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Abstract: Due to the recent and fast diffusion of new 

digital devices (digital cameras, camera cell phones, 

internet), the number and size of image databases is 

dramatically increasing. Managing such databases is 

an important issue, for professional databases (e.g. 

from photo agencies) as well as for personal collections. 

Image classification and retrieval are therefore 

becoming more and more challenging. Discriminant 

image descriptors and robust classifiers are needed to 

handle these tasks. Nowadays approaches generally 

rely on describing images as a set of elementary and 

independent image patches called visual words [15], 

then using a classical classifier such as Support Vector 

Machines [6]. In this paper, we propose a more precise 

description of images, called visual sentences, that 

includes simple spatial information between visual 

words. We then propose a classification technique 

based on language modeling. This classifier can exploit 

the spatial information of the visual sentences. 

Experiments on two classical datasets show that our 

classification method clearly outperforms the state-of-

the-art SVM classifier. 
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1 INTRODUCTION 

Image databases are getting bigger and more complex 

since numerical technologies (internet, digital cameras…) 

have become widespread. We therefore need new 

algorithms to manage these databases, and especially to 

perform the tasks of image classification and retrieval. 

These algorithms must be efficient, in order to handle 

huge databases with an acceptable computation time, as 

well as effective, in order to perform well even in the case 

of images with a varied content. 

The aim of image classification, is, when given a set of 

categories (e.g. people, cars, horses…) and an image 

whose content is unknown, to tell automatically which 

category the image belongs to. Supervised machine 

learning techniques are usually used for this task: using 

sample images of each category (called the training data), 

such algorithms assign to an unknown image the category 

whose samples are the most similar to it. The standard 

scheme of supervised image classification systems is 

shown in Figure 1. Except from the need for training data, 

the critical parts of these systems are: 

• image description: the descriptors must be reliable 

enough to differentiate images with different contents, 

and robust enough to allow the matching of images 

with similar content, in spite of changes in position, 

luminosity, rotation or scale. 

• classifier: the classifier must generalize well from 

training data to unknown images and properly take 

into account the information available in the descriptor. 

 

 
Figure 1: n-class image classification 

1.1 Image descriptors 

We usually classify image descriptors in two categories, 

global descriptors and local descriptors: 

• global descriptors: they represent some aspects of the 

whole image, basically color (e.g. color histograms) or 

texture (e.g. Gabor filter banks). They can be 

computed very quickly but they only weakly describe 

images. First, since they are computed on the whole 

images, the description lacks precision and may 

change sharply due to changes in the background. 

Moreover, the visual features (color, texture) they rely 

on clearly seem more suited for the classification of 

some content (typically, natural objects: trees, tigers…) 

than others (basically, non-natural objects: a car can 

have any color). These drawbacks can be partially 

overcome by computing global descriptors on images 

patches. 

• local descriptors: they represent local properties of 

images, such as angles. These descriptors are 

computed in two stages: first interest regions are 

detected (using detectors like Harris-affine or Hessian-

affine), then they are described as a numerical vector 

(SIFT descriptor is the most commonly used). Such 

descriptors are very effective in image matching, 

because they describe very precise parts of the image 



 

content. However, the high number of regions 

detected per image (a few hundred) and the high 

dimensional aspect of the descriptors (128 dimensions 

for a single SIFT vector) make the matching between 

images computationally very expensive. 

Recent work deals with the limitations of these 

descriptors using an approach called bag-of-visual words 

or bag-of-features. The idea is to construct a global 

descriptor by counting the occurrences of local features in 

the image. Here is the process of bag-of-visual words 

image description, illustrated in Figure 2. 

1) Detection and description of interest regions in a set of 
images. 

2) Clustering of these descriptors. Each cluster represents 
a typical region of images, called a visual word. 

Figure 3 shows samples of such visual words. 

3) Images can then be described as sets of visual words. 

By counting the occurrences of each word in an image, 

we obtain a high-dimensional sparse vector similar to 

the vector-space representation of textual documents 

traditionally used in text retrieval. 

