantic similarity between the query and each database image using a corre-
lation measure. In the meantime, the SVM is applied after each round of labeling to 
update a boundary for separating accumulated short-term positively and negatively 
labeled images. We finally return retrieval results by combining the normalized simi-
larity scores computed from both transaction-based and SVM-based learning.  To our 
knowledge, two image retrieval systems, the semantic-space-based [23] and the log-
based [24], are the only ones using the on-the-fly transactions to learn query concept.  
However, our system improves these two systems from the following two aspects.  
First, we integrate both positive and negative examples and SVMs to improve the se-
mantic-space-based approach, where only positive examples are used for learning.  
Second, we refine the query semantic features to improve the log-based system, 
where a computationally intensive overall relevance score is calculated for measuring 
the similarity.  The remainder of the paper is organized as follows:  Section 2 presents 
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our proposed approach in detail.  Section 3 discusses several experimental results. 
Section 4 concludes the paper and shows the direction for future work. 

2   The Proposed Transaction-Based and SVM-Based Learning 

The block diagram of our proposed method is shown in Fig. 1.  The system first re-
turns top 20 images based on the low-level similarity between each database image 
and the query image.  The user then indicates relevant and non-relevant images from 
the returned pool.  This is designated as short-term feedback and is performed at each 
iteration step. The transaction-based semantic learning technique uses session-term 
feedback and the TR to estimate the query semantic feature (i.e., query concept in 
terms of the semantic meaning).  The SVM-based learning also uses session-term 
feedback to find the optimal hyperplane for separating positively and negatively la-
beled images.  The system then returns top 20 images ranked by fusing the normal-
ized scores computed from both techniques.  The user labels each returned image for 
the next iteration until he is satisfied with the results. The following subsections will 
explain each component of the proposed system in detail. 

 

 

Fig. 1. The block diagram of our proposed system 

2.1   Feature Extraction 

Image representation is essential to learning efficiency and iteration steps.  Two sets 
of features are extracted to represent the images for transaction-based and SVM-based 
learning, respectively.  The first set contains three different sets of short features, 
namely, 9-dimensional color features, 18-dimensional edge features, and  
9-dimensional texture features.  Specifically, we use the color moments (mean,  
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variance, and skewness) in HSV color space to represent color features since they 
closely model the natural human perception and have been proven to be effective in 
many previous research studies.  We use the edge direction histogram to represent the 
edge features.  That is, we convert the color image to a grayscale image and apply the 
Sobel edge detector to the grayscale image to obtain its edge image.  We quantize 
each edge direction into one of the 18 bins, where each bin contains 20 degrees.  Last, 
we use the entropy of each of 9 detail subband images (i.e., all the subbands except 
the approximation subband) obtained by a 3-level Daubechies-4 wavelet transform to 
represent the texture features. 

The second set contains two different sets of long features, namely, 64-dimensional 
color features and 150-dimensional edge features.  Specifically, we use the expanded 
MPEG-7 edge histogram descriptor (EHD) and the 64-bin (8×2×4) HSV-based scaled 
color descriptor (SCD) to extract low-level features for each database image.  The ex-
panded EHD is also constructed by appending the conventional 80-bin EHD with 5-
bin global and 65-bin semi-global edges, which represent the sum of five edges in all 
blocks and 13 different block groupings, respectively. 

This choice is mainly adapted to the characteristics of two integrated techniques.  
That is, the transaction-based relevance feedback technique requires a short feature to 
quickly find the index in the TR to construct the query semantic features and compute 
the semantic similarities.  The SVM-based machine learning technique requires a long 
feature to find a more accurate boundary to separate the user’s labeled positive and 
negative images and measure the visual similarities.  Furthermore, the first set of fea-
tures can be treated as a coarse representation of the image whereas the second set of 
features can be treated as a fine representation of the image.  The use of different fea-
ture extraction techniques ensures that an image is efficiently represented by comple-
mentary features and the shortcomings of different features are compensated. 

2.2   Initial Retrieval Using Low-Level Features 

We will use the first set of features to quickly measure the similarity between the 
query and each image in the low-level feature database.  The inverted Euclidean dis-
tance is computed for color and texture features and histogram intersection is com-
puted for the edge histogram.  This similarity measure ensures a higher similarity 
score corresponds to more similarity or stronger relevance. 

