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Abstract

Project Code : TRG5680074

Project Title : An Effective formalism of higher-level feature representations using

unlabeled data

Investigator : Assoc.Prof.Dr Ekachai Phaisangittisagul
Department of Electrical Engineering, Faculty of Engineering, Kasetsart

University

E-mail Address : fengecp@ku.ac.th

Project Period : 2 years (June 2013 — June 2015)

Abstract:

High-level feature representation plays a crucial role in transforming raw input data
(low-level) into a new informative representation for learning algorithms to improve the
performance on supervised learning problems in computer vision tasks. In particular,
dictionary learning for sparse coding has been widely used to generate high-level feature
representation. In sparse coding, an input data can be represented as a sparse linear
combination of a set of training overcomplete dictionary. However, one problem in traditional
sparse coding is quite slow to find the corresponding coding coefficients due to an ¢,/ /,-
norm optimization. A process was proposed to create not only a discriminative sparse
coding but also an effective method to compute the coding coefficients with low
computational effort. More specifically, a linear model of sparse coding prediction was
introduced to estimate the coding coefficients by simply computing the matrix-vector
product. Subsequently, the predicted coding coefficients were used as a high-level feature
representation to train a classifier. The experimental results demonstrated that the proposed
method achieved promising classification results on well-known benchmark image

databases and also outperformed in terms of computation time on the test data.

Keywords : dictionary learning, high-level feature representation, K-SVD, object

classification, sparse coding, supervised learning
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Fast Predictive High-Level Feature Representation based on Discriminative
Dictionary Learning

Ekachai Phaisangittisagul®*, Somying Thainimit®

®Department of Electrical Engineering, Faculty of Engineering, Kasetsart University
50 Phaholyothin Rd., Jatujak, Bangkok, 10900, Thailand

Abstract

High-level feature representation plays a crucial role in transforming raw input data (low-level) into a
new informative representation for learning algorithms to improve the performance of supervised learning
problems in computer vision tasks. In particular, dictionary learning for sparse coding has been widely used
to generate high-level feature representation. In sparse coding, input data can be represented as a sparse
linear combination of a trained overcomplete dictionary. However, one problem in traditional sparse coding is
that it is quite slow to find the corresponding coding coefficients due to an £y/¢; optimization. A process was
proposed to create not only a discriminative sparse coding but also an effective method to compute the coding
coeflicients with low computational effort. More specifically, a linear model of sparse coding prediction was
introduced to estimate the coding coefficients by simply computing the matrix-vector product. Subsequently,
the predicted coding coefficients were used as a high-level feature representation to train a classifier. The
experimental results demonstrated that the proposed method achieved promising classification results on
well-known benchmark image databases and also outperformed in terms of computation time on the test
data.

Keywords: dictionary learning, high-level feature representation, K-SVD, object classification, sparse
coding, supervised learning

1. Introduction

In supervised learning problems, a typical objective is to create a mapping model from input data to a
target output. For example, a common task in object classification such as face classification, handwritten
classification, or text classification is to build a learning model to map an input image represented by pixel
intensity values to a predefined category of the object appeared in the image. Although, there are many
effective supervised learning algorithms, learning input data (low-level features) directly is difficult to achieve
high classification performance. This is due to the fact that learning a mapping from pixel intensity values
to object class label is a complex nonlinear function to discover. In fact, the performance of supervised
learning is highly dependent on the choice of data representation. As a result, many groups of researchers
have attempted to propose methods that are able to capture latent and high-fidelity representation (high-
level features) from the raw input data.

In signal processing, a signal or function f(t) can often be described as a linear decomposition, f(t) =
Zle a; pj where a; are the coeflicients and ¢; are the set of functions. A signal can be uniquely represented
as a linear combination of those functions as long as it forms a basis set. This basis set is sometimes known
in the computer vision community as a dictionary. In addition, the calculation of the coefficients can be
done efficiently by an inner product between the input signal and the basis set. For example, a basis
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set of a Fourier series consists of sines and cosines (or equivalently complex exponentials) functions at
different harmonic frequencies. However, this predefined set of bases is less effective to model complex
local structure of the images. Recently, an overcomplete basis set was proposed from an inspiration of a
mechanism of human vision system. Olshausen and Field [35], [36] have revealed that the receptive fields can
extract meaningful information from images based on sparse coding. Many studies have shown that sparse
representation has been successfully applied to various applications of image restoration and compressed
sensing [3],[4],[5],[9],[25],[46],[50],[54],[56]. Another essential motivation of the sparse coding is that it can
be applied to unlabeled data for dictionary learning due to a limitation of labeled data. As a result,
many researchers have focused on exploiting a sparse coding to learn a high-level feature representation
[9],[23],[40],[44] in diverse tasks. Conceptually, sparse coding can be viewed as a way of constructing an
approximation of an input data by a sparse linear combination of a set of overcomplete dictionary according
to:

