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Abstract. In this work, we present a C++ implementation of object
categorization with the bag-of-word (BoW) framework. Unlike typical
BoW models which consider the whole area of an image as the region
of interest (ROI) for visual codebook generation, our implementation
only considers the regions of target objects as ROIs and the unrelated
backgrounds will be excluded for generating codebook. This is achieved
by a supervised mean shift algorithm. Our work is on the benchmark
SIVAL dataset and utilizes a Maximum Margin Supervised Topic Model
for classification. The final performance of our work is quite encouraging.

1 Introduction

In the past decade, the bag-of-words (BoW) model, which originated from nat-
ural language processing and information retrieval, has been well recognized
as a state-of-the-art method in various visual classification tasks. It has been
adopted and proved to work surprisingly well in various applications, e.g., ob-
ject categorization [1], scene classification [2][3], action recognition [4], human
pose estimation [5], visual recognition [6] and so on. In this work, we present a
C++ implementation of the BoW model which follows the classic steps:

1. Feature extraction.
2. Codebook generation.
3. Feature coding and pooling.
4. Classification.

In codebook generation step, traditional approach often considers the whole area
of an image as the region of interest (ROI) and uses clustering to generate the
visual words. This may be all right when the whole image area contains available
clues, e.g., in natural scene classification. However, for many other applications,
e.g., object categorization which involves determining whether or not an image
contains a specific category of objects, only the regions of target objects are ROIs
and the backgrounds are noise. In this case, traditional approach will cause that
many noise words from background are included in the final codebook. Those
noise words will degrade the later classification especially when the backgrounds
of images in the training dataset are quite similar. To address this issue, we
develop a new clustering, supervised mean shift, which can generate codebook
from the target object areas in an multiple-instance learning manner.
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In classification, we utilize the maximum entropy discrimination latent Dirich-
let allocation (MedLDA) [7] that has been reported being comparable with or
outperforming other LDA-based methods [7] and SVMs (with limited or medium
scale of training data) [8].

In addition, we save the output of each of the steps and such output is the
input for next step. Therefore, every step of the BoW model can be checked and
verified. A sample experiment of object categorization is conducted on SIVAL
dataset (obtained from http://www.cse.wustl.edu/accio/ ) and accuracy is quite
encouraging.

2 The BoW Implementation

Our implementation is modularized and each of the steps can be extended easily.

2.1 Feature Extraction

Feature extraction is to get visual words from the images. Our demo provides
sparse and dense feature extractions. For spare feature extraction, we use Rob
Hess’s SIFT [9] implementation1 to get the visual words for each image. Each of
the SIFT descriptors is a visual word. Similarly, for dense feature extraction, we
implement the HOG [10] to get visual words. The step length of HOG scanning
window is decided by users. The extracted visual words for each image form a
matrix. Each column of the matrix represents a words and such matrix is stored
by means of an XML file.

2.2 Codebook Generation

In this step, we firstly generate codebook for every single category, then combine
all the category codebooks into the final codebook. To cluster all the visual words
in a category, we treat the visual words extracted from the images containing
target object as positive data and visual words extracted from other images as
negative data, then utilize a supervised mean shift [11] to generate the category
codebook. The final codebook is generated by combining all the category code-
books and saved as a matrix (columns are words) through an XML file. Here,
X = {x1,x2, . . . ,xM} denotes the final codebook.

2.3 Feature Coding and Pooling

Our goal of this step is to convert an image I into a new feature vector W for
training classifiers. Here, I = {v1,v2, . . . ,vN}, and vi is an extracted visual
word. W = {w1, w2, . . . , wM}, and wi represents the frequency of codebook’s i-
th word xi that occurs in the image I, and M is the size of codebook. Our demo
provides two schemes for feature pooling and users can choose either scheme
according to the natures of training datasets.

1 Codes are downloaded from http://blogs.oregonstate.edu/hess/code/sift/



Object Categorization Based on a Supervised Mean Shift Algorithm 613

1. Sum scheme:

wi =

N∑

j=1

Kσ (D(vj ,xi)) (1)

2. Max scheme:

wi = max (Kσ (D(v1,xi)) , . . . ,Kσ (D(vN ,xi))). (2)

In (1) and (2), Kσ is a normalized kernel and D(v,x) is the distance between v
and x.

2.4 Classification

In the classification step, we use a topic model, maximum entropy discrimination
latent Dirichlet allocation (MedLDA) [7], which has been reported outperforming
other LDA-based methods. To generate the document data, we first calculate
the feature vector W for each image I using previous steps, then we multiply
W with a integer M (the size of the codebook) and round up all the entries of
M ·W , finally, all the document data are fed into the MedLDA model to train the
parameters of this topic model. The classification results are stored in a text file
showing the classification accuracy of the classified labels against ground truth.

3 Demo Performance on SIVAL Dataset

We test our demo on the benchmark SIVAL dataset. SIVAL dataset includes
25 different image categories with 60 images for each category. The categories
consist of images of single objects photographed against diverse backgrounds.
The objects may occur anywhere spatially in an image and also may be pho-
tographed at a wide-angle or close up. To save the running time, we adjust the
image size to 300 pixels and keep the height ratio.

In feature extraction, we detect SIFT key points as the visual words and each
word is represented as a 128-d vector. In codebook generation, we use supervised
mean shift. We also use K-means to generate the codebook for experimental com-
parison. In feature coding and pooling, we choose the Max Scheme to generate

Table 1. Classification accuracy (in %) comparisons among different methods over 30
runs on the SIVAL. Our demo using supervised mean shift outperforms most methods
except GMIL. However, GMIL utilized the manual segmentation information and our
demo does not need segmentation but detects interest points automatically.

Demo Sa Demo Kb GMIL
[12]

RMISSL
[13]

ACCIO!
[16]

ACCIO!+EM
[13]

SIMPLIcity
[14]

SBN
[15]

Average 78.6 51.1 82.0 74.8 74.6 50.3 57.9 53.9

a Our demo with Supervised Mean Shift for codebook generation
b Our demo with K-means for codebook generation
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the features for images. Finally, the MedLDA model is learned for multi-class
classification. We repeatedly conduct experiments for 30 runs on the 25-category
dataset. The average of the experimental results are compared with other state-
of-the-art works on the same dataset. The comparison methods include GMIL
[12], RMISSL [13], SIMPLIcity [14], SBN (Single-bolb with Neighbors) [15], aC-
CIO! [16] and ACCIO!+EM [13]. Table 1 indicates the accuracy comparison
among different methods over 30 runs on the SIVAL dataset.

4 Conclusion

In this paper, we have described an C++ implementation of BoW for visual
categorization. Our implementation is highly modularized and can be easily
extended. The experiments have showed that our implementation is comparable
with the state-of-the-art methods.
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