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Incremental Codebook Adaptation for Visual
Representation and Categorization

Chunjie Zhang, Jian Cheng, and Qi Tian, Senior Member, IEEE

Abstract—The bag-of-visual-words model is widely used for
visual content analysis. For visual data, the codebook plays an
important role for efficient representation. However, the code-
book has to be relearned with the changes of training images.
Once the codebook is changed, the encoding parameters of local
features have to be recomputed. To alleviate this problem, in this
paper, we propose an incremental codebook adaptation method
for efficient visual representation. Instead of learning a new
codebook, we gradually adapt a prelearned codebook using new
images in an incremental way. To make use of the prelearned
codebook, we try to make changes to the prelearned codebook
with sparsity constraint and low-rank correlation. Besides, we
also encode visually similar local features within a neighborhood
to take advantage of locality information and ensure the encoded
parameters are consistent. To evaluate the effectiveness of the
proposed method, we apply the proposed method for categoriza-
tion tasks on several public image datasets. Experimental results
prove the effectiveness and usefulness of the proposed method
over other codebook-based methods.

Index Terms—Codebook learning, low-rank, sparse coding,
visual representation.

I. INTRODUCTION

W ITH the explosive increment of visual data, it is
urgent to develop efficient visual processing algo-

rithms [1]–[3]. Among various visual representation tech-
niques, the codebook-based strategy is widely used both for
its efficiency and good performances. Usually, codebooks are
generated by minimizing the reconstruction error of local fea-
tures with some constraint (e.g., sparsity constraint [4] or
locality constraint [5]). After the codebook is learned, local
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features can then be encoded or quantized for image/video
representation. This strategy is very efficient as it combines
the discriminative power of local features with histogram rep-
resentation which is robust to visual changes and can also be
computed very fast.

However, the codebook has to be prelearned. This means we
need to collect enough training images for reliable codebook
generation. Besides, the codebook has to be regenerated if the
training samples are changed. Once the codebook is changed,
the encoded local features should be recomputed. This costs
a lot of computational time and memory for storage. Hence,
how to adapt the learned codebooks with new training samples
becomes an urgent problem that needs to be solved.

Transferring prelearned codebooks for new multimedia
applications have been widely studied [6]–[8]. This approach
often assumes a correlated relationship exists between the
source and target domains. However, the existence of such
relationship is still an open problem. Instead of directly adapt-
ing codebooks, researchers have also tried to alleviate this
problem using other strategies [9]–[21]. The use of domain
knowledge [9]–[13] is also widely explored by one-shot learn-
ing [9], [10], text information processing [11], and geometric
reasoning [12], [13]. However, the semantic gap between
human knowledge and visual features hinders the effective-
ness of these methods. The use of invariant patterns [14]–[17]
is another way to alleviate this problem. One problem with
this strategy is that the selection of invariant patterns is labor
intensive. Besides, automatic learning of features is also time
consuming. The transfer of prelearned classifiers [18]–[21]
is also used to cope with the changes of training images.
However, if the codebook is not updated simultaneously, the
encoding parameters would be biased.

Instead of learning the specific codebook, researchers first
generate an universal codebook and then apply it for spe-
cific tasks [22], [23]. The use of randomization method is also
explored [24]. These methods can alleviate the codebook adap-
tation problem to some extent. However, once the codebook
is learned, it is still dataset dependent and cannot be updated
on time. To avoid generating codebooks, local features are
used directly [25] for visual categorization with heavy com-
putational cost. In fact, the prelearned codebook has a lot of
useful information that can be explored for coping with the
change of images. The change of codebook is relatively small
as long as the change of training images is stable. Hence, we
can gradually adapt a prelearned codebook to the new training
images. In other words, the change of codebook is probably
low-rank and sparse. Besides, the local features have to be
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Fig. 1. Flowchart of the proposed incremental codebook adaptation method.

re-encoded once the codebook is changed. If we combine the
codebook adaptation with the encoding of local features in a
unified framework, we are able to improve the efficiency of
the representations.

In this paper, we propose an incremental codebook adapta-
tion method with low-rank correlation and sparsity constraint.
The gradual adaptation of a prelearned codebook to new train-
ing images is modeled as a low-rank matrix optimization prob-
lem. Besides, we also impose sparsity constraint on the change
of prelearned codebook. Moreover, visually similar local fea-
tures within a spatial neighborhood are jointly encoded to
ensure parameter consistency. We apply the proposed method
for the categorization tasks and test the performances on sev-
eral image datasets. The results show that the proposed method
can achieve as good performances as the codebooks gener-
ated by new training images with relatively less computational
cost. Fig. 1 shows the flowchart of the proposed incremental
codebook adaptation method.

The main contribution of this paper includes the following.
1) First, we gradually adapt a prelearned codebook with

new images to avoid regenerating the codebook. Low-
rank correlation and sparsity constraint are used to
make sure the change is stable and consistent with the
prelearned codebook.

