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We propose a pairwise local observation-based Naive Bayes (VBPLO) 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),
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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. Sanchez
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 ez 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 ez 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 naive 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 SIF'T 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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ture descriptor. Different from Harris corner detection [11] and SIFT [9], the SURF de-
scriptor is based on Hessian matrix and the distribution of Haar-wavelet responses within
the neighborhood of a KP. To generate SURF, we construct a square region centered
around the designated point and along the selected orientation. The region is then split
into smaller 4x4 sub-regions. The Haar wavelet responses in horizontal and vertical di-
rections are accumulated for each sub-region as

@ | (b)
Fig. 1. (a) An example image with SRs; (b) Adjacent relationship of which the black line segments
connect the SRs of similar scales and the red line segments connect SRs of different scales.

v =(2dy, Xdy, 2|dy), Xld,)) (D

where d, and d, corresponds to Haar wavelet responses in horizontal and vertical direc-
tion respectively. The dimension of v is 64 because it contains 16 sub-regions with size
2%2.

We use Bag-of-features (BOF?s) to represent the SRs. The number of BoFs (or visual
words) is critical for the classification task. The optimal vocabulary size (or the number
of BOFs) depends on the selected database and the classification model [45]. Similar
conclusion [46] was made based on TRECVID and PASCAL database. We apply online
spherical k-means (OSKM) [47] using the Winner-Take-All competitive learning. The
learning rate of OSKM is exponentially proportionally to the data cluster size.

Then, we propose the BoF descriptor, a feature vector, of which the dimension is the
vocabulary size. The BoF descriptor is similar to the sparse coding algorithm of which
the words are atoms and the vocabulary is a dictionary. It is a special case of sparse cod-
ing when the sparsity is 1. The BoF descriptor requires more representative features with
different weightings. Here, we adopt the soft-weighting method [17] as

N 1
L= Zi:IZj:IFSZm(vj’ ,Uk) (2)

where #; represents the kth component of the BoF descriptor 7 which is a histogram de-
scribing the region around KP i.e., T= [ty, ..., t], K is the number of BOFs, sim(v;, )
denotes the similarity between feature vector v; of the jth KP and visual word g, g is the
mean vector of the set of feature vectors {v;} assigned to the kth group, N is the number
of the neighbors, and M, indicates the number of KPs of which the ith nearest neighbor is
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the visual word z. The soft-weighting of BoF assignment outperforms the conventional
BoF method [25]. It illustrates a significant impact using the soft-weighting scheme
which is more robust than the k-means.

The local observations are the SRs of different scales. We apply the clustering algo-
rithm to find the representative SRs as shown in Fig. 2 (a). These SRs are local patches
located inside the region of interest (ROI). Similar to [35], the dimension of SRs can be
reduced by using PCA or ICA. The feature SRs are found close to the KPs as

d(xkp, Xsr) < Rgp 3)

where xgp is the location of KP, d is distance measure, xs is the center of SR, and R is
the radius of SR. The feature SR is encoded by BoF histogram with soft-weighting.

(@ !
Fig. 2. (a) The SRs; (b) The red points correspond to KPs; The green circles are the feature SRs,
whereas the blue ones are the invalid SRs.

3. NAIVE BAYES CLASSIFIER

Similar to [2, 35], we propose the structural object class model based on the local
observations and their relationship in the images, i.e., P(4, X|object) = P(A, X|6.), where
6. is the object class model of class ¢, A4 is the set of the local appearances of object, X is
the global structure which is modeled by the local appearances 4. All possible variations
of global structures X can be modeled as the multiple neighborhood relationships of A4. It
is invariant to rotation, translation, and deformation of global structures X.

3.1 Local Pairwise Observation

The likelihood of the neighboring local observations of an object is defined as

P(4; is near to 4;| A;, 4;, 6) = P(XA:, 4)) | 4., 4;, 6.), 4
where 6. is an object class model of class ¢, the ith SR is denoted as 4; = SR, If the pair-

wise local observations 4; and 4; are neighbor then &4,, 4)) = 1, else &4;, 4;) = 0. The
neighboring criterion is determined by the geometric relationship of two SRs as
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d(xcenter of SR> Xcenter quR/') < aRSRi + RSRj)» (5)

where SR; and SR, are two neighboring SRs, fis a relaxation factor with £ > 1. The pair-
wise local observations SRs are demonstrated in Fig. 3.
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Fig. 3. The adjacent local observarions finding: (a) the detected KPs and SRs; (b) the SRs contain-
ing sufficient KPs; and (c) the neighboring SR pair.

