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Abstract 
Facial image retrieval model created for similar facial images searching and retrieval in the search space of the facial 
images by integrating Content Based Image Retrieval (CBIR) techniques and face recognition with the semantic 
description of the facial image. To improve retrieval performance automatically detected human facial attributes are 
utilized by two orthogonal methods named attribute-enhanced sparse coding and attribute embedded inverted indexing 
in semantic code words construction and embed attribute information into index structure. The aim is to reduce the 
semantic gap between high level query requirement and low level facial features of the human face image. Some of the 
facial attributes are not correlated to person identity. This will degrade performance by generating less description on 
face image. This problem addressed by discovering informative attributes. Entropy based procedure is proposed to 
dynamically decide attributes by depending upon its importance and then further exploits the contextual relationships 
between them. Dynamically weighted attributes discovers informative attributes that are consistent across human 
photos. Blur and illumination invariant feature descriptor called Local Phase Quantization (LPQ) is also proposed to 
utilize phase information computed locally in a window for every image position. A histogram of the resulting code 
words is created and used as a feature in texture classification. Only phase information is used so the method is also 
invariant to uniform illumination changes. Kernel fusion used to combine the proposed LPQ representation with the 
Multiscale Local Binary Pattern (MLBP) descriptor to increase insensitivity to illumination. Discriminative information 
for face recognition are extracted using Kernel Discriminant Analysis (KDA) on the combined features  Dynamically 
weighted attributes with invariant feature descriptor, semantics related sparse codes can be generated that will 
significantly improve retrieval performance. 

Keywords: Image retrieval, face image, facial attributes, feature descriptor. 

1. Introduction 

Several image processing methods designed for the analysis of face images in the context of content-
based image retrieval (CBIR) system. The importance and sheer amount of human face photos make 
challenging problems in large scale content based face image retrieval. Given query face image, content 
based face image retrieval tries to find similar images is enabling technology for many application 
including automatic face annotation, crime investigation and etc.  

 
Content based image retrieval, a technique which uses visual contents to search images from large scale 

image databases according to users' interests. Content-based image retrieval uses the visual contents of an 
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image such as colour, texture, shape and spatial layout to represent and index the image. The visual 
contents of the images in the database are extracted and described by multi-dimensional feature vectors in 
typical content-based image retrieval systems. The feature vectors of the images in the database form a 
feature database.  Images retrieved by example images or sketched figures that are provided to the retrieval 
system. 

  
Concept of face image retrieval is finding the ranking result from most to least similar face images in a 

face image database given a query face image. Such work has many applications in different areas. Face 
retrieval task is closely related to face recognition task. Pentland and Turk introduced the concept of 
eigenfaces which has been widely used; Ahonen et al. proposed a scheme using local texture descriptors: 
Local Binary Pattern (LBP) for face recognition [14]. The descriptor proposed is efficient and has good 
performance. The difference between face recognition and face retrieval is that face recognition task 
requires completely labeled data in the training set, and it uses learning based approach to find 
classification result while neither training set nor learning process is needed in face retrieval task, and it 
provides a ranking result. Although descriptors used in face recognition can be directly applied on retrieval 
task, it is not trivial to apply it on an indexing system due to its high dimensionality. Using traditional 
image retrieval system such as Bag-of-Words (BoW) model [20] constructed by local descriptors like Scale 
Invariant Feature Transform (SIFT) features for this problem is considered. But when applying these 
methods on face images the performance is unsatisfactory. It is because face images have higher intra-class 
variance and these methods neglect the important spatial information in face images. Various researches on 
face image retrieval bring new feature descriptor to describe face more semantically. New indexing 
mechanism also proposed with sparse coding that are generated by low level features combined with 
textual information presents in image. 