 

 

Figure 2: The bag-of-visual words construction process 

  

 

 

 

 

 

 

 

 

 

 

Figure 3: Examples of visual words. Patches on a given line 
are occurrences of the same visual word. 

Since this descriptor is very similar to the one used in text 

retrieval, text retrieval techniques [14] can be adapted to 

bag-of-visual words. In particular, term weighting 

schemes (such as tf.idf) can improve the descriptor 

quality [15] and inverted file index allow to match 

documents faster in the case of retrieval tasks [15]. One 

can notice that, in this model, words are supposed to 

occur independently from each other. Whereas this 

hypothesis is acceptable in the case of text retrieval 

(generally, a single word represents one concept), it seems 

damaging in the case of image retrieval, since an object is 

described by a set of visual words with a given layout, not 

by a unique visual word. 

1.2 Image classifiers 

Image descriptors usually take the form of numerical 

vectors (color histograms, bag-of-visual words), so that 

classical machine learning tools can be used to perform 

supervised classification of these descriptors: Support 

Vector Machines (SVM) [6], random forests [2], Bayes 

classifiers [8]… To our knowledge, the use of customized 

SVM with a bag-of-words representation yields the best 

results for image classification [17]. 

In this work, we first propose a new image descriptor 

relying on visual words: visual sentences. They describe 

images as sequences of visual words, based on the layout 

of the words in the image. Therefore they allow to 

consider spatial information between words that were lost 

with the bag-of-visual words description. We then 

perform image classification using language models. 

Language modeling is commonly used in the field of text 

classification and retrieval. It models not only 

independent words occurring in texts, but also sequences 

of words. We can therefore use it to build a classifier 

which takes into account the spatial information contained 

in the visual sentences. In next section we show how to 

build visual sentences. Section 3 presents language 

modeling and its use in classification. Then in Section 4, 

we test our approach and compare it to a state-of-the-art 

classification method. 

2 DESCRIBING PICTURES AS VISUAL 

SENTENCES 

In this section, we introduce visual sentences as a new 

representation of images. Given a bag-of-words 

representation, our goal is to describe an image as a 

sequence of ordered symbols, which is a way to consider 

very simple spatial relations between words and use text-

related techniques in the case of image retrieval and 

classification. 

The visual sentence construction process is the following, 

as illustrated in Figure 4: 

1) Construction of a visual vocabulary and representation 
of the pictures as sets of visual words. 

2) Definition of an axis consistent with the position of 
the object in the picture. 

3) Projection of the visual words from the image to the 

axis to obtain a sequence of visual words: a visual 

sentence. 

The remaining of this section precisely describes each of 

stages 2 and 3. 

2.1 Choosing an axis 

Given several pictures of an object, we want to build 

visual sentences ordering the words in the same way from 

one image to another. Therefore, the axis we choose to 

project words on must have the two following properties:  

    

    

    

    



 

• an orientation fitting the orientation of the object in 

the image, so that visual words are projected in the 

same order independently of the rotation or translation 

of the object in the image;  

• a direction fitting the direction of the object, so the 

words can be read in the same order, whether the 

object is oriented from left to right or reversely.  

 

Figure 4: The visual sentence construction process 

Since the regions detected using most detectors (in our 

case, the Hessian-affine detector) have certain 

repeatability and invariance properties [11], we can rely 

on the spatial distribution of the interest-points in the 

image to compute the axis. Principal Component Analysis 

(PCA) [9] gives us a solution, as, for a given set of points, 

it finds the direction vectors of the axes that best explain 

the distribution of the points. In our two-dimensional case, 

PCA gives us two axes. We choose to keep only the one 

with the most important contribution, i.e. the axis that 

best explains the distribution of the points. Then, given an 

object (a set of points), we can find an axis whose 

orientation and direction fit the ones of the object, 

whatever the position, orientation or direction changes of 

the object from one image to another. Moreover, the axis 

computation remains fast because PCA can be performed 

very efficiently for a limited set of points (about 1,000 per 

image) in a few dimensions (2 for interest-point 

coordinates). Figure 5 shows a few examples of axes 

obtained using PCA. We can note that this technique 

seems well suited for images containing one object. If 

there are two or more objects in the picture, results of the 

PCA can be biased by the relative positions of the objects. 