<D.A>= argmin|[X — DAI + A4l 1)
where X is a set of n-dimensional m input data, i.e., X = [z1,..., 2] € R™™. D = [dy,...,dk] €
R"™ K (K > n) is an overcomplete dictionary of K atoms and A = [a1,...,a,] € REX™ is a set of coding

coefficients. A is a regularization parameter. Finally, ||A||, is an ¢,-norm regularization constraint on A
to control the number of nonzero elements in its coding. In (1), the dictionary (D) and the corresponding
coding coefficients (A) are the parameters to be optimized. Usually, this non-convex optimization problem
is solved by alternatively iterating between the dictionary and coding coefficient updating. Note that all
the dictionary atoms (d;) should have unit norm to avoid the scenario in which the dictionary elements
(atoms) have arbitrary large norm so that the coding coefficients are forced to have small value. In sparse
representation, the key success counts on the choice of the dictionary. Traditionally, the dictionary can be
obtained by either taking from off-the-shelf bases (e.g., wavelets) [15] or learning from the data. Although,
off-the-shelf dictionaries might be universal to represent all types of data, these dictionaries are not well
represented for specific applications (e.g., text or face classifications). To better capture the salient features of
the data, various dictionary learning methods have been developed for particular tasks such as reconstruction
and classification problems. The current prevailing approach to create a dictionary is based on learning from
data which can be divided into two categories: unsupervised dictionary learning and supervised dictionary
learning. An unsupervised dictionary learning does not used class information of the data to produce
the dictionary. The learned dictionary is built with the goal of minimizing the residual error between
reconstructed data and original data. Aharon et al. [1] proposed a K-SVD algorithm which can create a
learned overcomplete dictionary from a set of unlabeled data. Such unsupervised dictionary learning led
to improve results in image denoising [9],[31],[60], image compression [4], and image super-resolution [51].
However, without using label information from the data, the unsupervised dictionary learning is not powerful
for classification tasks. The other category of dictionary learning is based on supervised learning in which
the class label of the data is available to exploit in the dictionary learning. As a result, discrimination
capability could be boosted by a dictionary resulting from a learning process or sparse coding, or both and
thus better classification performance is achieved [31],[17],][29],[41],[57]. One of the main focuses of this study
is to create a high-level feature representation for object classification with discriminative capability based
on supervised dictionary learning strategy.

In general, an existing supervised dictionary learning can be categorized into three classes. In the first
class, each dictionary atom is shared to all classes while the coding coefficients are exploited as a high-
level feature to train a classifier [58]. Some approaches proposed to jointly learn a shared dictionary with a
classifier while enforcing the coding coefficients to be discriminative [17]. For example, Mairal et al. [27] pro-
posed an effective method to learn a shared dictionary for creating a discriminative model. Other strategies
merged or chose dictionary atoms from an initial large dictionary using different criteria such as intraclass
and interclass discrimination [15], mutual information of class distribution [24], and submodular dictionary
learning [16]. The second class of supervised dictionary learning is designed to improve discrimination power
among classes [6],[26],[28],[38],[41],[43],[52],[57],[59],[61] called class-specific dictionary learning in which each
dictionary atom is learned for a single class only. In addition, the corresponding reconstruction error can be
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used for class assignment. Yang et al. [55] applied the Fisher discrimination criteria to the objective func-
tion to encourage discriminative representation in the coding coefficients. Ramirez et al. [41] introduced
class-specific dictionary to be independent by adding an incoherence promoting term. Wang et al. [48]
presented a margin-based perspective to dictionary learning with improved classification power. The last
class of supervised dictionary learning is to combine the shared dictionary with the class-specific dictionary
named hybrid dictionary learning. Kong et al. [19] shown that the combination of class-specific dictionary
and a common pattern pool led to more compact and more discriminative dictionary for classification. Zhou
et al. [61] proposed a joint dictionary learning algorithm to leverage the correlation within a group of the
visually similar object categories to enhance the discrimination of the learned dictionary.

