
 

 

 

 

 Abstract— An object classification scheme using Convolutional 
Neural Networks (CNNs) architecture is proposed in this paper. As a 

special case of deep learning, CNNs classify classes of images without 
any feature extraction procedure while other existing classification 
methods require rather complex feature extraction processes. Various 
fast CNN models are first designed and these models are then 
combined to make decision for our classification task. Experiments on 
the 101 Caltech Object data set show that the proposed scheme gives a 
promising performance of CNNs on both of training speed and 
classification accuracy aspects. 

 

Keywords— Convolutional Neural Network, Deep learning, 
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I. INTRODUCTION 

HE classification task is one of the most important topics in 

computer vision, especially in image classification tasks. 

Many classification methodologies have been proposed for this 

task. Traditionally, classification schemes include a feature 

extractor and a classifier. For decades, various types of 

classifiers as well as various feature extraction methods have 

been applied to different tasks. Since most of conventional 
classifier schemes do not learn directly from the original data, 

their classification accuracy heavily depends on the feature 

extraction method they adopt including Discrete Cosine 

Transform (DCT)[1], Local Binary Pattern (LBP)[2], and 

Hue-Saturation-Value (HSV)[3]. 

On the contrary, the deep learning scheme addresses this 

feature-extractor-dependency problem. As a class of deep 

learning models, CNNs [4–6] are known as the first truly 

successful deep networks architecture and are specially 

designed for 2 dimensional data. In this paper, we adopt the 

advantages of CNNs for image classification problem and a 

CNN architecture is also proposed for this task. 
The rest of this paper is organized as follows: Section 2 and  

Section 3 provide the brief introductions of the Classifier 

Integration Model and CNNs, respectively. The proposed 

classification method is discussed in Section 4. Section 5 shows 

our experiments and results. Finally, Section 6 concludes this 

paper. 
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II. CLASSIFIER INTEGRATION MODEL 

The Classifier Integration Model (CIM) had been first 

proposed in [9]. The CIM collects different features of the 

objects via several local classifiers   ,      . During the 

training stage, each local classifier    contributes a weight    

on the entire classifiers. The weights are then chosen depending 

on the performance of the corresponding local classifier. That is, 

if the trained classifier    classifies well on a certain class, say 

class   and yields a low accuracy rate on class k then it is 

reasonable to set the weight    a higher value on class i than 

class k. CIM archives this idea by observing a so called 

expertise table,    as follows: 
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where M is the desired number of classes. We denote the 

feature vector   ⃗⃗⃗⃗   of data point   , c consist of N features, is 

shown as follows: 
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For each data point   , each    produces M distance to M 

cluster centers, named   ⃗⃗           .    consists of N 

vector projected on corresponding N classifier space as follows: 
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where     
  is the cluster center of   ⃗⃗  on the i-th classifier. The 

cluster centers can be computed by using an unsupervised 

clustering algorithm such as Centroid Neural Networks [10] or 

just the simple K-Mean. Then, by considering the weights in 

the Expertise Table, the distance between a data point    and a 

cluster center   ⃗⃗ , denoted as     ⃗⃗⃗⃗     ⃗⃗  , is given as following 

equation: 
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Finally, the prediction label of Class(  ), is simply obtained as 

follows: 
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III. CONVOLUTIONAL NEURAL NETWORKS 

Convolutional Neural Networks (CNNs) are known as the 

first successful deep architecture that still keep the 

characteristics of the tradition neural networks. As the generic 

deep learning algorithm [7], the abstract level increases from 

layers to layers. Designing CNNs consists of two types of 
hidden layers: convolution and sub-sampling layers. The key 

idea of CNNs is that it minimizes the parameters needed to 

learn by pooling the filter responses over the convolution and 

subsampling layers to obtain higher level abstract features. The 

convolution layers perform convolutions over feature maps in 

previous layers. The   feature map in the   layer, denoted as 

   , is convoluted with some small kernels   as follows: 

 

         ∑                         

 

where     is the hyperbolic tangent function and     is a 

trainable bias for each map while      is the trainable kernel for 

    corresponding to each map       . The sub-sampling 

layers compute the spatial average of a small region (      

pixels), multiply it by a weight     , then add a trainable bias 

and pass through the      function as follows: 

 

             ∑       
                    

 

The last layer of a CNN is usually fully connected with the 

previous layer. It can be considered as a nonlinear classifier of 

features obtained by repeating convolution and sub-sampling 

process. One of the advantages of CNNs is that we can use it in 
various structure of design for each particular data set. An 

example of CNNs is shown in Fig. 1. 

 

IV. IMAGE CLASSIFICATION USING MULTIPLE CNNS 

Designing a classifier task generally consists of a classifier 

and feature extraction methods [8, 11]. It is sometimes a hard 

task to find the suitable combination for a particular object 

types. An example of feature extraction method, HOG 
(Histogram of Oriented Gradients)[8] is useful for human 

detection task while other feature extraction methods[1–3] for 

general purpose in image classification. 

Since CNNs have shown that they can project the feature of 

image without any pre-processing step [5], we can consider it as 

a complete classification system that performs feature 

extraction and classification procedures together. Various CNN 

architectures have been proposed for different tasks. However, 

it requires a computational burden for training a big CNNs 

(usually has 7, 8 layers or more) and finding a proper structure 

for best performance. 
As we propose in this paper, we can design and train many 

simple CNNs at the same time. Each local CNN can have 

usually 3 or 4 layers with difference filter size and number of 

maps in each layer. After training, each CNN is now treated as a 

local classifier in our CIM model. 

