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We propose a pairwise local observation-based Naive Bayes (NBPLO) classifier for 

image classification. First, we find the salient regions (SRs) and the Keypoints (KPs) as 
the local observations. Second, we describe the discriminative pairwise local observa-
tions using Bag-of-features (BoF) histogram. Third, we train the object class models by 
using random forest to develop the NBPLO classifier for image classification. The two 
major contributions in this paper are multiple pairwise local observations and regression 
object class model training for NBPLO classifier. In the experiments, we test our method 
using Scene-15 and Caltech-101 database and compare the results with the other meth-
ods. 
 
Keywords: local observation-based Naive Bayes classifier (NBPLO), salient region (SR), 
keypoint (KP), bag-of-feature (BoF), image clssification 
 
 

1. INTRODUCTION 
 

Image classification has been a challenging unsolved problem due to the complexity 
of image contents. It has been a popular research subject of many recently published re-
searches [1-6] using the image datasets such as Scene-15 [5], Pascal VOC [6], the Cal-
tech-101 [2], Sun Database [3], Caltech-256 [8], and ImageNet [7]. ImageNet [7] is the 
most challenging dataset with ever increasing number of image categories which has 
become a publicly available large-scale benchmark data for image classification contest. 
The image classification accuracy is determined by effective feature extraction and 
classifier training. 

Most of the image classification methods are based on the local features and the 
global features. They consist of mostly the edge-based feature points such as SIFT [9], 
SURF [10], Harris corner [11], HOG [12], and dense SIFT [13]. The global feature algo-
rithms aim to recognize the image content as a whole, however, they often are not related 
to high-level semantics. The local feature algorithms focus mainly on keypoints and the 
salient image patches. The SIFT is a promising low-level visual descriptor which has 
been used as the basis of a bag-of-visual words (BVW) model [14, 15]. The BVW is a 
promising method for visual content classification, however, it usually describes visual 
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data at a non-semantic level. Based on the probability distribution [16] and soft weigh- 
ting [17] of BVW, Kesorn et al. [18] propose an ontology-based model to bridge the 
low-level feature and high-level semantic concept for object/scene recognition. Sánchez 
et al. [19] use the Fisher Kernel framework as an alternative BVWs representation with 
generative Gaussian mixture model. 

To categorize the images, the histogram-like bag-of-features (BoF) [20, 21] ex-
tracted from local patches can be proposed for image representation. The BOFs are en-
coded by using various algorithms such as K-means (or VQ) and sparse coding (SC). 
Then the local features are grouped to provide global semantics. The BoF methods dis-
regard the information about the spatial layout of the features. Hence, they have severely 
limited global description capability. The spatial-pyramid-matching (SPM) method [22] 
is proposed to replace the BoF method which is an orderless collection of local features. 
The SPM method partitions the image into increasing fine sub-regions and computes the 
histograms of each sub-region as the local feature. 

Lazebnik et al. [1] quantize the SIFT feature and the oriented edge points respec-
tively for SPM to approximate the global geometric correspondence. Yang et al. [24] 
extend the SPM method by generalizing VQ to sparse coding and proposing a linear SPM 
kernel based on SIFT sparse codes. Wang et al. [4] present the Locality-constrained Lin-
ear Coding (LLC) in SPM. The LLC-based method utilizes the locality constraints to 
project each descriptor into its local-coordinate system and integrate these descriptors to 
generate the final representation. Jiang et al. [26] present a label consistent K-SVD (LC- 
KSVD) algorithm for discriminative sparse coding dictionary learning and introduce a 
new label consistency constraint to form a unified objective function. Uijlings et al. [27] 
raise the question regarding how to use the spatial contents to recognize the objects. They 
point out that using random sampling [28] and regular dense grid [29] of local patches 
show better performance than using the interest points [30]. Jia et al. [31] also question 
the effectiveness of using SPM-based feature for image classification and examine the 
effectiveness of receptive field designs on image classification accuracy.  