In summary of sparse representation for classification, it consists of two phases: coding and classification.
In coding, a sparse representation or coding coefficients (a;) is determined from a dictionary (D) with some
sparsity constraint. Then, the coding coefficients are used to build a classification model for class prediction.
Most proposed dictionary learning algorithms have focused on designing synthesis dictionary to not only well
represent the original data but also produce better classification results while adopting ¢,/¢1-norm sparsity
constraints. Traditionally, most of the existing sparse representation is based on an iterative learning process
to solve for the solution leading to time-consuming in calculation on both training and testing phases, thus
prohibiting real-time applications. Although, efficient sparse coding optimization algorithms have been
proposed [22], solving sparse representation is still computational challenge, especially in large dataset.
For that reason, the idea of using linear projection to predict the coding coefficients is very attractive to
explore. To this end, a novel method to fast compute the coding coefficients which only involve matrix-
vector multiplication was proposed in this study. The goal of the algorithm was to make the prediction
of the coding coefficients as close as the optimal set of coefficients acquired from the objective function of
sparse representation constraints. The main contribution of this study consists of the following aspects.

e A new sparse representation constraint to create a new high-level feature representation based on
discriminative dictionary learning is introduced.

e An implementation of linear projection model to predict a set of coding coefficients is presented.

The rest of the paper is organized as follows. Section 2 describes the related works of sparse representation
for supervised dictionary learning. An approach to build a new high-level feature representation and a model
to predict a set of sparse coding coefficients are proposed in section 3. The detail of the classifier to assign
the class label to the test data is introduced in section 4. In section 5, experimental results and discussion
are provided to justify the effectiveness of the proposed method. Finally, the conclusion is drawn in section
6.

2. Supervised dictionary learning for classification

Most existing sparse representation approaches aim to sparsely represent the original data using the
dictionary without considering the label information. However, recent research [17] showed that better
classification performance can be obtained by combining the class label to the objective function. Wright
et al. [50] proposed an algorithm called sparse representation-based classification (SRC) for robust face
recognition. In SRC, a predefined dictionary acquired from the entire training data was used to determine
the coding coefficients of the query data and then they were assigned to a given class based on minimum
reconstruction error. The procedures of SRC can be summarized as follows:

Step 1. Determine the coding coefficient a of a test data x;es¢ over dictionary D = [Dy, Ds, ..., D¢] which
is obtained from the entire set of training data, where D; = X is a subset of the training data from
the 7" class.

a = argmin [|[zyese — D - a3 + Nal (2)

Step 2. Assign x5 to a class label ¢ using the following criteria:

c:zaurgmiinH:r,gest—Di-&||§7 i=1,...,C (3)
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Based on the Fisher discrimination criterion, Yang et al. [55] introduced the Fisher discrimination
dictionary learning approach so that a structure dictionary was able to determine coding coefficients useful
for pattern recognition. In this method, a dictionary D = [Dy,..., D¢] was composed of a set of the class-
specific subdictionary from each category (D;). Similarly, the input dataset X = [X3,..., X¢| was defined
as the composition of the input data subset where X; was the subset of data from the i*" class. The following
was the formulation of the objective function for the dictionary learning:

<D,A>= argminR(D, A, X) + M[| Al + A2 f(4) (4)

where R(D, A, X) and f(A) are called the discriminative fidelity term and the discrimination coefficient
term, respectively. The discriminative fidelity term was designed to reserve the good representation between
the coding coefficients a; and the subdictionary D; but not with D;,i # j. Consequently, the function of
the discriminative fidelity term in (4) was defined by:

R(D,A,X;) = | Xi— DA%+ [1X; — D;AL%
+ Y ID; AN (5)
it

where A; = [A},... A% ... AY] is the coding coefficient to represent the subset data X; and A$ is the
coding coefficient of X; associated with the subdictionary D.. With regard to the discrimination coefficient
term, the Fisher discrimination criterion [8] was employed to minimize the within-class scatter of A, denoted
by Sw(A), and to maximize the between-class scatter of A, denoted by Sp(A). To this end, f(A) can be
denoted by:

F(A) = tr(Sw(A)) — tr(Sp(A)) +nllAllE (6)

Since f(A) = tr(Sw(A)) —tr(Sp(A)) is non-convex and unstable, adding the || A% term in (6) can help
to solve the problem [55].

