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Abstract— This paper tries to separate fine-grained images by
jointly learning the encoding parameters and codebooks through
low-rank sparse coding (LRSC) with general and class-specific
codebook generation. Instead of treating each local feature
independently, we encode the local features within a spatial region
jointly by LRSC. This ensures that the spatially nearby local
features with similar visual characters are encoded by correlated
parameters. In this way, we can make the encoded parameters
more consistent for fine-grained image representation. Besides,
we also learn a general codebook and a number of class-specific
codebooks in combination with the encoding scheme. Since
images of fine-grained classes are visually similar, the difference
is relatively small between the general codebook and each classspecific codebook. We impose sparsity constraints to model this
relationship. Moreover, the incoherences with different codebooks
and class-specific codebooks are jointly considered. We evaluate
the proposed method on several public image data sets. The
experimental results show that by learning general and classspecific codebooks with the joint encoding of local features, we are
able to model the differences among different fine-grained classes
than many other fine-grained image classification methods.
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I. I NTRODUCTION
S a typical problem in computer vision, image classification is widely studied by researchers with various
methods [1]–[4]. Of these methods, the bag-of-visual-words
model is often used using scale invariant feature (SIFT) [5]
features. These local features are quantized to form a histogram representation of images followed by classifier training
and evaluation. Although very effective for general image
classification, the relationships among local features are treated
independently. This becomes a drawback when being applied
to a fine-grained classification task where the differences
between images are more subtle. This means the resulting bagof-words (BoW) representation of images is cluttered together,
which makes the trained classifiers unable to separate them
apart properly. Hence, how to represent images in a more
discriminative way becomes urgent.
There are two stages with the BoW scheme for image
representation. First, a codebook is learned by minimizing
the summed reconstruction errors of local features with some
constraints (nearest neighbor [1], soft assignment [2], and
sparsity [6], etc). Since the number of local features is large,
it is impossible to learn the codebook with all the local features
simultaneously. Usually, local features are randomly selected
to learn the codebook accordingly. Second, after the codebook
is learned, each local feature is encoded accordingly with the
learned codebook. This strategy works well for general image
classification tasks. However, for the fine-grained classification
task, there are more pieces of information that can be explored.
Since images of fine-grained classes are visually and contextually similar, only one codebook is unable to model this well
even with a large codebook size. It is more effective to learn
a number of codebooks for joint and per-class representations,
respectively [7], [8]. Usually the codebook incoherence is
also combined for balanced image representation with general
codebook and per-class codebooks. Although very effective,
the differences between general codebook and each per-class
codebook are often ignored. Since images of fine-grained
classes are visually very similar, the differences are relatively
small between the general codebook and each class-specific
codebook. As to the encoding of local features, many works
treat each local feature individually [1], [4], [6]. Since local
features are incoherently spatially and contextually correlated,
it is more reasonable to encode them jointly with spatial
constraints [4], [9], [10] and visual similarities [2], [11], [12].
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Since visual features are incoherently correlated with the
degenerated structure [13], the low-rank technique is also
used for encoding [14]–[16]. This technique works well
when visual features are correlated. However, how to collect
similar visual features for low-rank decomposition is still an
open problem. Researchers tried to define various rules with
class constraints [14] or segmentation [15]. However, the
spatial information of local features within different images
is ignored. If we can automatically bundle the visual features
together for decomposition, we are able to represent images
more efficiently.
To solve the problems mentioned above, in this paper, we
propose a novel fine-grained image classification method by
leveraging the low-rank sparse coding (LRSC) technique and
combine it with general and class-specific codebook generation. We learn a general codebook and a number of codebooks
per class for joint encoding of local features. The general
codebook represents the universal information of all classes
while each class-specific codebook encodes the distinctive
character of each class. To model the differences between general codebook and each class-specific codebook, the sparsity
constraint is used along with the codebook incoherences. As to
the encoding of local features, the low-rank constraint is leveraged to consider the spatial and structure information of local
features within a particular image region. Instead of treating
each region separately, we encoded the corresponding regions
of the same position within the training images to make use
of the spatial information. We conduct fine-grained image
classification experiments on several public image data sets
and the results show the effectiveness of the proposed method.
The main contributions of this paper lie in following
aspects. First, we construct a general codebook and a
number of class-specific codebooks by exploring the sparsity
correlation and incoherences between general codebook and
class-specific codebooks. This makes the resulting codebooks
more discriminative and representative. Second, local features
within one image region are jointly encoded with low-rank
constraints to model the correlations of local features.
We densely select image regions with overlap to improve
the discriminative power and robustness of the encoding
parameters. The encoding parameters are max pooled for
each region. In this way, we are able to outperform many
baseline methods for the fine-grained image classification
task on several public image data sets.
The rest of this paper is organized as follows. Related work
is given in Section II. The details of the proposed method for
fine-grained image classification via low-rank sparse coding
with general and class-specific codebooks (LRSC-GCC) are
given in Section III. We give the experimental results and
analysis in Section IV. Finally, we conclude in Section V.
II. R ELATED W ORK
