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Abstract. The context of objects can provide auxiliary discrimination
beyond objects. However, this effective information has not been fully ex-
plored. In this paper, we propose Tri-level Combination for Image Repre-
sentation(TriCoIR) to solve the problem at three different levels: object
intrinsic, strongly-related context and weakly-related context. Object in-
trinsic excludes external disturbances and more focuses on the objects
themselves. Strongly-related context is cropped from the input image
with a more loose bound to contain surrounding context. Weakly-related
one is recovered from the image other than object for global context.
First, strongly and weakly-related context are constructed from input
images. Second, we make cascade transformations for more intrinsical
object information, which depends on the consistency between generated
global context and input images in the regions other than object. Finally,
a joint representation is acquired based on these three level features. The
experiments on two benchmark datasets prove the effectiveness of Tri-
CoIR.
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1 Introduction

Object categorization has stimulated many researches in areas of feature extrac-
tion and image representation. Sometimes the information produced by objects
themselves provides enough discrimination to unambiguously categorize the ob-
jects, which we call object-centered. Yuning Chai et al.[1] automatically segment
out the most class-discriminative foregrounds for each image and ultimately
use those foreground segmentations for the categorization system. They demon-
strated that accurately segmenting objects from images could directly translate
into an increase in accuracy of categorization task. These object-centered rep-
resentations use exclusive object intrinsic features for performing visual tasks.
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Fig. 1. Images from two different categories. Purely relaying on flowers themselves but
ignoring the root and stem, the red/dashed could be classified as one class. But in fact,
the left represents colts’ foot and the right red/solid is dandelions. It is best viewed in
color.

Under such conditions, the visual categorization could relay exclusively on in-
trinsic object features and ignore any other information.

However, sometimes purely object-centered representations are not enough
for the reliable object categorization performance, as the Fig. 1 illustrates. Usu-
ally, the objects may only occupy a portion of the images, so context information
introduced by the rest area of the image should be well utilized. Besides, there
are strong relationships between the context and the objects themselves in the
real world. For example, given the picture sky, what we think about is a bird
rather than car; conversely, if we are given the road, the first flashed in our mind
is the car instead of bird. Different parts of images should serve different roles
for the categorization. The object intrinsic of course plays a key factor, while
other information is also helpful for the categorization process. Even when ob-
jects can be identified via intrinsic information, context information can simplify
the object discrimination based on the locations and features that need to be
considered.

In the light of all these evidence, it is natural to investigate the combina-
tion of context information and the objects themselves for better categorization
performance. Moreover, deep convolutional neural networks(CNNs) have gained
tremendous attention due to powerful performance in 2012 Large Scale Visual
Recognition Challenge(ILSVRC)[2]. The structure of CNNs simulates the hu-
man perception system, which can learn more discriminative features than hand-
designed low-level features. There is no doubt that CNNs is the preferred feature
extraction system.
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Fig. 2. An illustration of the modules for TriCoIR. With the effective combination
of intrinsic object, strongly-related context and weakly-related context, the joint image
representation is discriminative for categorization.

In this paper, with the support of deep features, We propose a method called
TriCoIR for Tri-level Combination for Image Representation, which respectively
correspond to object intrinsic, strongly-related context and weakly-related con-
text. Our goal here is to use such a scheme to combine object intrinsic with
sufficient context in object representations and to demonstrate their roles in fa-
cilitating individual object categorization. Fig. 2 shows the framework of our
method TriCoIR. First, we process the input image for strongly-related and
weakly-related context. Second, a binary image is converted from the input
based on the regions whether contain the object or not. In order to exclude
external disturbances, we continue to translate the binary for a more discrimi-
native object intrinsic. Finally, these three level features are combined for joint
image representation. The effectiveness of TriCoIR is verified for high level ob-
ject categorization. The accuracy results on various datasets are promising and
outperform over many baseline methods.

2 Related work

Categorizing objects in an image requires to combine many different signals from
the raw image data. There are strong relationships between the context and the
objects themselves in the real world. Visual system makes extensive use of these
relationships for facilitating different visual tasks, suggesting that it usually first
processes context information in order to index object properties. Sometimes the
analysis of intrinsic object information alone cannot yield very reliable results. In
such circumstances, available context appears to play a major role in enhancing
the reliability of categorization.

The role of context in object categorization has become an important topic
due to the psychological basis of context in the human visual system[3]. It is es-
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sential to make use of contextual information for visual categorization. Heitz and
Koller[4] showed that spatial context information is useful for detecting objects.
Galleguillos et al.[5] proposed an algorithm that uses spatial context information
in image categorization. They pointed out that semantically important contexts,
such as object co-occurrence, and particular object spatial relations are helpful
for image categorization. Further, Nguyen et al.[6] and Bilen et al.[7] explicitly
mentioned that some degree of context information(like road for cars) needs to
be included into the detected object bounding box for better performance. The
context information described in these papers is strongly-related context we pro-
posed. Strongly-related context can provide more relevant information for the
categorization of an object, particularly when there are strong similarities among
different objects.