2) Second, visually similar local features within a spa-
tial neighbor are jointly encoded with the adaptation of
codebooks to get efficient image representation.

3) Third, by adapting the codebooks in an incremental way,
we can achieve comparable or superior performances as
the regenerated codebooks with less computational cost.

The rest of this paper is organized as follows. We give
the related work in Section II. The details of the proposed
incremental codebook adaptation method for visual represen-
tation are given in Section III. The experimental results and
analysis are given in Section IV, and finally, we conclude
in Section V.

II. RELATED WORK

With the increment of visual data, how to analyze them
for various applications became urgent. Xiao et al. [1]
tried to used reconstruct kernel independent component

analysis for efficient sparse representation. Bai et al. [2]
leveraged feature combination technique with marginal-
ized kernels for object classification. Chen et al. [3]
tried to robustly classify images by matrix analysis tech-
nique. Among these visual representation methods, the
codebook-based representation was widely used. Usually,
local features were encoded by nearest neighbor assignment,
sparse reconstruction [4], or local encoding with k nearest
neighbors [5].

To cope with the changes of training sets, various trans-
fer learning-based methods were proposed for direct codebook
transfer [6]–[8] or implicit adaptation [9]–[21]. Zheng et al. [6]
tried to solve the cross-view action recognition problem by
learning a transferable dictionary pair while Zhu and Shao [7]
proposed a correspondence free codebook learning scheme for
action recognition. Zhang et al. [8] proposed a linear trans-
formation method for codebook bias removal with improved
performances. Fei-Fei et al. [9] used prior knowledge for
one-shot learning while Yu and Aloimonos [10] tried to
solve this problem using attributes. The use of text informa-
tion was leveraged by Rosen-Zvi et al. [11] for author-topic
model learning. The geometric relationship was also used
by [12] and [13] for action recognition. Darrell et al. [12]
proposed to use interpolated views for task-specific gesture
analysis while Lv and Nevatia [13] used key pose match-
ing technique for single view human action recognition. For
particular visual applications such as action recognition, the
learning of invariant representation was applicable. Motivated
by this, Rao et al. [14] proposed a view-invariant represen-
tation while Parameswaran and Chellappa [15] explored the
view invariance problem. Yilmaz and Shah [16] proposed an
action sketch method for representation. Junejo et al. [17]
used temporal self-similarities for cross-view recognition.
The transfer of discriminative classifiers was also widely
used [18]–[21]. Yang et al. [18] targeted the video concept
detection problem in cross domain by using the adaptive sup-
port vector machines (SVMs) while Aytar and Zisserman [19]
tried to solve the object detection problem by model transfer.
To fully explore the useful information of various mod-
els, Li and Fu [20] proposed a novel unsupervised transfer
learning scheme to cluster images using low-rank coding.
The multiple kernel learning [21] was an effective way for
combination.

The generation of universal codebook was also pro-
posed [22], [23]. Perronnin et al. [22] tried to learn a universal
codebook first and then adapted it for one particular class while
Winn et al. [23] learned universal codebook for object catego-
rization. However, these methods were still dataset dependent
as long as the training images were collected. Motivated by
the random forest for classification, Moosmann et al. [24]
proposed to randomly generated a series of codebooks for
joint image representation and achieved good performance
with k-means clustering-based methods. Instead of generating
the codebook, Boiman et al. [25] used local features directly
for image classification. However, the computational cost was
relatively high compared with codebook-based methods.

Sparsity constraint was widely used recently for many
applications [4], [26]–[28]. Wright et al. [26] proposed to
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recognize faces by sparse representation with good perfor-
mance. Gao et al. [27] used laplacian sparse coding to
ensure visually similar local features were encoded with
similar parameters while Zhang et al. [28] used non-negative
sparse coding instead. However, only using sparsity was
not enough to model the complex situations of visual rep-
resentation. The use of locality information [5], [29]–[31]
can alleviate this problem to some extent as similar fea-
tures tend to be nearby. Lazebnik et al. [29] divided an
image into subregions to use the local information spatially
while Grauman and Darrell [30] explored the nearest neigh-
bor information in feature space. Bulò and Kontschieder [31]
used it with neural decision forests for labeling semantic
images. Since the visual features were correlated and often
exhibit degenerated structure [32], low-rank matrix constraint
became popular [33]–[36]. Zhang et al. [33] used low-rank
textures for camera calibration while Zhou and Tao [34]
tried to use random low-rank and sparse matrix decom-
position under noisy conditions. Li et al. [35] used low
rank constraint for discriminative codebook generation and
classification while Zhang et al. [36] used it for image
classification.