Although the SRC algorithm yielded an impressive performance on face recognition, using all training
data as a dictionary was computationally expensive to solve for the coding coefficients with large datasets.
Consequently, recent sparse representation research groups [29],[31],[17],[41],[57] introduced an additional
discriminative constraint to the objective function as shown in (7) to achieve better classification perfor-
mance.

_ : _ 2 . .
<D,W.A> = arg min [|X DA||2+;E{hz,f(zz-W)}
+ Al + oW (7)

where L is a classification loss penalty function. h; is a class label of z; and W is a model parameters. In this
case, an approach to jointly optimize the dictionary learning and the classification predictor was proposed
by Zhang et al. [58] and it was called the discriminative K-SVD (D-KSVD). Their method combined the
classification error term into the original objective function of the spare coding. Not only was the class
label incorporated with the reconstruction constraint but also a linear predictor was optimized during the
dictionary learning process based on the K-SVD algorithm. The problem of dictionary learning with the
combination between reconstruction and discriminative constraints can be formulated by [58]:

<D,W,A> = arg min | X — DA|2+ \||H — WA|2
D,W,A

+ AoflAfl 4+ As[[Wh (8)
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where the term || H — W A||3 represents the classification error. H = [hy,. .., h,,] € RE*™ is the class label of
the entire input data X, i.e., h; = [0,...,0,1,0,...,0]* € R in which the nonzero position denotes the class
label of data x;. W represents the parameter of the classification model. A1, Ay and A3 are the parameters to
control the contribution of the individual terms. The benefit of this approach is its ability to simultaneously
learn the dictionary and the classification model. After obtaining D, A, and W, the classification of the
query data (x4est) can be performed by f(@test; W) = W - Ggest € R and then assigned the class label to
the largest value among all elements of f(xtest; W).

In addition to using classification error in the objective function, Jiang et al. [17] proposed a method
named the label consistent KSVD to learn a discriminative dictionary for sparse coding by introducing a
label consistent constraint in the dictionary learning process. The new objective function was defined by:

— : _ 2 . 2
<D7T7W7A> - argD’I,II},IVIIl/’AHX DA||2+>\1||Q TA||2
+ A2l H = WA|Z+ 3] AlL (9)

where H and W are the same notations as in the D-KSVD algorithm. An additional term ||Q — T A||3
called the discriminative sparse-code error was used to enforce consistency of the coding coefficients from
the same class; in other words, it imposed coding coefficients from the same class to have similar coefficients.
In this respect, Q = [q1,...,qm] € RE>X™ was used to control the label consistency and was defined as
¢ =10,...,0,1,...,1,0,...,0]7 € RE where K is the dictionary size. The nonzero elements in ¢; indicated
the share class label between the input data x; and the corresponding subdictionary of the x;. Although,
the classification mechanism of the test data using Fisher discrimination dictionary learning, discriminative
K-SVD and label consistent K-SVD was fast to predict a class label, the bottleneck of these methods is the
calculation of the coding coefficients aes; = argming ||sest — Dal|3 + A||all1 of a query data.

3. Predictive high-level feature representation

The discriminative dictionary learning methods described previously aim to learn a sparse representation
of the training data by integrating a class label in consideration with an ¢,-norm sparse regularization;
therefore, making the calculation of sparse coding coefficients on the test data is inefficient for real-time
applications due to nonlinear optimization. In this work, a new process is proposed to create not only
discriminative coding coeflicients but also an effective method to compute the coding coefficients with low
computational effort. In particular, it would become more efficient if the coding coefficients can be simply
computed by the matrix-vector product. Then, the predicted coding coefficients are subsequently used as a
high-level feature representation to train a classifier for predicting a class label of the test data.

3.1. Discriminative dictionary learning

Define a set of n-dimensional training data X = [X1,..., X¢] € R™*™ from C classes, where X; € R™*"™
is a subset of training data in the i*” class with the number of data m,; samples. Note that m = 27,0:1 m;.
To obtain discriminative sparse coding coefficients A € RE*™ with the learned dictionary D € R™*X | the
objective function for dictionary learning process is formulated by:

<D,T,W,A> = arg min | X — DA|3+ \||M —TA|3
D, T,W,A
+  \o||H - WA3 (10)
s.t. llaillo < v, Vi

