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Abstract. The use of local features has demonstrated its effectiveness for many 
visual applications. However, local features are often extracted with gray 
images. This ignores the useful information within different color channels 
which eventually hinders the final performance, especially for fine-grained 
image classification. Besides, the semantic information of local features is too 
weak to be applied for high-level visual applications. To cope with these 
problems, in this paper, we propose a novel fine-grained image classification 
method by using color exemplar classifiers. For each image, we first decompose 
it into multiple color channels to take advantage of the color information. For 
each color channel, we represent each image with a response histogram which 
is generated by exemplar classifiers. Experiments on several public image 
datasets demonstrate the effectiveness of the proposed color exemplar classifier 
based image classification method. 

Keywords: Color space, exemplar classifier, fine-grained image classification, 
structured regularization. 

1 Introduction 

Recently, fine-grained image classification becomes more and more popular, such as 
flower classification [1, 2] and bird classification [3]. The goal of fine-grained image 
classification is to separate images of a basic-level category. Although related with 
generic image classification, fine-grained classification pays more attention to 
separate highly similar images which are with subtle differences [4]. The traditional 
bag-of-visual-words (BoW) model often fails to solve this problem. This is because 
gray image is used for local feature extraction which ignores the discriminative 
information within different color spaces. For example, to classify flower images in  
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Fig. 1. The white daisy can be easily separated with yellow dandelion by color. However, it is 
relatively more difficult to separate them by using shape features such as SIFT.   

Figure 1, the white daisy can be easily separated with yellow dandelion by color. 
However, it is very difficult to separate them by using local shape features such as 
SIFT. The same thing also happens when classifying different birds [3].  

To combine the color information, researchers have proposed many color based 
features [5-8]. Weijer et al. [5] analyzed the error propagation to the hue 
transformation and weighted the hue histogram with its saturation. To combine the 
statistical information of different colors, Mindru et al. [6] defined the generalized 
color moments. Bosch et al. [7] used the HSV color model and extracted SIFT 
features over the three channels which results in a 3 × 128 dimensional vector.  
However, this vector has no invariance properties which limit its discriminative 
power. The OpponentSIFT is generated in a similar way by Sande et al. [8] by 
transforming images into the opponent color space. One problem with these color 
based descriptors is that they treated the color space jointly without considering the 
differences within different color spaces. We believe this information should be used 
to boost the classification performance. 

Besides, local features carry little semantic information which is often not 
discriminative enough for visual classification.  To generate more semantically 
meaningful representation, many works have been done [9-14]. Some researchers [9-
12] tried to generate a semantic space with all the training images. Rasiwasia and 
Vasconcelos [9] proposed a holistic context models for visual recognition. By 
defining each class as the group of database images labeled with a common semantic 
label, Carneiro et al. [10] proposed a probabilistic formulation for image annotation 
and retrieval which is conceptually simple and do not require prior semantic 
segmentation of images. Yao et al. [11] proposed a discriminative feature mining 
method and trained random forest with discriminative decision trees to incorporate the 
region semantic information and achieved good results. Li et al. [12] proposed the 
Object Bank which represented an image as a response map of generic object 
detectors. Other researchers [13-15] made use of exemplar image separately. Sparsity 
constraint [16] is also used by researchers. Malisiewicz et al. [13] proposed to 
ensemble exemplar SVMs for object detection and achieved comparable results with 
the state-of-the-art methods.  Zhang et al. [14] used supervised semantic 
representation for scene classification. Although proven effective, these methods also 
ignored the color information. If we can combine this semantic based image 
representation with color information, we will be able to representation images more 
discriminatively and eventually improve the image classification performance.  
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Fig. 2. Flowchart of the proposed method 

In this paper, we propose a novel fine-grained image classification method using 
the color exemplar classifiers. For each channel, we first decompose each image into 
different color channels (e.g. RGB, HSV). Then we extract SIFT local features and 
use the sparse coding along with max pooling technique to represent images of this 
channel. Exemplar SVM classifiers are trained and we use the outputs of each 
exemplar classifier as the final image representation for this channel. Each image is 
represented by concatenating the final image representation of all color channels. 
Experimental results on several public datasets demonstrate the effectiveness of the 
proposed method. Figure 2 gives the flowchart of the proposed method. 

The rest of this paper is organized as follows. Section 2 gives the details of the 
proposed color exemplar classifier based fine-grained image classification method. 
We give the experimental results and analysis in Section 3. Finally, we conclude in 
Section 4. 

