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Bundled local features for image representation
Chunjie Zhang, Jitao Sang, Guibo Zhu, and Qi Tian

Abstract—Local features have been widely used for image
representation. Traditional methods often treat each local
feature independently or simply model the correlations of
local features with spatial partition. However, local features
are correlated and should be jointly modeled. Besides, due to
the variety of images, pre-defined partition rules will probably
introduce noisy information. To solve these problems, in this
paper, we propose a novel bundled local features method for
efficient image representation and apply it for classification.
Specially, we first extract local features and bundle them
together with over-complete spatial shapes by viewing each
local feature as the central point. Then, the most discriminatively bundling features are selected by reconstruction
error minimization. The encoding parameters are then used
for image representations in a matrix form. Finally, we
train bi-linear classifiers with quadratic hinge loss to predict
the classes of images. The proposed method can combine
local features appropriately and efficiently for discriminative
representations. Experimental results on three image datasets
show the effectiveness of the proposed method compared with
other local features combination strategies.
Index Terms—Bundled features, image representation, image classification, codebook, feature selection

I. I NTRODUCTION
The use of local features is very popular for image representation in recent years. The well-designed local features
can cope with various changes and help to represent images
with the bag-of-visual-words (BoW) model [1].
Although effective, local features are treated independently in the BoW model [1-2]. To make use of the spatial
layouts of local features, the spatial pyramid matching
(SPM) [3] technique is used by gradually dividing images
with finer regions. SPM [3] uses hard partitions which
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cannot suit different datasets well. To alleviate this problem,
researchers also try to use different types of partitions [46] which help to improve the classification performances.
However, the hard partition of images may also introduce
noisy information as one object may be divided into different partitions. To alleviate this problem, automatically
learning the image partitions [7-9] becomes popular with
increased computational cost.
Another way to increase the discriminative power is
by imposing various constraints over local features [1020]. Locality constraints are often used to consider the
influences of nearby local features [10-15]. Besides, the
direct usages of local features for classification are explored
[16-17] with heavily computational cost. Moreover, the
combinations of local features with other transformations
[18-20] are also used to improve the classification performances. One problem with the above methods is that they
only consider each local feature independently without fully
exploring the correlations among local features.
To make use of the contextual information of local
features, researchers first encode the local features [21-23]
and then use the parameters for correlation modeling. These
strategies suffer from quantization loss as local features
are quantized to visual words. Besides, they cannot be
well combined with more efficiently encoding methods
(e.g. sparse coding [24] and fisher vector [25]). The direct
combinations of local features are also proposed [26-27].
However, the combination strategies are often pre-defined
without considering the distinctive characters of images. It
would be more effective if we can automatically learn the
combination strategies.
To solve the problems mentioned above, in this paper, we
propose a novel local feature bundling method for image
representation. First, we densely extract local features and
then bundle them together using over-complete shapes
by viewing each local feature as the central point. We
also take the relative order of different local features into
consideration. In this way, we are able to get a number
of bundled features for each central point. We select the
most discriminatively bundled feature by minimizing the
reconstruction error and use the corresponding encoding
parameters to represent the local region. The encoding
parameters are then represented in a matrix form for final
image representation. We then train bi-linear classifiers
with quadratic hinge loss for image class predictions.
We evaluate the usefulness of the proposed bundled local
features for image representation and classification method
(BLF) on three image datasets. The results demonstrate the
effectiveness of the proposed method. Figure 1 shows the
flowchart of the proposed BLF method.
The main contributions of this paper lie in three aspects.
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Fig. 1. Flowchart of the proposed BLF method. We first bundle local features with over-complete spatial shapes and then select the most discriminatively
bundling features (rounded rectangle with dotted line) by minimizing the reconstruction error. The encoding parameters of the selected bundling features
are represented in matrix form and bi-linear classifiers are then learned to predict the categories of images. It is best viewed in color.

