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Beyond Explicit Codebook Generation: Visual
Representation Using Implicitly

Transferred Codebooks
Chunjie Zhang, Jian Cheng, Jing Liu, Junbiao Pang, Qingming Huang, and Qi Tian, Senior Member, IEEE

Abstract— The bag-of-visual-words model plays a very impor-
tant role for visual applications. Local features are first extracted
and then encoded to get the histogram-based image represen-
tation. To encode local features, a proper codebook is needed.
Usually, the codebook has to be generated for each data set
which means the codebook is data set dependent. Besides, the
codebook may be biased when we only have a limited number of
training images. Moreover, the codebook has to be pre-learned
which cannot be updated quickly, especially when applied for
online visual applications. To solve the problems mentioned
above, in this paper, we propose a novel implicit codebook
transfer method for visual representation. Instead of explicitly
generating the codebook for the new data set, we try to make
use of pre-learned codebooks using non-linear transfer. This is
achieved by transferring the pre-learned codebooks with non-
linear transformation and use them to reconstruct local features
with sparsity constraints. The codebook does not need to be
explicitly generated but can be implicitly transferred. In this
way, we are able to make use of pre-learned codebooks for new
visual applications by implicitly learning the codebook and the
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corresponding encoding parameters for image representation.
We apply the proposed method for image classification and
evaluate the performance on several public image data sets.
Experimental results demonstrate the effectiveness and efficiency
of the proposed method.

Index Terms— Codebook transfer, image representation,
classification, reconstruction, sparse constraint.

I. INTRODUCTION

THE BAG-OF-VISUAL-WORDS (BoW) model [1] is
widely used for visual representation. Usually, local fea-

tures are first extracted either by dense sampling or detection.
A codebook is then learned (using k-means clustering [1] or
sparse coding [2]) to encoded local features. The encoded
parameters are used for image representation which is then
applied for various visual applications, such as image classi-
fication [1], [2], image retrieval [3] and object detection [4].
The codebook and the corresponding feature encoding strategy
are very important for image representation. Many works have
been done to generate more discriminative codebooks, such as
sparse coding [2], kernel codebook [5], locality-constrained
sparse coding [6], laplacian sparse coding [7] etc. Although
these methods have been proven very effective, they still have
three drawbacks. First, the codebook generation process is
dataset dependent which means we have to generate codebook
for each dataset. Directly using the codebook generated by one
particular dataset can not be able to perform as good as using
the corresponding codebook. Second, when we only have a
limited number of images, the generated codebook is probably
biased and can not be able to represent the whole dataset’s
images well. Third, since the pre-learned codebook is fixed,
it may not be able to cope with online visual applications.
If we can transfer the pre-learned codebooks, we may be able
to solve these problems to some extent.

To overcome the dataset dependency problem, researchers
try to generate universal codebooks and then adapt them for
particular visual applications [8]–[10]. This is often achieved
by collecting a large number of images and use the extracted
local features for universal codebook generation. As long as
the collected images are ‘enough’, the generated universal
codebook is able to cope with the dataset dependency problem.
However, this strategy is time consuming both for image
collection and for the codebook generation. Besides, how
to judge the collected images are adequate is left unsolved.
Moreover, the generated universal codebook is still dataset
dependent after images are collected.
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To make full use of images for codebook generation, the
use of semi-supervised methods [11], [12] and transfer learn-
ing methods [13]–[17] are also proposed. By incorporating
other information, we can represent the images better with
more discriminative codebooks. Besides, the joint learning of
‘universal’ and ‘specific’ codebooks helps to represent images
more properly. However, they are still unable to solve the
dataset dependent problem and can only be updated by
re-training. Although the use of linear transformation of code-
books [17] helps to alleviate this problem, it suffers three
problems. First, only linear transformation may not be able
to cope with the variations of visual features and non-linear
transformation is needed. Second, the dimensions of encoded
parameters increase with the number of transferred codebooks
which costs a lot of computation power and storage, especially
when a large number of codebooks are transferred. Third,
linear transformation means we can only transfer codebooks
generated by the same local features (e.g. SIFT [18]). How-
ever, different local features may be extracted from different
image datasets (e.g. PCA-SIFT [19], HoG [20]) which can not
be solved by [17] directly.

To solve the problems mentioned above, in this paper, we
propose a novel implicit codebook transfer method for image
representation which can be used for various visual applica-
tions. For one particular image dataset, instead of generating
the corresponding codebook directly, we try to non-linearly
transfer the pre-learned codebooks of other datasets. The opti-
mal transfer parameters are learned by minimizing the summed
reconstruction error of local features. Sparsity constraints is
used for selection and to avoid over-fitting. The non-linear
transformation goes one step beyond linear transformation and
improves the discriminative power of image representation.
To evaluate the performance of the proposed method, we
conduct image classification experiments on several public
image datasets. The results demonstrate the effectiveness of
the proposed method.