This point is discussed in the conclusion. 

 

 

Figure 5: Examples of axes obtained by performing a PCA on 
the coordinates of the interest-points. The main axis is red, 

the second is blue. 

We can also explore the possibility to use several axes, 

and thereby to produce several sentences per image, as it 

might give additional spatial information compared to a 

unique axis. In Section 4.2, we test several axis 

configurations: 

• using the main axis given by the PCA. 

• using the x-axis, since, in the datasets we use, objects 

are mostly aligned with this axis. 

• using the two axes given by the PCA. They are 

orthogonal so they may bring complementary 

information about the spatial relationships between 

interest-points. 

• using a set of axes generated by rotating the initial 

axis from 0 to 90 degrees. Rotations of more than 90 

degrees should not be considered, since it would result 

in axes with contradictory reading directions. 

• using a random axis, to compare with specific axes 

(PCA axis and x-axis). 

2.2 Word projection 

The interest-point detectors often detect redundant regions 

with similar shape, position and orientation. We eliminate 

them using a geometrical matching of the regions, as they 

add inconsistent spatial information (see [16] for details). 

We then simply project the remaining words on the axis 

(or axes) computed at the previous step, using orthogonal 

projection. We obtain one sentence for each axis we used. 

3 CLASSIFICATION USING 

LANGUAGE MODELS 

First used in the field of speech recognition, language 

modeling has become very popular in text classification 

[1, 3] and text retrieval [13] as it can model sequences of 

n words instead of independent words. A sequence of n 

words w1w2… wn is called a n-gram, and a language 

model dealing with this kind of sequences is called a n-

gram model. 

A n-gram model is a probabilistic model that estimates for 

any word wn the probability Pr(wn|w1…wn-1) that wn 

should occur in the language given the n-1 preceding 

words. Thus, it is able to model not only occurrences of 



 

independent words (in the case of a unigram model 

(n = 1)), but also to deal with the fact that several words 

often occur together. This ability is very interesting in text 

analysis because words used together (e.g. White House) 

can have a different meaning from the same words used 

independently. 

The probabilities are estimated in a statistical way, by 

counting the n-gram occurrences in a set of training 

documents. So, for a given language model Λ computed 

from a training set T, the probability that a n-gram  

w1w2… wn occurs is basically:  
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where C(w1w2… wn) is the number of occurrences of 

w1w2… wn in T. 

Given a language model Λ, the probability of generating a 

document d = w1…wk is: 
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With this model, a n-gram that did not occur in the 

training data is assigned a null probability, as well as any 

new document containing it. Smoothing techniques 

overcome this problem: they assign a non-zero probability 

to unknown n-grams by reducing the probability mass 

assigned to known n-grams. More details about 

smoothing techniques are given in [4]. 

The use of LM in classification is quite simple: given a 

set of classes C and a training set of labelled documents T, 

we build, for each class Cc∈ , a language model Λc 

computed on the training subset 

{ }cdTddTc ∈∧∈= . Then given an unknown 

document dunk, its class c(dunk) can be predicted as:  

))((Prmaxarg)( unk
Cc

unk ddc
cΛ

∈
=  

In the case of image classification, LM can be used 

exactly in the same way as in the text case, using an 

suitable image representation like the visual sentences we 

described in Section 2. 

4 EXPERIMENTS 

4.1 Global experimental settings 

4.1.1 Datasets 
We performed these experiments on two datasets, so we 

obtained results on datasets of different scale and 

difficulty. These datasets contain images that are widely 

used in image classification papers. 

6 Caltech categories: we use 6 Caltech categories 

(available at http://www.robots.ox.ac.uk/~vgg/data/data-

cats.html): car rears (1155 images), airplanes (1074), 

backgrounds (900), motorbikes (826), faces (450) and 

guitars (1030). The first five categories are widely used in 

image classification experiments, and we chose the last 

instead of the car side data commonly used, since it was 

not available anymore. 