• First, we bundle local features together with overcomplete shapes to explore the correlations of local
features for discriminative image classification.
• Second, we minimize the reconstruction error for
discriminatively bundling shape selection. The encoding parameters are combined into a matrix form
for image representation. In this way, we are able
to improve the performance over many local feature
based classification methods.
• Third, by combining the proposed method with convolutional neural network, we are able to further
improve the classification performances.
[9] uses pre-defined bundling strategy while the proposed
method tries to select the most discriminatively bundling
strategies by minimizing the reconstruction error. Besides,
the matrix based representation is used instead of histograms to make use of the spatial and structure information
of images more effectively.
The rest of this paper is organized as follows. Related
work is given in Section 2. The details of the proposed
bundled local features for image representation and classification method are given in Section 3. We give the
experimental results and analysis in Section 4. Finally, we
conclude in Section 5.
II. R ELATED W ORK
The bag-of-visual-words (BoW) model [1-2] was widely
used for image representation and classification. Motivated
by the BoW model, many works had been done [4-9]. To
combine the spatial information, spatial pyramid matching
(SPM) [3] was proposed with 2L × 2L , L = 0, 1, 2. The
3×1 partition [4] strategy was also used. Russakovsky et al.
[5] proposed the object centric pooling strategy by treating
the object and background separately. Zhang et al. [6]
used densely extracted image regions to divide images and
proposed a bi-linear model for classification. Researchers
also tried to automatically learn the partition strategies [79]. Wang et al. [7] proposed to adaptively pool information
for classification while Jia et al. [8] used receptive field
learning to extract the representation vectors. Romberg et
al. [9] used combined features for robust recognition.

Instead of only using the spatial information, researchers
[10-15] also tried to make use of the correlations of local
features. Gemert et al. [10] softly assigned each local
feature to a number of visual words by measuring the
similarities while Wang et al. [11] used locality constrained
sparse coding instead. Zhang et al. [12] used non-negative
sparse coding with low-rank decomposition for better representation. Li et al. [13] combined locality constraints
with label embedding for learning efficient codebooks while
Zhang et al. [14] tried to learn several codebooks. Gao
et al. [15] considered the parameter similarity and visual
similarity with laplacian sparse coding.
Directly using local features for classification was also
proposed [16-17] to alleviate the information loss during
the encoding process. Boiman et al. [16] used image to
class distance by measuring the distances of local features.
However, the computational cost was relatively high compared with local feature encoding based methods. To speed
up computation, Athitsos et al. [17] proposed a cascade
approximate similarity measurement method to efficiently
search the neighbor information. Researchers also tried to
combine the discriminative power of different local features
[18-20] by making transformations. Chi et al. [18] used
affine-constrained sparse coding for encoding local features
jointly. Wu et al. [19] used image region selection method
for partial duplicate image search with heavy computational
cost. Sande et al. [20] decomposed images into different
color channels and then extracted local features to explore
more information.
To use the contextual information, Yuan and Yan [21]
quantized local features and then used them with sparse
reconstruction by jointly optimizing for multi-task classifications. Liu et al. [22] used the quantized features
with hypergraph to model the high-order correlations and
improved the classification performance. Xie et al. [23]
measured image similarities beyond Euclidean distance
with improved performances. The sparse coding [24] and
fisher vector [25] based strategies were also proposed to
encode local features. Zhang et al. [26] first transformed
local features with harr-like transformation and then tried
to encode them by considering the encoding residuals.

1051-8215 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more
information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/TCSVT.2017.2694060, IEEE Transactions on Circuits and Systems for Video Technology
IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. *, NO. *, 2016

Hou et al. [27] also tried to combine features with the
kNN framework for classification. Local features were
often encoded with the sparse coding strategy [28]. Several
datasets [29, 30] were also collected.
To increase the discriminative power of codebooks for
fine-grained classification, Gao et al. [31] tried to learn
category specific codebooks instead of learning a general
codebook. Hu et al. [32] measured the similarities of
images with the bin-ratio information. Gehler and Nowozin
[33] combined various features for similarity measurement.
Bilinear classifiers [6, 34] were also used for classification
with matrix based representations. Instead of using local
features, the direct extractions of information from images
[35, 36] were also proposed with the convolutional neural
network which greatly improved the classification accuracy.
Chatfield et al. [37] systematically evaluated different methods for classification and found the implementation details
played very important roles for reliable classification. Oquab et al. [38] also used convolutional neural networks
to learn mid-level representation instead of only using
low level features. Long et al. [39] introduced the fully
convolutional networks while Simonyan and Zisserman
[40] proposed the very deep convolutional networks. Ren et
al. [41] speeded up the network for real time applications.
He et al. [42] proposed a residual learning framework to
train deeper neural networks with good performance. Cui et
al. [43] incorporated humans and combined the information
of different datasets for fine-grained categorization while
Huang et al. [44] used part stacked convolutional neural
networks. The binalization of the CNN was also explored
by Rastegari et al. [45]. Kuzborskij et al. [46] combined
naive bayes nearest neighbor information with the convolutional neural network.
III. B UNDLED L OCAL F EATURES FOR
R EPRESENTATION AND C LASSIFICATION
In this section, we give the details of the proposed
bundled local features for image representation and apply
it for the classification tasks.
A. Bundled local features
To combine local features for joint representation, we
try to bundle them together. Suppose we have N local
features as xn where n = 1, ..., N . We view each local
feature as the central point and bundle the surrounding local
features together. Instead of using pre-defined shapes, we
try to first generate an over-complete shape set and then
choose the most discriminative shapes for representation.
Instead of using all the randomly bundled features, we try
to select the most discriminative feature by minimizing the
reconstruction error for each central point. In this way,
we can reduce the number of features for optimization.
Besides, this selection process can also be paralleled as
we treat each location independently.
For local feature xn , let Mn be the number of surrounding local features, we generate over-complete shapes
to bundle local features by randomly choosing m local

