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Abstract. In this paper, we propose a novel framework for image recog-
nition based on a extended sparse model. First, inspired by the impres-
sive results of CNN over different tasks in computer vision, we use the
CNN models pre-trained on large datasets to extract features. Then we
propose a extended sparse model which learns a dictionary for classi-
fication by incorporating the representation-constrained term and-th
coefficients incoherence term. With this learned dictionary, not on]Qe
representation residual but also the representation coefficients will be.
Experiments on Caltech101 and PASCAL VOC 2012 datasets show the
effectiveness of both our sparse model and our classification scheme on
image classification.
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1 Introduction

As one of the most active research areas in computer vision, image classifica-
tion has been widely studied. Conventional approaches for image classification
use carefully designed hand-crafted features, e.g., SIFT and HOG. Recently,
in contrast to the hand-crafted features, features with deep network architec-
tures, represented by deep convolutional n networks (CNN) [13] have got
impressive results in image classification, i-e., ILSVRC on ImageNet Dataset
[ALSpecifically, deep learning attempts to model the visual data of high lev-
tract structural composites using multivariate nonlinear transformations.
And several works [7,18,21] show that the pre-trained CNN models on colossal
datasets with data diversity can be transferred to extract discriminative features
for other tasks.

For sparse representation-based classification (SRC) Wright et al. [22] pro-
posed a general classification scheme based on sparse representation and applied
it on robust face recognition (FR). Since the SRC scheme achieves competi-
tive performance in face recognition (FR), it triggers the researchers’ interest in
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sparsity-based pattern classification [3,12]. How to learn a discriminative dic-
tionary for both sparse data representation and classification is still an open
problem.

According to predefined relationship between dictionary atoms and class la-
bels, we can divide current supervised dictionary learning into three categories:
shared dictionary learning, class-specific dictionary learning and hybrid dictio-
nary learning. In the shared dictionary learning, a dictionary shared by all clagses
is learned but also the discriminative power of the representation coeffiqi)k is
mined. It is popular to learn a shared dictionary and simultaneously training a
classifier using the representation coefficients. In [16], Marial et al. proposed a
scheme which learned discriminative dictionaries while training a linear classifier
over coding coefficients. Inspired by KSVD [1], Zhang and Li [25] proposed dis-
criminative KSVD (DKSVD) learning algorithm on FR. Following the work in
[25], Jiang et al. [9] proposed to enhance the discriminative power via adding a
label conpistant term. Recently, Mairal et al. [14] proposed to minimize different
risk func@ over the coding coeflicients for different tasks, called a task-driven
DL. In generally, in this scheme, a shared dictionary and a classifier over the rep-
resentation coefficients are together learned. However, there is no relationship
between the dictionary atoms and the class labels, and thus no class-specific
representation residuals are introduced to perform classification task.

In the class-specific dictionary learning, a dictionary whose atoms are prede-
fined to correspond to subject class labels is learned and t@he class-specific
reconstruction error could be used to perform classification . Via adding a dis-
criminative reconstruction penalty term in the KSVD model [1], Mairal et al.
[15] proposed to a dictionary learning algorithm for texture segmentation and
scene analysis. Yang et al. [23] proposed to learn a structural dictionary and
impose the Fisher discrimination criterion on both the sparse coding coefficients
to enhance class discrimination power. In [4], via adding non-negative penalty
on both dictionary atoms and representation coefficients, Castrodad and Sapiro
proposed to learn a set of action-specific dictionaries. In [17], Ramirez et al.
introduced an incoherence promoting term to the DL model for ensuring the
dictionaries representing different classes to be as independent as possible. H.
Wang et al. [20] learned a dictionary with similarity constrained term and the
dictionary incoherence term and applie@o human action recognition. Based
on each atom in the learned dictionary 1S fixed to a single class label, the rep-
resentation residual associated with each class-specific dictionary could be used

to perform classification. @

Very recently, the hybrid dictionary models which combines shared dictio-
nary atoms and class-specific dictionary atoms have been proposed. Using a
Fisher-like penalty te n the coding coefficients, Zhou et al. [26] learned a
hybrid dictionary, wh troducing a coherence penalty term on different sub-
dictionaries, Kong et al. [11] learned a hybrid dictionary. Although the shared
dictionary atoms could encourage learned hybrid dictionary compact to some
extent, how to balance the shared part and class-specific part in the hybrid
dictionary is not a trivial task.
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We propose a extended sparse framework to learn a class-specific dict
nary with input features extracted from CNN, i.e., the dictionary atoms cor-
respond to the class labels. In this proposed framework, two terms named the
representation-constrained term and the coefficients incoherence term, are intro-
duced to ensure the learned dictionary with the powerful discriminative ability.
The representation-constrained term is utilized to enforce that class-specific sub-
dictionary has good reconstruction capability for the training samples from the
same class. The coefficients incoherence term is utilized to enforce that class-
specific sub-dictionaries have poor reconstruction capability for training sam-
ples from different classes. Therefore, both the representation residual and the
representation coefficients of a query sample will be discriminative, and a corre-
sponding classification scheme is proposed to exploit such information. Then we
test our classification scheme on the widely used datasets (Caltech-101 [8] and
VOC 2012 [8]).