Various approaches [1]–[4] had been proposed for image
classification. Sivic and Zisserman [1] quantized the local
features with k-means clustering to harvest the discriminative
power of local features. To alleviate the information loss
of hard assignment, van Gemert et al. [2] proposed to softassignment local features based on their relative distances
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to a number of visual words. Boiman et al. [3] used the
local features directly without quantization to preserve the
discriminative information. However, the computational
cost was relatively high compared with quantizationbased methods. To combine the spatial information,
Lazebnik et al. [4] used an image partition strategy by
dividing images with multiscales. This technique was
effective and easy to implement. These methods used the
SIFT feature [5] for local region description. To reduce the
information loss during the quantization process, sparse coding
was proposed by Yang et al. [6] with max pooling to simulate
the human brain and achieved improved performances.
To classify the images of fine-grained classes, more than one
general codebook was needed [7], [8]. Ramirez et al. [7] tried
to classify images by learning a number of codebooks with
structured incoherences and shared features. Gao et al. [8]
extended this by learning a general codebook and a
reweighting scheme to balance the reconstruction error
with the incoherence influences. The experimental results
proved its effectiveness. A randomization strategy was
proposed by Yao et al. [17] for fine-grained categorization.
Berg and Belhumeur [18] studied the distinctiveness of
fine-grained images for human understanding with impressive
results. Since the codebook played an important role for
classification, many works [19]–[21] had been done to improve
the representative power of codebooks. Winn et al. [19] tried
to learn a universal visual dictionary and adapt it for
specific classification tasks, while Moosmann et al. [20]
proposed to use random clustering forests to classify images.
Yang et al. [21] tried to learn a sparse variation codebook
with a single training image for face recognition.
After the codebook was learned, how to encode local features was another problem that needed to be solved. Many previous works treated each local feature individually [1], [4], [6]
by nearest neighbor assignment or sparse coding. As local features were correlated, researchers also explored how to jointly
encoded the local features [9]–[12], [22]–[24]. Zhang et al. [9]
used the nearby local features with Harr-like transformation,
while Jiang et al. [10] tried to randomly select the contextual clues of local features and applied it for fast object
search. Gao et al. [11] modeled the similarity information
among local features and used Laplacian sparse coding for
image classification. Yuan and Yan [12] tried to combine the
multitask classification with sparse representation. An affineconstrained group sparse coding technique was proposed by
Chi et al. [22] for classification with multiple-input samples.
Chiang et al. [23] combined the sparse coding with multiattribute for dictionary learning, while Bristow et al. [24]
proposed a fast convolutional sparse coding method to speed
up the computation. Since local features were correlated,
they exhibited some degenerated structure [13]. Inspired by
this observation, Peng et al. [13] used the low-rank and
sparse decomposition for face recognition and achieved good
performances. Zhang et al. [14] applied it to the histogram
representation of images and combined non-negative sparse
coding for image classification, while Zhang et al. [15] used
the segmented image regions for joint encoding with lowrank and sparse constraints. An accelerated low-rank recovery
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method was proposed by Mu et al. [16] using the random projection technique. The use of locality information
was also studied very widely [25]–[28]. Wang et al. [25]
used nearby visual words for local feature encoding instead
of using all the visual words with improved classification
accuracy. Boureau et al. [26] studied the multiway pooling method by combining the local information for image
classification, while Shabou and Le-Borgne [27] combined
locality and spatial regularization for scene categorization.
Bulò and Kontschieder [28] used the image pixels directly for
image labeling with the neural decision forests.
The spatial and structure information [4], [29]–[34] were
also very important for efficient classification. The spatial
pyramid matching was widely used to boost the performance,
while Grauman and Darrell [29] proposed the pyramid
matching in feature space. Torralba et al. [30] developed a
context-based vision system for recognition. Wu et al. [31]
tried to bundle the local features for partial-duplicate image
search. The random walk strategy was used by Ni et al. [32] to
explore the contextual information of histogram representation
of images, while Belongie et al. [33] used shape context for
shape matching. Zhang et al. [34] applied the sparse coding
with spatial partition with improved classification accuracy.
Sparsity constraint was often used to boost the classification
performances [35]–[37]. Chen et al. [35] used sparse representation for image classification, while Xiao et al. [36] combined
it with kernel reconstruction of ICA. Li et al. [37] used ordinal
distance metric learning for image ranking with good performance. Bai et al. [38] proposed to use feature-fusion-based
marginalized kernels, which improved the performance, while
Zhang et al. [39] used structural feature selection with a shape
model for object detection. Yu and Grauman [40] proposed a
local learning approach for fine-grained visual comparisons,
while Qian et al. [41] used multistage metric learning for finegrained categorization with good performance. The use of deep
ranking technique is proposed by Wang et al. [42]. To avoid
explicit usage of the part annotation, Krause et al. [43]
proposed an automatic part detection scheme.
III. L OW-R ANK S PARSE C ODING W ITH G ENERAL AND
C LASS -S PECIFIC C ODEBOOKS FOR F INE -G RAINED
I MAGE C LASSIFICATION
In this section, we give the details of the proposed method.
Image regions are densely selected with overlap. We then
generate the general codebook and class-specific codebooks
by minimizing the reconstruction error with discrepancy constraints between general codebook and class-specific codebook. The codebook incoherences are also used for reliable
codebook learning. Besides, local features are jointly encoded
within each image region to combine the spatial and structure
information. Max pooling is then used to get the image
representation and we train one-versus-all linear support vector
machine (SVM) classifiers for class prediction.
A. Low-Rank Sparse Coding With General
and Class-Specific Codebooks
Let X = [x1, . . . , x N ] be the N local features, B is
the codebook, and αn is the encoded parameter for the