There are other researches applying different kinds of local descriptions for image 
classification. Ahonen et al. [32] analyze the local-binary-pattern (LBP) histogram for 
human face recognition. Similarly, Jabid et al. [33] explore the local-directional-pattern 
(LDP) histogram for human face recognition. Xiao et al. [34] evaluate numerous scene 
classification methods using their Sun database. Burl et al. [11] propose the constellation 
model to describe the global geometry of the local observations. Fergus et al. [35] com-
bine salient region (SR) detection [36] and probabilistic distribution learning to model the 
global geometry of the local observations. They successfully detect multiple objects by 
using part-based constellation model. Li et al. [2] improve SR detection [36] and propose 
Bayesian decision for image categorization. However, their method cannot detect mirror 
images and deformable objects. Lin et al. [37] develop a parallel averaging stochastic 
gradient descent (ASGD) algorithm for training one-against-all SVM classifiers. Yu et al. 
[38] proposes an adaptive hypergraph learning method for image classification by gener-
ating hyper-edges by linking images and their nearest neighbors. 

Ciresan et al. [39] propose artificial neural network architectures with minimal re-
ceptive fields of convolutional winner-take-all neurons yield large network depth. Re-
cently, deep learning has been proposed for image classification. Zhong et al. [40] pro-
pose a deep learning model called bilinear deep belief network (BDBN) for image classi-
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fication. The convolutional neural networks (CNN) [23, 41, 42] have been proposed for 
large-scale image recognition which has become possible due to the large public image 
repositories, such as ImageNet [7]. The ConvNets requires high-performance computing 
systems, such as GPUs or large-scale distributed clusters. Simonyan et al. [44] make a 
thorough evaluation of ConvNets of increasing depth using an architecture with very 
small convolution filters. 

In particular, an important role in the advance of deep visual recognition architec-
tures has been played by the ILSVRC [43], which has served as a testbed for large-scale 
image classification systems. Image classification has become a great issue in the com-
puter vision, a number of attempts have been made to improve the original architecture in 
a bid to ILSVRC for achieving better recognition accuracy. For instance, Krizhevsky et 
al. [23] proposing deep ConvNets were the winner of ILSVRC-2012, and Simonyan et al. 
[44] secured the first place in ILSVRC-2014, respectively. 

Here, we propose an unsupervised scale-invariant learning to model the regions of 
interest (ROI) based on the probability distribution of the appearance of keypoint (KP) 
and SR. Based on the local ROI observations, we develop a so-called a Pairwise Local 
Observation-based Naive Bayes (NBPLO) classifier for image classification. Our system 
consists of KP extraction, SR detection, feature vectors transformation, pairwise SRs, and 
regression model training for each class by using random forest. The local observations 
are described by BoF descriptor. For each input image, we compute the class probability 
of each local observation pair using regression model and calculate the likelihood of 
class for the overall observations using naïve Bayes assumption. Finally, we categorize 
the input image using the maximum likelihood estimation (MLE).  

2. SYSTEM FRAMEWORK 

The proposed image classification system relies on multiple local observations. In 
each image, we find the salient regions (SRs) by using Kadir’s method [36] to represent 
the image object. Then, we extract the keypoints (KPs) which are used to find the mean-
ingful SRs as feature SRs. We apply dense SIFT [13] to convert each feature SR to a mul-
ti-dimensional feature vector, and use multiple local pairwise observations to describe the 
image visual content. The semantically related feature SRs are selected as the multiple 
local pairwise observations which can be used to interpret the image visual content more 
accurately than the conventional image feature vector model. We assume that every two 
neighboring feature SRs are somehow related. The likelihood of image category is de-
termined by multiple independent pairwise adjacent observations. As shown in Fig. 1 (a), 
the circles show the feature SRs, and the neighboring feature SRs are connected, the black 
line segments connect SRs of the same scale, and the red line segments connect SRs of 
different scales. 

To find the invariant description to encode the local observations, we apply scale 
invariant KP detection [9] to find discriminative SIFT characteristics of the image based 
on the scale-normalized Laplacian of Gaussian (LoG). Then, we eliminate the densely 
populated KPs and create the local image descriptor based on the gradient of the region 
around the KP. Finally, we use the descriptor around KP for matching and recognition. 