To encode more information, the Fisher vector was pro-
posed [37], [38]. Cinbis et al. [37] proposed to use Fisher
kernels with non-iid models while Sanchez et al. [38] system-
atically evaluated the Fisher vector for image classification.
Instead of encoding local features, the deep convolutional
network was also used to work directly on the images pix-
els for recognition [39]–[42]. Donahue et al. [39] proposed
to use deep convolutional activation features for recognition
while Liang and Hu [40] used recurrent convolutional neu-
ral network. Liu et al. [41] tried to use the information of
multilayers by cross convolutional layer pooling. The combi-
nation of Fisher vector with neural network was proposed by
Perronnin and Larlus [42]. Local features were often encoded
with sparse coding [43] on various datasets [44]–[47] by many
researchers [48]–[58]. The use of other information by trans-
ferring information was also used [59], [60]. Zhang et al. [59]
used implicit codebook transfer strategy to avoid the gener-
ation of codebooks while Duan et al. [60] made use of the
multiple kernel learning technique. The SUN dataset was col-
lected by Xiao et al. [61] while Fisher vector was evaluated
by Sanchez et al. [38] for classification. Kwitt et al. [62] used
semantic manifold for scene recognition.

The adaptation of images for new applications were also
explored [63]–[65]. Gopalan et al. [63] adapted different
objects for recognition in an unsupervised approach while
Gong et al. [64] used geodesic flow kernel. Jiang et al. [65]
combined the discriminative information of global and local
metrics for domain adaptation. The explorations of discrim-
inative representations [66]–[81] were also widely studied.
Song et al. [66] tried to learn efficient dictionaries while
Yuan et al. [67] targeted the hyperspectral image classifica-
tion. Qiao et al. [68] used biologically inspired model to cope
with the drawbacks of visual features. Zhou and Wei [69]
tried to learn hierarchical spectral-spatial features for hyper-
spectral image classification which greatly improved the
performances.

III. INCREMENTALLY ADAPTING CODEBOOK FOR

IMAGE REPRESENTATION AND CATEGORIZATION

In this section, we give the details of the proposed incre-
mental codebook adaptation method for image representation
and apply it for the categorization tasks.

A. Codebook Generation With Sparse Coding

Let X = [x1, . . . , xN] ∈ R
D×N be the N local features

to be encoded, B ∈ R
D×J is the codebook and αn ∈ R

J×1

is the encoding parameter of xn ∈ R
D×1, J is the size of

the codebook. The sparse coding strategy tries to minimize
the summed reconstruction error of the N local features with
sparsity constraint as

[B,αn] = argminB,αn

N∑

n=1

‖x − Bαn‖2
2 + λ1‖αn‖1. (1)

Since we often extract thousands of local features from
one image, there are often millions of local features to be
computed. Researchers often use the alternative optimization
strategy to solve this problem by fixing B/αn while optimizing
over αn/B by encoding each local feature individually as

αn = argminαn
‖x − Bαn‖2

2 + λ1‖αn‖1 (2)

and

B = argminB

N∑

n=1

‖x − Bαn‖2
2 (3)

respectively. After the codebook B is learned, the local features
can then be encoded using (2). Let A = [α1, . . . ,αN] ∈ R

J×N ,
Problem 1 can also be written in a matrix form as

[B, A] = argminB,A‖X − BA‖2
F + λ1‖A‖1,1 (4)

with ‖A‖1,1 = ∑N
n=1 ‖αn‖1.

B. Incremental Codebook Adaptation

One problem with the traditional codebook is the dataset
dependent property. If new training images are collected, we
have to retrain the codebook accordingly. This costs a lot of
computational time and memory. To alleviate this problem,
we incrementally adapt the prelearned codebook to new train-
ing images. Let δB be the change of prelearned codebook
for the new training images, in this paper, we assume that
the relative change of codebook is small as long as the new
training images are stably added. In other words, many ele-
ments of δB are zero. We use the sparsity constraint ‖δB‖1,1
to restrict the codebook change. By abusing notation, let
X̂ = [x1, . . . , xM] ∈ R

D×M be the M local features extracted
from new training images, B is the prelearned codebook and
αm is the encoding parameter of xm, Â = [α1, . . . ,αM], we
can formulate the codebook adaptation process as

[δB, Â] = argminδB,Â

∥∥X̂ − (B + δB)Â
∥∥2

F

+ λ1
∥∥Â

∥∥
1,1 + λ2‖δB‖1,1. (5)

Since visual words are inherently correlated, the change of
codebook for new training images is also related. This means
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Algorithm 1: Procedures for Solving Problem 6
Input:

The parameters and local features λ1, λ2, λ3, B, X̂, L. The
maximum iteration number Miter.