nth local feature. The sparse coding tries to learn the
optimal codebook and the corresponding encoding parameters
αn ∈ Rd×1 , n = 1, . . . , N by solving the optimization
problem as
[ B, αn ] = arg min
B,αn

N

 T

 x − Bαn 2 + λ1 αn 1
n
2

(1)

n=1

with λ1 as the parameter for sparsity control. Let
A = [α1 ; . . . ; α N ]. This can be written in a matrix form as
[ B, A] = arg min X − BA2F + λ1 A1,1

(2)

B,A

N
αn 1 .
with |A1,1 = n=1
Instead of learning single codebook, we try to generate
multiple codebooks for fine-grained classification. Especially,
a general codebook B 0 ∈ Rr0 ×d and C class-specific codebooks B c ∈ Rrc ×d , c = 1, . . . , C, are learned, where C is
the number of image classes. Let X c be the local features
of the cth class and X̂ = [X 1 , . . . , X C ] be the concatenated
local features of all classes, then we concatenate B 0 and B c ,
c = 1, . . . , C, together for feature encoding. We can use the
same procedure as Problem 2 directly for codebook learning
and local feature encoding. However, for fine-grained tasks,
the visual discrepancy between the general codebook and
each class-specific codebook is relatively small and correlated.
We use the sparsity constraints to model this relationship.
Let B̂ = [B 0 , B 1 , . . . , B C ], then we can learn the general
codebook B 0 and C class-specific codebooks B c by solving
the optimization problem as
[ B̂, Â] = arg min  X̂ − B̂ Â2F + λ1  Â1,1
B̂, Â

+ γ1

C


B 0 − B c 1,1 .