 
Bor-Chun Chen and Yan-Ying Chen provides a new perspective on content-based face image retrieval 

by incorporating high-level human attributes into face image representation and index structure [4]. By 
combining low-level features with high-level human attributes, we are able to find better feature 
representations and achieve better retrieval results. The similar idea is proposed in [6] using fisher vectors 
with attributes for large-scale image retrieval, but they use early fusion to combine the attribute scores. 
Also, they do not take advantages of human attributes because their target is general image retrieval. 
Human attributes (e.g., gender, race, hair style) are high-level semantic descriptions about a person. The 
recent work shows automatic attribute detection has adequate quality (more than 80% accuracy) [5] on 
many different human attributes. The LPQ operator is applied to texture identification by computing it 
locally at every pixel location and presenting the resulting codes as a histogram. Generation of the codes 
and their histograms is similar to the LBP method. Kernel fusion applied to combine multiple descriptors 
called local binary pattern and local phase quantization to improve the face recognition efficiency. 

 
Using these human attributes, many researchers have achieved promising results in different 

applications such as face verification [5], face identification [9], keyword-based face image retrieval [10], 
and similar attribute search [11]. These results indicate the power of the human attributes on face images. 
In Table I, we also show that human attributes can be helpful for identifying a person by the information-
theoretic measures. In order to evaluate the performance of the proposed methods, we conduct extensive 
experiments on public dataset named LFW [12]. We also analyse the effectiveness of different human 
attributes across datasets and find informative human attributes. To sum up, the contributions of this paper 
include: 

1. Entropy based procedure is proposed to find informative facial attributes on automatically detected 
high-level human attributes and low-level features to construct semantic codewords. 

2. Invariant feature descriptor LPQ operator is applied to texture identification by computing it 
locally at every pixel location and presenting the resulting codes as a histogram. 

3. Component kernel fusion of Local Phase Quantization and Multi scale Local Binary Pattern 
Histograms. 
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2. Related Work 

Traditional CBIR techniques use image content like colour, gradient and texture to represent images. 
Mainly two kinds of indexing systems are used to deal with large scale image data. Many studies have 
leveraged inverted indexing [15] or hash-based indexing [16] combined with bag-of-word model (BoW) 
[17] and local features like SIFT [18], to achieve efficient similarity search. These methods can achieve 
high precision on rigid object retrieval but they suffer from low recall problem due to the semantic gap 
[18]. Recently, some researchers have focused on bridging the semantic gap by finding semantic image 
representations to improve the CBIR performance. [20] and [21] propose to use extra textual information to 
construct semantic codewords; [22] uses class labels for semantic hashing. The idea of this work is similar 
to the aforementioned methods, but instead of using extra information that might require intensive human 
annotations (and tagging), we try to exploit automatically detected human attributes to construct semantic 
codewords for the face image retrieval task. 

Minimizing objective function used to find sparse representation of image features. Sparse coding has 
shown promising results on many different applications such as image denoising and classification [4]. 
Sparse representations computed from section inverted indexing, but it does not embed the identity .Hence, 
the retrieval results suffer from low recall rate due to intra-class variance. Therefore, a method is 
introduced to reduce the intra-class variance by using identity information. Using sparse coding with 
identity constraint, a query will be able to retrieve most images with the same identity as long as it is 
similar to one of them. This identity information might need manual annotations [3]. 

 
Visual attributes are Labels to an image and to describe its appearance like words. Low-level image 

features to first learn intermediate representations in which images are labeled with a list of descriptive 
visual attributes. These attributes could clearly be useful in a variety of domains (such as object 
recognition, action recognition, etc.), focus solely on faces. These face attributes can range from simple 
demographic information such as age, gender or ethnicity; to physical characteristics of a face such as 
eyebrow size, nose size, mouth shape; and even to environmental aspects such as lighting conditions, facial 
expression, or image quality. An extensive vocabulary of visual attributes is used to label a large dataset of 
images, which is then used to train classifiers that automatically recognize various facial attributes 
presence, absence and degree to which are exhibited in new input  images. The outputs of classifier can 
then be used to identify faces and search through large image collections. The Local Binary Pattern (LBP) 
operator was originally designed for texture description. A label to every pixel of an image is assigned 
using LBP operator by thresholding the 3×3-neighborhood of each pixel with the centre pixel value and 
considering the result as a binary number. This histogram of the labels can be used as a texture descriptor to 
be able to deal with textures at different scales. The basic histogram can be extended into a spatially 
enhanced histogram which encodes both the appearance and the spatial relations of every regions of face. 
As the m facial regions R0; R1; ...Rm-1 have been determined, within each of the m regions a histogram is 
computed independently. The resulting m histograms are combined yielding the spatially enhanced 
histogram. In spatially enhanced histogram, description of the face appears on three different levels of 
locality: Histogram’s LBP labels contain information about the patterns on a pixel-level and the labels are 
summed over a small region to produce information on a regional level. These regional histograms are 
concatenated to build a global description of the face. The LBP operator has been widely used in different 
applications such as texture classification, image retrieval, etc [14]. 