The objective function in (10) is modified from the label-consistent K-SVD algorithm [17]. The first term
| X — DAJ|3 represents a reconstruction error as for [17]. The second term ||[M — T A||3 is used to control the
consistency of the coding coefficients drawn from the same class where M = [My, ..., M,,] € REX™ and M;
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is composed of the centroid of the class-specific dictionary based on the subset training data X;. A well-
known K-SVD algorithm is applied to each subset of the training data X; to determine M; by computing

the mean (d;) of the learned dictionary D; where D; is a learned dictionary of a subset training data of the

it" class. For example, suppose X = [z1, 22, ¥3, T4, 5] is a set of training data and the corresponding class

label is Y = [15¢, 379 4%" 2nd 15t] then the M can be created by:

di 0 0 0 d
0 0 0 dy O
0 ds 0 0 0
0 0 di 0 0

M =

In this case, the mean vector of each subset dictionary is used as a class dictionary representative to
encourage coding consistency from the same class. The last term |[H — WA|2 is designed to promote the
discriminative representation of the coding coefficients. W is a mapping function of the coding coefficients to
class label. The matrix H = [hy,. .., h,,] € RE*™ represents the corresponding class label of each training
data. For example, if a training data x; belongs to class 2"?, h; can be defined as a vector of [0, 1,0,...,0]”
in which the nonzero position points out the class label of x;. To this end, the learned dictionary in this
process can build the coding coefficients not only for sparse representation and very similar coding with the
same class but also for discriminative high-level feature representation.

3.2. High-level feature prediction

As mentioned, a computational burden of sparse representation results from the ¢y/¢1-norm sparsity
regularization. It is very useful to investigate whether the coding coefficient can be computed without
the cost of £g/¢1-norm sparsity constraint. In particular, if the coding coefficients can be determined by
linear projection rather than sparse coding optimization, computation of the coding coefficients will be more
efficient. In fact, the method to predict the coding coefficients is not new. In [18], a nonlinear feedforward
predictor with specific architecture and encoder was proposed to approximate the coding coefficients. Lee et
al. [22] introduced an efficient sparse coding algorithm based on iteratively solving two convex optimization
problems to increase the speed of coefficients’ computation. There are two aspects that differ from our
proposed method. First, our predicted coding coefficients are approximated by a simple linear projection
function. Second, the proposed dictionary learning integrates class information to promote the coding
consistency and discriminative representation for classification problems.

Based on the proposed objective function of the dictionary learning in (10), the results of the optimization
problem consist of D, T, W, and A in which the coding coefficient A is subsequently used to train a classifier.
Thus, the ultimate goal is to formulate the mapping function for fast approximation of the coding coefficients:
f(X;P) = PX ~ A. Recall from the sparse representation problem, given a dictionary D, the coding
coefficient of input x; can be computed by:

a; = argminlz; — Dal3
a
st. Jallo <7, or
a; = argmin|z; — Dal3 +7alh (11)

where v is a nonzero sparsity constraint. In this case, the P matrix can be solved by:
P:argm]_j;nHA—PXH% (12)

To find the solution, the problem in (12) can be revised so that the P = [p1,...,p,] € REX™ matrix
can be solved by standard pursuit algorithms [45] as follows.

Pt = argmin IAT = XTPTI3 st pf ]l <58 (13)
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where  is also a nonzero sparsity constraint. To this end, the computation of the coding coefficients or a
set of high-level features simply involves matrix-vector multiplication resulting in rapid calculation without
the burden of ¢y or ¢;-norm regularization.

3.83. Method of solving parameters

To simultaneously solve all parameters in the objective function shown in (10), the K-SVD algorithm
can be used with a similar procedure introduced in the discriminative K-SVD [58] and the label-consistent
K-SVD [17] algorithms. In the K-SVD algorithm, the sparse representation problem is originally formulated
by:

<D,A> = argrBiEHX — DA||F (14)
st aillo <y

Thus, the objective function must conform with (14) and a new formulation of the problem can be
written as:

<D,A> = argmin|/X — DA|? (15)
A

)

st aillo <7«

where

X D
X=| vaM and D=| VAT (16)
Vi H V2 W

Equation (15) is now exactly equivalent to the K-SVD formulation and the K-SVD algorithm can be
used to solve for D and A. Note that the column vectors in D need to be normalized in order to prevent
them becoming arbitrarily small or large. After determining A, the orthogonal matching pursuit algorithm
(OMP) [7],[37],[45] is applied to (13) to solve for P. Upon completion of finding the projection matrix P, the
coding coefficients A of all the training data can be determined by the matrix-vector product of P and X.
Finally, these coding coefficients will be used to train the prediction model for classification. The proposed
method can be summarized as follows.