(3)

c=1

To avoid the local features being only concentrated on
the class-specific codebook, we follow the strategy as in
[7] and [8] and add an incoherent term to the optimization
problem 3 as:
[ B̂, Â] = arg min  X̂ − B̂ Â2F + λ1  Â1,1
B̂, Â

+ γ1

C

c=1

B 0 − B c 1,1 + γ2



T

B i B j 2F

(4)

i = j

where γ1 is the parameter for codebook discrepancy control
and γ2 is the parameter for codebook incoherence weighting.
Nearby local features are likely to be visually similar and
hence exhibit some low-rank character. Besides, the spatial
location is also very useful for encoding. Hence, we add lowrank constraints into Problem 4 for each image region of the
same class. Suppose we divide each image into P regions,
then for each region, we view the local features within
one region as belonging to this region. Since image regions
are densely extracted with overlap, one local feature may
belong to multiple image regions. By abuse of notation,
let X̂ p,c be the concatenated local features of class c that
belong to the pth image region of the same position, with
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X̂ = [ X̂ 1,1 , . . . , X̂ p,c , . . . , X̂ P,C ]. Â p,c are the corresponding
encoding parameters and Â = [ Â1,1, . . . , Â p,c , . . . , Â P,C ].
Problem 4 can be rewritten as

 X̂ p,c − B̂ Â p,c 2F
[ B̂, Â] = arg min
B̂, Â

p,c

+ λ1  Â p,c 1,1 + λ2  Â p,c ∗ +γ1
+ γ2



C


B 0 − B c 1,1

c=1

B

iT

B j 2F

(5)

i = j

where .∗ is the matrix’s nuclear norm.
The proposed method differs from [8] in two aspects.
First, for fine-grained image classification, the differences
between the general codebook and the class-specific codebook are relatively small and correlated. We use the sparsity
constraint to model this relationship and jointly optimize for
the general and class-specific codebooks. In this way, we
are able to model the subtle differences among fine-grained
images. Second, we jointly encode spatially nearby local
features with low-rank constraints. This ensures that visually
similar local features have correlated encoding parameters with
spatial and structural constraints. This ensures us to have more
consistent and discriminative encoding parameters for better
image representation and classification.
B. Alternative Optimization
It is difficult to simultaneously learn the codebooks and
the encoding parameters. Hence, we adopt the alternative
optimization strategy and try to learn the codebooks/
parameters while keeping parameters/codebooks fixed. When
the encoding parameters Â are fixed, Problem 5 equals the
following optimization problem as:

 X̂ p,c − B̂ Â p,c 2F
[ B̂] = arg min
B̂

+ γ1

2) Learning the Class-Specific Codebook: When the general codebook B 0 is fixed, let X̄ p,c = X̂ p,c − [ B 0 ,
B 1 , B c−1 , B c+1 , ., B C ] Ā p,c , where Ā p,c are the parameters
associated with the corresponding codebooks except the cth
class-specific codebook. We use Ā−p,c to represent the parameters associated with the cth class-specific codebook, which can
be obtained by removing Ā−p,c from Â p,c . We can optimize
for the cth codebook B c while keeping the other class-specific
codebooks fixed as


 X̄ p,c − B c Ā− 2
[ B c ] = arg min

0

c

B − B 1,1 + γ2



B

iT

B j 2F .

p,c

+ γ1 B 0 − B c 1,1 + γ2



T

B i B c 2F

(8)

i =c

which can be optimized in a similar way as Problem 7 for
each class-specific codebook.
3) Learning the Encoding Parameters: When the codebooks
are fixed, Problem 5 equals

[ Â] = arg min
 X̂ p,c − B̂ Â p,c 2F
Â

p,c

+ λ1  Â p,c 1,1 + λ2  Â p,c ∗ .