2 Color Exemplar Classifier Based Fine-Grained Image 
Classification 

In this section, we give the details of the proposed color exemplar classifier based 
fine-grained image classification algorithm. We first decompose images into multiple 
color channels. For each channel, exemplar classifiers are trained and we use the 
output of these exemplar classifiers for image representation. We then concatenate the 
image representation for each channel as the final image representation. Finally, we 
learn one-vs-all SVM classifiers to predict the categories of images. 

2.1 Color Channel Decomposition and Local Feature Extraction 

The color information plays an important role for visual application. The traditional 
BoW model often extracts local features on gray images without considering the color 
information. Besides, the state-of-the-art color descriptors [5, 8] jointly consider the 
color spaces without making good use of the information within each color channel. 
Figure 3 shows an example of this problem. Different color channels review different 
aspects of the images and should be treated separately.  

To make full use of the color information as well as take advantage of different 
color channels, we propose to first decompose images into different color channels, 
such as RGB, HSV. For each channel, we extracted SIFT features and use these 
features to represent images. This is different from traditional color descriptors [5, 8] 
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which concatenate the local features of all the color channels to form a long 
descriptor. We treat each channel separately to preserve the discriminative 
information of each color channel. Besides, to represent images for each channel, we 
use the popular sparse coding with max pooling strategy [17] as it has been proven 
very effective. In this way, we are able to combine the color information for better 
image representation which will eventually help to improve the final image 
classification performance.  

 

Fig. 3. The decomposition of one image into different color channels (RGB, HSV).  It is best 
viewed in color. 

2.2 Image Classification with Color Exemplar Classifier 

After representing images for each channel, we are able to take advantage of this 
color representation. However, the local feature carries little semantic information. To 
get a more semantic image representation, we use the exemplar classifier based 
method.  For each color channel, we train exemplar classifier for each image and use 
the output of these exemplar classifiers as the new image representation. We choose 
linear SVM as the exemplar classifier. This is because it is very effective and 
computational efficient.  

Formally, let 1
, , 1,2,..., , 1, 2,...,k M

i jp i N j×∈ = =   , 1, 2,...,M k K=  be 

the predicted values of the i -th image with the j -th class of the k -th color 

channel, where N  is the number of training images and M  is the number of 

training image categories, K  is the number of color channels. For color channel k , 

the exemplar classifier based image representation is ,1 , ,[ ;...; ;...; ]k k k k
i i i j i Mh h h h= . 

To combine the image representation of multiple color channels, we concatenate the 
k
ih  for each channel k , where 1,2,...,k K= , as 1 2[ , ,..., ]K

i i i ih h h h=  for the  

i -th image.  
To predict the categories of images, we use the one-vs-all strategy and train linear 

SVM classifiers. Let {1, 2,..., }iy Y M∈ =  be the corresponding labels of image 

i , we try to learn M  linear functions such that:  
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Fig. 4. Example images of the Oxford Flower 17 dataset 

max T
c Y cy w h∈=                                  (1) 

This is achieved by solving the following optimization problem as: 

2

1
min ( , , )

c

N

w c c i ii
w w y hλ

=
+                   (2) 

Where ( )•  is the loss function. We choose to use the quadratic hinge loss as the 

loss function which has the form of: 

2( , , ) [max(0, 1)]T
c i i c i iw y h w h y= −               (3) 

We adopt the LBFGS algorithm [17] to solve the optimization problem (2). After 
learning the classifier parameters, we are able to predict the image categories with Eq. (1). 

3 Experiments 

We conduct experiments on the Oxford Flower datasets [1, 2] and the Scene-15 
dataset [18] to evaluate the performance of the proposed color exemplar classifier for 
fine-grained image classification method.  We densely extract local features of 
16×16 pixels with an overlap of 6 pixels. The RGB, HSV, C-invariant, and opponent 
color spaces are used, as [8] did. To combine the spatial information, the spatial 

pyramid matching (SPM) approach [18] is adopted with 2 2 , 0,1,2l l l× = . The 

codebook size is set to 1,024 for each channel. Sparse coding with max pooling [17] 
is used to extract the BoW representation of images for each channel. The one-versus-
all rule is used for multi-class classification. We use the average of per-class 
classification rates as the quantitative performance measurement method. This 
process is repeated for several times to get reliable results.  
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Table 1. Performance comparison on the Oxford Flower 17 dataset 

Methods Performance 
Nilsback and Zisserman [1] 71.76 ± 1.76 

Varma and Ray [19] 82.55 ± 0.34 
LP-B [20] 85.40 ± 2.40 

KMTJSRC-CG [21] 88.90 ± 2.30 
Ours 91.53 ± 1.39 

3.1 Oxford Flower 17 Dataset 

The first flower dataset we consider is a smaller one with 17 (buttercup, colts’ foot, 
daffodil, daisy, dandelion,  fritillary, iris, pansy, sunflower, windflower, snowdrop, 
lily valley, bluebell, crocus, tigerlily, tulip and cowslip) different flower categories 
[1]. This dataset has 1,360 images with 80 images for each class. For fair comparison, 
we follow the same experimental setup as [1] did and use the same 
training/validation/test (40/20/20) split. Figure 4 shows some example images of the 
Oxford Flower 17 dataset.  