2.3   Transaction Repository Construction  

The transaction repository (TR) stores semantic relationships between database im-
ages and each query image having been used to date.  These query images correspond 
to rows and the database images correspond to columns of the TR.  That is, the TR 
can be treated as an M×N matrix, where M is the number of query images used to date 
and N is the number of database images.  The TR is dynamically constructed as  
follows: 

1. Initialize the transaction repository T as empty. 
2. For each query image q 

2.1 Append a new row to T. 
2.2 Empty the session-term feedback database. 
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2.3 Perform initial retrieval (section 2.2) to return x (e.g., 20 or 30) images most 
similar to query image q. 

2.4 Let the user select relevant images, which are most similar to the user’s 
query concept, while regarding the remaining returned images as non-
relevant. 

2.5 Add the new relevant and non-relevant images, which have not been re-
trieved in previous iterations, to session-term feedback database. 

2.6 Compute the visual similarity score between query image q and each data-
base image using the SVM-based learning technique (section 2.4). 

2.7 Compute the semantic similarity score between query image q and each da-
tabase image using the transaction-based semantic learning technique (sec-
tion 2.5). 

2.8 Combine the normalized visual and semantic similarity scores to obtain the 
final similarity measure and return x highest ranked images (section 2.6). 

2.9 Repeat steps 2.4 through 2.9 until the user is satisfied with the retrieval re-
sults or the maximum iteration is reached. 

3. Update the columns corresponding to the relevant and non-relevant images in 
the session-term feedback database at the last row as 1’s and -1’s, respectively. 

In our implementation, we ensure that non-relevant images labeled by the user are ex-
cluded from the following searches to increase the learning speed.  Specifically, the 
ith column of the TR is the dynamic semantic feature vector of database image xi. 

2.4   SVM-Based Learning and Search 

The SVM-based learning and search starts with training the relevant and non-relevant 
images labeled in the initial retrieval by using their second set of features.  The SVM 
will find a hyperplane that separates the training data by a maximal margin.  That is, 
given m training data },{ ii yx ’s, where n

i Rx ∈  and }1,1{−∈iy , SVMs need to solve the 

following optimization problem: 
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kernel function.  The non-linear SVMs with the Gaussian radial basis function (RBF) 
kernel are used in our system since they yield excellent results compared with linear 
and polynomial kernels [25].  This RBF kernel is defined as: 
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As a result, two SVMs related parameters C and γ  need to be predetermined.  We 

combine the 3-fold cross-validation and grid-search algorithms [26] to find the best C 
and γ  by testing exponentially growing sequences of 1535 2,,2,2 −−=C  and 
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31315 2,,2,2 −−=γ  on several sets of pre-labeled training images.  The pair that gives 

the minimum 3-fold cross-validation error is selected as the optimal parameters and is 
used in our proposed system. 

The distance of each database image to the hyperplane will be computed and nor-
malized to the range of [0, 1] to rank the visual similarity between the query and each 
database image. 

For the following feedback iterations, the relevant and non-relevant images stored 
in the session-term feedback database will be used to train the SVM for finding the 
optimal hyperplane to compute the visual similarity measure.  

2.5   Transaction-Based Semantic Learning and Search 

The transaction-based semantic learning and search starts with finding the semantic 
columns corresponding to the relevant and non-relevant images labeled in the initial 
retrieval.  The query’s semantic feature vector is initialized as: 
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where )(tqk  is the kth element of the query semantic feature vector, ,R i
ks  is the kth 

element of the semantic feature vector of the ith relevant image, Nr is the number of 
relevant images, and k is the number of rows in the TR.  The ,R i

ks ’s with a value of -1 

will be treated as 0’s in this computation since it indicates relevant image i doesn’t 
possess the semantic meaning of query k.  Therefore, this initial semantic feature vec-
tor stores an estimated semantic similarity to each previously employed query image, 
which is recorded in the TR in terms of the semantic similarity with retrieved images 
in each relevance feedback process. 

After estimating the query semantic feature vector using the labeled images in the 
initial retrieval, we use a correlation measurement to compute the semantic similarity 
between query q(t) and each database image xi  by: 
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where xi corresponds to the ith column in the TR.  The higher the similarity score, the 
more semantically relevant the images are to the query.  These scores will be normal-
ized to the range of [0, 1] to rank the semantic similarity between the query and each 
database image. 

