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Abstract— Imbalanced class is one of the trials in classifying materials of big data. Data disparity produces a biased
output of a model regardless how recent the technology is. However, deep learning algorithms such as convolutional
neural networks and deep belief networks have proven to provide promising results in many research domains,
especially in image processing as well as time series forecasting, intrusion detection, and classification. Therefore, this
paper will investigate the effect of imbalanced data discrepancy of classes in MNIST handwritten dataset using
convolutional neural networks and deep belief networks. Based on the experiment conducted, the results show that
although the algorithm is suitable for multiple domains and have shown stability, the imbalanced distribution of data
still able to affect the overall performance of the models.
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at the end of it. CNNs are used in computer vision and
I. INTRODUCTION acoustic modeling for automatic speech recognition (ASR).

Imbalanced class in a dataset occurs when the datd?BN is a representation that is probabilistic and generative.

instances are not depicted evenly among the parameters ctaconsists of §evera| !ayers of hidden units._ It is made up of
classes. The majority class of the dataset is when the clas yers of basic learning modules of Restricted Boltzmann

has the most instances. The class with the least daté\/lachine (RBM)' . . .
This paper is arranged in the following order. Section 2

instances is called the minority class. Therefore, when he definiti ¢ imbal dd he off ¢
performing classification tasks with an imbalanced datasetPresents the definitions of imbalanced data, the effects o

can cause an overfitting. Overfitting is a result of accuracy !mbalanced : data hasfor cla55|f!cat|on tgsks and the
plementation of any deep learning algorithms used to

bias due to overwhelming data values in one class compare

to absent values of another class. The model might return £OUNter this problem. Section 3 reviews the basic concepts
high accuracy result, but the majority class also influencesand .ut|||zat|ons .Of CNN and_DBN algorithms resp_ecnvely.
the output. Section 4 explains the experimental setup of data imbalance

The approach that will be focused on this paper is aclassification using CNN and DBN and elucidates the

review on the effects of imbalanced class in a handwrittenpre“minary result. Conclusions are described in Section 5.

data set towards deep learning algorithms. Deep learning is Elr_lcoyraglr]:gd reSTItS _havel bgehn rgcewed upon _the
an example of machine learning collection that is recently 3PP ication of deep learning algorithms in text recognition

introduced to solve complex, high-level abstract and [, a_udio cIassificatior_1 [2] and even abstract high-level
heterogeneous data sets, especially image and audio dat&omams_such as emotional recognition [3]. However, these
There are several types of deep learning designs, namel re applied for data that are distributed evenly. Not many
deep neural network (DNN), deep belief network (DBN), mbal_anced data problems have been solved using a deep
recurrent neural network (RNN), convolutional neural Iea;r\nmg(;nethod. 471 imbalanced class |
network (CNN) and convolutional deep belief networks ccording to some papers [4-7], im alanced class In a
(CDBN). This paper will focus on two deep learning dataset refers to the inequality of data dispensation between
algorithrhs which are CNN and DBN. CNN is organized in the classes. The class that has the most training values is

one or more convolutional layers with fully connected layers termed _majority class’ and the class th:att_ha; the Iea}st or
most missing data values are called the ‘minority class’ [5].
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Minority data class is a realistic problem experienced in data f convaldtional 16 convoltional 120 convalitional

mining because of most of the time; data are scarce, despite maps 26:28 maps 10x10 faps 11 10y
its importance. The examples of minority classes in real-
P H P : y INPLT £ subsamping 16 subsampling B4fuly  connected
world problem are credit fraud detection [8] and cancer 1 —yr T 6 comected output
. . . . I
anomaly diagnosis [6,8]. It can be expensive if the new data P MEWORS  neurons

needs labelling [9]. Unfortunately, most algorithms devised r |_||F= % \ L
shown stable and promising performance when using :> Fr :>[|:[F- :>|_'F|Tr - ’rrrrrr 3\3 \:>"‘.,‘
balanced data in classification exercises but showed E an llr_@ T '
otherwise when imbalanced data is used [4]. Minority class
prediction is presumed to achieve an expensive level of error
as compared to classes with many instances and its testing
instances are often wrongly classified as well [10].