The main contributions of this paper lie in four aspects.
First, we make use of the pre-learned codebooks for new
visual applications instead of generating the corresponding
codebook. Second, by using non-linear transfer, we are able
to cope with the variations of images and represent images
better than linear transfer. Third, we can transfer codebooks
generated with different types of local features while linear
transfer can only deal with codebooks generated by the same
type of local features. Fourth, we are able to improve the image
representation efficiency over linear transfer which eventually
helps the final visual applications.

The rest of this paper is organized as follows. Related
work is given in Section 2. The details of the proposed
implicit codebook transfer method are given in Section 3.
To evaluate the effectiveness of the proposed method,
we conduct experiments on several public image datasets
for image classification in Section 4 and conclude in
Section 5.

II. RELATED WORK

The BoW model was widely used for various visual appli-
cations. Images are first extracted with local features either by

dense sampling or detection. A codebook was then learned
using these local features by k-means clustering and local
features were assigned by nearest neighbor search [1]. This
resulted in quantization loss which was alleviated by soft-
assignment methods such as sparse coding [2] and kernel
codebook [5]. Since the codebook generation and the
local feature encoding are correlated, researchers have pro-
posed various codebook generation and encoding methods
[6], [7], [21]–[23]. Locality-constrained sparse coding [6] was
proposed by Wang et. al to consider the locality information
during the sparse coding process. This helped to reduce
the information loss and speeded up the encoding of local
features. Gao et al. [7] proposed laplacian sparse coding
to ensure similar local features are encoded with similar
parameters. To consider the spatial information during code-
book generation, Zhang et al. [21] proposed to use spatial
pyramid coding instead. Fisher vector was proposed to further
reduce the information loss of encoded local features by
Sánchez et al. [22] which improved the image classification
performance. Kobayashi [23] used Dirichlet-based histogram
feature transform with Dirichlet Fisher kernels for classifica-
tion. Although very effective, the codebooks generated by the
above methods were all dataset dependent.

To alleviate this problem, researchers tried to generate
universal codebooks instead [8]–[10]. Perronnin et al. [8] tried
to first construct an universal codebook and then adapt it
for different classification tasks using the Gaussian Mixture
Model (GMM). Zhang et al. [9] collected a large number of
images from various sources and used them to generate the
universal codebook with contextual information. This costed
a lot of storage and computation time. Winn et al. [10] also
generated universal visual codebooks for object categoriza-
tion with good performance. However, the collection and
computational costs of these methods are high which limits
their applications. Since training images are often limited,
the use of other images by semi-supervised methods becomes
popular [11], [12]. Mũnoz-Marí et al. [11] proposed the semi-
supervised one-class support vector machines and applied it
for remote sensing data classification. Guillaumin et al. [12]
made use of multi-modal information of images and combined
it with semi-supervised learning for image classification with
encouraging performance. However, these methods are still
dataset dependent after the dataset is collected.

The uses of transfer based methods were also proposed by
researchers [13]–[17]. Ramirez et al. [13] tried to generate
a codebook with structured incoherence and shared features
while Yang et al. [14] proposed to reuse structured knowledge
for transfer learning. As to fine-grained image classification,
Gao et al. [16] proposed to jointly learn the category-specific
codebook and shared codebooks through optimization and
achieved good performance. Zhang et al. [17] tried to undo
the codebook bias by linearly transform pre-learned codebooks
with sparsity and F-norm constraints. However, the linear
transform may not be able to model codebooks well and non-
linear transformation is necessary to improve the performance.

Using non-linear transformation has also been widely used
by researchers, e.g. the neural network [24], random forest [25]
and markov random field [26]. The kernel method [27], [28]
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Fig. 1. Flowchart of the proposed implicit codebook transfer method for
image representation.

was also used for non-linear analysis without explicitly com-
puting the coordinates in the mapped space. It computed the
inner products between the features to be mapped instead.
Duan et al. [28] proposed to use multiple kernel learning
for domain transferring and achieved superior performance
over many methods. This is achieved by minimizing both
the structural risk functional and the distribution mismatch
between the labeled and unlabeled samples. This strategy was
very useful for visual applications. For example, the support
vector machine (SVM) [29] was often used as classifier for
image class prediction.

To avoid generating the codebook, researchers also explored
using local features for image classification directly [30]–[32].
Yang et al. [30] tried to unify codebook generation with
classifier training for object categorization. Instead of training
classifiers, Boiman et al. [31] made use of the nearest-
neighbor information of local features by calculating the
‘Image-to-Class’ distances. Muja and Lowe [32] extended
this for fast computation using scalable nearest neigh-
bor information. Besides, the learning of features from
images [33]–[35] directly has also been proposed with good
performance. LeCun et al. [33] used convolutional networks
while Zeiler et al. [34] proposed deconvolutional networks
for visual applications. Shao et. al proposed a multi-objective
genetic programming method for feature learning and applied
it for image classification with encouraging performance.
However, the computational cost of these methods are rela-
tively high compared with the codebook based methods. The
use of subspace techniques [36]–[39] were also widely used
for different domain modeling with good performances.