Here, we use SURF [10] to find the KPs which is a scale and rotation invariant fea-
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where d is a 2D distance from the KP to the SR center, s is the SR scale, and  is an ad-
justable decay factor. 

To determine Gaussian distribution for different decay factors, we choose   0.7 or 
 = 3, d = s, and   0.25 for  = 3, d = 2s. From Eq. (2), we have BoF histogram of the 
ith KP defined as Ti = [t1, …, tK]. Then, the BoF histogram for the ith SR is determined 
based on the soft-weighting assignment to the BoF histograms of M KPs (i.e., T1, T2, …, 
TM) and described as 

,1 1 ,2 2 ,

,1 ,2 ,

...

...i

i i i M M
SR

i i i M

T T T
h

  
  
  


  

   (9) 

where Ti is the BoF histogram describing the region around the ith KP, M is the number 
of KPs in the ith SR, i,m is the weighting factor of the mth KP for the ith SR. 

 
4.2 Adjacent Local Observation of Different Scale 
 

The image patches of different scales provide different implications. We may con-
sider two adjacent SRs with two significantly different scales. Instead of training one 
single object class model for all pairwise local observations, we train two object class 
models: one for handling the pairwise observations with similar scales, and the other for 
different scales. Here, we split the training dataset into two subsets. One subset consists 
of similar scale SRs, whereas the other subset consists of apparently different scale SRs. 
After training, two object class models c

similar and c
different can be used to find the likeli-

hood of the input image X as 

P(X | A, c) = P((ASRi, ASRj) | ASRi, ASRj, c
similar),    

and P(X | A, c) = P((ASRi, ASRj) | ASRi, ASRj, c
different).   (10) 

Usually, the detected SRs are smaller than the ROI around KPs. Training the object class 
model based on these neighboring small SRs is inefficient. For the small SRs around the 
same KP, their hSRi are similar. For highly populated KPs, these adjacent SRs are not ef-
fective for object class modeling. We discard the small SRs which are close to one an-
other. However, for small object images, we still need to keep small SRs. 
 
4.3 Parameters of BoF Soft-Weighting Assignment 

 
The number of neighbors is empirically determined as N = 4 [17]. Usually, N = 3~6 

shows good experimental results. The BoF soft-weighting assignment is defined in Eq. 
(2). The sim() and K are related to N. To compute sim(), we use inner-product of nor-
malized KP features and SURF features with the threshold 0.8-0.85. To determine N, we 
suggest two methods.  

 
Method-1: 

1 1 1

1
( ( , ) ).

I J K

i j k
N sim

IJ
 

  
    j kv   (11) 
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Method-2: For N = 1 to K,  

Determine N if 

1 1 1

1
( , ),

I J K

i j k K N
sim

IJ


    
    j kv   (12) 

where  is a similarity threshold, I is the total number of training images, J is the number 
of KPs, and K is the vocabulary size. These two methods are similar. However, the for-
mer is faster than the latter due to less neighbors are chosen so that method-1 is selected. 
 
4.4 Normalization 
 

The defect of naïve Bayes assumption may not be robust for the non-related ingre-
dients, i.e., the novel local observations. Since the non-related ingredient belongs to no 
category, the class likelihood will deteriorate. For instance, if the probability of an non-  
related pairwise observation i is predicted by object class model P(c1

|1) = 10-3 and 
P(c2

|2) = 10-7. Although the absolute probabilities are both small, P(c1
|1) is much 

(~104 times) larger than P(c2
|2). To make the object class model more robust to non- 

related ingredients, we apply normalization to remove the relative difference. For each 
pairwise local observation i, given a constant  we calculate the probability of P(c|i) 
for every class object class model. Then, we normalize the probability as P(c|i) 

( | )
.