Fig. 1. An example of a simple CNN architecture

. . Figure 1 shows an example of CNN network architecture.
The imbalanced class could cause poor classification o jnot of a handwritten digit is given to the network, and

prototypes [6, 7]. The algorithm that performs ona b"’II"’mCGdit will proceed to the convolutional layers. In this example,

dataset will not perform as good when using an imbalancedye e are 6 convolutional maps that use 28 x 28 pixels. Then,

dataset [4]’ regardlgsE TOW sfjablelthe zl_go(rjlthm model is. ln{ﬂe aggregated statistics from the feature maps will pass to
an experiment, an imbalanced multimedia data set was useg,, g pooling layers or subsampling layers. The subsampling

as Input for the CNN mod(_al [5].' The paper compared the layers will calculate the lower resolution presentation of the
result with a balanced multimedia dataset. Even_though the, revious convolutional layer [14]. Next, it will pass down to
balanced dataset managed to steadily decrease its error rat 6 convolutional maps and the pixels kept lowering down

the analysis finds that the error rate achieved when al hen it continue to another 16 subsampling maps and 120
uneven dataset was used, the error rate was unsteady andy,,o|ytional maps. At the end of the network, the neurons

kept osciliating. In a research paper [6], the author g ne connected to a fully connected MLP, which provides
investigates the effect of uneven data allocation towards the

. . classification as its output.
s_erformance of SVM. Ehi ][el\new described ,,thit dﬁta To understand DBN, the concept of Restricted Boltzmann
Isparity generate in a “high false negative rate”. Another yj.hine (RBM) must first be explained. The architecture of
paper [11] modified kNN algorithms to counter the effect of

imbal dd he aloorithm. B ing is oft RBM is it consists of a bidirectional connection between
Imbalanced data to the algorithm. Bootstrapping IS Often pjqqep layers and visible layers. This feature allows the
used to improve the algorithm performance when

imbalanced data is used [6, 9], weight to be connected exclusively and allows deeper

lutional | . ¢ extraction between the neurons. RBM is a probabilistic
A convo utional neura networlCNN) consists o ONeor — model [2] and a bipartite, undirected graphical structure. It
more convolutional layers [4, 5, 14], alternating with

: . has an ensemble of double-barreled hidden random hunits
subsampling layers and by the end of the network, optlonallyof dimensionK, and a group of (binary or real-valued)
a fully connected MLP [4]. Basically, CNN architecture iciple random variable of dimensiorD. A weight matrix

must consist of convolutional, pooling and fully connected (W € RDxK) illustrates the symmetric links between these
[5]. The convolutional layers are responsible for feature two layers [17]. Two main RBM often used are Bernoulli,

](cext;actlodn ?n?'ls calll5ed 'fAeﬂature marl) [,[4 5'|1|4] and_tspmeftt|me§Nhere visible and hidden layers are binary, and Gaussian is
eature detection [15]. er convolutional fayer, 1L 1S oftén \ hare the visible units are allowed to use real number values

paired up with a pooling layer that will perform a pooling 3]
function based on the inputs it received from the previous" ™
convolutional layer [4-7]. The pooling layer, also knownasa
subsampling layer, will alternate with a convolutional layer i
because it computes the statistics of the convolutional layer.
The pooling layer or “downsampling layer” has a few layer
alternatives such as min-pooling and max-pooling depending
on the problem-solving context. As the name suggests, the
pooling function will decrease the input pixels it received
from its preceding convolutional layer [5] and carry on until
the end of the network. At the end of the series of alternation
a fully connected MLP will be added and works as a
classification module for the network [4]. This layer will Fig. 2. Example of RBM architecture schematic design [17]

receive all neurons from its previous layers whether they are ) )
convolutional or pooling and connect them with its own  Figure 2 above presents the schematic design of RBM
neurons [5]. architecture. RBM is made up of stochastic visible units and

However, the implementation of convolutional and stochastic hidden units that are connected to each other [13].

subsampling layers in a CNN plus the method of the network A deep belief network (DBN) is likelihood and prompt
training differs in every CNN [16]. It's all depends on the representation consists of several layers of hidden units

context of problems that are attempted to solve. composed of basic learning modules. DBN is made up of
heaped Restricted Boltzmann Machine (RBM) used greedily

as shown in Figure 3. However, such feature results in DBN
to be computationally expensive and time-consuming
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because the number of layers DBN needs to go through is a

lot.

Hidden

Visible

Fig. 3. A stacked RBM or known as DBN [18]

According to Le & Provost [3], training a DBN is not cost
effective in terms of computation because pre-training took

11 minutes per epoch and fine-tuning takes up 10 minutes

per epoch. DBN is performed in emotion recognition domain
[3] by learning high-level features. Face verification domain

can also be tackled using DBN, despite the usage of CNN,

the hybrid algorithm aims to achieve robustness in verifying
similarities of different faces [19]. DBN is also used to
replicate natural images [20] by learning multiple layers of
unlabeled data.

For this experiment, an imbalanced data set that is

MATERIAL AND ALGORITHM

3 250 50
4 150 30
5 35

6 25

7 200 40
8 350 70
9 15 3

The algorithms for both CNN and DBN are detailed out in
Algorithm 1 and Algorithm 2. This algorithm is based on the
previous discussions on CNN and DBN.