Output:
The learned δB, Â;

1: for m = 1 : Miter
2: Search for the optimal Â while keeping δB fixed by

solving Problem 7 using Algorithm 2;
3: Search for the optimal δB while keeping Â fixed by

solving Problem 9;
4: end for.
5: return δB, Â.

the change of prelearned codebook is probably low-rank. We
choose to use the nuclear norm to constrain the codebook
changes. The nuclear norm not only helps to ensure the change
of codebook to be smooth and steady but also balances the
influences of the previous features and the added features.
Besides, visually similar local features tend to have similar
encoding parameters. The prelearned codebook is learned by
reconstruction error minimization over other training images.
The adaptation of prelearned codebook for new images also
minimizes the reconstruction error. We use the Laplacian sim-
ilarity matrix to encode parameters. In this way, we can extend
Problem 5 as

[δB, Â] = argminδB,Â

∥∥X̂ − (B + δB)Â
∥∥2

F

+ λ1
∥∥Â

∥∥
1,1 + λ2‖δB‖1,1

+ λ3tr(ÂLÂT) + λ4‖δB‖∗ (6)

where L is the Laplacian matrix of local features defined
as L = D − W with D is the diagonal matrix where
Di,i = ∑

j Wi,j. To take advantage of the spatial neighborhood
information of local features, we also ensure that only visu-
ally similar local features within a spatial neighborhood are
considered for generating the similarity matrix W by defin-
ing its element as Wi,j = exp(−‖xi−xj‖2) if xi and xj are
spatially nearby. Otherwise, Wi,j is set to 0. If another local
feature is extracted within this area, the two local features
are considered spatially nearby. We use λ2 and λ4 to bal-
ance the relative influences of previous local features and
the local features for codebook adaptation. The local fea-
tures can be discarded after the codebook is adapted. We
update the codebook by solving Problem 6 which only uses
the local features X̂ of new images and the prelearned code-
book. We can iteratively add the influences of new features
for codebook learning. The new codebook can be obtained
as Bnew = B + δB. Algorithm 1 gives the procedures for
solving Problem 6.

C. Optimization

Problem 6 cannot be optimized jointly over δB and Â.
Hence, we alternatively optimize over δB/Â by keeping Â/δB
fixed. when δB is fixed, Bnew = B + δB is also fixed,

Algorithm 2: Procedures for Solving Problem 7
Input:

λ1, λ3, B, X̂, L. The iteration number Niteration.
Output:

The learned Â;
1: for m = 1 : Niteration

2: Line search for the optimal Â using gradient descent
as ∂�/∂Â;

3: Check whether the sign of any element of Â changes.
4: If changed, set the corresponding element to zero, else,

go to step 1.
5: end for.
6: return Â.

Problem 6 equals to

Â = argminÂ

∥∥X̂ − BnewÂ
∥∥2

F + λ1‖Â‖1,1 + λ3tr
(
ÂLÂT)

. (7)

Since the number of local features is very large, we cannot
optimize over them jointly. Hence we optimize for the encod-
ing parameter of each local feature individually by keeping
the other parameters fixed. In this way, Problem 7 can be opti-
mized very easily with the feature-sign-search strategy [43].
Let � = ‖X̂ − BnewÂ‖2

F + λ3tr(ÂLÂT), this is achieved by
linearly search for the optimal Â with gradient descent over
the direction ∂�/∂Â until as long as the sign of any element
of Â does not change. Algorithm 2 shows the procedures of
solving Problem 7.

When Â is fixed, X̂ − BÂ = X̃ is also fixed. Problem 6
equals to

δB = argminδB‖X̃ − δBÂ‖2
F

+ λ2‖δB‖1,1 + λ4‖δB‖∗. (8)

This problem has convex and nonsmooth constraint which
makes it hard to optimize. We follow the inexact augmented
Lagrange multiplier method [32], [36] by introducing two
slack variables with equality constraint as:

[δB, E, G] = argminδB,E,F‖X̃ − δBÂ‖2
F

+ λ2‖E‖1,1 + λ4‖G‖∗
s.t.δB = E, δB = G (9)

with the corresponding Lagrange function as

L(δB, E, G) = ‖X̃ − δBÂ‖2
F + λ2‖E‖1,1

+ tr
(

YT
1 (δB − G)

)
+ tr

(
YT

2 (δB − E)
)

+ λ4‖G‖∗ + w1‖δB − G‖2
F + w2‖δB − E‖2

F.

(10)

This problem can be solved by optimizing over δB, E, G,
respectively, by keeping the other two fixed. When δB, E are
fixed, Problem 10 becomes

G = argminGtr(YT
1 (δB − G)) + λ4‖G‖∗

+ w1‖δB − G‖2
F (11)

with the optimal solution as G = T(λ4/2w1)(δB + (1/2w1)Y1).
The Tλ(G) = UGSλ(

∑
G)VT

G is a soft-threshold singular
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value operator and G = UG
∑

GVT
G is the singular value

decomposition of G. Sλ(G) is the soft-threshold operator of
matrix G with each of its element defined as Sλ(Gi,j) =
sign(Gi,j)max(|Gi,j| − λ, 0).

When δB, G are fixed, Problem 10 equals to

E = argminEλ2‖E‖1,1 + tr
(

YT
2 (δB − E)

)
+ w2‖δB − E‖2

F.