For the following feedback iterations, relevant images reinforce the semantically 
relevant features of the query semantic feature vector and non-relevant images sup-
press the non-relevant features of the query semantic feature vector.  This process is 
summarized by: 
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where )1( +tqk  is the kth element of the updated query semantic feature vector, R
ks  

and N
ks  correspond to the kth element of the semantic feature vectors of the relevant 

and non-relevant images, respectively. The parameter α is the adjustment rate and is 
empirically set to 1.1. 

2.6   Combined Retrieval 

Retrieval results after the first relevance feedback process are obtained by combining 
the normalized SVM-based visual similarity and transaction-based semantic similarity 
scores.  In our system, we give equal weights (i.e., 0.5) to both similarity measures. 

3   Experimental Results 

To date, we have tested our retrieval system on 6000 images from COREL.  These 
images have 60 distinct semantic categories with 100 images in each.  A retrieved im-
age is considered to be relevant if it belongs to the same category as the query image.  
To facilitate the evaluation process, we designed an automatic feedback scheme to 
dynamically construct the TR and model the integrated transaction-based and SVM-
based query session.  The retrieval accuracy is computed as the ratio of the relevant 
images to the total returned images.  Several experiments have been specifically de-
signed to evaluate the performance using different TRs, which are constructed before 
computing the retrieval accuracy by two varying factors including different number of 
query images and different number of returned images per iteration.  These two fac-
tors control the size and the fillings (i.e., the number of non-zeros) of the initial TR.  
In our experiments, we build a variety of initial TRs with different sizes using our 
proposed transaction-based and SVM-based learning techniques.  Specifically, the ini-
tial TRs with row numbers such as 0% (empty), 1%, 3%, 6%, 9%, and 12% of the da-
tabase images are constructed.  The fillings using different returned images (i.e., 20 
and 30) per iteration are also used to construct the initial TRs using up to 6 iterations.  
For example, the largest initial TR has the size of 6000×720, where 12% of the data-
base images in each category are chosen as the query.  The initial Euclidean-distance-
based retrieval accuracy for this database and its subset (20-category) is 10.89% and 
15.38%, respectively.  They may be omitted from some figures to ensure readability 
of subsequent iterations.  This initial accuracy can be improved by using more power-
ful features such as the second set of features, which can respectively achieve the av-
erage retrieval accuracy of 24.80% and 38.02% for this 60-category database and its 
subset.  The use of the initial non-empty TR and more returned images per iteration in 
the feedback steps can also substantially improve the retrieval accuracy. 

3.1   Evaluation of Our Proposed Learning Technique and Its Three Variants 

To evaluate the transaction-based and SVM-based learning, several experiments have 
been tested on 2000 images in the 20-category COREL database.  Fig. 2 summarizes 
the average retrieval accuracy on this subset of the COREL database using our pro-
posed approach (i.e., integrating transaction-based learning using the first set of short 
features and SVM-based learning using the second set of long features) and its three 
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variants, namely, transaction-based learning, SVM-based learning using the first set 
of short features, and SVM-based learning using the second set of long features.  It 
clearly shows that both our proposed approach and the transaction-based learning 
achieve substantially better retrieval accuracy than the two SVM-based learning 
schemes.  For the SVM-based learning, training on the second set of features achieves 
better retrieval accuracy than training on the first set.  Our proposed scheme achieves 
better performance on the 2nd iteration and achieves comparable retrieval accuracy for 
the remaining relevance feedback iterations when compared to the transaction-based 
learning.  This improvement is preferred in image retrieval since the user wants to re-
trieve the desired images in as few feedback steps as possible. 
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Fig. 2. Comparisons of our proposed approach and its three variants 

3.2   Evaluation of Different Initial Transaction Repositories 

To evaluate the effect of different initial TRs, several experiments have been tested on 
20-category COREL images with different pre-built TRs.  Fig. 3 shows the average 
retrieval accuracy after building TRs using different number of queries.  That is, 1%, 
3%, 6%, 9%, and 12% of the database images in each of the 20 categories are used as 
queries to dynamically pre-construct the TRs with different sizes.  The queries used 
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Fig. 3. Effect of different pre-built transaction repositories on (a) Transaction-based approach. 
(b) Our proposed approach. 
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for constructing these TRs are excluded in later retrievals and therefore are not in-
volved in computing the average retrieval accuracy.  Specifically, Fig. 3(a) and Fig. 
3(b) compare the average retrieval accuracy of applying the transaction-based learn-
ing and our proposed combined learning on several pre-built TRs, respectively.  
These two figures also show the average retrieval accuracy with an empty TR for easy 
comparison.  It clearly shows that the larger the pre-built TR is, the better the average 
retrieval accuracy. 