 
Attribute-embedded inverted indexing creates inverted index structure by incorporating binary attribute 

signature in addition to the sparse codewords. Certain facial attributes are not correlated to human identity. 
So these attributes are degrading retrieval performance.  Wang et al. [1] propose an automatic face 
annotation framework based on content- based face image retrieval. In their framework, they adopt GIST 
[23] feature with locality sensitive hashing [16] for face image retrieval. Chen et al. [3] propose to use 
component-based Local Binary Pattern (LBP) [14], a well-known feature for face recognition, combined 
with sparse coding and partial identity information to construct semantic codewords for content-based face 
image retrieval.  

 
Shi Yu et al. [26] proposed algorithm to learn the optimal combination of multiple information sources 

as similarity matrices (kernel matrices). However, the two algorithmic approaches are different. Lange and 
Buhmann’s algorithm [27]  uses non-negative matrix factorization to maximize posteriori estimates of data 
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point assignments to partitions. To combine the similarity matrices, a crossentropy objective is minimized 
to seek a good factorization and the weights assigned on similarity matrices are optimized. Our proposed 
algorithm is related to the Nonlinear Adaptive Metric Learning (NAML) algorithm proposed for clustering. 
Although NAML is also based on multiple kernel extension of k-means clustering, the mathematical 
objective and the solution are different from Optimized Kernel K-means Clustering (OKKC). 

 
To achieve robustness to diverse image degradations, Chi Ho Chan et al. [28] proposes the use of an 

additional multiscale descriptor based on Local Binary Pattern Histogram (MLBPH). Again, by virtue of 
kernel fusion, Multiscale Local Phase Quantization pattern histogram (MLPQH) and MLBPH descriptors 
are combined together in a joint feature space. Numbers of variants of face recognition systems are 
constructed using these components. These systems are evaluated on the Labeled Faces in the Wild (LFW) 
database and consistently achieve impressive results. 

3. Proposed Method 

The overview of our scalable content-based face image retrieval system is described, and then we 
explain the proposed methods: Local Phase Quantization for Texture Classification and Entropy based 
procedure for informative facial attributes. 
 
3.1 System Overview 
 

For every image in the database, we first apply Viola-Jones face detector [29] to find the locations of 
faces. We then use the framework proposed in [5] to find 73 different attribute scores. Active shape model 
[25] is applied to locate 68 different facial landmarks on the image. Using these facial landmarks, we apply 
barycentric coordinate based mapping process to align every face with the face mean shape [2] LPQ texture 
analysis method that operates on the Fourier phase computed locally for a window in every image position. 
Uniformly quantize the phases of the four low-frequency coefficients into one of 256 hypercubes in eight-
dimensional space, which results in an 8-bit code.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 1: Face Image Retrieval System 

 
 
These LPQ codes for all image pixel neighbourhoods are collected into a histogram. After obtaining 

local feature descriptors, we quantize every descriptor into codewords using attribute-enhanced sparse 
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coding described. Attribute-embedded inverted index built for efficient retrieval. When a query image 
arrives, it will go through the same procedure to obtain sparse codewords and human attributes, and use 
these codewords with binary attribute signature to retrieve images in the index system. Fig. 1 illustrates the 
overview of our system. 