Algorithm 1 Convolutional Neural Network

trainSize«< [500, 1000, 1500]
testSize= 200Gk
maxEpoch= 5000
while N < maxEpoctdo
if n <trainSize + 1then
trainData < TrainingError
trainLabels< TrainingError
return Training Error
else
testData<= OutputData
testLabels= OutputData
end if
end while
return OutputData

Algorithm 2 Deep Belief Network

suitable for classification task is selected. Then, the sourcelrainSize< [500, 1000, 1500]

codes of CNN and DBN are modified to suit the data set. testSize= 200

The data set will be executed by both source codes. ThenmaxEpoch= 5000

the preliminary results of both CNN and DBN are recorded unsupervisedLearningRate 0.01

and further evaluated. Many of the experiments used MNIST supervisedLearningRate 0.05

handwritten data set as a benchmark [1, 16, 17].
The experimental data set used in this experiment iswhile N < maxEpoctdo

MNIST handwritten digit data set. It is downloaded from the

momentumMax= 0.95

if n < trainSize + 1then

website [21]. The dataset is preprocessed and consists of 4 net< db.DBN()

files, 2 training files, and 2 testing files. return TrainingError
The training set consists of 60000 examples. The test set else

has 10000 examples. Since the objective of this paper is to testData<= OutputData

review data disparity and algorithms’ performance, the data testLabets OutputData

has been modified to a smaller size but imbalanced. The return OutputData

labels’ values are 0 to 9. Pixels are organized row wise. The end if

values are between 0 and 255. 0 signifies backgroundend while
(white), while 255 denotes foreground (black). The images
were centred in a 28x28 image. Data distribution is
described in Table 1 below together with their percentages.

TABLE |

DATA DISTRIBUTION OF MNIST DATASET

Labels Number of data Imbalance Percentage (%)
0 500 100
1 45 9
2 150 30
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Ill. RESULTSAND DISCUSSION

This section presents the result of the training error of the
algorithms, CNN and DBN using the imbalanced dataset as
an input. The maximum epochs for all the networks are 5000.
However, the training size for the neurons is varied from 500,
1000 and 1500. The training error is captured throughout the
experiments for analysis.

As presented in figure 4, CNN is stuck at a local
maximum. It is unable to learn from imbalanced data. The
maximum error of CNN when training size is 500 is 72.3853



and the minimum error is 3.0986. In Figure 5, DBN training compared to when the training size was 500.This portrays
error increases and then kept decreasing and converging. tthe ability of DBN to learn from imbalanced data. The

remained constant at its local minimum by epoch 2000. Themaximum error of DBN when training size is 1000 is 1.3914
maximum error of DBN when training size is 500 is 2.1131 and the minimum error is 1.23.

and the minimum error is 1.9186. This shows that DBN is -

able to learn and predict for imbalanced data.
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In figure 6, the error rate in CNN is stuck in a local
minimum, but after epoch 2000 the error rate scattered. After
epoch 3000, the error rate stuck at the local maximum. This i . )
shows that CNN does not learn from imbalanced data at all.converges and stuck at the local maximum until the final
The maximum error of CNN when training size is 1000 is €P0ch. CNN is still unable to learn to predict from
164.8928 and the minimum error is 2.5014. In figure 7, the imbalanced data despite the different training size. The

error rate in DBN decreases and begins to converge betweeff1@Ximum error of CNN when training size is 1500 is

epoch 1000 and 2000. The error rate decreases faste?8-05599 and the minimum error is 2.2024. In figure 9, the

In figure 8, the error rate of CNN is scattered until it
reaches between epoch 3000 and 4000. The error rate
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error rate of DBN begins to converge after epoch 1000 andimbalanced dataset is usually to modify or manipulate the

became constant until epoch 5000. The maximum error ofdata itself whether by oversampling or under-sampling.

DBN when training size is 1500 is 2.1421 and the minimum However, in the study of algorithm or model modification to

error is 1.9382. This shows that the larger the training size,minimize the data skew due to data imbalance is yet to be

the error merged much faster. explored thoroughly. Future work shall include the methods
CNN'’s error range is bigger compared to the error rangeto improve models when imbalanced data is used.

of DBN. The error scale of DBN is from 1 to 2.5, whereas
the error scale of CNN is from 2 to 165. This shows that
CNN has more error compared to DBN. High level of error
shows a low level of predictive accuracy.
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The accuracy rate of CNN for all training set is 0.1. It is g.hame (RIGS): RIGS16-346-0510

constant despite the varying training size. The accuracy rate
of DBN for all training set is 20 out of 200, which is 0.1. It is
also constant for all despite the different training size. To
further analyze the performance of CNN, we further explore [1]
the convergence rate of the algorithm with balance dataset.
Therefore, for each label, there will be 500 instances. From[z]
the experiment conducted, it seems that even though with
balanced datasets, CNN is unable to converge and stuck at a
local minimum. The outcomes are presented in Figure 10

and Figure 11. 3]
[4]
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[16]

V. CONCLUSIONS

As a conclusion, it seems that DBN can learn from [17]
imbalanced data set but a lengthy processing time to
eventually converge. A usual method to reduce the effects of
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