Caltech-101: to obtain more general results, we also test 

our method on a larger dataset, the Caltech-101 dataset 

[7], containing 8,697 images divided into 101 categories, 

each category containing from 31 to about 800 images. 

4.1.2 Visual vocabulary 
We use a Hessian-affine interest-point detector and a 

SIFT descriptor, as they offer good performances [10, 11] 

and are commonly used in bag-of-visual words 

approaches. We build our visual vocabulary using the 

hierarchical k-means algorithm proposed by Nister and 

Stewenius [12]. This approximate algorithm performs 

very fast clustering with an acceptable accuracy. The 

word number is set to 6,556 for the 6-category dataset, 

and to 61,687 for the Caltech-101 dataset. We chose these 

values as they provide optimal results in terms of recall 

and precision in an image retrieval context. 

4.1.3 Baseline : Support Vector Machines 
We chose SVM as a baseline because they provide state-

of-the-art results and SVM software is easily available. 

We tested several kernels and weighting schemes, best 

results are obtained with linear kernel and tf.idf [14] 

weighting, like the results in [6]. We used two versions of 

the vectors, normalized or not, since the two versions give 

different results on some image categories. Non-

normalized vectors are referred as SVM and normalized 

vectors are referred as SVM-N. 

We carried out the SVM experiments ourselves instead of 

comparing them with available results as we must use the 

same parameters (detector, clustering algorithm, word 

number) to make a consistent comparison. To perform 

SVM experiments we use Joachims' multi-class SVM 

software (available at http://svmlight.joachims.org). 

4.1.4 Performance measure 
In the following experiments, we classically measured the 

performance of the system as the number of test images 

whose category is correctly predicted. The performance 

score Sc of classifier c is computed as a percentage: 

{ }
{ }imagestest

cbyclassifiedwellimagestest
Sc =  

4.1.5 Language Models 
For these experiments we used the Carnegie Mellon 

University Statistical Language Modeling toolkit [5], 

developed by Philip Clarkson and Ronald Rosenfeld 

(available at: http://www.speech.cs.cmu.edu/SLM/toolkit.html). 

We use the linear smoothing technique, as it performed 

better than the other smoothing techniques available in 

this software. We used n values from 2 to 4. Experiments 

showed that the use of greater values results in 

overfitting [16]. 



 

4.2 Choice of axis 

4.2.1 Experimental settings 
For this experiment, we used the 6-category dataset, 

divided into a training set (1200 images, 200 per category) 

and a test set (4215 images), and a 3-gram model. We 

tested several axis configurations to know which one is 

the most beneficial to image classification. We used: 

• one axis obtained by PCA as explained in Section 2.1; 

• two orthogonal axes obtained by PCA; 

• ten axes obtained by successive rotations of 10 

degrees of the main axis given by PCA, from 0 to 90 

degrees; 

• the x-axis; 

• one random axis (the same for all images). 

4.2.2 Results 

 Table 1: Classification performance against the number and 
nature of axis used for the visual sentence construction 

 

 

 

 

 

 

 

Results are shown in Table 1. It presents the classification 

performance for all images in each set considered. The 

approach using the x-axis performs better than the PCA 

approach. Since the objects are all aligned with the x-axis 

in this dataset, the x-axis can be considered as the best 

axis: it is always well aligned with the objects, 

independently of the detected regions. The PCA axis is 

less robust because it is biased by the background clutter 

in some images. To be effective, the PCA approach would 

require to eliminate better background visual words. 

Although the random axis approach benefits from the fact 

that, in this dataset, objects have a similar position in the 

images, it yields slightly worse results than the PCA axis. 

It shows that the use of PCA is still a promising way to 

choose the axis: the PCA axis is better suited than a 

random axis to take account of spatial relations between 

visual words and it is adapted to varied positions of the 

objects in the images. The use of several axes results in 

overfitting: the more axes we use, the better the 

classification is on the training set and the worse it is on 

the testing set. 

4.3 Classification performance 

4.3.1 Experimental settings 
We compared the classification performance of our 

technique with SVM performance on two datasets: our 

dataset containing 6 categories of Caltech images, and the 

Caltech-101 dataset. For the LM experiments, we always 

used the x-axis as it yields the best results and is a good 

reference axis for both datasets. 