3.2 Regression Object Class Model Training

To generate the object class model @of class ¢, based on the pairwise local observa-
tions (SR; and SR;), we propose two labeling approaches as

Method 1: For bidirectional pairwise local observation (BPLO) descriptor

life, =¢,

=[h, ,he, ]is labeled as / = .
.fBPLO,J [SR, SR].] BPLO, {0 ifcf;tcg

Method 2: For comparative pairwise local observation (CPLO) descriptor

life, =¢,

Jerro,, = hsg she |shg = hg, 11s labeled as [y, =4 .
J 4 ! 7 |0ife, #¢,

where /g, is the BoF histogram of the ith SR, ¢, denotes the class label of local observa-
tion pair (i.e., fzpr0;; O fcrro;)), and co s the class label of the object class model 6. If the
class of the pairwise local observations c; is the same as the ground truth ¢4 then it is
labeled as 1, otherwise, labeled as 0. In our experiments, the first method demonstrates
slightly better accuracy than the second one with less memory requirement.

We regard all of the descriptors of the same class as inliers labeled by 1, otherwise
as outliers labeled by 0. The outliers which do not belong to the target object are evenly
distributed in the images. We apply random forests algorithm [54] to develop the object
class model. In random forest training, there are two parameters to be determined: the
number of random decision trees and the variables to be determined at each branch node.
Different from the other training algorithm, it is non-sensitive to the outliers.

3.3 Naive Bayes Assumption for Object Recognition

The object class model 4. is based on global structure X of observations 4 as P(A, X
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| 6.) which can also be described as
P(A, X| 6,) = P(X| A, 6)xP(4| &,). (6)

We rewrite the global shape P(X| A4, 6.) by independent pairwise local observations as
P(X|A, 6)= H{i,j}e‘I’P (&ASRV ASRj) |ASR,': ASRj: 9c)- 7

where W is the set of local observation pairs. Under the naive Bayes assumption, we
convert the likelihood of the global observation A to the likelihood of the set of inde-
pendent adjacent local observation pairs {(Asr, 4sr)}. The naive Bayes classifier algo-
rithm based on local observation pairs is denoted as Naive Bayes classifier algorithm
using pairwise local observation (NBPLO) which is applied to determine the category of
the input image with global structure X as ¢” = Argmax . P(X| A, 6,).

4. IMAGE CLASSIFICATION

Here, we show our image classification algorithm which demonstrates better classi-
fication accuracy. The KPs are related to SRs. The SRs containing sufficient KPs are
useful local observations. Fig. 4 shows the images with densely distributed KPs and
sparsely distributed KPs. We may describe SR using dense-SIFT for comparison with the
original SIFT-based BoF algorithm and the apply pyramid histogram of visual words
(PHOW) descriptor [32].

@ (O
Fig. 4. Example images of (a) densely distributed KPs, and (b) sparsely distributed KPs.

4.1 Bag of Features with Kernel Weighting

Some KPs are not inside but close to the SRs. However, these KPs do contain in-
formation of adjacent SRs. We consider the out-of-boundary KP features to generate the
BoF histogram. To avoid the over-influence from the peripheral KPs, we add different
weights to the BoF histogram bins based on the distance from KP to the center of the SR.
The kernel weighting function is a Gaussian distribution:

2 2
-d I sreener =Xxp I

o(d,s,0)=e" = T (8)
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where d is a 2D distance from the KP to the SR center, s is the SR scale, and o is an ad-
justable decay factor.

To determine Gaussian distribution for different decay factors, we choose @ = 0.7 or
c=3,d=s,and w=0.25 for o= 3, d = 2s. From Eq. (2), we have BoF histogram of the
ith KP defined as T;= [ty, ..., tx]. 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., Ty, T, ...,
Ty) and described as

h - o1 +0,T,+..+o,T, 9
sr, = &)
O+, +. o,

where 7; is the BoF histogram describing the region around the ith KP, M is the number
of KPs in the ith SR, w;,, 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 6" and ¢"7“" can be used to find the likeli-
hood of the input image X as

P(X|A9 ec) = P(é‘(ASR,'s ASRj) |ASR,‘9 ASR]‘: Q::imilar).,
and P(X| A’ 00) = P(é‘(ASRis ASR/') |ASR,': ASst Hf@fﬂ’rent). (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 hgg, 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:

LT e 225
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Method-2: For N=1to K,
. . 1 I J K .
Determine N if & = EZH Zj:l Zk:K—NH Slm(vj’ ) (12)

where £ is a similarity threshold, / 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 naive 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 y; is predicted by object class model P(6,.|y1) = 107 and
P(O.,|yn) = 107, Although the absolute probabilities are both small, P(6.,|y1) is much
(~10" times) larger than P(0.,|y»). 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 4, given a constant A we calculate the probability of P(6.|y;)
for every class object class model. Then, we normalize the probability as P(6.w;)

PO, ly)+4

2 PE, [y +AT

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 . consists of 8" and @"%*"*"; (2) B is the
scale factor of the neighboring SRs; (3) o is the decay factor of Gaussian-distributed wei-
ghting kernel; (4) y is the threshold for determining similar scale adjacent SRs; (5) ¢/ is
the true class of local observation pair and ¢y is the class of the object class model 8,; (6)
Each input image consists of two sets of local observation pairs as ¥*"%" and W4/

For all the training images of classc=1, ..., C
(i) Detect the SRs.
(i1) Describe each SR as hgg, using Egs. (8) and (9).
(iii) Find the local observation pair (SR;, SR)) satisfying Eq. (5).
(iv) For each local observation pair, if ;(‘l < RSR,‘/RSRj < g, then they are similar-scale local

observation pairs described as fyme" , otherwise as fymo ™.
y 1

(v) The local observation pair ( £ or fa0ee) is labeled as

BPLO; BPLO,
; life, =¢,
BPLO,; —

Olfcf;tcg
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similar

(vi) Train the object class model € with the training sample set { £;%" } using ran-
dom forest for model regression. ’

(vii) Train the object class model 7"
dom forest for model regression.

with the training sample set { ;7" } using ran-

Testing:
For each input image and object class model (8", g@ ")
(i) Detect the SRs.
(i1) Describe each SR as hgg, using Eqgs. (8) and (9).
(iii) Find the local observation pair (SR;, SR)) satisfying Eq. (5).
@iv) If ;{1 < Rsr/Rs; < . then then they are similar-scale local observation pair denoted

similar . different
as fypo, > Otherwise as fi, ™.

(V) Find P(XASR,@ ASRj) |ASR,'3 ASRj; Hcvin-zil‘ar).t
(vi) Find P (&ASRI" ASRj) |ASR1~, Ast, @dmeren ).
(vii) Calculated P(X| A, 6.) based on the probabilities of all pairwise local observations

P(X | A; 9@) = Z ln(P(5(ASR, ’ASRJ) | ASR, , A gsimilar )) +

SR; > "¢
{0, jyewrimiar

Z 17, jyepdiiren In(P(6( Ay , ASR, ) gy, » ASR, ) ecd 7).

(viii) Categorize the testing image to class ¢ based on ¢” = Argmax, P(X |4, 6,).

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 Scenel5 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 300x250 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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sub-regions in terms of L level and M channels. It generates high dimensional feature
vector which can be applied to the so-called Spatial Pyramid Matching (SPM) for scene
classification. However, SPM is very time consuming in high dlmensmnal feature space.
The dimensionality of the of the resulting feature vector is M - (4 —1)/3 The perfor-
mance of [1] using so-called the strong features for L = 0 and M = 200 (or standard Bag
of Features) results to the average accuracy of 72.2%. If they reduce the features from M
=200 to M = 60, the classification rate drops to 63.3% from 72.2%. Table 2 shows that
the average accuracy rate of our method (69.68%) is better than standard BoF methods
[20] (50.55%), and Li’s method [4] (65.2%).

Table 1. The average recognition comparisons of using Scene-15 database.
Methods [1](M=60) [1](M=200) [4] [19] Ours(NBPLO)

633 722 65.2 50.55 69.68

5.2 Caltech-101 Dataset

Caltech101 database [2] contains 31-800 images per class of real-world photos and
man-made photos as shown in Fig. 5. Our experiments show that our method tends to
have better learning capability for the training data from real-world photos. The SIFT
feature is mainly for describing local appearances of natural objects. We do not use the
category of “BACKGROUND_Google” and “Faces” since the images of the 1st class
cannot be well-trained, and the 2nd class is similar to the class “Faces_easy”. In our ex-
periments, we take 30 images per class for training, and the others for testing. Similar to
previous methods, we quantize the KP features into 400 words.

Phocume
"mmd-‘ = ﬁp %

Brontosaurus

i

Motorbikes Llama Anchor Butterfly

(2) (b)

Fig. 5. Example images for (a) real-world photos and (b) artificial pictures.