[ ( | ) ]
c i

c ic

P

P

  
  





  

4.5 Training and Testing Process 
 
The preprocessing for training and testing processes consists of detecting condense 

KP features, collecting KP feature vectors, using OSKM algorithm to find the repre-
sentative descriptions, and finally determine the number of neighbors N.  
 
Two-class Object class model Training: 
Denotations: (1) Each object class model c consists of c

similar and c
different; (2)  is the 

scale factor of the neighboring SRs; (3)  is the decay factor of Gaussian-distributed wei- 
ghting kernel; (4)  is the threshold for determining similar scale adjacent SRs; (5) cf is 
the true class of local observation pair and c is the class of the object class model c; (6) 
Each input image consists of two sets of local observation pairs as similar and different. 
 

For all the training images of class c = 1, …, C 
(i) Detect the SRs. 
(ii) Describe each SR as hSRi using Eqs. (8) and (9). 
(iii) Find the local observation pair (SRi, SRj) satisfying Eq. (5). 
(iv) For each local observation pair, if -1  RSRi/RSRj  , then they are similar-scale local 

observation pairs described as
,

,
i j

similar
BPLOf otherwise as

,
.

i j

different
BPLOf  

(v) The local observation pair (
,i j

similar
BPLOf or

,i j

different
BPLOf ) is labeled as 

,

1 if 
.

0 if i j

f

BPLO
f

c c
l

c c
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(vi) Train the object class model c
similar with the training sample set

,
{ }

i j

similar
BPLOf using ran-

dom forest for model regression. 
(vii) Train the object class model c

different with the training sample set
,

{ }
i j

different
BPLOf  using ran- 

dom forest for model regression. 
 
Testing: 

For each input image and object class model (c
similar, c

different) 
(i) Detect the SRs. 
(ii) Describe each SR as hSRi using Eqs. (8) and (9). 
(iii) Find the local observation pair (SRi, SRj) satisfying Eq. (5).  
(iv) If -1  RSRi/RSRj  , then then they are similar-scale local observation pair denoted 

as
,

,
i j

similar
BPLOf otherwise as

,
.

i j

different
BPLOf  

(v) Find P((ASRi, ASRj) | ASRi, ASRj, c
similar). 

(vi) Find P((ASRi, ASRj) | ASRi, ASRj, c
different).  

(vii) Calculated P(X | A, c) based on the probabilities of all pairwise local observations 

{ , }

{ , }

( | , ) ln( ( ( , ) | , , ))

ln( ( ( , ) | , , )).

i j i j
similar

different
i j i j

similar
c SR SR SR SR c

i j

different
SR SR SR SR ci j

P X A P A A A A

P A A A A

  

 




 


 

(viii) Categorize the testing image to class c* based on c* = Argmaxc P(X | A, c). 

5. EXPERIMENTAL RESULTS 

In the experiment, we test our system using Scene-15 [4] and Caltech101 [2]. First, 
we show the confusion matrix of classification results for Scene15 dataset and every 20 
categories of Caltech101. The main concern for random forests implementation is the 
memory space. The memory space limitation disallows testing the entire dataset simul-
taneously. So, we split Caltech101 dataset into 5 partitions for our experiments. Our ex-
perimental results are satisfactory comparing to standard BoF method and some classic 
generative models. Second, we show some examples of probability prediction using 
neighboring relationship of observations to demonstrate NBPLO. 

 
5.1 Scene-15 Dataset 

 
Scene-15 database contains 15 different type of scene, with thirteen classes from [4] 

(eight classes originate from [5]) and two other classes collected by [4]. Each category 
has 200 to 400 images, and average image size is 300250 pixels. Using the same setting 
as [1, 4], we randomly choose 100 images per class as the training data, and the others as 
the testing data, with the vocabulary size = 400.  

We compare the performance of our method with the other methods [1, 4, 20]. Li’s 
method [4] using the Latent Dirichlet Allocation (LDA) is an unsupervised dimensionali-
ty reduction technology. It does not achieve high classification accuracy. Labeznik’s 
method [1] partitions the images into increasing fine sub-regions and compute histo-
grams of image feature over the resulting sub-regions. Each image can be described by 
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