 
3.2 Entropy Based Procedure for Informative Facial Attributes 
 

Score matrix of the given intuitionistic fuzzy decision matrix is construct from attributes scores and 
normalize each score sij  in the score matrix S= (sij)m×n into a corresponding element in the normalized score 
matrix. Calculate the entropy and entropy weight with respect to the ith attribute in attribute vector and then 
get the weight vector of the attributes. The Additive Weighted Averaging (AWA) operator is the most 
common operator used as a tool to fuse decision information in the process of Multi Attribute Decision 
Making (MADM) [1]. The operator first weights each given argument, and then fuses them into a complex 
one. Thus, the importance degrees of the given arguments can be reflected sufficiently. The decision 
information is expressed in the interval-valued intuitionistic fuzzy numbers. 

 
Establish an entropy-based procedure to derive attribute weights from the score matrix  S = (sij)m×n, 

which involves the following steps. Normalize each score sij in the score matrix S = (sij)m×n into a 
corresponding element in the normalized score matrix using the following formula  
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Thus, we get the weight vector w = (w1, w2. . . wm)T of the attributes Gi (i = 1, 2, . . . , m), with �� ≥ 0 and 
∑ �� = 1���� . 
 
The additive weighted averaging (AWA) operator is the most common operator used as a tool to fuse 
decision information in the process of MADM. The operator first weights each given argument, and then 
fuses them into a complex one. Thus, the importance degrees of the given arguments can be reflected 
sufficiently.  
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3.3 Local Phase Quantization for Texture Classification 

3.3.1 Fourier Transform Phase 

 In digital image processing the discrete model for spatially   invariant blurring of an original image f(x) 
resulting in an observed image g(x) can be expressed by a convolution, given by                                        

																													���� = �� ∗ ℎ����																																											�5�       
Where h(x) is the point spread function (PSF) of the blur, ∗ denotes 2-D convolution and x is a vector of 
coordinates [x, y]T . In the Fourier domain, this corresponds to 

																																		"�#� = $�#�. &�#�																																													�6� 
Blurred image g(x), the original image f(x), and the PSF h(x), respectively, and u is a vector of coordinates 
[u, v]T. 

In practice, blur invariance cannot be completely achieved because of the finite size of the observed 
images. The convolution of the ideal image with the blur PSF extends beyond the borders of the observed 
image so that part of the information is lost. When the extent of blur is large enough compared with the 
image size, this border effect becomes noticeable.  

3.3.2 Short Term Fourier Transform 

     The local phase quantization (LPQ) method is based on the blur invariance property of the Fourier phase 
spectrum. It uses the local phase information extracted using the 2-D DFT or, more precisely, a short-term 
Fourier transform (STFT) computed over a rectangular M-by-M neighbourhood Nx at each pixel position x 
of the image f(x) defined by 

	$�#, �� => �� + +�� = , ��� − .�/��01234
�

4∈56
= 728�9								�7� 

Where �2 is the basis vector of the 2-D DFT at frequency u, and �9 is another vector containing all M2 
image samples from �9. Let us assume that the image function f(x) is a result of a first-order Markov 
process, where the correlation coefficient between adjacent pixel values is ρ, and the variance of each 
sample is σ2. Without a loss of generality we can assume that σ

2= 1. As a result, the covariance between 
positions xi and xj becomes 

																																													;�,� = <=9>�9?=																																											�8� 

The covariance matrix of the transform coefficient vector Fx can be obtained from 

																																													A = 7B78																																															�9� 
One can easily notice that D is not a diagonal matrix for ρ > 0, meaning that the coefficients are correlating. 

3.3.3 Decorrelation and Quantization 

     The coefficients are decorrelated before quantization, because it can be shown that the information is 
maximally preserved in scalar quantization if the samples 
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																																																A = D,E8																																								�10� 

V can be solved in advance for a fixed value of ρ. Finally, a histogram of these integer values from all 
image positions is composed and used as a 256-dimensional feature vector in classification. Decorrelation 
and quantization do not have any effect on the blur invariance property. In the whitening transformthe 
coefficient vectors are subject to an eight dimensional rotation that only causes a uniform phase shift to all 
vectors. In quantization the eight-dimensional space is divided into 256 hypercubes, and the assignment of 
a vector to one of these hypercubes depends only on the phase information.  