The remainder of this paper is organized as follows. In Section 2, we intro-
duce the proposed extended sparse framework and a supervised class-specific
dictionary learning method for classification. In Section 3, we demonstrate ex-
perimental results. In Section 4, we make conclusions about our method.

2 Methodology

Since the previous s show that pre-trained CNN models on colossal datasets
with data diversity, can be transferred to extract CNN features for other image
datasets [18]. We use the pre-trained VGG-Net [19] model on ImageNet to ex-

eatures for sparse representation-based dictionary learning. As for the
of the features from CNN net, the shallow layers have features with

too muc ensions and they are tao sparse to get effective results for clas-
sification.Howerver, some of the d{Gp/st layer are totally corresponding to the

original data set for CNN training. So we choose some deep but not the deepest
layers of CNN net to get features for classification.

2.1 Sparse representation and dictionary learning

sification { ) method for robust face recognition (FR). Obviously, SRC is
imaginableTmat a test sample can be represented by a weighted linear combi-
nation of those training samples belonging to the same class. Impressive results
have been reported in [22].

Very recentlil Wright et al. [22] proposed the sparse representation based clas-

The modeld@consider that CNN features of the samples in different i

classes have different are discriminative. We adopt the class-specific dictionary.
In the class-specific dictionary learning (DL), each dictiotom in the learned
dictionary D = [Dy, Do, ..., Dk] have class label correspormaence to the subject
classes, where D; is the sub-dictionary corresponding to class i. By representing a
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test sample over the learned dictionary D, the representation residual associated
with each class can ha=mat y employed to classify it, as in the SRC method.
Given training ss a; ;0 =1,...K,j=1,...,n; denotes a feature got
from CNN in class .. Which K is the sum of classes, and n; is the number of
samples in class . We form A; = [a;1,a;2, .., Gin,;]. The dictionary D can be

learned by the following extended sparse model:

K
<D,Z >=argmin Y {||A; = DZi|5+ Ml Zilh + XollA; — D; Z||%

Z =1
5 1
M A SIS
i
s.itdn|l2 = 1,Vn

where Z; is the sub-matrix containing the coding coefficients of A; over D. Z;
can be written as Z; = [Z};... - ZL...; ZEK] where Z/ represents the coefficients
of Al over .Dj; and Zj is Zj )1,2]‘72, .. .,Zj,n], where Zj,i = j,i/”Zj,i” is
normalized coefficients of the ith sample in A; over D.

Different from the conventional sparse model SRC in[22], the representation-
constrained term (|| A;—D; Z{||%) and coefficients incoherence term (D02 ||ZJTZZ||%)
are introduced in Eq.(1).

Representation-constrained term For A;, it should be well represented by
the dictionary D, hence there is A; ~ DZ;. Since A; is associated with the class
1, it is expected that A; could be represented further well by D;. This implies
that Z; should have some significant coefficients Z! such that ||4; — D; Z¢||% is
small.

Coefficients incoherence term In the SRC scheme proposed by Wright et al.
[22], given a test sample, the accurate classification can be conducted based on
that the largest coefficients are associated with the training samples that belong
to the same class as the test sample. It implies that the reconstruction error is
minimized when test sample are sparsely represented by its own training sam-
ples. Likewise, in the class-specific dictionary learning, it is expected that the
largest coefficients of A; are associated with the sub-dictionary D;. In Eq. (1),
minimizing the coefficients incoherence term >, ; HZJTZzH% encourages that for
the A; and A;, the largest coefficients are associated with the corresponding
different sub-dictionary D; and D; as illustrated in Figure 1. This means that
similar samples over dictionary D have similar coefficients and samples belong-
ing to different classes over dictionary D have absolutely different coefficients.
Therefore, the value of the object function Eq.(1) is minimized when samples
are sparsely represented by dictionary atoms in their own sub-dictionaries.