Algorithm - Predictive sparse coding K-SVD

Input: X, M, H, K, A\, X2,7,0

Output: A, P

e Step 1: Compute D 7©) 1y7(0).

- D is created based on combining class-specific dictionary from each training class data using
standard K-SVD algorithm.

- The initial coding coefficients A(“) is calculated by (11).

- The initial values of T(®) and W(® are computed by (17) and (18), respectively.

e Step 2: Formulate X and D according to (16).

e Step 3: Solve D from (15) by standard K-SVD algorithm to acquire D, T, and W.

e Step 4: Determine P from (13) using OMP algorithm.

e Step 5: Calculate an approximated set of coding coefficients (A) from the product of P and X.
These features are considered a high-level feature representation and are used to train the
classifier.

Note that the initializations of 7® and W (%) are obtained from the ridge regression model [14] based on

the least squared problem with an ¢s-norm regularization. In particular, the ridge regression can be used to
solve T for the following problem:
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T =argmin|M - TA|3+ T3
which yields T = MAT(AAT + \pI)7! (17)
Similarly, W(® can be determined by:
W = HAT(AAT + \y 1)} (18)

where Ar and Ay are the regularization parameters to control the smoothness of the regression models.

4. Classification method

With the classification, a simple supervised learning model is employed based on discriminative learning
algorithm called softmax regression [34], or equivalently a generalized logistic regression, to make the class
prediction in this study. Conceptually, the softmax regression is designed to estimate the posterior prob-
ability of the class label on the given input data p(y; = c|x;) where ¢ = 1,...,C and the probabilities for
each class can be computed by:

P(ys = Ui 01) /i
o) p(yi = 2[x;;62) 1 ef2 v
0 €T;) = . = ———
1 : chzl e’ :
p(yi = Clzi; 0c) efowi
where 0 = [01,...,0¢c]7 is a set of parameters of the softmax model. These parameters can be obtained by

optimizing the following cost function based on the gradient decent method.

1
m
A C

+ 5220; (19)

where A is a regularization parameter to control model complexity and 1{-} is called an indicator function
which gives the value 1 if 1{¢true} and 0 otherwise. For classification of the test data, the softmax regression
will predict to class ¢ which yields the highest probability of p(y = c|Tsest)-

5. Experiments

In this section, the classification performance of the proposed method was evaluated using various visual
classification datasets: Extended YaleB [13], AR face [33], Caltech101 [10], and 15 scene category [20]. These
benchmark datasets have been widely used in previous work [17],[55],[58] to demonstrate the performance
of dictionary learning. Furthermore, average processing time to predict a single test data was investigated
to compare the methods. All experiments were performed on a laptop cpmputer with 1.8GHz Intel core i5
CPU and 8 GB in RAM.

In the proposed method, there are five parameters to specify: K, A1, A2, 7, and 8 that were determined
by a cross validation technique on the training data. The classification results of the proposed approach,
which named the predictive sparse coding K-SVD algorithm (PSC-KSVD), were analyzed to compare perfor-
mance with the following methods: sparse representation-based classification (SRC), discriminative K-SVD

8
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Figure 1: Sample images from Extended YaleB dataset [13]

Table 1: Classification results and computation time on the Extended YaleB dataset

| Method | Accuracy (%) | Testing time (ms) |
K-SVD [1] 93.1 -
SRC [50] 97.2 ;
D-KSVD [5§] 94.1 ;
LLC [47] 90.7 ;
FDDL [55] 91.9 -
LC-KSVD [17] 95.0 0.408
PSC-KSVD 94.5 0.09

(DKSVD), label-consistent K-SVD (LC-KSVD), locality constrained linear coding (LLC), and Fisher dis-
crimination dictionary learning (FDDL). Based on the results of [17], LC-KSVD was the fastest in terms of
the average time to predict a single test data compared to other approaches mentioned previously. Conse-
quently, it was legitimate to only compare the computation time of the proposed method with that of the
LC-KSVD algorithm.

5.1. Ezxtended YualeB dataset

A set of face images extracted from extended YaleB database consists of 2,414 frontal face images of 38
persons under various laboratory-controlled illumination conditions as shown in Fig.1. There are 64 images
of each person. Half of the images per category are randomly chosen as a training data and the rest are
used for testing. The original images were normalized and cropped to 192 x 168 pixels. To reduce the
dimension of the images, a randomly generated matrix [40] called randomface was used to transform image
array R192X168 t5 a vector of R?%4. The learned dictionary of our method contained K = 950 atoms or 25
atoms for each category. The parameters of our method were set to Ay = 4, Ao =5, v = 60, and 5 = 100.
The experimental results are shown in Table 1. The best classification accuracy of 97.2% was achieved by
the SRC. Although, our method obtained an accuracy of 94.5% which was slightly lower than the LC-KSVD
method, the average time of predicting one test data was approximately 4.5 times faster than that of the
LC-KSVD algorithm.