4.3.2 Results 

 

  Figure 6: Classification performance on 6-category dataset 

 

Figure 7: Classification performance on Caltech-101 dataset 

 

Figure 8: Classification performance on 6-category dataset 
with 200 training images per category 

  

Results on the 6-category dataset are shown in Figure 6. 

Our LM approach clearly outperforms the SVM 

classifiers in terms of average classification performance. 

Figure 8 compares the performance of the best LM (n = 2) 

and SVM when using 200 training images per category. 

SVM approaches, and especially SVM-N, have very 

variable results from one category to another. SVM-N has 

very good results on car rears, but very negative results on 

backgrounds and airplanes. SVM is also very bad on 

backgrounds. One explanation is that much less interest-

points are detected on backgrounds, with more variable 

visual words. Thus SVM cannot generalize well on this 

 Training set Test Set 

PCA axis 66.75 66.90 

2 axes 100 41.23 

10 axes 100 38.20 

x-axis 83.67 68.68 

Random axis 66.75 65.67 

 



 

category. On the contrary, LM classification gives 

steadier results, and best performs on 4 of the 6 categories. 

It yields much better results on backgrounds than SVM 

classifiers do. This can be explained by the ability of LM 

to take into account unseen words, and the fact that less 

words, so less n-grams, characterize backgrounds: since 

background images do not fit any n-grams of the other 

category models, this category is taken as default. LM 

shows the same behavior when using too long n-grams: 

most of the pictures are classified in one category. In 

particular, when n = 9 and n = 10, all pictures are 

classified as backgrounds. 

On the Caltech-101 dataset, which presents a more 

difficult classification problem, LM-based classification 

yields also better results than any SVM-based 

classification (Figure 7). 

Table 2: Mean execution time (in seconds) over 10 runs on 
the 6-category dataset, on a Linux PC with a 3 GHz Intel Xeon 

CPU and 8 GB RAM 

 

Table 2 shows the execution time for each classifier. LM 

learning and classification are clearly faster than SVM 

ones. The greater n is, the more computation time is 

required because more n-grams have to be computed. The 

difference between LM and SVM is mostly due to I/O, 

since SVM deals with very high dimensional sparse 

vectors, whereas LM only uses sentences containing a 

few hundred words. 

5 CONCLUSION 

In this paper, we presented a new image classification 

scheme, based on the joint use of visual words and 

language models. The advantages of this technique are: 

• The inclusion of spatial information between 

visual words, yielding better classification 

performance than the state-of-the-art SVM; 

• Reduced learning and classification times. 

However, our technique presents a few drawbacks: 

• Finding an axis for any image is difficult, even if 

the x-axis might be suited in many cases; 

• Finding the optimal parameters of the initial bag-

of-words (detector, clustering algorithm, number 

of words…) is generally an awkward issue. 

Future work will include improvements to our method. 

We will try to make the PCA more robust so that we can 

get a good axis for any image. We will also investigate 

the case of images containing several objects: in this case 

finding axes is difficult since PCA might get biased by 

the relative positions of the objects. We may overcome 

this limit by grouping the interest-points and get several 

axes per image. The groups can be based on geometrical 

properties of the interest-points (e.g. density-based) or on 

the cooccurrences of visual words in the whole collection 

(e.g. using Latent Semantic Analysis). We will also try to 

improve the standard language models, so we can take 

into account more complete spatial information. 

Moreover, our work can be easily adapted to other tasks 

such as image retrieval or image annotation. With the 

current growth of image databases, such tasks are 

particularly interesting, in an amateur context (personal 

collections) as well as in a professional context (news 

photos, museums…). Finally, we will also use this 

method in the case of another rising media: video, as bag-

of-visual words approaches have already shown 

promising results in this context [15]. 
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 Training time Classification time 

LM n = 1 0.542 5.629 

LM n = 3 0.973 8.019 

SVM 7.293 17.94 

SVM-N 5.728 18.18 