(12)

E can then be computed as E = S(λ2/2w2)(δB + (1/2w2)Y2).
When E, G are fixed, δB can be optimized by

δB = argminδB

∥∥X̃ − δBÂ
∥∥2

F

+ tr
(

YT
1 (δB − G)

)
+ tr

(
YT

2 (δB − E)
)

+ w1‖δB − G‖2
F + w2‖δB − E‖2

F (13)

with δB = K1 × K2 where

K1 = X̃Â
T − 1

2
Y1 − 1

2
Y2 + w1G + w2E

K2 =
(

ÂÂ
T + w1I + w2I

)−1
. (14)

The Y1, Y2, w1, and w2 are then updated as Y1 = Y1 +
w1(δB−G), Y2 = Y2 +w2(δB−E), w1 = ρw1 and w2 = ρw2
with ρ > 1.

By alternatively optimizing over δB and Â, we can gradually
adapt the prelearned codebook with new images. The local fea-
tures can be encoded with the adapted codebook accordingly.
Since we can gradually adapt the prelearned codebook for new
application instead of regenerating them, we can speedup the
codebook generation process.

D. Computational Complexity

We represent the local features in the matrix form both for
the M new features and the N old features. Hence, the com-
putational complexity of the proposed method mainly lies on
the SVD decomposition which has O(DJr) complexity with
r ≤ √

min(D, J) and the inverse of K2 whose complexity is
O(J3).

As to the per-step computational complexity of Algorithm 2,
step 2 consists of calculating of the gradient of the objective
value of Problem 7 which is of O(D2J2M). The computational
complexity of steps 3 and 4 is O(JM). Hence, the overall
complexity of Algorithm 2 is O(Niteration × D2J2M).

As to the per-step computational complexity of Algorithm 1,
step 1 is the computation of Algorithm 2 which is of
O(Niteration × D2J2M) complexity. Step 2 has a complexity
of O(J3 + DJr). Hence, the overall computational complexity
of Algorithm 1 is O(Miter × (Niteration × D2J2M + J3 + DJr)).
If we use SIFT feature, D is 128. The codebook size J is often
set to be hundreds to thousands. Since we only use a small
number of images for incrementally learning the codebook,
M is a tens of thousands value. However, if we directly gen-
erating the codebook, the complexity is O((N + M)3). Since
there are often millions of local features extracted, N and M
are much larger than D and J. Hence the computational time
of codebook learning can be saved.

E. Image Representation and Categorization

To use the encoded local features for image representation,
we leverage the max pooling strategy [4] by choosing the
max absolute value of each dimension of encoded parame-
ters within an image region. Let P be the number of local
features within an image region and αp, p = 1, . . . , P is
the corresponding encoded parameters, this image region’s
representation h is obtained by

hi = max
(|α1,i|, . . . , |αp,i|, . . . , |αP,i|

)
(15)

where hi is the ith dimension of h and αp,i represents the
ith dimension of αp. To make use of the spatial information,
spatial pyramid matching (SPM) with three pyramids is also
used.

To evaluate the effectiveness of the proposed incremental
codebook adaptation method, we apply it for image catego-
rization tasks. This is achieved by using the obtained image
representation to make prediction of the classes of images. We
use the linear SVM classifier with quadratic hinge loss [4]. The
quadratic hinge loss is differentiable which can be computed
easily. Let hq, q = 1, . . . , Q be the image representation of Q
training images with the labels as yp ∈ (1, . . . , C). We learn
C linear classifiers as

ỹq = wc
Thq (16)

by minimizing the summed quadratic hinge loss with con-
straint

minwc

Q∑

q=1

�
(
ỹq, yp) + β‖wc‖2

2 (17)

with β as the regularization parameter. The quadratic hinge
loss has the form as

�
(
ỹq, yp) = [

max
(
0, 1 − ỹq × yp)]2

. (18)

After the classifiers are learned, we can predict image classes
as the class whose corresponding classifier has the largest
response.

IV. EXPERIMENTS

To evaluate the effectiveness of the proposed incremen-
tal codebook adaptation method for classification (ICAC),
we conduct image categorization experiments on several
image datasets: the Scene-15 dataset [29], the Caltech-101
dataset [44], the Caltech-256 dataset [45], the Flower-17
dataset [46], and the Flower-102 dataset [47]. To better illus-
trate the influences of the adaptation process, we also give
the classification performances of using the proposed method
without adaptation (ICAC-old). This equals to using the old
codebook without updating.

A. Experimental Setup

SIFT feature is densely extracted for each image with mul-
tiscales and overlap. The minimum size of local region is set
to 16×16 pixels with an overlap of 6 pixels. These extracted
SIFT features are normalized with L2 norm. We resize images
to the same size and set the codebook to 1000 for all the
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Fig. 2. Misclassified images of the proposed ICAC method on the scene-15 dataset.