3.4 Kernel Fusion 
A data matrix O=[o(1),o(2),o(3),…o(m)] with  m training samples. It can easily be shown that LDA 

projection, which maximizes the ratio of between classes to total class scatters, can be found by optimizing  
 

																												max																																									I JI = wLKAKw
wL	KKw 																				�11�																									 

 
where K is a kernel matrix defined as K = OTO, and A is ablock diagonal matrix of constants, reflecting 
the number of training samples in each class [7]. Note that each element ki,l of the kernel matrix, K, is 
given as a scalar product of two training vectors, i.e.,  
 

kP = oPLoR																																								�12� 
 
which, when suitably normalized, measures their correlation, i.e., similarity. The formulation in (18) 
renders LDA to be extendible to its nonlinear formb by replacing the definition of similarity in (19) by 
some other notions, expressed via a nonlinear vector function,	φ�oP		,oR		� of samples oP andoR		. Implicitly, 
such a function maps the original vectors into a higher dimensional space which potentially can be infinite 
dimensional and in which the class separation is enhanced. Different algorithm’s result compared in table I. 
 

Table I 
Algorithm Comparison Results 

 
 
 
 
 

3.5 Attribute Enhanced Sparse Coding  
In order to consider human attributes in the sparse representation, dictionary selection is proposed to 

force images with different attribute values to contain different Codewords [4]. For a single human 
attribute, we divide dictionary centroids into two different subsets, images with positive attribute scores 
will use one of the subset and images with negative attribute scores will use the other. For example, if an 
image has a positive male attribute score, it will use the first half of the dictionary centroids. If it has a 
negative male attribute score, it will use the second half of the dictionary centroids. By doing these, images 
with different attributes will surely have different codewords. For the cases of multiple attributes, we divide 
the sparse representation into multiple segments based on the number of attributes, and each segment of 
sparse representation is generated depending on single attribute. Following optimization problem solve the 
sparse coding based retrieval problem 

      
1
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                             (13) 

 
Where   U���is the original features extracted from a patch of face image i, D is a to-be-learned dictionary 
contains centroids with d dimensions. E = VE���, E�0�, … E���X is the sparse representation of the image 
patches. The constraint on each column of D (D*j) is to keep D from becoming arbitrarily large. Using 

Texture 
Classification 

LBP LPQ Combined 
Features  

(LBP + LPQ ) 
Accuracy 90.2% 93.6% 94.8% 
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sparse coding, a feature is a linear combination of the column vectors of the dictionary. Efficient online 
algorithm provides for solving the above problem. Y���is a mask vector for deciding which codewords are 

allowed to be used by image i . By using the mask vector	Y���, it forces the sparse representation E����to be 

zero if Y���� is infinity because any other values in these dimensions will cause the objective function to 
become infinity. The final sparse representation can be found by solving a L1 regularized least square 

problem and only considering the dimensions whereY���� = 1. 

)
)),((

exp(
)(

σ
af

z
jai

j

id
=

                        (14) 
 

Where Z[�\�]�, +�^		is the distance between the attribute score of the i th image patch and that of the jth 
dictionary centroid and ; is used to adjust the decaying weights. To solve the above problem, we use the 

modified version of the LARS algorithm [33] by adjusting the weights according to Y����. 

3.6 Inverted Index Structure Formation Algorithm 

Inverted index created from codeword set	_���. To embed attribute information into index structure in 
addition to sparse codewords db dimension binary signature to represent its facial attribute, b(i):  

 I cc
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 If Th bb
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>jf
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a                               (15) 

Where h(i,j) denotes hamming distance between i and j , and T  is a fixed threshold such that0<T<db. The 
image ranking can be efficiently computed using inverted index by simply doing a XOR operation to check 
the hamming distance before updating the similarity scores. Since XOR operation is faster than updating 
scores, by skipping images with high hamming distance in attribute hamming space, the overall retrieval 
time significantly decreases. 