III. TRANSFER IMPLICIT CODEBOOKS

FOR IMAGE REPRESENTATION

In this section, we give the details of the proposed implicit
codebook transfer method for image representation. We then
apply it for image classification. Figure 1 shows the flowchart
of the proposed method. We also give the symbols and their
descriptions used in this paper in Table 1.

A. Linear Codebook Transfer

Recently, the use of sparse coding for codebook generation
becomes popular. Formally, let xn, n = 1, . . . , N be the local
features where N is the number of local features. The sparse

TABLE I

THE SYMBOLS USED IN THIS PAPER AND THEIR

CORRESPONDING DESCRIPTIONS

coding technique tries to find the optimal codebook B and the
encoding parameters αn by:

minB,αn

N∑

n=1

‖ xn − Bαn ‖2 +λ ‖ αn ‖1 (1)

This is often optimized by alternatively solving for the
optimal B/αn while fixing αn/B [40].

However, the codebook generated in this way is dataset
dependent. To take advantage of the pre-learned codebooks of
other image datasets, a linear codebook transfer method was
used by [17]. It is based on the assumption that each point can
be represented by the basis vectors in the local feature space.
In other words, each codebook can be represented using these
basis vectors. Hence the linear transformation of codebooks
is possible. Let D = [d1, d2, . . . , dP] be the set of P basis
vectors, B1, . . . , BM represent the M pre-learned codebooks
which can be linearly represented by D as:

Bm = DAm
T , m = 1, . . . , M (2)

Where Am is the linear transformation matrix. Hence, the basis
vector matrix can be computed as:

D = Bm(Am
T )+, m = 1, . . . , M (3)

Where (Am
T )+ represents the psedoinverse of matrix Am

T .
This can also be rewritten in a linear combination form as:

D =
M∑

m=1

γmBm(Am
T )+,

M∑

m=1

γm = 1 (4)

Where γm is the linear combination parameters.
Suppose we want to learn a codebook BM+1 for the new

image dataset. It can also be linearly represented by D as:

BM+1 = DAM+1
T

=
M∑

m=1

γmBm(Am
T )+AM+1

T ,

M∑

m=1

γm = 1 (5)
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Let ˆAm
T = (Am

T )+AM+1
T , the above equation can be

rewritten as:

BM+1 = DAM+1
T =

M∑

m=1

γmBm
ˆAm

T ,

M∑

m=1

γm = 1 (6)

In this way, we are able to transfer the pre-learned code-
books for new image dataset. To encode local features with
the new codebook BM+1, we can follow the sparse coding
scheme and try to optimize:

minBM+1,αn

N∑

n=1

‖ xn − Bαn ‖2 +λ ‖ αn ‖1 (7)

Which equals to:

minγm,Âm,αn

N∑

n=1

‖ xn −
M∑

m=1

γmBm
ˆAm

T αn ‖2

+ λ ‖ αn ‖1, m = 1, . . . , M (8)

This problem can be alternatively solved by optimizing
over γm, Âm, αn while keeping the others fixed. When search-
ing for the optimal γm while keeping Âm and αn fixed,
Problem 8 can be rewritten as:

minγm

N∑

n=1

‖ xn −
M∑

m=1

γmBm
ˆAm

T αn ‖2, m = 1, . . . , M (9)

When optimizing over Âm while keeping γm and αn fixed,
Problem 8 can be rewritten as:

minÂm

N∑

n=1

‖ xn −
M∑

m=1

γmBm
ˆAm

T αn ‖2, m = 1, . . . ,M (10)

When optimizing over αn while keeping γm and Âm fixed,
Problem 8 can be rewritten as:

minαn

N∑

n=1

‖ xn −
M∑

m=1

γmBm
ˆAm

T αn ‖2

+ λ ‖ αn ‖1, m = 1, . . . , M (11)

Although this linear codebook transfer method is able to
transfer the pre-learned codebooks for new visual applications,
it still suffers two problems. First, only using linear transfor-
mation may be not able to cope with the intra-class and inter-
class variations of images. Non-linear transformation can solve
this problem to some extent. Second, the codebooks have to
be generated with the same type of local features for linear
codebook transfer. This restricts the scalability of the linear
codebook transfer method.

B. Implict Codebook Transfer

To avoid the drawbacks of linear codebook transfer method,
we use non-linear codebook transfer instead to implicitly learn
the codebook. Let Bm = {bm

1, . . . , bm
Qm }, m = 1, . . . ,

M + 1, similarly, each bM+1
i can be represented as a combi-

nation of non-linear transform of each pre-learned codebook
Bm as:

bM+1
i =

Qm∑

j=1

γ
i, j
m ϕm(bm

j ), m = 1, . . . , M (12)

Where Qm represents the number of visual words of the
m-th codebook. In this way, we can optimize for the codebook
BM+1 by solving the problem as:

minBM+1,αn

N∑

n=1

‖ xn − BM+1αn ‖2 +λ ‖ αn ‖1

=
N∑

n=1

xn
T xn − xn

T BM+1αn − αn
T BM+1

T xn

+ αn
T BM+1

T BM+1αn + λ ‖ αn ‖1 (13)

Which equals to

minBM+1,αn

N∑

n=1

−xn
T BM+1αn − αn

T BM+1
T xn

+ αn
T BM+1

T BM+1αn + λ ‖ αn ‖1 (14)

With BM+1 = {∑Qm
j=1 γ

1, j
m ϕm(bj

m), . . . ,
∑Qm

j=1 γ
Q M+1, j

m

ϕm(bj
m)}.