Fig. 4 further compares the retrieval accuracy for the transaction-based approach 
and our proposed approach on an empty TR and a 9% pre-built TR.  It clearly shows 
our approach achieves better accuracy for the first two iterations and achieves compa-
rable high accuracy of above 90% for the following iteration steps on both initial TRs. 
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Fig. 4. Comparison of transaction-based approach and our proposed approach on an empty 
transaction repository and a 9% pre-built transaction repository 

3.3   Comparisons with Peer Retrieval Systems 

To evaluate the scalability of the proposed system, we compare our proposed ap-
proach with its two variants (i.e., transaction-based learning and SVM-based learn-
ing), k-nearest-neighbor-based approach [27], and MARS-1 [4] on 6000 COREL  
images.  Fig. 5 summarizes the average retrieval accuracy of these five systems for 
each of 6 iterations.  Here, our proposed approach and the transaction-based approach 
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Fig. 5. Comparisons with other CBIR systems 
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use the empty TR for retrieval.  It shows that our proposed approach achieves the 
highest retrieval accuracy (64.54%) after the 2nd relevance feedback session.  The in-
ferior retrieval performance at the initial and first feedback is mainly because we use 
a significantly shorter feature vector (36-dimensional) for fast retrieval.  This can be 
easily improved by using more powerful low-level feature vector to represent an im-
age. 

The retrieval accuracy can also be improved by retrieving images on the pre-built 
TR and increasing the number of returned images per iteration.  Fig. 6 demonstrates 
the average retrieval accuracy of two improved systems versus our proposed system.  
Here, our proposed system retrieves the images on the empty TR with 20 returned im-
ages per iteration.  The first improved system applies our proposed approach on a 6% 
pre-built TR with 20 returned images per iteration.  The second improved system ap-
plies our proposed approach on a 6% pre-built TR with 30 returned images per itera-
tion.  It clearly shows these two improvements dramatically increase the retrieval ac-
curacy of the first two feedbacks and maintain a high retrieval accuracy of above 90% 
for the following feedbacks.  Specifically, the second improved system increases the 
average retrieval accuracy of our proposed system from 30.96% to 57.83% for the 
first feedback and from 64.54% to 75.92% for the second feedback. 
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Fig. 6. Comparisons of our proposed system with two improved systems 

4   Conclusions and Future Work 

This paper introduces a novel retrieval system with relevance feedback.  The pro-
posed transaction-based and SVM-based learning system provides a flexible learning 
approach allowing users to benefit from past search results.  It also returns a high per-
centage of relevant images after two feedback iterations.  Major contributions are:  

1. Construct a dynamic TR to learn the user’s query intention;  
2. Learn the semantic meaning of each database image using the query images; 
3. Estimate the query semantic feature vector using the retrieved images labeled by 

the user and the TR;  
4. Apply the SVM-based learning to find an optimal boundary for locating images 

which are visually similar to the query image.   
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5. Combine both transaction-based and SVM-based learning to retrieve images 
both semantically and visually similar to the query with fewer than 3 feedback 
iterations. 

Experimental results show the proposed system outperforms peer systems and 
achieves remarkably high retrieval accuracy for a large database after the first three 
iterations. 

The principal component analysis or the singular value decomposition will be con-
sidered to update the TR.  An adaptive weight combination will be studied to further 
improve the retrieval results.  Different low-level features will be explored for the 
SVM-based learning to further improve the retrieval accuracy in later feedback ses-
sions.  Different learning approaches will be explored to construct the TR in a more 
systematic manner.  The performance in a multi-class database, where an image may 
belong to multiple semantic classes, will be evaluated. 
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