3

m
features, m ≤ Mn . In this way, we can get CM
=
n
Mn ×(Mn −1)×...×(Mn −m+1)/m! number of bundled
shapes. Note that the random selection process does not
require the local features to be spatially nearby for each
bundling shape. This is because objects may have varied
poses with different scales and also be occluded by other
objects. The random selection process ensures us to extract
various local feature combination possibilities.
To represent the bundled local features, we concatenate
them together as:
m
em,n,i = [xn ; x1i ; ...; xm
x
i ], i = 1, ..., CMn

(1)

where xji , j = 1, ..., m represents the local features chosen
by the i-th bundling shape.
B. Feature encoding for image representation
After bundling the local features together, we can reprem
e ∈ Rd×1 ,
shapes. Let x
sent each central point with CM
n
we choose to select the most discriminative shape that
minimizes the reconstruction error as:
T
m
eTm,n,i − αm,n,i
i = argmini ∥ x
Bm ∥2 , i = 1, ..., CM
(2)
n

where Bm ∈ Rd1 ×d is the codebook and αm,n,i ∈ Rd1 ×1
is the corresponding encoding parameter. We use the sparse
coding technique to learn the Bm and αm,n,i as:
[Bm , αm,n,i ] =argmin[Bm ,αm,n,i ] λ ∥ αm,n,i ∥1
Cm

+

Mn
N ∑
∑

T
eTm,n,i − αm,n,i
∥x
Bm ∥2

(3)

n=1 i=1

where λ is the sparse regularization parameter. This can be
solved with the feature-sign-search strategy [28]. Note that
the proposed method can also be combined with other local
feature encoding strategies (e.g. fisher vector) to further
reduce the reconstruction error.
After the most discriminatively bundling shape for each
central point (local feature) is selected, we can use them for
image representation jointly. Instead of using pre-defined
bundling shapes, we select different bundling shapes for
varied central points by minimizing the reconstruction
errors. The proposed method can automatically learn from
the data and help to cope with the deformations of images.
We use the encoding parameters of the most discriminative
shapes for image representation by concatenating them
together into a matrix form Hm . Let P be the number
of selected shapes of an image, Hm can be represented as:
Hm = [αm,1,i1 , .., αm,p,ip , .., αm,P,iP ]

(4)

with ip , p = 1, ..., P be the index of the selected discriminative shape. In this way, we can concatenate the Hm for
different number of bundled local features together for final
image representation as:
H = [H1 ; ...; HQ ]

(5)

where Q is the maximum number of bundled local features. We can then predict image’s class using H. By
using the matrix based representation, we can improve
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over histogram based representation with more spatial and
context information. Besides, when extracting the visual
information from one region, we also bundle the information of surrounding areas instead of treating each region
independently. Different bundling strategies may be selected for different regions. The matrix form representation
can preserve this information. However, the discriminative
information is lost if we use histogram based representation.
Moreover, by using bi-linear classifier with the matrix
representation for classification, we can improve the classification accuracy over histogram based methods. We can
also train the classifier more robustly than other matrix
based methods.