Besides, the xn can also be represented as a combination
of these non-linear transferred visual words ϕm(bm

i ) of each
pre-learned codebook as:

xn =
Qm̂∑

i=1

βn,i
m̂ ϕm̂(bi

m̂), m̂ = 1, . . . , M (15)

With the optimal parameters βn,i
m̂ learned through reconstruc-

tion. Each dimension of the non-linear transferred ϕ(b) is
defined as:

ϕ(b)g = �(b, bg), g = 1, . . . , G (16)

Where xn ∈ R
G×1, bg is the anchor point which is randomly

chosen from the visual words of each codebook. We can
use the kernel trick in machine learning as the non-linear
transferred function �(b, bg), such as the radial basis function
kernel (RBF) and the histogram intersection kernel (HIK).
In this way, we can avoid the manual design of non-linear
transfer function and make use of the popular methods whose
effectiveness have been proven by researchers. In this way, we
can rewrite each part of Problem 14 as:

xT
n BM+1αn =

Qm̂∑

i=1

βn,i
m̂ ϕT

m̂(bi
m̂) × {

Qm∑

j=1

γ
1, j
m ϕm(bm

j ), . . . ,

Qm∑

j=1

γ
Q M+1, j

m ϕm(bm
j )} × αn

= {
Q1∑

i=1

Q1∑

j=1

βn,i
1 γ

1, j
1 ϕT

1 (b1
i )ϕ1(b1

j ), . . . ,

Q M∑

i=1

Q M∑

j=1

βn,i
M γ

Q M+1, j
M ϕT

M (bM
i )ϕM (bM

j )} × αn

(17)
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with

αn
T BM+1

T xn = αT
n × {

Qm∑

j=1

γ
1, j
m ϕT

m(bm
j ); . . . ;

Qm∑

j=1

γ
Q M+1, j

m ϕT
m(bm

j )} ×
Qm̂∑

i=1

βn,i
m̂ ϕm̂(bi

m̂)

= {
Q1∑

i=1

Q1∑

j=1

βn,i
1 γ

1, j
1 ϕT

1 (b1
i )ϕ1(b1

j ); . . . ;

Q M∑

i=1

Q M∑

j=1

βn,i
M γ

Q M+1, j
M ϕT

M (bM
i )ϕM (bM

j )}×αn

(18)

and

αn
T BM+1

T BM+1αn

= αn
T × {

Qm∑

j=1

γ
1, j
m ϕT

m(bm
j ); . . . ;

Qm∑

j=1

γ
Q M+1, j

m ϕT
m(bm

j )} × {
Qm∑

j=1

γ
1, j
m ϕm(bm

j ), . . . ,

Qm∑

j=1

γ
Q M+1, j

m ϕm(bm
j )} × αn (19)

Let γ = (γ 1,1
1 ; . . . ; γ

Q M+1,Q M
M ), βn = (βn,1

1 ; . . . ; β
n,Q M
M ),

β̂n = (βn,1
1 γ 1,1

1 ; . . . ; β
n,Q M
M γ

Q M+1,Q M
M ).

Let

K =

⎛
⎜⎜⎜⎜⎜⎜⎝

ϕT
1 (b1

1)ϕ1(b1
1) . ϕT

1 (b1
Q1)ϕM (bM

Q M )

ϕT
1 (b1

1)ϕ1(b1
2) . .

. . .

. . .

. . .

ϕT
1 (b1

Q1)ϕM (bM
Q M ) . ϕT

M (bM
Q M )ϕM (bM

Q M )

⎞
⎟⎟⎟⎟⎟⎟⎠

(20)

Problem 14 then equals to:

minγ,αn

N∑

n=1

αn
T γ Kγ T αn − 2 × αn

T Kβ̂n + λ ‖ αn ‖1 (21)

In this way, we are able to transform the searching for the
codebook to the problem of finding the optimal transformation
coefficients by making use of the pre-learned codebooks.
In other words, we do not need to explicitly find the optimal
codebook. Instead, we can use the learned encoding parame-
ters αn for image representation directly. If we set all the ϕ(∗)
to be linear functions, the proposed method will degenerate to
the linear codebook transfer method [17]. Hence, it can be
viewed as a special case of the proposed method in this paper.

It is hard to optimize over γ and αn jointly. Hence, we
follow the alternative optimization strategy as [2], [17], [40]
and try to find the optimal γ /αn while keeping αn/γ fixed.