Overall, minimizing the representation-constrained term ||A4; — D; Z{||% guar-
antees that class-specific sub-dictionary has good representation power to the
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samples from the corresponding class and minimizing the coeffiq( 1 , incoherence
term ., ||Z T'Z:]|% encourages samples from different classes are reconstructed
by different class specific sub-dictionaries. By incorporating the representation-
constrained term and coefficients incoherence term, our proposed sparse repre-
sentation algorithm is more effective for classification.
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Training samples Learned Dictionary: D The coefTicients over D

green and yellow training samples are belon @ class ¢ and j; the green and yellow
atoms in D have class labels correspondences to class i and j. The sparse coefficients
of green and yellow training samiles recovered are plotted in the coefficients matrix

Fig. 1. Sparse representation of tra samﬁusing the learned dictionary D. The

with the green and yellow largest @ s associated with the green and yellow atoms in
D which have class labels correspomaences to class ¢ and j.

The optimization Althouhe objective func in Eq.(1) is not jointly
convex to (D, Z). Like other authors [20,24] have done when trying to solve
similar optimization problems, here we divide the objective function in Eq.(1)
into two sub-problems by optimizing D and Z alternatively: updating coefficient
matrix Z while fixing the dictionary D, and updating dictionary D while fixing
the coefficient matrix Z.

Update of Z When we fix the dictionary D, the objective function in Eq.(1)
is reduced to a sparse representation problem to compute Z = [Z1, Zs, ..., Zk].
We can compute Z; class by class by fixing Z;, j # i. The objective function in
Eq.(1) is further reduced to:

min{||4; - DZ; I3+ Ml Zills + XellAi = DiZi% + 6 YN Z] ZillR} (2)
Jj#i

It can be proved that o;(Z;) = ||A;—DZ;||%+Xa||Ai—D; Z¢ |2 +k D iz ||ZJTZ1||%7
is convex with Lipschitz continuous gradient. Hence, in this work we adopt a new
fast iterative shrinkage-thresholding algorithm (FISTA) [2] to solve Eq.(2), as
described in Algorithm 1.
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Algorithm 1 Learning sparse code Z;.

Input:
A training subset A; from class ¢; the dictionary D; the parameters p, 7, > 0.

Initialize:
Z}l)<—0andt<—0; @
while convergence or the maxlmal iteration step is not reached do do
tet+ 1 ut e 20 —1/2pVe, (207D,
where Vgpi(zl-(t_l))is the derivative of <p1(Zi(t_1)) w.r.t. Zi(t_l);
Z! — soft(u'Y 7/p), where soft(u'*"Y,7/p) is defined by Eq.(4) [10]:
end while

Update of D In this subeestion we describe how to update D = [Dy, Da, ..., Dg],
while fixing the coefﬁcietrix Z. When updating D;, all D;,j # 1, are fixed
and D; = [di,ds,...,dp,]is updated class by class. We can reduce objective
function in Eq.(1) as:

njljin{”fli —DZi|% + Xao||Ai — D ZH|%Y stldifla=1,1=1,...,p; (3)

Algorithm 2 Learning dictionary D;.
Input:
A training subset A; from class i; the coefficients Z;; the dictionary DY.
Let Z; = [z1;22;...; 2p;| and DY = [d1;da;. . .;dp,], where z;, j =1,2,...,p;,
is the row vector of Z; and d; is the jth column vector of Dy;
ZAi(l) < 0 and ¢
for j =1 to p;
Fix all d;,lj update d;. Let X = A; — 7, . diz;. The minimization of Eq.(3)

becomes:
ming; [|X — d;jzj|Fs.t.[|djlla = 1 @

By solving this objective function,we could get the solution
dj = Xz /| X2 |2 .
end for
Output:
The updated version of Dy:D,.

luj| < 7/p
[soft(w ™, 7/p)]; @ sign(u;)T/p  otherwise )
where A = A— Z 1t esent the coefficient matrix of A over D;. Eq.(3)

can be efficiently solved by updating each dictionary atom one by one via the
algorithm like [24], as presented in Algorithm 2.
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Complete dictionary D learning algorithm The complete algorithm is
summarized in Algorithm 1. The algorithm converges since the cost function in
Eq.(1) is lower bounded and can only decrease in the two alternative minimiza-
tion stages (i.e., updating Z and updating D).