TABLE I
PERFORMANCE COMPARISON ON THE SCENE-15 DATASET

datasets. We simply set w1 = w2 and ρ to 1.2 in this paper.
The SPM with three pyramids is used (2s ×2s, s = 0, 1, 2). As
to the Flower-17 dataset and the Flower-102 dataset, we also
extract multiple color SIFT features [48] (RGB-SIFT, HSV-
SIFT, C-invariant SIFT, and the opponent SIFT). We divide
the new training images into 10∼15 groups and adapt the
codebook accordingly. For fair comparison, we compare the
performances reported by other methods directly. Images are
randomly selected for training and evaluation. We repeat the
random selection of images for several times to get reliable
results. The average of per-class classification rate is used
for performance evaluation. For fair comparison, we directly
compare with the performances of other methods instead of
reimplementing them due to the implementation details [70].

B. Scene-15 Dataset

There are 15 classes of images (store, office, tallbuild-
ing, street, opencountry, mountain, insidecity, highway, for-
est, coast, livingroom, kitchen, industrial, suburb, and bed-
room) in this dataset. Thirteen classes were collected by
Fei-Fei and Perona [49]. Each class has 200 to 400 images
with the average size of 300×250 pixels. We resize all the
images to 300×250 pixels and randomly select 100 images
per class for training and use the rest of images for perfor-
mance evaluation. We repeat this process for ten times to get
reliable results.

Table I shows the performance comparison of the proposed
method with other methods which trains the codebook by
jointly using all the images. Only using the old codebook
cannot achieve satisfactory accuracy. We try to adapt the code-
book generated using the 13 classes [49] to the 15 classes.
Only the images of two new classes are used for codebook
adaptation. We also give the performance of directly using

TABLE II
PERFORMANCE COMPARISONS ON THE CALTECH-101 DATASET

the codebook generated using the 13 classes (ICAC-old) with
sparse coding on the 15 classes [ScSPM (13 classes)]. We can
see from Table I that the proposed ICAC method is able to
outperform many methods. Compared with directly using the
codebook generated by the 13 classes, the adaptation of code-
book for new training images can improve the performance.
Besides, we are also able to outperform the ScSPM [4] which
uses all the training images with sparse coding for categoriza-
tion. This is because we also ensure the encoding parameter’s
visual and spatial consistency along with codebook constraint.
Moreover, the proposed ICAC method performs compara-
ble with LScSPM [27] which uses all the training images
with encoding parameter consistency. These results show that
the proposed method is able to adapt a prelearned codebook
to new images while achieving comparable performances by
regenerating the codebook. To give an intuitive illustration of
the performance, we give some misclassified images by the
proposed ICAC method on the Scene-15 dataset in Fig. 2.

C. Caltech-101 Dataset and Caltech-256 Dataset

The Caltech-101 dataset has 101 classes with a total of
more than 9000 images. There are 31 to 80 images for each
class. The Caltech-256 dataset is an extended dataset of the
Caltech-101 dataset. There are 256 classes of 29 780 images
in the Caltech-256 dataset with at least 80 images for each
class. Some example images of the Caltech-256 dataset are
given in Fig. 3.

We give the performance comparisons on the Caltech-101
dataset in Table II. Fifteen and 30 images are randomly
selected for training. We repeat this process for ten times.
We use the codebook generated using the first half training
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Fig. 3. Example images of the Caltech-256 dataset.

TABLE III
PERFORMANCE COMPARISONS ON THE CALTECH-256 DATASET BY

ADAPTING THE CODEBOOK OF CALTECH-101 DATASET

images as the initial codebook and adapt it for the other
training images of the Caltech-101 dataset. We also give
the performances of directly using [ICAC-old (Caltech-256)]
and adapting the codebook of the Caltech-256 dataset [ICAC
(Caltech-256)]. Since the Caltech-256 dataset is more diverse
than the Caltech-101 dataset, directly using the codebook
learned on the Caltech-256 dataset can achieve comparable
performances with ScSPM [4] which learns the codebook
on the Caltech-101 dataset. The performance of adapting
the codebook learned on the Caltech-256 dataset on the
Caltech-101 dataset is also given in Table II. We can see from
Table II that the proposed method is able to use not only
the prelearned codebook but also the information from new
training images, hence is able to improve the classification
performances. Besides, we can also get more consistent image
representation and improve the performance over low-rank
sparse coding [36]. Moreover, since Caltech-256 dataset has
more images of classes than the Caltech-101 dataset, adapt-
ing the codebook generated on the Caltech-256 dataset can
achieve superior performance when the number of training
images is small. However, this discrepancy gradually disap-
pears with more and more training images. This again proves
the effectiveness of the proposed method.

We adapt the codebook learned using the first half of
the training images on the other training images of the
Caltech-256 dataset. Table III gives the performance com-
parisons of the adapted codebook with other methods on the
Caltech-256 dataset. Compared with simple sparse coding, the

TABLE IV
PERFORMANCE COMPARISON ON THE FLOWER-102 DATASET

considerations of local features’ visual and spatial correlation
help to improve the performances over ScSPM by about 9%.
Besides, ICAC outperforms LScSPM which also considers the
encoded parameter consistency. This is because of the consid-
eration of spatial information for encoding. The adaptation of
learned codebook also ensures that more information can be
used along with the new training images. Moreover, compared
with naive Bayes, nearest neighbor which used local features
directly, the training of classifiers is more discriminative and
easy to compute both for representation and categorization.
ICAC can also be combined with the Fisher vector by using the
adapted codebook. We also give the performances by combin-
ing ICAC with Fisher vector (ICAC-FV) on the Caltech-256
dataset in Table III. FV can help to improve the performance
because of the encoding of more information. By combing
ICAC-FV, we can adapt prelearned codebook for new images
and also encode more information for image representation.