Algorithm 1 The Proposed Feature-Sign-Search Algorithm for
Solving Problem 23

When αn is fixed, Problem 21 equals to:

minγ

N∑

n=1

αn
T γ Kγ T αn − 2 × αn

T Kβ̂n (22)

Which can be optimized by gradient descent. When γ is fixed,
Problem 21 equals to:

minαn

N∑

n=1

αn
T γ Kγ T αn − 2 × αn

T Kβ̂n + λ ‖ αn ‖1 (23)

This can be optimized using the feature-sign-search strategy.
Algorithm 1 gives the details of the feature-sign-search algo-
rithm for solving Problem 23.

We alternatively search for the optimal γ and αn until
the summed reconstruction error is below a threshold or
a pre-defined number of iterations has been reached. The
encoded parameters can then be used with max pooling for
image representation which can be eventually applied for the
classification task. The local features are encoded one by one.
Algorithm 2 shows the flowchart of the proposed implicit
codebook transfer method for local feature encoding.
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Algorithm 2 The Proposed Implicit Codebook Transfer
Method for Local Feature Encoding

C. Max Pooling Based Image Representation for Classification

After the encoding parameters of local features are learned,
we can use them for image representation. We use the max
pooling approach as it has been proven very effective when
combined with sparsity constrained encoding. The max pool-
ing strategy chooses the max absolute value of each dimension
of encoding parameters as the image representation. Formally,
let αl, l = 1, . . . , L represent the parameters learned by
implicit codebook transfer, where L is the number of local
features within one image region. The max pooled image
representation h is then calculated as:

hi = max(| αl,i |, . . . , | αL ,i |) (24)

Where i represents the i -th dimension of parameters. Usually,
to combine the spatial information, spatial pyramid matching
technique (SPM) [41] is used. We choose to use SPM with
three pyramids (1×1, 2×2, 4×4) in this paper. This is achieved
by concatenating the image representations of each region into
a long vector.

To evaluate the effectiveness of the proposed method, we
apply it for image classification using one-vs-all linear SVM
classifiers. Suppose we have P training images of C classes
{(hp, y p)}P

p=1, y p ∈ {1, . . . , C}. We want to learn C linear
functions so that

y = max(wc
T h) (25)

By solving the following optimization problem as:

minwc ‖ wc ‖2 + ε

P∑

p=1

	(wc
T hp, y p) (26)

Using the quadratic hinge loss:

	(wc
T hp, y p) = (max(0, wc

T hpy p − 1))2 (27)

After the classifiers are trained we can use them to predict
image categories using Eq. 24.

IV. EXPERIMENTS

To evaluate the effectiveness of the proposed implicit code-
book transfer for image representation method (ICT), we
conduct classification of images on several public datasets,
the Scene-15 dataset [41], the Caltech-101 dataset [42], the
Caltech-256 dataset [43], the Flower-17 dataset [44],
the Flower 102 dataset [45] and the MIT Indoor dataset [46].
The Scene-15 dataset has fifteen classes of 4,485 images. Each
class has 200 to 400 images with the average image size of
300×250 pixels. The Caltech-101 dataset has 9,144 images
of 101 classes. The number of images per class varies from
31 to 800. The Caltech-256 dataset has more classes of
images than the Caltech-101 dataset. It has 29,780 images
of 256 classes with varied poses. The flower-17 dataset has
17 classes of images while its extended version has 102 flower
categories with 40 to 258 images per class. The MIT Indoor
dataset has 15,620 images of 67 indoor scenes with the
minimum image of 200 pixels. Figure 2 shows some example
images of these datasets. We densely choose local regions
with overlap. The local region size is set to be 16×16 pixels
with an overlap of 6 pixels. The SIFT feature and PCA-SIFT
feature are extracted from these regions respectively. We use
sparse coding to learn the initial codebooks. The codebook
sizes for the six datasets are all set to 1,000. Spatial pyramids
with three scales (1×1, 2×2, 4×4) are used to combine
the spatial information of local features. The max iteration
number maxi ter is set to 50. We use the mean of per-class
classification rate for performance evaluation.

A. Transfer Codebooks of Similar Datasets

We first transfer codebooks between similar datasets. We try
to transfer the codebook generated on the Caltech-101/
Caltech-256 dataset for classification on the Caltech-256/
Caltech-101 dataset respectively. For the Caltech-101 dataset,
we randomly select 1, 5, 15, 30 images per class for training
and use the rest of images for testing. For the Caltech-256
dataset, we randomly select 1, 5, 15, 30, 45 images per class
for training and use the rest of images for testing.