 

 
 

Fig. 1  Architecture of  the proposed CNN 

 

 

 
 

Fig. 2  Training samples 

 

One example of CNN structures is analyzed in detail. Other 

CNN structure is obtained by adjusting filter size, and input size, 

number of maps in each layer. In the input layer as shown in Fig. 
1, the original image is converted to gray image and resized to 

our standard 80 80 size. The first convolution layer (C1) 

performs convolution from the input using five 5 5 kernels and 

5 biases to produce five 76 76 maps. There are trainable 130 

parameters in this layer. 

The following sub-sampling layer (S2) simply computes 

spatial sub-sampling of each map in C1. Hence, S2 has the 

same number of maps as C1. It uses 5 weights and 5 biases to 

produce five 19 19 maps. There are 10 trainable parameters in 
this layer. In C3, any two possible difference maps in S2 are 

convolved with 5 5 kernels to compute one map in C3. Hence, 

we use 10 maps in C3 since S2 have 5 maps. By doing this way, 

this layer has five 15 15 maps and 2 5 5 10+10 = 510 

trainable parameters. Similarly, S4 has 10 5 5 maps and 20 

parameters. C5 uses 5 5 kernels to compute 100 1 1 maps. 

Each map in C5 is convolved with all maps in S4. Therefore, 

C5 has 100 10 5 5 = 25000 parameters. 
The final layer is the out layer, which is fully connected with 

C5 and produces a vector with a same dimension as the number 

of classes we need. 

V.  EXPERIMENTS AND RESULTS 

In order to evaluate the proposed classifier scheme, 

experiments are performed on the 101 Caltech Object dataset. 

Samples of data sets are shown in Fig. 2. Five object categories 
are selected including faces, motorbikes, ball, airplanes and 

stop sign. Each category contributes 30 training samples and 30 

testing samples. These samples are selected randomly. 

In the proposed CIM model, 4 different CNNs classifiers are 

adopted and each CNN is used as a local classifier.  
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Fig. 3  Learning curve of CNNs 
 

 

TABLE I 

COMPARISON OF TRAINING TIMES 

 CNNs 1 CNNs 2 CNNs 3 CNNs 4 Lenet 

No. of Epoches 1,000 1,000 1,000 1,000 1,380 

Training time (s/epoch) 1,492.16 607.52 510.86 1,737.7 8,262.01 

MSE 0.0046 0.0182 0.0161 0.0021 0.001 

 
TABLE II 

ACCURACY RATE 

 Faces Motorbikes Ball Airplanes Stop Sign 

Lenet 60.0 80.0 73.3 70.0 86.7 

Proposed 63.3 83.3 80.0 73.3 90.0 

 

TABLE III 

EXAMPLE OF EXPERTISE TABLE 

 Faces Motorbikes Ball Airplanes Stop Sign 

Faces 0.57 0.16 0.2 0.0 0.07 

Motorbikes 0.0 0.77 0.06 0.1 0.07 

Ball 0.07 0.03 0.7 0.03 0.17 

Airplanes 0.03 0.13 0.17 0.63 0.04 

Stop Sign 0.0 0.06 0.1 0.03 0.74 

 

 Each local CNN is trained with a certain number of epoch, 

which is set to 1000 in our experiments. We evaluate our 

proposed scheme with comparison to single CNN in terms of 

training time and classification accuracy. The single CNN 

adopted in our experiments is the Lenet structure [5] with only 

one map in the input layer. The Lenet network is trained until 

the Mean Squared Error (MSE) is converged to a certain level. 

Table I shows the MSE and training time of local CNNs and 

Lenet. Since local CNNs in CIM have much simpler structure 
compared to Lenet and trained with a certain number of epochs, 

they have larger MSE than that of Lenet. However, the training 

time is quite shorter and that is what the proposed scheme is 

designed for. Note that the local CNNs can be trained in a 

parallel fashion because each local CNN is independent of 

other local CNNs. Table II shows a comparison of 

classification accuracies between the Lanet and the proposed 

scheme. The Table II clearly shows that the proposed scheme 

outperforms the Lanet in terms of classification accuracy. Table 

III shows an example of the expertise table used in CIM. 

VI. CONCLUSIONS 

In this paper, a classifier scheme using multiple CNNs as 

classifiers to improve the training speed and classification 

accuracy of the conventional CNNs is proposed. Unlike other 

existing image classification schemes, the CNNs do not require 

any preprocessing of image data or feature extraction process. 

Since the CNN architecture-based classifier is a special class of 

deep network designed for image data, the CNN classifier takes 

the original images for training and classification procedure. 

The CNN classifier can learn the class from raw image without 
any preprocessing or feature extraction procedure. However, it 

requires very long training time since the number of parameters 

to be trained is quite large. The proposed classifier scheme 

combines the Classifier Integration Model and Convolution 

Neural Network for lower training time over conventional 

CNNs that have many layers without losing the special feature 

of deep learning algorithm: learning from the raw data. When 

applied to an image classification problem, the proposed 

classifier scheme shows a promising result in terms of both 

training speed and classification accuracy rate. With further 

experiments on larger training data sets and longer training time, 

the classification accuracy can be improved. 
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