(9)

We can optimize Problem 9 directly. However, there are
usually too many local features to be encoded. Besides, since
we extract image regions with overlap, each local feature
may belong to many image regions. Hence, we choose to
encode the local features for each image region with each
class jointly instead of optimizing over all the regions.
Besides, since the nuclear norm and the sparsity constraints
are nonsmooth, it cannot be optimized directly. We follow
the strategy as in [13] and [15] and use two slack variables
with equality constraints as:
[ Â p,c , D1 , D2 ] = arg min  X̂ p,c − B̂ Â p,c 2F
Â p,c

+ λ1 D2 1,1 + λ2 D1 ∗
s.t. Â p,c = D1 ; Â p,c = D2 .

p,c
C


p,c F

Bc

(10)

(6)

This can be optimized with the inexact augmented Lagrange
multiplier method (IALM) with the Lagrangian function as

This problem is still hard to optimize as the general
codebook B 0 and the class-specific codebook B c are
correlated. We alleviate this problem by optimizing over the
general codebook B 0 and each class-specific codebook B c
alternatively by fixing the others.
1) Learning the General Codebook: When B c ,
c = 1, . . . , C are fixed, let X̃ p,c = X̂ p,c − [ B 1 , . . . , B C ] Ã p,c,
where Ã p,c are the parameters associated with the
corresponding codebooks except the general codebook.
We use Ã−p,c to represent the parameters associated with the
general codebook, which can be obtained by removing Ã p,c
from Â p,c . Problem 6 then equals


 X̃ p,c − B 0 Ã− 2
[ B 0 ] = arg min

L( Â p,c , D1 , D2 )
=  X̂ p,c − B̂ Â p,c 2F + λ1 D2 1,1


+ λ2 D1 ∗ + tr Y1T ( Â p,c − D1 ) + w1  Â p,c − D1 2F
 T

+ tr Y2 ( Â p,c − D2 ) + w2  Â p,c − D2 2F .
(11)

i = j

c=1

p,c F

B0

+ γ1

B 0 − B c 1,1 .

Â p,c = arg min  X̂ p,c − B̂ Â p,c 2F
Â p,c

+ tr(Y1T ( Â p,c − D1 )) + w1  Â p,c − D1 2F
+ tr(Y2T ( Â p,c − D2 )) + w2  Â p,c − D2 2F .

(12)

We can get Â p,c as

p,c
C


This can be optimized by alternatively solving for Â p,c ,
D1 , and D2 and the multipliers Y1 , Y2 , w1 , and w2 .
When updating Â p,c , Problem 11 equals

(7)

c=1

This can be optimized using the feature-sign search strategy [44] in the matrix level.

Â p,c = G1 G2
G1 = ( B̂ T B̂ + w1 Î + w2 Î )−1
1
1
G2 = B̂ T X̂ p,c − Y1 − Y2 + w1 D1 + w2 D2 .
2
2

(13)
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D1 can be updated by solving problem as


D1 = arg min λ2 D1 ∗ + tr Y1T ( Â p,c − D1 )
D1

+ w1  Â p,c − D1 2F
with the optimal D1 as
D1 = T

λ2
2w1


Â p,c +

(14)

1
Y1
2w1


(15)

where Tλ (A) is the singular
value soft-thresholding
operator


as Tλ (A) = UA Sλ ( A )VA T with UA A VA T being the
singular value decomposition of A. Sλ (A) is a soft-threshold
operator of matrix A with each of the items calculated as
Sλ (Ai,j ) = sign(Ai,j )max(|Ai,j − λ|, 0).
To solve for the optimal D2 , we can rewrite Problem 11 as


D2 = arg min λ1 D2 1,1 + tr Y2T ( Â p,c − D2 )
D2

+ w2  Â p,c − D2 2F
which can then be solved as


1
D2 = S λ1 Â p,c +
Y2 .
2w2
2w2

(16)

(17)

Fig. 1. Example images of the UIUC-Sports data set, the Flower-17 data set,
the Flower-102 data set, and the Caltech-256 data set.

the inverse of matrix should be computed when learning Â p,c .
Since we often extract relatively more local features compared
with the local feature’s dimension, the computations of both
D1 and D2 have a complexity of O(Nr 2 ). For the server with
two Intel Xeon E5-2650 CPUs and 128-GB memories, the
learning of codebooks takes about one day, while the encoding
of new images takes less than 1 min for each image.