Next, some correct classification examples based on the pairwise local observations
are shown in Fig. 6. If more than half of local pairwise observations are correctly classi-
fied, then the image classification will be correct. The class ambiguity happens because
of similar-scale pairwise local observations. It is important to train a model based on dif-
ferent-scale pairwise local observations. As shown in Fig. 6 (b), few distinctive pairwise
local observations are located on the wheels. However, it is correctly classified because
of the global structure of local observations which models the motorcycle based on the
distinctive local observation located on the partial wheel or the entire wheel.
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Fig. 6. Correctly classified images.

Different training images of the same class may not strongly consensus with some
of their pairwise local observations. It is difficult to find the regression model truthfully
representing the training samples in feature space. Under naive-Bayes-based assumption,
we cannot prevent neglecting the repeated patterns related to the testing images. Our
method does not perform the matching process, nor check the completeness or overall
appearance. Therefore, the input image categorization is easily affected by repeated but
meaningless patterns. Here, we choose the classes with low classification accuracy and
high classification accuracy for further testing. Each class contains more than 30 testing
images for more accurate verification.

The average accuracy is 47.12%, which is a little better than the result of BoF
method with accuracy 30.03%. The reason may be the diverge appearance of the training
dataset. The local observations do not focus on some specific features in the BoF histo-
gram feature space, so that the prediction may fail. The other concern is the shape dif-
ference of the objects in the image. The SRs capture different information from diffierent
shapes and generate incoherence pairwise local observations. The average accuracy of
the result is 89.65%, which outperforms the results of BoF method (58.24%). If the vari-
ation of local observations of the training data is limited, then the improvement will be
significant. The comparisons with the other methods are shown in Table 2. Our method
has two advantages: (1) random forest for likelihood prediction provides a good regres-
sion surface, and (2) the connectivity of pairwise local observations provide discrimina-
tive features.

Table 2. Recognition results comparison of using the Caltech 101 database.

Training image 5 10 15 20 25 30
Lazebnik [1] N/A N/A 56.40 N/A N/A 64.60
Griffn [8] 442 54.5 59.0 63.3 65.8 67.6

R. Forests [53] N/A N/A 70.4 N/A N/A 80
R. Ferns [53] N/A N/A 70 N/A N/A 79.2
Zhang [49] 46.6 55.8 59.1 62.0 N/A 66.20
‘Wang [25] 51.15 59.77 65.43 67.74 70.16 73.44
Yang [24] N/A N/A 67.0 N/A N/A 732
Gemert [48] N/A N/A N/A N/A N/A 64.16
SRC [50] 48.8 60.1 64.9 67.7 69.2 70.7
K-SVD [51] 49.8 59.8 65.2 68.7 71.0 73.2
D-KSVD [52] 49.6 59.5 65.1 68.6 71.1 73.0
LC-KSVD [26] 54.0 63.1 67.7 70.5 72.3 73.6
Ours(NBPLO) N/A N/A N/A N/A N/A 85.69




IMAGE CLASSIFICATION USING NAIVE BAYESAN CLASSIFIER 1189

5.3 Demonstrations

Then, we show some correctly classified images containing some dominant objiects.
In Fig. 7 (a), the SRs contain partial appearance of the “tall buildings”. Figs. 7 (b) and (c)
show that most of the pairwise observations are classified to the “office” or “bedroom”.
In Fig. 7 (d), observations from most of the products on the shelves belong to the “store”,
while ambiguous observation pairs are at the lamp and the windows. In Fig. 7 (e), the
observation pairs of ocean and beach sand are classified to the “beach”, whereas the ob-
servation pairs of the trees, sky, and clouds are ambiguous. In Fig. 7 (f), pairwise obser-
vations of trees are classified to the “forests™, and the ingredients of the “house” are am-
biguous. In Fig. 7 (e), the ambiguous pairwise observations may apparently be classified to
the “mountain”, however the majority pairwise observations are categorized to the “beach”.
In Fig. 7 (h), the ambiguous pairwise observations are distributed at the ground, while the
observations that capture partial appearance of “frees” are correctly classified as “woods”.

© (h)

Fig. 7. The results of correct classification.

~E8
=

©

The experimental results show that our method is effective. However, it may fail for
classifying the image containing mixed objects that belong to different classes, such as
image of a house in the forest or a beach with large mountains as the background.

6. CONCLUSIONS

We have proposed an image classification method based on local pairwise observa-
tions which outperforms previous methods. However, our method still need some im-
provement. First, we need to relax our naive-Bayes assumption, which is too “naive” for
general image recognition. Second, we have memory space problem, which prevent us
from doing experiments on massive database.
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