For fair comparison, we choose to compare with the per-
formances reported by other methods. Table 2 gives the
performance comparisons on the Caltech-101 dataset using
SIFT features. This is achieved by transferring the codebook
generated by the Caltech-256 dataset. We also give the per-
formance of directly using the codebook generated by the
Caltech-256 dataset (abbreviated as ScSPM (Caltech-256)).
We can have four conclusions from Table 2. First, the pro-
posed ICT method can help to transfer useful information
for improving classification performance, especially when we
only have a limited number of training images. The proposed
ICT outperforms SVM-KNN by about 11 percent when only
one training image per class is used. The codebook generated
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Fig. 2. Example images of the Scene-15 dataset, the Caltech-101 dataset, the Caltech-256 dataset, the Flower-17 dataset, the Flower 102 dataset and the
MIT Indoor dataset.

using only one training image is probably biased and cannot
be able to represent images well. However, by transferring
the pre-learned codebook learned from similar datasets, we
are able to alleviate this problem to some extent. Second, the
usage of non-linear transfer can map the pre-learned code-
book more effectively than linear codebook transfer, hence,
is able to outperform linear transfer method. Third, by using
soft-assignment based strategy, we are able to improve the
representation efficiency over hard-assignment methods. The
proposed ICT is able to outperform SPM [42] which uses
k-means clustering and nearest neighbor assignment by about
9 percent when 30 images per class are used. Fourth, directly
using the codebooks generated by other datasets is not able to
represent new images well. Hence, transferring the pre-learned
codebooks is necessary.

Besides, the proposed ICT can also cope with codebooks
generated with different types of local features. We also
give the re-implemented sparse coding based method and the
implicit codebook transfer method on the Caltech-101 dataset
using PCA-SIFT in Table 2. This is achieved by transferring
the codebook generated with PCA-SIFT on the Caltech-256
dataset to encode the SIFT features of Caltech-101 dataset.

We can see from Table 2 that because PCA-SIFT and SIFT
features have different dimensions and reflect different prop-
erties of local regions, the transferring of PCA-SIFT for SIFT
feature encoding does not perform as good as only using SIFT
features. However, this can be alleviated with the increment
of training images as more and more information can be used.
This also means when applied for online codebook generation,
the proposed method can gradually adapt to new applications
with the arrival of images.

The convolutional network can also be used to trans-
fer information between image datasets for recognition.
As Yosinski et al. [48] found, the performance is relatively
unchanged if we fix the first two layers when transferring
between datasets for classification. We follow this setup and
try to transfer the Caltech-256 dataset for the recognition of
the Caltech-101 dataset. The performance is 81.3% which
is better than the proposed method. We believe this is for
two reasons. First, by operating on the image pixels directly,
the convolutional network can learn more complex and useful
features than SIFT features which is extracted with gray
images. Second, the transferred information is relatively more
compared with codebook based method as back-propagation
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TABLE II

IMAGE CLASSIFICATION ACCURACY COMPARISON ON THE CALTECH-101 DATASET, WE TRANSFER THE CODEBOOK GENERATED

ON THE CALTECH-256 DATASET FOR CLASSIFICATION ON THE CALTECH-101 DATASET. (SPM: SPATIAL PYRAMID MATCHING;

KC: KERNEL CODEBOOK; ScSPM: SPARSE CODING ALONG WITH SPATIAL PYRAMID MATCHING; NBNN: NAIVE-BAYES

NEAREST-NEIGHBOR; SVM-KNN: SUPPORT VECTOR MACHINE WITH K NEAREST NEIGHBOR;

LCT: LINEAR CODEBOOK TRANSFER; ICT: THE PROPOSED METHOD)

TABLE III

IMAGE CLASSIFICATION ACCURACY COMPARISON ON THE CALTECH-256 DATASET, WE TRANSFER THE CODEBOOK

GENERATED ON THE CALTECH-101 DATASET FOR CLASSIFICATION ON THE CALTECH-256 DATASET

can help spread information through layers. To fully explore
the discriminative power of the proposed method, we also
extract color SIFT features [49] and combine them by multiple
kernel learning [50]. In this way, we can boost the performance
to 78.5%.

To systematically evaluate the proposed ICT method, we
give the performance comparison on the Caltech-256 dataset
by transferring the codebook generated by the Caltech-101
dataset in Table 3 using SIFT features. We also give the
performance of directly using the codebook generated by the
Caltech-101 dataset (abbreviated as ScSPM (Caltech-101)).
We can have similar conclusions as from Table 2. The pro-
posed method is able to transfer codebooks generated by other
datasets for new image representation which eventually helps
the classification task. However, there are still differences
between Table 3 and Table 2. The codebook generated with
the Caltech-101 dataset cannot be able to represent images of
the Caltech-256 dataset well. This can be seen from Table 3
that the relative improvements of ICT over LCT and other
methods are not as significant as in Table 2. We need more
training images to adjust the pre-learned codebooks for new
images representation which are harder to classify than the
original images. However, ICT can gradually adapt to the new

Fig. 3. Example images misclassified using the codebook generated on the
Caltech-101 dataset but correctly predicted using the proposed method on the
Caltech-256 dataset.