The multipliers can then be updated as
IV. E XPERIMENTS

Y1 = Y1 + 2W1 ( Â p,c − D1 ), w1 = ρw1
Y2 = Y2 + 2W2 ( Â p,c − D2 ), w2 = ρw2

(18)

where ρ is a predefined constant. In this way, we can learn the
optimal codebooks and the corresponding encoding parameters, which can then be used for image representation and class
prediction. We can reduce the objective values of Problem 5
for each step when optimizing over the general codebook,
the class-specific codebooks, and the encoding parameters.
Since we alternatively optimize over the codebooks and
encoding parameters, we can gradually reduce the objective
values. Besides, since the objective value of Problem 5 is
non-negative, the final objective value can converge gradually
provided that enough alternative optimization steps are made.
We extract image representation using image regions
directly with max pooling. The max pooling strategy has
been proven effective for choosing the discriminative or representative patterns for various tasks [6], [8], [25]. For each
image region, we choose the maximum absolute value of each
dimension of the encoding parameters as the image region’s
representation hp , p = 1, . . . , P. These image regions are
concatenated in a fixed order to get the final image representation h = [h1 ; . . . ; hP ]. Since we densely select image
regions, the resulting image representation contains more
spatial information than hard partition of images. To predict
image classes, we train one-versus-all linear SVM classifiers.
The image is predicted as the class that has the largest positive
response.
4) Computational Complexity: The time complexity of the
general codebook B 0 learning is of O(r0 d) with the storage complexity as O(d N). Similarly, for each class-specific
codebook B c , the time and storage complexity are O(rc d)
and O(d N), respectively. As to the learning of encoding
parameters, the time and storage complexity are of O(d 3 ) as

To evaluate the effectiveness of the proposed LRSCGCC-based image classification method, we conduct image
classification experiments on several public data sets: the
UIUC-Sports data set [45], the Flower-17 data set [46], the
Flower-102 data set [47], and the Caltech-256 data set [48].
Fig. 1 shows some example images of the four data sets.
A. Experimental Setup
For each image, we first resize it to 300 × 250 pixels.
We densely extract local features of 16×16 pixels with 6 pixels
overlap. The extracted local features are then normalized with
the 2 norm. As to the image region selection, we densely
choose image regions of multiscales with the minimum scale
set to 64 × 64 pixels with 16 pixels overlap. In this way,
about 430 image regions are chosen for one image. The
codebook size is set to 1024 for general and class-specific
codebooks. Instead of only extracting SIFT features of gray
images, we also extract the color SIFT features (RGB-SIFT,
HSV-SIFT, C-invariant SIFT, and the opponent SIFT) as
in [49]. The corresponding image representations are
concatenated for joint classification. We follow the parameter
settings as in [6] and [25] and empirically set λ1 to 0.3 for
the UIUC-Sports data set and the Flower-17 data set. 0.4 is
used for the other two data sets. γ2 is set to 0.1. λ2 and γ1
are chosen by cross validation with the parameters ranging
from 0.1 to 1.5 with a step of 0.2. The maximum iteration
number is set to 50 for the four data sets. We randomly select
the train/test images for performance evaluation and repeat
this random selection process several times to get reliable
results. For fair comparison, we choose to compare with other
methods using the reported results with the same experimental
setup instead of reimplementing them. The performance is
evaluated with the average of per-class classification accuracy.
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TABLE I
P ERFORMANCE C OMPARISONS ON THE UIUC-S PORTS D ATA S ET

B. UIUC-Sports Data Set
The UIUC-Sports data set has eight classes of sports images
as Badminton, Bocce, Croquet, Polo, Rock climbing, Rowing,
Sailing, and Snow boarding. There are 1792 images with the
number of each class varying from 137 to 250. Following
the setup as in [45], we randomly select 70 images per
class for training and use the rest of images for testing. This
process is repeated ten times. Table I gives the performance
comparison of the proposed method with other methods on the
UIUC-Sports data set.
We can see from Table I that the proposed LRSC-GCC
method is able to outperform many of the state-of-the-art
methods. Compared with sparse coding [6], the joint encoding
of local features and learning codebooks are necessary for
classification performance improvement. Besides, LRSC-GCC
is able to improve over LRSC by about 4.4% for learning
general and class-specific codebooks. The results in Table I
prove the effectiveness of the proposed LRSC-GCC method.
To evaluate the contributions of each component of the
proposed method for classification, we also give performances
of two baseline methods in Table I: the first method generates
the general and class-specific codebooks without low-rank
constraints (GCC), while the second method uses low-rank
constraints with only the general codebook (LRSC). By imposing low-rank constraints, we are able to model the correlations
for local feature encoding, and hence, we are able to improve
the performance. Besides, by learning both the general and
class-specific codebooks, we are able to model the subtle
differences of fine-grained images and get more discriminative
encoding parameters compared with only using one general
codebook. We also give the average of confusion matrixes
and the boxplot of LRSC-GCC on the UIUC-Sports data set
in Figs. 2 and 3, respectively. The proposed method performs
better on some classes (e.g., Sailing and Polo) than other
classes (e.g., Rock climbing). This is because the intraclass
variation of rock climbing is larger than the Sailing and Polo
classes. It is relatively harder to model image classes with
larger intraclass variations.