The effects of parameter selection of A\; and Ay on the classification accuracy is illustrated in Table 2.
Each bar represents the classification accuracy of the change of A; and Ao varied between 1 and 6 while the
other parameters are fixed. The best accuracy was achieved at A\; = 4 and A2 = 5. In this case, the variance
of the classification accuracy is 2 x 107 so the proposed method is robust to the adjustment of A\; and As.

5.2. AR face dataset

Another challenging face image database is the AR face dataset [33] containing over 4,000 color images
of 126 persons taken in sessions two weeks apart. The challenge of the AR face dataset involves different
variations in illumination conditions, facial expressions, and facial disguises with sunglass and scarf occlusion,
as illustrated in Fig.2. In the experiments, a subset of 2,600 images of 50 female and 50 male were employed
and from these 20 images were randomly chosen for training and the remaining 6 images for testing. Similar

9
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Table 2: Effect of parameters A\; and A2 on classification accuracy on the Extended YaleB database

A1

0.933 | 0.934 | 0.926 | 0.931 | 0.928 | 0.931
0.935 | 0.939 | 0.937 | 0.935 | 0.937 | 0.932
0.932 | 0.927 | 0.936 | 0.939 | 0.929 | 0.934
0.939 | 0.927 | 0.933 | 0.936 | 0.937 | 0.931
0.938 | 0.940 | 0.927 | 0.945 | 0.930 | 0.937
0.932 | 0.933 | 0.938 | 0.930 | 0.940 | 0.922

A2

O Y | W DN —

Figure 2: Sample images from AR face dataset [33]

to the Extended YaleB dataset, the randomly generated matrix was applied to reduce the dimensionality
from the original image size R19°%120 o a 540-dimensional vector. The setting of the model parameters for
this dataset was A\; = 3, Ao = 2, v = 60, and 8 = 100. The learned dictionary has K = 500 atoms with 5
atoms per person. The experimental results are reported in Table 3. The proposed method was superior to
all of the other methods with a classification accuracy of 98%. Also, the computation time of our method
was approximately 6 times faster than the result of LC-KSVD algorithm.

In addition, the impact of increasing dictionary size on the classification accuracy and the computation
time for the test data were investigated and the results are shown in Fig.3. It can be seen that the accuracy
performance was improved when using a large dictionary size, but this benefit was reduced with a dictionary
size greater than 600 atoms. As expected, the computation time was proportional to the dictionary size;
that is, the larger the dictionary size, the higher the computation time to predict the test data.

5.8. Caltech101 dataset

One of the well-known datasets in object recognition problem is Caltech101 [10] which contains 9,144
images from 102 classes (101 distinct classes and a background class). The number of images in each
category varies from 31 to 800 and the size of each image is roughly 300x200 pixels. A sample of images

Table 3: Classification results and computation time on the AR face dataset

| Method | Accuracy (%) | Testing time (ms) |
K-SVD [1] 86.5 -
SRC [50] 97.5 ;
D-KSVD [58] 83.8 ;
LLC [47] 83.7 ;
FDDL [55] 92.0 ;
LC-KSVD [17] 93.7 0.344
PSC-KSVD 98.0 0.055

10
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Figure 3: Effect of dictionary size on classification performance and computational speed of the AR face dataset

Table 4: Classification results and computation time on the Caltech101 dataset

’ Method \ Accuracy (%) \ Testing time (ms) ‘
K-SVD [1] 73.2 -
SRC [50] 70.7 ;
D-KSVD [58] 73.0 ;
LC-KSVD [17] 73.6 2.392
PSC-KSVD 73.9 0.198

from this dataset are shown in Fig.4. According to the experimental setting in [17],[20], 30 images per
category were randomly chosen for training and the rest were used for testing. Based on [20], scale-invariant
feature transform (or SIFT) descriptors were computed for three different grid sizes (1 x 1,2 x 2,4 x 4)
and then the spatial pyramid matching (SPM) algorithm was applied for feature extraction. Finally, the
principal component analysis was adopted to reduce the dimension of the samples to 3,000. Table 4 presents
the experimental results of classification accuracy and the average time of each testing run. The proposed
method achieved the highest performance of 73.9% accuracy with parameter settings of A\; = 10, Ay = 5,
v = 60, and 8 = 50. A dictionary size of 3,060 atoms was chosen which was the same as in [17] corresponding
to 30 atoms per category. Moreover, the improvement of computation time of the proposed method was
approximately 12 times faster than that of the LC-KSVD method.