application with the increase of training images as more and
more information is used. Besides, directly using codebook
generated by the Caltech-101 dataset for Caltech-256 dataset
classification does not perform as good as using codebook
generate by the Caltech-256 dataset for Caltech-101 dataset
classification. This is because Caltech-256 dataset has more
classes of images and is more difficult to represent and classify
compared with the Caltech-101 dataset. To intuitively illustrate
this, we give some example images misclassified using the
codebook generated with the Caltech-101 dataset but correctly
predicted using the proposed codebook transfer method on the
Caltech-256 dataset in Figure 3. We can see from Figure 3
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TABLE IV

PERFORMANCE COMPARISON ON THE FLOWER-17 DATASET, WE

TRANSFER THE CODEBOOK GENERATED ON THE FLOWER-102

DATASET FOR CLASSIFICATION ON THE FLOWER-17 DATASET

that most of these images are from the classes which only
exist in the Caltech-256 dataset. This proves the usefulness of
codebook transfer for image representation and recognition.

The proposed method can also be combined with other
codebook generation and local feature encoding techniques
(e.g. LLC [6] and Laplacian Sparse coding [7]) to further
improve the performance. We give the performances by com-
bination of the transferred codebook with these techniques on
the Caltech-256 dataset in Table 3 (ICT-LLC and ICT-LSc).
By adapting the locality and smooth constraints, we can
further improve the performance with the implicitly transferred
codebook. Besides, with the increase of training images, the
relative improvement decreases. This is because with more
training images, we can learn more reliable classifiers. The
proposed method is generic and can be combined with other
codebook based methods for better image representation and
help to improve the classification performance. The proposed
codebook based method is not able to perform as well as Fisher
Vector (FV) [22] based method which uses the first and second
order information during local feature encoding process. If we
only have pre-learned codebooks, we are not able to recover
enough information as FV hence performs not as good as [22].
As a rough comparison, we use the pre-learned codebook
as the initial mean values in the FV method and use the
new training images to learn the corresponding Fisher Vector
based image representation (ICT-FV). In this way, we can
achieve comparable classification rate as [22]. The proposed
method performs not as well as KSRSPM-HIK [51] which
achieves 33.6/40.6/44.4 percent 15/30/45 training images
respectively. KSRSPM-HIK [51] mapped local features by
combining sparse representation with kernels which proves
the effectiveness of using non-linear transformation over linear
mapping. Although both KSRSPM and ICT use kernels for
representation, they are targeted at different tasks. KSRSPM
uses the kernels to map local features to high dimensional
space where local features are encoded. KSRSPM has same
source domain and target domain. ICT tries to adapt the
learned codebooks of source domain for classification in
the target domain. To fully explore the discriminative power
of the proposed ICT method, we also extract color SIFT
features (HueSIFT, HSV-SIFT, OpponentSIFT, RGB-SIFT and
C-SIFT) as [49] did and transfer the codebooks for clas-
sification (ICT-combined) on the Caltech-256 dataset. This
improves the classification performances to 36.9/43.1/46.3
percent for 15/30/45 training images respectively.

TABLE V

PERFORMANCE COMPARISON ON THE FLOWER-102 DATASET, WE

TRANSFER THE CODEBOOK GENERATED ON THE FLOWER-17

DATASET FOR CLASSIFICATION ON THE FLOWER-102 DATASET

Fig. 4. Example images misclassified using the codebook generated on the
Flower-17 dataset but correctly predicted using the proposed method on the
Flower-102 dataset.

TABLE VI

PERFORMANCE COMPARISON ON THE SCENE-15 DATASET, WE

TRANSFER THE CODEBOOKS GENERATED ON THE CALTECH-256

DATASET AND THE MIT INDOOR DATASET FOR CLASSIFICATION

ON THE SCENE-15 DATASET

B. Transfer Codebooks of Fine-Grained Datasets

To test the effectiveness of ICT for fine-grained images, we
also transfer the codebooks between the Flower-17 dataset and
the Flower-102 dataset. The images of the two datasets are of
large inter-class variation which makes them hard to classify.
Since color information plays an important role for flower
image representation, we first transform the images to different
color spaces as [49] did and then extract the corresponding
local features. For the Flower-17 dataset, we follow the image
splits provided by [44] and use 40, 20, 20 images for training,
validation and testing respectively. For the Flower-102 dataset,
we use 10, 10 images for training and validation with the rest
of images used for testing, as [45] did.

We give the classification comparison on the Flower-17
dataset in Table 4 with other methods [44], [52]–[54].
Varma and Ray [52] tried to learn the discriminative features
while Xie et al. [53] used the χ2 kernel for similarity
measurement. Yuan and Yan [54] used sparse reconstruc-
tion method with multi-type of features. We also give the
performance of directly using the codebook generated by
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Fig. 5. The objective value changes of the above five experiments with the increase of iterations. (a) Caltech-101. (b) Caltech-256. (c) Flower-17.
(d) Flower-102. (e) Scene-15.

the Flower-102 dataset (abbreviated as ScSPM (Flower-102)).
From Table 4 we can see that directly using the codebok
generated with the Flower-102 dataset cannot represent images
of the Flower-17 very well while transferring the codebook by
minimizing reconstruction error with sparsity constraints on
the Flower-17 dataset helps to alleviate this problem. Besides,
ICT outperforms [44] which proves the effectiveness of softly
encode local features instead of hard assignment. Moreover,
the proposed method also outperforms [52]–[54] to some
extent. This again shows the feasibility of transferring pre-
learned codebooks for fine-grained visual applications.