Let {H , y }, i = 1, ..., I be the training images and their
labels with I being the number of images, since Hi is a
matrix, we try to learn a bi-linear classifier to predict the
classes of images as:
i

i

yei = β T Hi γ

(6)

where β ∈ Rd1 ×1 and γ ∈ RP Q×1 are the bi-linear
parameters. Take the two class classification for example,
β and γ can be learned by minimizing the prediction loss
over the training images as:
[β, γ] =argmin[β,γ]

T

i

i

loss(β H γ, y )

(7)

+ λ1 ϕ(β) + λ2 ψ(γ)
where loss(β T Hi γ, y i ) is the classification loss, ϕ(β) and
ψ(γ) are the regularization terms for β and γ with λ1
and λ2 are the parameters. Different loss functions and
regularization terms can be used to efficiently predict the
classes of images.
In this paper, we use the quadratic hinge loss as:
loss(β T Hi γ, y i ) = max2 (0, 1 − β T Hi γ × y i )

(8)

The regularization term of β and γ are defined as:
ϕ(β) =∥ β ∥2
ψ(γ) =∥ γ ∥2

(9)

Problem 7 can be rewritten as:
I
∑

max2 (0, 1 − β T Hi γ × y i )

i=1

(10)

+ λ1 ∥ β ∥ +λ2 ∥ γ ∥
2

2

This problem can be solved with the alternative optimization strategy by fixing β/γ while optimizing for γ/β.
When β is fixed, γ can be optimized as:
γ =argminγ

I
∑
i=1
2

+ λ2 ∥ γ ∥

∂φ(.) ∑
=
2 × max(0, 1 − β T Hi γ × y i )
∂γ
i=1
I

∂{max(0, 1 − β T Hi γ × y i )}
×
+ 2λ2 γ
∂γ
∂{max(0,1−β T Hi γ×y i )}
= 0, if 1 − β T Hi γ × y i
∂γ
T
i
i
T
∂{max(0,1−β H γ×y )}
= −Hi βy i .
∂γ

where

max2 (0, 1 − β T Hi γ × y i )

(11)

(12)

< 0,

else
Similarly, when γ is fixed, β can be optimized as:
I
∑

max2 (0, 1 − β T Hi γ × y i )

i=1
2

(13)

+ λ1 ∥ β ∥
∑I
Let ω(β) = i=1 max2 (0, 1 − β T Hi γ × y i ) + λ1 ∥ β ∥2 ,
the gradient of ω(.) over β can be calculated as:
∂ω(β) ∑
=
2 × max(0, 1 − β T Hi γ × y i )
∂β
i=1
I

∂{max(0, 1 − β T Hi γ × y i )}
+ 2λ1 β
×
∂β
∂{max(0,1−β T Hi γ×y i )}
= 0, if 1 − β T Hi γ × y i
∂β
T
i
i
∂{max(0,1−β H γ×y )}
= −Hi γy i .
∂β

where

I
∑
i=1

[β, γ] =argmin[β,γ]

∑I
Let φ(γ) = i=1 max2 (0, 1 − β T Hi γ × y i ) + λ2 ∥ γ ∥2 ,
Problem 11 can be solved using gradient descent with the
gradient of φ(.) over γ is calculated as:

β =argminβ

C. Image class prediction

4

(14)

< 0,

else
We alternatively optimize for γ and β for a number
of times K or the decrement of the objective value of
Problem 10 falls below pre-defined threshold θ. We can
then use the learned γ and β for image class prediction
using Eq. 6. The computational costs of the gradients of
Eq.12 and Eq. 14 are of O(d1 × P Q). Since we alternative
optimize over β and γ, the overall cost of optimizing over
Eq. 10 is O(K × d1 × P Q), where K is the iteration
number. Since Problem 10 is not convex with β and γ,
the alternative optimization can only converge to a local
minimum. However, we experimentally found it is still able
to achieve satisfactory performances compared with other
baseline methods.
Algorithm 1 gives the procedures of the proposed bundled local features for image representation and classification. The advantages of the proposed bi-linear classifier
over other matrix based classifiers [6, 33] lie in two aspects.
On one hand, the proposed bi-linear classifier can be more
easily learned. Only two parameters (beta and gamma)
are needed to be learned. However, [33] tries to learn a
matrix instead. To reduce the degree of freedom, the rank
of the matrix is often restricted not being too large. Hence,
how to pre-define the proper rank of the matrix becomes
another problem. On the other hand, the proposed classifier
is also more robust to image variances. Instead of using
the features directly, we first bundle them together and
then select the discriminative features. The learned bi-linear
classifier tries to predict image class based on the selected
features.
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Algorithm 1 : The procedures of the proposed bundled
local features for image representation and classification.
Input:
Training images, M, Q, λ, λ1 , λ2 , maximum iteration
number M iter; stopping threshold θ.
Output:
The learned parameters β, γ;
1: for m = 1, ..., Q
2:
Bundling local features together and choose the
most discriminative one using Eq. 2;
3:
Concatenating the encoding parameters into matrix
form using Eq. 4;
4: end for Generate the final image representation using
Eq. 5.
5: for iter = 1, 2, ..., M iter
6:
Solve for the optimal γ while keeping β fixed by
solving Problem 11;
7:
Solve for the optimal β while keeping γ fixed by
solving Problem 13;
8:
Calculate if the change of objective value of Problem 10 falls below θ.
If not satisfied,
Go to Step 6;
else
Break, go to step 9.
9: return The learned parameters β, γ.