What we consider another is weakly-related context, which can be regarded
as global information. It has been proved in [8] that the global context can often
provide valuable discrimination for representation. Russakovsky et al.[9] first in-
ferred that the location of the object of interest and then pooled low level features
separately in the foreground and background to form the image-level represen-
tation. The background could be regarded as the weakly-related context. They
proved that the foreground-background feature representation would provide
more stronger performance than its foreground-only counterpart. So effective
modeling to this weakly-related context is necessary for better categorization
performance, which could contain important cues to support the discrimination.

Recently, the revival of interest has turned to CNNs, which is triggered by
the theory of CNNs can learn rich mid-level image representations. A fundamen-
tal issue with these methods is how to generate an image representation from
CNNs. Some methods[10, 11] directly trained a convolutional network on input
raw image data and extracted deep features from object level representation.
We make cascade transformations to the input image in order to avoid the in-
terference caused by disturbing factors. We hope to capture a more expressive
representation from the translated object intrinsic.

3 Tri-level Combination for Image Representation

We have generated a full wish list of the joint representation between the intrinsic
object and context information. In designing our approach, besides the objects
themselves, we construct the strongly-related context and weakly-related one
which could be reliably learned given the available image. Also, in order to
get a more intrinsical object information, we make a translation to the input
image. Based on these correlated and sufficient information, we can learn a
discriminative image representation for various applications. Fig. 2 clearly shows
our modules for image representation.

Before we set forth our method, we make some definitions for the symbols
that would be used later. I represents the input image and Io is the object. Ic is
the corresponding context, which consists of strongly-related one Is and weakly-
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related one Iw. In addition, we use the Ii to denote the translated intrinsic
object.

3.1 Context extracting and construction

Usually, the objects Io may only occupy a portion of the images. In order to ob-
tain better discrimination, context information in the rest area of images should
be well utilized. We mainly consider two aspects: one is the strongly-related
context Is and the other is the weakly-related one Iw, as Fig. 3 and 4 show.

Strongly-related context can provide us with abundant semantic infor-
mation. For example, a car drives on the road, a sofa is indoors, etc. This kind
of co-occurrence is helpful for effectively recognizing objects. We try to retain
the co-occurrence and represent it as one kind of image features.

We cut image with a loose bound to retain the object and contain corre-
lated context information, which highlights the object itself, but reserves some
strongly-related context information at the same time.

Weakly-related context and object often have strong relationships in the
real word. Different objects often appear in different scenes. For example, a car
could not appear in the sky or the sea. Capturing this specific global context
can further improve the discrimination.

We cut image with a more tight bound to separate the object from back-
ground, but here the incomplete image without object is what we retain. Then
we adopt a technique called “inpainting” to recover the weakly-related context
from the damaged background image.

3.2 Intrinsic modeling and representation

Even though we emphasize that the context information Ic is helpful for object
categorization, the object Io still plays the key role. Considering we have ex-
tracted sufficient context in the section 3.1; this section the focus is shifted to
the object itself. Instead of discretely applying the input image I or the object
image Io, we make use of the previous Is and Iw to translate another intrinsic
image Ii.

Due to the influence of camera, shooting and other factors in the photographic
process, there exists unpredictable noise in the image. What we need is the more
expressive representation for identified image. In order to avoid disturbance and
capture a more intrinsical object information, we make cascade transformations
to the image I.

First, we construct a binary conversion to the original image I, which means
translating I to a binary image, we call it Ib.

Iijb =

{
255, if Iij ∈ Ro

0, if Iij /∈ Ro
(1)
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Ro is the region that consists of the object. The result Ib removes all the back-
ground information, but it is so coarse that can just depict the outline of the
object. Next we continue to translate for a more finer intrinsic information.

The second transformation is defined as Equation 2 shows:

Ii = Ib + Iw − I (2)

Iw is the recovered from the image I which cut out the region Ro. It should
have the same disturbance as the image I other than Ro. Ib retains the outline
region about the object. The difference avoids the interference outside and more
focuses on the intrinsic of object itself.

3.3 Multiple fusing and categorization

So far, we have got both strongly and weakly-related context besides more in-
trinsical object information. We hope to learn discriminative representation for
the input image.

CNNs have gained a huge success in a wide range of fields. It can extract
more effective feature than hand-crafted descriptors. We apply the widely used
Caffe[12] framework as our reference, copy the original parameter trained in
tremendous databases, and separately retrain three more targeted networks for
Is, Iw and Ii. We use the combination of these three level deep features for our
joint image representation.

In order to verify the effectiveness of our method, we apply TriCoIR on
high-level visual categorization task. Given t labeled images (xi, yi)

t
i=1, where

xi denotes the ith image and yi ∈ {1, 2, . . . , t} is its label. Each sample xi is
consisted of three kinds of deep features learned from Is, Iw and Ii. We aim to
learn a mapping model from xi to yi.