We compare the proposed color exemplar classifier based image classification 
method with [1, 19-21]. Nilsback and Zisserman [1] tried to learn the vocabularies for 
color, shape and texture features respectively. Varma and Ray [19] chose the most 
discriminative features by optimization. A boosting procedure is used by Gehler and 
Nowozin [20] to combine multiple types of features while Yuan and Yan [21] 
combined multiple types of features using a joint sparse representation approach.   

Table 1 gives the performance comparison results.  We can see from Table 1 that 
the proposed color exemplar classifier based image classification method outperforms 
other methods. This demonstrates the effectiveness of the proposed method. By 
combining color information per color channel, we are able to use the color 
information more efficiently. The effectiveness of considering each color channels 
separately can be seen from Table 1. The proposed method outperforms KMTJSRC-
CG [21] by about 2.7 percent while [21] treated different color channels jointly. 
Besides, the use of exemplar classifier based semantic representation helps to 
represent image with more semantically meaningful histogram which helps to 
alleviate the semantic gap. 

3.2 Oxford Flower 102 Dataset 

The Oxford Flower 102 dataset is an extension of the Oxford Flower 17 dataset, 
hence is more difficult to classify than the Flower 17 dataset. This dataset has 8,189 
images of 102 classes. Each class has 40-250 images. For each class, we use 10 
images for training, 10 images for validation and the rest for testing, as [2] did for fair 
comparison. Figure 5 shows some example images of the Oxford Flower 102 dataset.  
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Fig. 5. Example images of the Oxford Flower 102 dataset 

Table 2. Performance comparison on the Oxford Flower 102 dataset 

Methods Performance 
Nilsback and Zisserman [1] 72.8 

KMTJSRC-CG [21] 74.1 
Ours 76.3 

 
We compare the proposed color exemplar classifier based image classification 

method with [1, 21]. Table 2 gives the quantitative comparison results. We can have 
similar conclusions as on the Oxford Flower 17 dataset. The proposed color exemplar 
classifier based method outperforms the baseline methods [1, 21]. This again shows 
the effectiveness of the proposed method. As the Flower 102 dataset has more flower 
classes and large inter-class variation, a well chosen image representation is vital for 
the final image classification. This problem can be solved by using the proposed color 
exemplar classifier based representation hence helps to improve the classification 
performance. 

3.3 Scene-15 Dataset  

The last dataset we consider is the Scene-15 dataset [18]. This dataset consists of 15 
classes of images (bedroom, suburb, industrial, kitchen, livingroom, coast, forest, 
highway, insidecity, mountain, opencountry, street, tallbuilding, office and store). Figure 
6 shows some example images of this dataset. Each class has different sizes ranging 
from 200 to 400 images with an average of 300×250 pixel size. For fair comparison, 
we follow the same experimental procedure as [18] and randomly choose 100 images 
per class for classifier training and use the rest of images for performance evaluation.  

We give the performance comparison of the proposed method with [17, 18, 22, 23, 24] 
in Table 3. We can see from Table 3 that the proposed method outperforms the baseline 
methods.  Compared with exemplar based method [24], the use of color information 
can further improve the semantic representativeness of the exemplar based methods. 
These results demonstrate the proposed method’s effectiveness.  
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Fig. 6. Example images of the Scene 15 dataset 

Table 3. Performance comparison on the Scene 15 dataset 

Methods Performance 
SPM [18] 81.40 ± 0.50 
SPC [23] 81.14 ± 0.46 

ScSPM [17] 80.28 ± 0.93 
KC [22] 76.67 ± 0.39 

WSR-EC [24] 81.54 ± 0.59 
Ours 83.75 ± 0.52 

4 Conclusion 

This paper proposes a novel fine-grained image classification method using color 
exemplar classifiers. To combine the color information, we decompose each image 
into different color channels. We also train exemplar SVM classifiers for each 
channel and use the output of exemplar classifiers as the image representation for this 
channel to take advantage of the effectiveness of semantic based image 
representation. The final image representation is obtained by concatenating the 
representation of different channels. Experimental results on the Oxford Flower 17 
and 102 datasets and the Scene-15 dataset demonstrate the effectiveness of the 
proposed method.  

In our future work, we will consider how to encode the local features with smooth 
constraints [25, 26].  
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