Fig. 2. Example images of the Flower-17 dataset (first row), Caltech-256
dataset (second row) and the PASCAL VOC 2007 dataset (third row).

IV. E XPERIMENTS
we conduct image classification experiments on the
Flower-17 dataset [29], the Caltech-256 dataset [30] and
the PASCAL VOC 2007 dataset [4]. We densely extract
local features with multiple scales. The minimum scale is
set to 16×16 pixels. The codebook size is set to 1,000 with
color SIFT features [20]. We train the classifiers in the onevs-all way and evaluate the performances by classification
rates on the Flower-17 dataset and the Caltech-256 dataset.
For the PASCAL VOC 2007 dataset, we use the average
precision for evaluation. For fair comparison, we use the
same experimental setup as other methods and use the
reported results for direct comparison. Figure 2 shows some
example images of the three datasets.
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TABLE I
P ERFORMANCE COMPARISON OF THE PROPOSED BUNDLED LOCAL
FEATURE FOR IMAGE CLASSIFICATION (BLF) WITH OTHER METHODS
ON THE F LOWER -17 DATASET.
Algorithm

Performance

LR-GCC [14]
Nilsback [29]
CSDL[31]
Xie [23]
KMTJSRC-CG [21]
LP-B [32]
Harr-SIFT [26]
Class Weighted [27]

91.52± 1.24
71.76± 1.76
72.65± 1.79
87.45± 1.13
88.90± 2.30
85.40 ± 2.40
90.15 ± 1.39
87.40± 0.40

BC-BLF
BLF
BLF-FV

89.47± 0.59
92.10± 0.74
95.83± 0.66

A. The Flower-17 dataset
This dataset has 17 different types of flowers. There
are 80 images for each class. Some of them are visually
similar which makes it hard to classify. We follow the data
splits by Nilsback and Zisserman [29] with 40/20/20 images
for train/validata/test respectively. We give the classification rate comparisons with other methods in Table 1. We
give the performance of the proposed BLF method when
fisher vector based feature encoding strategy is used (BLFFV). We also evaluated the performances of the BC [34]
method using the image representations of the proposed
BLF method (BC-BLF).
We can have three conclusions from Table 1. First, by
bundling local features, we can improve the performances
over both sparse coding and fisher vector based methods.
Second, compared with other local feature combination
method [26], the proposed method discriminatively chooses
the most suitable bundling shapes for image representation
which increases the separability of images. Third, by encoding the bundled local features more finely with fisher
vector, we can improve the classification rate over sparse
coding. The experimental results prove the usefulness of
the proposed BLF method.
B. The Caltech-256 dataset
The Caltech-256 dataset has 29,780 images of 256 classes. There are at least 80 images per class. We randomly
select 15/30/45 training images per class and use the rest
images for testing. This process is repeated for ten times.
We give the average of the classification rates for each class
and the performances of other baseline methods in Table 2.
We can have similar conclusions from Table 2 as from
Table 1. Compared with the methods which treat each
local feature independently [24, 30, 10], BLF can explore
the correlations of local features more thoroughly. Besides, BLF can also outperform sparse representation based
method [14]. Moreover, the bi-linear modeling of images
also helps to combine the spatial information of objects.
By using fisher vector for bundled local feature encoding,
we can represent images more discriminatively than sparse
coding. Compared with the matrix base representations
[6, 34] which treat local features independently, bundling
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TABLE II
P ERFORMANCE COMPARISONS OF BLF WITH OTHER METHODS ON
THE C ALTECH -256 DATASET.
15 images