Algorithm 3 The complete algorithm of dictionary D learning.
Initialize D.
We initialize the atoms of Di as the eigenvectors of A.
Update coefficients Z.
Fix D and solve Z;, i =1,2,..., K, one by one by solving Eq.(2) with Algorithm 1.
Update coefficients D.
Fix Z and update each D;, i =1,2,..., K, by solving Eq.(3) with Algorithm 2.
return
Update D and Z when the objective function values between adjacent
iterations are not close enough or the maximum number of iterations is not reached.
Output:
Z and D

The classification scheme Once the dictionary D have been trained, it could
be adopted to represent a query sample y and do a classification task. According
to different schemes for learning the dictionary D, different information can be
utilized to perform the classification task.

In our proposed sparse representation model, not only the desired dictionary
D is learned from the training dataset A, but also the normalized representation
matrix Z; of each class A; is computed. Considering both the representation
residual and the representation coefficients are discriminative, we can make use
of both of them to achieve more accurate classification results. Hence, we propose
the following representation model:

where,y cnt. @,

Denote by & = [a!,4?,.. ., 6% =where & is the coefficient sub-vector as-
sociated with sub-dictionary D;. In the training stage, we have enforced the
class-specific representation residual to be discriminative. Therefo y is from
class 7, the residual ||y — D;&_i||3 should be small while ||y — D;&7||3,7 = i, should
be big. In addition, the representation sub-vector & should be far different from
the representation vector of other classes. By considering the discrimination
capability of both representation residual and representation vector, we could
define the following metric for classification:

ei = |y = Didall +w > 2] al /n; (6)
i
where w is preset weight to balance the contribution of the two terms for clas-
sification. The classification rule is simply set as identity(y) = argmin,{e;}.

& = argmin{ly — Dall3 +v[la:} (5)

1
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3 Experimental Results

3.1 Datasets and exp ents settings

In the VGG-Net [19] model , we chooe 18th layer of 4096 dimensions as the
feature for classification, as we describem the beginning of Section 2.

In our proposed sparse representation model, there are two stages: dictionary
learning (DL) stage and classification stage. In DL stage we set A; = 0.005,
Ao = 1,k = 0.01; in classification stage we set v = 1,w = 0.05. In the proposed
model, the number of atoms in D;, denoted by p;, is important and it is set as
the number of training samples by default. All of the experiments are executed
on a workstation with Intel 2.8GHz CPU and 16GB RAM.

3.2 Experiments on Caltech-101

To verify the effectiveness of our proposed sparse model for image classification,
we make comparisons with other classifiers. We use the same features exacted
from CNN as the input of SRC [22], SVM and our sparse model incorporating
representation-constrained and coefficients incoherence terms (SBRET). ﬁc;ﬂ

We evaluate our algorithm on Caltl dataset with cross- Ei ation: 5-30
random images are used for training, the remaining for testing; for each size
of training images, process 10 times with our met and the results are
averaged. The SVM we use to compare with our met is LIBSVM [5] fine-
tuned on each training data. The result is shows in Table.1.

The accuracy of SVM is higher than that of SRC which only uses the original
training samples as dictionary, and our SDRCI achieves the highest accuracy.
It proves that the proposed sparse model with supervised dictionary learning
method is discriminative for image classification. It proves that by incorporat-
ing the representation-constrained term and coefficients incoherence term, our
proposed sparse representation model is more effective for classification.

Table 1. The SDRCI performance comparison on Caltech-101(Accuracy)

Training images‘ 5 10 15 20 25 30

SRC 61.65 68.63 72.28 76.35 78.72 81.60
SVM 61.35 69.28 73.65 76.59 80.62 83.01
SDRCI 63.63 71.37 75.28 80.39 82.39 84.88

3 Experiments on VOC 2012

Further verify the effectiveness of our method,wélch combined the CNN features
and sparse representation-based dictionary learning, we make experiments on
VOC 2012 for classification task and compare with the results of state-of-art
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annota of the dataset.
Cable.5 shows the results shows that our method get convictive result com-
paring with other work based on CNN .

Table 2. Our method performance comparison on VOC 2012(AP)

metho; we do not us ground-truth bounding box information of the

Category‘aero bike bird boat bottle bus car cat chair cow

Category‘table dog horse motor person plant sheep sofa train tv mAp

4 Conclusion @

In this paper, we propose a exd sparse model to learn a discriminative dic-
tionary for classification. We adopt the pre-trained CNN model on large dataset-
s to exact input features. In the proposed sparse model, the representation-
constrained term and the coefficients incoherence term are introduced to en-
sure the learned dictionary to obtain po 1 discriminative ability. With this
learned dictionary, both the representatilauesidual and the representation co-
efficients are discriminative. Finally, we present a corresponding classification
scheme by exploiting such information. The experiments show that both our
proposed sparse model incorporating supervised dictionary learning and our en-
tire method are effective for classification.
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