Support vector machine(SVM) is a classical classifier which is based on max-
imization of the margin around the hyperplane wTx+ b that separates samples
of the different classes. The maximization of the margin is defined as:

{ω∗, b∗, ξ∗} = arg min
ω,b,ξ

1

2
‖ω‖2 + C

m∑
i=1

ξi

s.t. yi(ω
Txi + b) ≥ 1− ξi, ξi ≥ 0, (3)

In this soft-margin SVM, ξi is a penalty for misclassification or classification
within the margin. Parameter C sets the weight of this penalty. We classify the
images to category with the highest probability.

4 Experiment

In this section, we construct experiments to verify the effectiveness of TriCoIR
for object categorization. We apply the proposed approach for visual categoriza-
tion on two datasets, e.g. Caltech-UCSD Birds 200[13], i.e. CUB 200, and the
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Oxford Flowers 17[14], i.e. Flower 17. We use the top fully connected layer of
the retrained network as our feature vectors, which is 4096 dimensions. Three
4096-D feature vectors are extracted for Is, Iw and Ii, and then are combined
for the joint image representation.

Fig. 3. Example images in CUB 200.

4.1 CUB 200

CUB 200 is a dataset that contains 11,788 images of 200 bird subordinates. 5994
images are used for training and 5794 for testing. Many of the species in CUB
200 exhibit extremely subtle differences. It is sometimes even hard for humans
to distinguish because of the large intra-class variance and small inter-class one.
Fig. 3 respectively shows the input image and the three level images on the
CUB 200. Table 1 reports the result of TriCoIR compared to other performing
baselines on this dataset.

Sift+Color+SVM in the Table 1 represents a combination of traditional fea-
ture extractor and classifier. Our accuracy is much better at a large margin by

Method Mean accuracy(%)

Sift+Color+SVM[15] 17.30
Random Forest[16] 19.20

Hierarchical Matching[17] 19.20
Multi-cue[18] 22.40

TriCos[1] 26.70
BubbleBank[19] 32.80

Kernel Descriptors[20] 42.53
Template matching[21] 43.67

Deformable Part Descriptors[22] 51.00

TriCoIR 61.43

Table 1. Categorization result in CUB 200
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Fig. 4. Example images in flower 17.

61.43% vs 17.30%. This implies the effectiveness of our tri-level deep features.
Another method BubbleBank[19] learns attributes, parts and object detectors,
and then uses their responses for classification. Compared to BubbleBank, Tri-
CoIR takes more consideration on the context information and intrinsic feature
extraction. Random Forest proposed by Yao et al.[16] makes use of bounding
box to let each tree node learn the location of the most discriminative features.
Information of different locations is then pulled together for the final decision.
They take into fully account the intrinsic of object but ignore the related context
information, which results in a drop in performance.

TriCoIR makes full use of context information and further makes a reasonable
modeling on intrinsic object. With the combination of tri-level deep features,
we acquire a discriminative image representation and verify the effectiveness as
Table 1 shows.

4.2 Flower 17

Flower 17 is a database of 17 categories with 80 flower images per category. The
dataset is made of 3 predefined random splits and each split consists in 3 sets:
training(40 images per class), validation(20 images per class) and test(20 images
per class). There are both large intra-category variance owing to appearance
variations and small inter-category variance owing to partial appearance simi-
larities between categories. Fig. 4 illustrates the different level images on this
dataset.

Table 2 shows the results of different methods on the flower 17 dataset. It is
worth mentioning that although using the representation in this paper leads to
an improved performance compared with previous methods, there are still some
diclassification because of the similarities between categories. Fig. 5 shows some
examples of disclassification.

5 Conclusion

TriCoIR described in this paper provided a joint representation from three levels,
i.e. object intrinsic, strongly-related context and weakly-related context. The
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Method Mean accuracy(%)

CG-Boost[23] 84.8
Multiple Kernel Learning(avg)[23] 84.9

Multiple Kernel Learning(SILP)[23] 85.2
Multiple Kernel Learning(Simple)[23] 85.2

Linear Programming-B[23] 85.4
Multiple Kernel Learning(prod)[23] 85.5

Augmented Kernel Matrix[24] 86.67
Multiple Kernel Learning(FDA)[25] 86.70
NonlinearProgramming − β[26] 87.90

Nonlinear Programming-B[26] 87.80
NonlinearProgramming − νMC[26] 87.80

TriCoIR 94.68

Table 2. Categorization result in Flower 17

Fig. 5. Examples of misclassifications in Flower 17.

aim is to leverage the object and context for effective image representations.
First, we converted the input image for strongly-related and weakly-related con-
text. Second, instead of directly extracting features from objects themselves, cas-
cade transformations were made to exclude external disturbances. Third, these
three level deep features were respectively extracted and then combined for joint
representation. Last but not least, we verified the effectiveness of TriCoIR in con-
junction with categorization system, improved performance was achieved over
previously published results.
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