Similar as on the Caltech datasets, we also give the classi-
fication performance comparison on the Flower-102 dataset in
Table 5. We can see that directly using the codebook of the
Flower-17 dataset performs worse than using the Flower-102
dataset’s codebook [44]. The performance is improved by
more than 8 percent through implicit codebook transfer.
We can see from Table 4 and Table 5 that the proposed implicit
codebook transfer method can also cope with fine-grained
image representation. We also give some example images
misclassified using the codebook generated on the Flower-17
dataset but correctly predicted using the proposed codebook
transfer method on the Flower-102 dataset in Figure 4. Since
Flower-102 dataset has more images of different classes than
the Flower-17 dataset, directly using the codebook generated
with the Flower-17 dataset is not able to represent images well.
However, by transferring the codebook with new images, we
are able to improve the recognition performance.

C. Transfer Codebooks of Dissimilar Datasets

To fully evaluate the effectiveness of the proposed method,
we apply it for transferring the codebooks among dissimilar
datasets. Specifically, we transfer the codebooks generated by
the Caltech-256 dataset and the MIT Indoor dataset for image
classification on the Scene-15 dataset. We follow the same
experimental setup as [41] did and randomly select 100 images
per class for training and use the rest of images for testing.
This process is repeated ten times to get reliable results.

Table 6 gives the performance comparisons. We also give
the classification accuracies of using the codebooks of the
Caltech-256 dataset and the MIT Indoor dataset respectively.
We can have three conclusions from Table 6. First, directly
using codebooks of other datasets is not enough for accurate
classification. Second, both linear and non-linear transfer of
codebooks can help to alleviate the codebook and image
dataset discrepancy to some extent. Third, the use of non-linear

transfer can make use of the pre-learned codebooks more
efficiently than linear transfer.

The combination of ICT with other local feature encod-
ing methods can not outperform the corresponding methods
(e.g. LLC) for three reasons. First, the aim of the proposed
ICT method is to transfer pre-learned codebooks for new
datasets without explicitly generating the codebook. For a
particular image dataset, the codebook generated with the
codebook’s images is more representative than codebooks
generated by other datasets. By using the ICT method, we
can obtain superior performance than directly using codebooks
of other datasets. This can be proven by the experimental
results. Besides, although we use sparse coding in the paper,
the proposed method can also be combined with other more
efficient coding methods such as LLC. In this way, we can
improve the performance accordingly. Another reason is the
differences among the source datasets and the target datasets.
The visual similarities among different datasets also influence
the effectiveness of the transferring. As shown in the experi-
mental section, the performance is relatively better when we
transfer among similar datasets than among dissimilar datasets.
It requires relatively more training samples to transfer among
dissimilar datasets for reliable classification. Third, it is often
very hard to re-implement other researcher’s work with the
same performances because of the re-implementation differ-
ences, such as the local feature extracting and normalization.

We can see from Table 2-6 that the proposed codebook
transfer method is able to transfer useful information from
pre-learned codebooks for image representation. Besides, to
make better use of the codebook transfer technique, we should
transfer the codebooks among similar datasets instead of
dissimilar datasets. Transferring information among similar
datasets means we can share the representation power more
efficiently and help to separate images. Although the transfer
of codebooks among dissimilar datasets is also plausible,
it requires relatively more computational time and training
images. Moreover, when we only have limited images, we
should explore various types of information to improve the
classification accuracy.

D. Convergence Analysis

Problem 21 is not convex with γ and α. It is convex when
optimizing over γ /α while keeping α/γ fixed. Since we alter-
natively optimize over γ and α, the summed reconstruction
error and sparsity constraints decreases for each iteration.
Besides, the objective values of Problem 21 are always
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non-negative. Hence, Algorithm 2 converges. To intuitively
show the convergence of the proposed method, we plot the
summed exponential losses of the above five experiments in
Figure 5. We can see from Figure 5 that the objective values
gradually stop to decrease with the increase of iterations.
Besides, The transfer of dissimilar datasets’ codebooks takes
relatively more iterations than similar datasets.

V. CONCLUSION

In this paper, we propose a novel implicit codebook transfer
method for image representation and apply it for image
classification task with good performance. By transferring the
codebook with non-linear transformation, we are able to make
better use of the pre-learned codebooks than linear transfer.
Besides, it can also be applied to transfer codebooks generated
with different types of local features. Moreover, the proposed
implicit codebook transfer method can also be used in an
online setting instead of re-training the codebooks with new
images. Finally, we validate the proposed method on several
public datasets for image classification task, experimental
results prove the effectiveness and efficiency of the proposed
method.
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