Table 5: Effect of parameters v and 8 on classification performance of the Caltech101 dataset

gl
20 40 60 80 100

50 | 0.738 | 0.738 | 0.739 | 0.738 | 0.738
100 | 0.734 | 0.734 | 0.734 | 0..734 | 0.734
8 150 | 0.735 | 0.735 | 0.735 | 0.735 | 0.735
200 | 0.738 | 0.738 | 0.738 | 0.738 | 0.737
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Figure 4: Sample images from Caltech101 dataset [10]

Table 6: Classification results and computation time on the 15 scene dataset

| Method | Accuracy (%) | Testing time (ms) |
K-SVD [1] 86.7 -
SRC [50] 91.8 .
D-KSVD [58] 89.1 ]
LLC [47] 89.2 .
LC-KSVD [17] 94.2 0.396
PSC-KSVD 95.8 0.05

To investigate the effect of the selection of v and 8 parameters on the classification accuracy, different
values of v and 3 were evaluated while other parameters remained fixed. Table 5 demonstrates the classi-
fication accuracy with changes in v and 5. The variance of the classification accuracy was extremely small
(approximately 3.81 x 107%), which suggested the performance was not sensitive to the variation of v and
8 parameters.

5.4. Fifteen scene dataset

Scene recognition is an interesting and challenging task. In the experiments, the scene dataset contained
15 natural scene categories collected by Fei et al. [11]. Each class consists of 200 to 400 images with the
average size of 300 x 250 pixels. Similar to the other datasets used in this study, a set of training data
was randomly chosen with 100 images per category and the rest was used for testing. Some sample images
from this dataset are illustrated in Fig.5. The dictionary comprised 450 atoms with 30 atoms for each class.
The parameters of the proposed method were set to A\ = 6, A\oa = 2, v = 80, and § = 100. The results
of classification and computation time of different methods are summarized in Table 6 and Fig.6 displays
a confusion matrix of the proposed method. The best result achieved by the proposed method was 95.8%
accuracy and it was approximately 8 times faster computation time than the LC-KSVD method.

The previous results of the computation time shown in Fig.3 indicates that the computational speed on
the test data was dependent on the dictionary size. To investigate other parameters that might affect the
computational speed, a selection of v and 8 parameters was evaluated and the results from using different
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Figure 6: Confusion matrix of 15 scenes data with dictionary size = 450

values of v and 5 are depicted in Fig.7. As expected, the choice of the 8 parameter and not v had a linear
relationship with the computation time since 8 based on (13) is employed to control the sparsity of the
P matrix used for predicting the coding coefficients (A = PX). Consequently, a small value of 5 leads
to a reduced computation time cpmpared with a large value because the small value of 3 enforces most
components in the P matrix to be zeros. In summary, the selection of parameters, A\i, Ao, v, and K is
designed to control the new high-level feature representation for classification while the computation time
depends not only on the dictionary size but also on the 8 value.

6. Conclusion

The importance of supervised dictionary learning based on sparse representation has been promoted for
its strong capability in classification. However, solving coding coefficients typically requires the use of £y /¢;-
norm regularization which leads to expensive computation. In this study, a novel method called predictive
sparse coding K-SVD (PSC-KSVD) was proposed to efficiently compute the coding coefficients simply using
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the matrix-vector product. In addition, the proposed approach is also able to create discriminative sparse
coding coefficients based on class consistency and discriminative constraints. The solution of the proposed
dictionary learning follows the procedure derived from the K-SVD algorithm while the OMP algorithm is
used to determine the predictive matrix (P) for computing the coding coefficients.

Performance was tested on several visual datasets involving face, object, and scene recognitions. In
addition, the effect of the parameter selections was analyzed. The experimental results indicated that
the proposed method provides promising classification accuracy compared with other previous dictionary
learning techniques for classification and it also clearly outperforms in terms of computation time for the
test data. As a result, it can be considered as a suitable method to apply in real-time classification problems.
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