D. Flower-17 Dataset and Flower-102 Dataset

To evaluate the effectiveness of adapting codebook gen-
erated with fine-grained images, we also test the proposed
method on the Flower-17 dataset and the Flower-102 dataset
by adapting the codebook learned on the Flower-17/102
dataset for the classification task on the Flower-102/17 dataset.
The Flower-17 dataset has 17 classes (buttercup, colts’ foot,
daffodil, daisy, dandelion, fritillary, iris, pansy, sunflower,
windflower, snowdrop lilyvalley, bluebell, crocus, tigerlily,
tulip, and cowslip) of flower images with 80 images per class
and a total number of 1360 images. The Flower-102 dataset is
an extension of the Flower-17 dataset which has 8189 images
of 102 classes with 40–250 images per class. We follow the
same experimental setup as [40], [41] did for fair compar-
ison. We give the performance comparison of the proposed
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Fig. 4. Example images correctly (the three left columns) and wrongly (the three right columns) classified by ICAC on the Flower-102 dataset.

ICAC method with other methods by adapting the codebook
of Flower-17 dataset for the Flower-102 dataset in Table IV
[ICAC (Flower-17)]. We also give the performance of ICAC
which adapts the codebook generated with the first half train-
ing images. We can see the directly usage of the codebook
of the Flower-17 dataset makes the performance less reliable
than using the codebook generated on the Flower-102 dataset.
We can achieve a classification rate of 76.4% which outper-
forms KMTJSRC-CG (74.1%) by about 2.3% and Nilsback
and Zisserman’s performance (72.8%) by 3.6%. This again
shows that the proposed codebook adaptation method is able
to fit the new training images well hence helps to representa-
tion images more discriminatively for categorization. We also
give the classification accuracy of adapting the codebook of
the Scene-15 dataset on the Flower-102 dataset in Table V.
The performance is less efficient as the adaption of Flower-
17 dataset. This is because images of Flower-17 dataset are
visually more similar with images of Flower-102 dataset than
the Scene-15 dataset. Besides, we give some example images
correctly (the three left columns) and wrongly (the three
right columns) classified by ICAC on the Flower-102 dataset
in Fig. 4.

We give the performance comparison of ICAC with other
methods by adapting the codebook generated with the first
half training images. We also give the performance of directly
using the codebook of the Flower-102 dataset [ICAC-old
(Flower-102)]. Since Flower-102 dataset has more flower
images, adapting the codebook of Flower-102 dataset can
improve the performance dramatically compared with using
the codebook generated on the Flower-17 dataset [4]. These
experimental results again demonstrate the effectiveness of the
proposed method.

E. Parameter Influences

λ1−4 are four important parameters for the performances.
λ1 controls the sparsity of encoded parameters while λ3 con-
trols the smoothness of encoded parameters. λ2 and λ4 are
the parameters for controlling the adapting of codebook. A
large λ2 ensures the codebook changes is sparse while a large

TABLE V
PERFORMANCE COMPARISONS ON THE FLOWER-17 DATASET BY

ADAPTING THE CODEBOOK OF FLOWER-102 DATASET

Fig. 5. Influences of λ1 on the Scene-15 dataset, the Caltech-101 dataset (30
training images), the Caltech-256 dataset (30 training images), the Flower-17
dataset, and Flower-102 dataset.

λ4 restricts the changes to be more correlated. We plot the
influences of λ1−4 on the Scene-15 dataset, the Caltech-101
dataset (30 training images), the Caltech-256 dataset (30 train-
ing images), the Flower-17 dataset, and Flower-102 dataset
in Figs. 5–8, respectively. We can see from Figs. 5–8 that
the performances of ICAC vary for different parameters. The
performances are higher on the Scene-15/Flower-17 datasets
than on the Caltech-256 dataset because the latter is relatively
harder to classify. Besides, the influences of λ4 are more stable
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Fig. 6. Influences of λ2 on the Scene-15 dataset, the Caltech-101 dataset (30
training images), the Caltech-256 dataset (30 training images), the Flower-17
dataset, and Flower-102 dataset.

Fig. 7. Influences of λ3 on the Scene-15 dataset, the Caltech-101 dataset (30
training images), the Caltech-256 dataset (30 training images), the Flower-17
dataset, and Flower-102 dataset.