Fig. 2.
Confusion matrix of the proposed LRSC-GCC method on the
UIUC-Sports data set. The diagonal values indicate the per-class classification
rate (%).

Fig. 3.

Boxplot of the performance on the UIUC-Sports data set (%).
TABLE II

P ERFORMANCE C OMPARISONS ON THE F LOWER -17 D ATA S ET

C. Flower-17 Data Set and Flower-102 Data Set
The Flower-17 data set has 17 classes of flower images
as Buttercup, Colts’ foot, Daffodil, Daisy, Dandelion, Fritillary, Iris, Pansy, Sunflower, Windflower, Snowdrop, Lily
valley, Bluebell, Crocus, Tigerlily, Tulip, and Cowslip. There

are 80 images in each class with a total of 1360 images.
We use the same train/validate/test (40/20/20) image split
as in [46] for fair comparison. Table II gives the performance comparison on the Flower-17 data set. We give the
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TABLE III
P ERFORMANCE C OMPARISONS ON THE F LOWER -102 D ATA S ET

TABLE IV
P ERFORMANCE C OMPARISON ON THE C ALTECH -256 D ATA S ET

Fig. 4. Confusion matrix of the proposed LRSC-GCC method on the Flower17 data set. The diagonal values indicate the per-class classification rate (%).

Fig. 5. Boxplot of the performance on the Flower-17 data set (%). The
numbers from 1 to 17 in the horizontal row indicate Daffodil, Lily valley,
Snowdrop, Iris, Bluebell, Crocus, Tigerlily, Fritillary, Tulip, Daisy, Sunflower,
Dandelion, Colts’ foot, Cowslip, Buttercup, Windflower, and Pansy,
respectively.

performance of LRSC-GCC when only the SIFT feature is
used [LRSC-GCC (SIFT)]. We also give the classification
accuracy of LRSC and GCC with the SIFT feature only
[LRSC (SIFT) and GCC (SIFT)]. For each random selection
process, we calculate the confusion matrix on the corresponding testing images. The average of confusion matrixes
is given in Fig. 4. We also give the boxplot in Fig. 5.
The proposed method has different performances on varied
classes. This is because for some classes (e.g., Sunflower),
most the images are taken in the front view and occupy
large areas of images and hence are relatively easier to model
than the classes whose images are taken with multiviews.
Besides, the variations of object’s shapes of some classes
(e.g., Pansy) are smaller than those of other classes
(e.g., Cowslip). Moreover, images of different classes may
have very similar visual appearances. For example, some Daisy
flowers are very similar to the Colt’s foot flowers. Hence,
images of the two classes are often misclassified.

We can see from Table II that when only the SIFT feature
is used, the proposed method is able to outperform categoryspecific dictionary learning, which also learns a number of
codebooks by about 3%. This shows the usefulness of considering the local features jointly for encoding. As objects of
the Flower-17 data set are visually similar, it is more urgent
to jointly model the visual correlations among local features
instead of treating them independently. Besides, since color
information is useful for flower classification, the combination
of various features can greatly improve the performance.
Moreover, using the color information with LRSC-GCC, we
are able to exceed the performances of many feature combination methods [12], [51], [52]. This again demonstrates the
effectiveness of the proposed method.
The Flower-102 data set is an extended version of the
Flower-17 data set with more types of flowers and a larger
number of images. There are 8189 images of 102 classes,
which have 40–250 images for each class. We follow
the experimental setup as in [47] and use 10/10/rest for
training/validation/testing, respectively. Table III gives the
performance comparison on the Flower-102 data set. We can
have similar conclusions as on the Flower-17 data set. The
proposed LRSC-GCC is able to outperform KMTJSRC-CG,
which combines different types of features by sparse reconstruction. Since images of the flower data sets are very similar,
the train of discriminative codebooks and joint encoding of
parameters help to improve the performance to some extent.
D. Caltech-256 Data Set
There are 256 classes of images with a total number
of 29 780 pictures in the Caltech-256 data set. Each class
has at least 80 images. We randomly select 15/30 training
images per class for performance evaluation and use the rest
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TABLE V
P ERFORMANCE C OMPARISONS ON THE S TANFORD
D OG D ATA S ET. ET: E DGE T EMPLATES