SBLM [6]
KSPM [30]
KSPM [24]
ScSPM [24]
LR-GCC [14]
KC [10]
NBNN [16]
LLC [11]
LScSPM[15]
FV[25]
LR-GCC-FV [14]
BC [34]

35.60
−
23.34
27.73
39.21
−
30.45
34.36
30.00
38.5
41.39
33.83

BC-BLF
BLF
BLF-FV

37.49 ± 0.72
39.83 ± 0.41
42.60 ± 0.37

± 0.87
± 0.42
± 0.51
± 0.48

± 0.14
± 0.36
± 0.92

30 images
± 0.60

± 0.32
± 0.76

45.83 ± 0.56
48.39 ± 0.44
51.42 ± 0.39

49.86 ± 0.47
52.25 ± 0.38
56.18 ± 0.32

±
±
±
±

0.52
0.35
0.41
0.46

± 0.10

90

45 images
−
−
−
37.46 ± 0.55
−
−
−
45.31
38.54 ± 0.36
52.1
−
44.17 ± 0.58

42.93
34.10
29.51
34.02
45.87
27.17
38.18
41.19
35.74
47.4
49.13
40.58

100

80

Performances(%)

Methods
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Fig. 3. Performance changes with λ1 (solid line) and λ2 (dotted line)
on the Flower-17 dataset, the Caltech-256 dataset (30 images) and the
PASCAL VOC 2007 dataset (fisher vector).

them efficiently can incorporate more spatial and structural
information. The BC-BLF performs less satisfactory as the
proposed BLF method. We believe this is because the low
rank constraint cannot be well satisfied for each image.
Different parts of one image may be visually dissimilar
with each other. The experimental results on the Caltech256 dataset demonstrate the effectiveness of the proposed
BLF method.
C. The PASCAL VOC 2007 dataset
There are twenty classes (aeroplane, bicycle, boat, bottle, bus, bird, car, cat, cow, chair, dining table, dog,
horse, person, sheep, motorbike, train, potted plant, soft
and tv/monitor) of images in the PASCAL VOC 2007
dataset. There are often multiple objects on one image.
This dataset has more than 10,000 images with pre-defined
train/validate/test splits [4]. We combine the training set
and validation set for joint learning of classifiers. The
performance is evaluated on the test set. Table 3 gives the
performance comparison of the proposed method with other
methods.
We can see from Table 3 that the proposed method is
able to improve the accuracy over other local feature based
methods again. This is not only because we bundled local
features more finely but also because we select the most
discriminatively bundling shapes for image representation.
Besides, BLF is able to achieve larger performance improvements on animal classes than rigid objects. This is
because the relative deformations of animals are larger
than rigid objects. Since we model the correlations of
local features with over-complete shapes, it helps to cope
with this problem to some extent. We also evaluate the
performance of the proposed method when combined with
the convolutional neural network (CNN)[36] features (BLFCNN). We view each local region as an image and apply
it to the convolutional neural network to get the deep
activation features, as [46]. These extracted features of the
local regions are then bundled and selected for image representation and classification. We use the re-implemented
results of [36] for evaluation. We can see from Table 3 that

by combining more discriminative representation methods
(e.g. fisher vector and CNN) with the proposed bundling
strategy, we are able to further improve the classification
performances.
To evaluate the influences of λ1 and λ2 , we plot the
performance changes with λ1 and λ2 on the three datasets
in Figure 3. We can see from Figure 3 that the performances
vary for different parameters. For images with larger variations (e.g. PASCAL VOC 2007), less restriction is needed.
Besides, the best performances also vary for different λ2
and λ1 . Moreover, the performances are relatively stable
for different parameters which shows that the proposed
bundling scheme can effectively combine the discriminative
information for reliable classification.
V. C ONCLUSION
In this paper, we proposed a novel local feature bundling
method for image representation. We bundled local features
using over-complete shapes. The most discriminatively
bundling shapes were chosen by reconstruction error minimization. The resulting representations of all the bundling
strategies were then concatenated for final image representation. Bi-linear classifiers with quadratic hinge loss were
trained to predict image classes. We tested the performances
of the proposed BLF method for image classification on
three datasets and the results proved its effectiveness over
other local feature based methods.
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