Fig. 8. Influences of λ4 on the Scene-15 dataset, the Caltech-101 dataset (30
training images), the Caltech-256 dataset (30 training images), the Flower-17
dataset, and Flower-102 dataset.

than λ1. λ4 controls the influences of increments of codebook
while λ1 ensures the sparsity of the encoded parameters. Local
features of different datasets should be encoded with varied
degrees of sparsity, as shown by [4] and [27]. The same thing
also happens for λ2 and λ3. We can see that the optimal value
of λ1 is 0.1 for the Caltech-256 dataset and Flower-102 dataset,

Fig. 9. Performance changes with the percentage of classes using fixed
codebook size on the Scene-15 dataset, the Caltech-101 dataset (30 training
images), the Caltech-256 dataset (30 training images), the Flower-17 dataset,
and Flower-102 dataset.

Fig. 10. Performance changes with the codebook size on the Scene-15
dataset, the Caltech-101 dataset (30 training images), the Caltech-256 dataset
(30 training images), the Flower-17 dataset, and Flower-102 dataset.

0.2 for the other three datasets. As to λ2, setting it to 0.4 can
achieve satisfactory performances. We set λ3 to 0.5. λ4 is set
to 0.2 for the Caltech-256 dataset and 0.6 for the other four
datasets.

We also give the performance changes with the percent-
age of classes using fixed codebook size on the five datasets
in Fig. 9. This is achieved by choose 20, 40, 60, 80, and
100 percents of classes for codebook learning and then adapt
it for classification. We can see from Fig. 9 that the perfor-
mances improve with the increment of image classes. Besides,
the relative improvement is larger with less classes.

To show the influence of codebook size, we plot the per-
formance changes with different codebook sizes on the five
datasets in Fig. 10. We can see that the performance increases
with the codebook size at first. After the codebook is large
enough, the performance becomes stable. However, the com-
putational cost also increases with the codebook size. Hence,
we follow the codebook size setup as others and set it to 1000
in this paper.

F. SUN 397 Dataset

We also evaluate the proposed ICAC method on the SUN
397 dataset [61]. This dataset has 397 classes of approximately
100 000 images which are more difficult to classify than the
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TABLE VI
PERFORMANCE COMPARISONS ON THE SUN 397 DATASET

TABLE VII
COMPUTATIONAL TIME (HOURS) AND RELATIVE IMPROVEMENT OF THE

PROPOSED CODEBOOK ADAPTATION METHOD OVER REGENERATING

THE CODEBOOK ON THE SCENE-15, CALTECH-101 (30 IMAGES),
CALTECH-256 (30 IMAGES), FLOWER-17, FLOWER-102,

AND THE SUN-397 DATASETS

other five datasets. GIST, SIFT, and HOG are used for image
representation as [61] did, besides, we also extract the color
SIFT features [48] and concatenate them for final image rep-
resentation. We use the train/test splits as [61] and use 5, 10,
20 images for training, and 50 images for testing, respectively,
for ten times. We adapt the codebook generated with the first
half training images. The top one accuracy is used for evalua-
tion. We report the performance comparisons in Table VI. We
can see from Table VI that the proposed ICAC method is also
able to perform comparable or superior than other baseline
methods. Besides, when combined with Fisher vector-based
local feature encoding strategy, we can further improve the per-
formance. These results again demonstrate that the proposed
method is also applicable to larger dataset.

We give the computational time and relative improvement of
the proposed codebook adaptation method over regenerating
the codebook in Table VII using a computer with two Intel
Xeon CPU @2.0 GHz and 64 GB memory. Let ta and tc be
the computational time of the codebook adaptation method
and the regeneration of the codebook method, respectively,
the relative improvement is computed as tc/ta. The larger this
value is, the more efficient the proposed method is. We can
see from Table VII the proposed method is able to improve
the efficiency by five to ten times for different datasets. By
adapting instead of regenerating the codebook, we can save
more computational resources for efficient classification.

We also show the convergency of the normalized objec-
tive values of Problem 10 with the iteration number on the
six datasets in Fig. 11. The normalized objective values are
obtained by dividing the objective values of different rounds
with the initial values. Different datasets have varied conver-
gence rate as the number of images and local features are
different. The convergence rate is relatively low with more
images and local features for adaptation. Besides, we can see
from Fig. 11 that 30 iterations are enough for the adaption.

Fig. 11. Normalized objective values of Problem 10 on the six datasets
[the Scene-15, Caltech-101 (30 images), Caltech-256 (30 images), Flower-17,
Flower-102, and the SUN-397 datasets].

Hence, we use no more than 30 iterations for optimization in
this paper.

V. CONCLUSION

In this paper, we proposed an incremental codebook adap-
tation method for image representation and categorization. By
adapting the prelearned codebook with new training images,
we can avoid the regenerating of codebook. We used low-
rank correlation and sparsity constraint to make sure the
changes of codebook is stable and consistent with prelearned
codebook. Besides, we adapted the codebook and encoded
local features with locality information and visual similarity
constraint for image representation. Experimental results on
several image datasets proved the effectiveness of the proposed
method.
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