images for testing. We repeat this process ten times for reliable
comparison. Table IV gives the performance comparison on
the Caltech-256 data set.
Compared with k-means clustering-based codebook generation, the use of sparse coding can preserve more information
for classification, and hence LRSC-GCC is able to outperform
the kernel codebook. Besides, by training discriminative classifiers, we are able to improve over the nearest-neighbor-based
method [3]. Moreover, compared with the methods [6], [25]
that treated local features independently, the joint encoding
of local features can make use of the spatial and structure
information of local features that eventually improve the
classification accuracy. Finally, joint encoding local features
with codebook generation can improve over only learning
discriminative parameters [15]. Although different classes of
images within the Caltech-256 data set are not as similar as the
Flower-17 and the Flower-102 data sets, the proposed method
is still able to encode discriminative information for image
representation and classification.
The Fisher vector technique [53] can also be combined with
the proposed LRSC-GCC method by fixing the learned codebooks and encoding the local features accordingly (LRSCGCC-FV). By encoding high-order information, the FV-based
method [53] can improve over simple assignment [2], [6]
and sparse coding [6], [11], [15] based methods dramatically.
Besides, by leveraging the proposed method with FV, we can
further improve the classification accuracy.
E. Stanford Dog Data Set
The Stanford Dog data set [54] has 20 580 images of
120 classes. We follow the same experimental setup as in [54]
and use 100 images per class for training. Using only the
image label, we are able to achieve comparable performance
as segmentation- and alignment-based methods [56], [57]
in Table V. By generating general and class-specific codebooks
with jointly encoding spatial nearby local features, we can
outperform using SIFT feature [54] dramatically. Besides,
using the Fisher vector technique, we can further improve the
performance of the proposed LRSC-GCC method.
F. Convergency
We can gradually reduce the objective value of Problem 5
by alternatively optimizing over the codebooks B̂ and the
encoding parameters Â. When the encoding parameters Â
are fixed, Problem 5 equals Problem 6, which can be
optimized over the general codebook and class-specific
codebooks iteratively. During each step, the objective value

Fig. 6. Convergency of the proposed method on (a) UIUC-Sports data set,
(b) Flower-17 data set, (c) Flower-102 data set, and (d) Caltech-256 data set.

of Problem 6 is reduced. When the codebooks B̂ are fixed,
Problem 5 equals Problem 9 whose objective value can
be reduced with the IALM method. As we alternatively
optimize over B̂ and Â, we can reduce the objective value
of Problem 5 gradually. Besides, the objective value of
Problem 5 is always bigger than zero, and hence the proposed
method is able to converge. We give the objective value
changes with the number of iterations on the UIUC-Sports
data set, the Flower-17 data set, the Flower-102 data set, and
the Caltech-256 data set in Fig. 6 for intuitive illustration.
V. C ONCLUSION
In this paper, we proposed a fine-grained image
classification method by combining the codebook generation
with LRSC. Instead of generating single codebook, we
constructed a general codebook and class-specific codebooks
by joint optimization of the summed reconstruction error,
the sparsity constraints of codebook discrepancy, and the
codebook incoherences. Besides, by adapting the LRSC technique in the image region level, we can model the visual
similarities among local features. Moreover, the image regions
of the same position were combined for joint representation.
In this way, we were able to get more representative and
discriminative image representation for fine-grained classification. The classification results on several public image data
sets proved the effectiveness of the proposed method.
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