4. Experimental Setting 

4.1 Datasets  
We use public dataset (LFW [12]) for the following experiments. LFW dataset contains 13,233 face 

images among 5,749 people, and 12 people have more than 50 images. We take 10 images from each of 
these 12 people as our query set (120 images) and all other images as our database (13,113 images). Note 
that the 73 attribute scores for these two datasets are also publicly available [13]. 

4.2 Compared Algorithm 
We use several different baselines to compare with the proposed methods including two state-of-the-art 

face recognition features. The methods are described as follows: (1) LPQ: In the experiments, we measured 
the performance of our LPQ method in the classification of sharp as well as blurred textures. The 
correlation coefficient was selected to be ρ = 0.9 in all the experiments. For comparison, we also did the 
same experiments with two other widely known texture classification methods: local phase quantization 
(LPQ) method [8] and a method based on local binary pattern [8]. (2) Kernel Fusion: The performance of 
multiple face descriptors is better than that of any single descriptor, as exemplified by our system 
combining MLPQH and MLBPH features with the kernel fusion  ((MLPQH+MLBPH)KKDR). It increases 
the verification rate in Experiment at 0.1 percent False Acceptance Rate, from around 84 and 87 percent for 
Multi scale Local Binary Pattern Histogram (MLBPH) and Multi scale Local Phase Quantization 
Histogram (MLPQH), respectively, to 88.50 precent. (3) ATTR: 73 dimensional human attributes computed 
by the method described in [5]; (4) ASC: the sparse representation computed from Lpq features and 
informative attributes using 1600 random samples as dictionary centroids combined with inverted indexing. 
Similar methods are used in [4]; (5) AEI: attribute-embedded inverted index. 
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4.3 Scalability 
    The scalability of our system in two aspects, memory usage and online retrieval time is discussed in this 
section. 
 

4.3.1 Memory Usage  

      In our current implementation, each codeword only needs 16 bits to store its image ID in the index, and 
each image contains about 3,800 codewords on average. Total memory usage for inverted index with 13 K 
images is about 94.2 MB. We also need to store 40 bits attribute signature for each image (totally 0.1 MB 
for 13 K images). Therefore, total memory usage is about 94.3 MB for LFW dataset. For dataset with one 
million images, each codeword needs 20 bits to store its image ID; therefore, total memory usage for 
inverted index is about 9,060 MB. For attribute signatures, they take about 4.8 MB. Total memory usage is 
about 9,064.8 MB, which is a reasonable amount for a general computer server. 

4.3.2 Online Retrieval Time 

     For a single query, face detection and alignment take about 0.7 seconds, LBP feature extraction takes 
about 0.06 seconds, computing sparse representation takes about 0.35 seconds, and retrieving index with 13 
K images takes about 0.03 seconds. For attribute detection, detecting a single attribute can be done within 
few milliseconds once the classifier is learned. For dataset with one million images, we refer to the results 
in [26]. In their reports, retrieving index with one million images takes 0.2 seconds. Since we have similar 
index structure, we expect that retrieving index with one million face photos can be done in less than one 
second. 

5. Conclusion 
Informative facial attributes are discovered by using entropy based procedure. These dynamically 

weighted attributes are utilized by two orthogonal methods to provide significant improvement in content 
based face image retrieval. Weighted attribute enhanced sparse coding compute semantics enhanced local 
features. Blur and illumination invariance Fourier Transform Phase and Local Phase Quantization used as 
variations insensitive feature descriptors for classifications used to correctly detect facial attributes and 
codewords to boost up face retrieval performance. A heterogeneous feature level fusion framework which 
combines Local Phase Quantization Histogram and the Multi scale Local Binary Pattern Histogram using 
kernel fusion. The heterogeneous feature level fusion further improves accuracy on LFW datasets. Proposed 
feature descriptor and informative attribute discovery on codewords generation achieve better performance 
in terms of precision and index retrieval speed with maintaining a scalable frame work. 
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