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Abstract

Purpose: the represented research results are aimed to better understanding of computer vision methods
and their capabilities. Both the statistical classifier and an artificial neural network allows processing of
typical objects with simple descriptors. Methods: considered methods are grounded at probabilistic
theory, optimization theory, kernel density estimation and computer-based simulation as a verification
tool. Results: the considered artificial neural network architecture for digits recognition has advantage
in comparison with statistical method due to its better classification ability. Presented results of
experimental verification prove that advantage in both single observation and sequential observation
scenarios. Discussion: the approach can be implemented in a variety of computer vision systems that

observe typed text in difficult noisy conditions.
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1. Introduction

Character recognition (generally, pattern
recognition) is a part to the problem of classifying
input data into some categories. [1]. One of its
subdomain is optical character recognition (OCR). It
has been an active research field for a long time,
because this technology is widely applied in many
areas where is necessity to process text information
produced as or transformed to a graphic image. For
example it is used for books and documents
digitization, automatic sorting of postal letters, the
car license plate recognition, etc. The need for
character recognition has increased much since the
expansion of the Internet. OCR 1is used for
recognizing both printed and handwritten letters and
many researches have been conducted to reach
higher precision and make recognition faster. [2]

The accurate recognition printed text with Latin
letters is considered nowadays mostly as a solved
problem when clear imaging is available, for
example, with printed documents [3]. Usual
accuracy on these scenarios exceeds 99%.

The character recognition software breaks the
image into sub-images, each containing a single
character. The sub-images are then transformed to a
special format of data that is fed to the classifier that
has been trained to make the association between the

character image data and some numeric value that
corresponds to the character. The output from the
classifier is then translated into ASCII text and
saved as a file. [1]

Characters recognition is a quite complex
problem. The characters could have different font,
size, orientation, thickness, format or introduction of
different types of noises [4]. This gives us infinite
variations. In these cases, it is extremely difficult to
identify similar characters because each variation
has unique shape. Therefore, it needs a robust OCR
system that is able to recognize characters in various
conditions. The most of existing OCR methods are
not able to recognize characters with different fonts
rather than in the training samples and need to adapt.

2. Analysis of the research and publications

There are some common methods to recognize
printed and handwritten characters. In [5] the next
list of typical text classifiers is presented.

The most basic way to recognizing the patterns
using statistical methods in which we use Bayesian
classifiers for characters recognition. Statistical
methods include estimation of the distributions of
single character feature vectors, and then apply a
classifier or some detector to discover presence of
some character. In this way, the invariance to some
unavoidable conditions is achieved. Specifically to

Copyright © 2018 National Aviation University
http://www.nau.edu.ua



V. Kharchenko, I. Chyrka. Typed Digits Recognition Using Sequential Probability Ratio Test 39

statistical methods, the supervised -classification
assumes the knowledge of a probability density
function (PDF) for each class of objects. Of course,
in most real situations those PDFs are unknown and
have to be estimated from a set of training samples
with a correct label of each class.

Linear classifier is one of the simplest existing
classifiers. It adds each input pixel values with some
weights for each known character. The output with
the highest sum indicates the input character.

Another simple method is a K-nearest neighbor
classifier with a FEuclidean distance measure
between input images. This classifier has such
advantages as no need of training and specific
participation of the designer. However, it requires
huge memory size and big computational costs.

The linear classificator with many inputs can be
simplified using principal component analysis. It
requires the preprocessing stage, which computes
the projection of the input pattern on the row of
principal components of the set of training vectors.
To compute the principal components, the mean of
each input component was first computed and
subtracted from the training vectors. The covariance
matrix of the resulting vectors was then computed,
and  diagonalized using  Singular  Value
Decomposition. The resulted multidimensional
feature vector is used as the input of a second degree
polynomial classifier.

Artificial Neural Networks (ANN) belongs to a
class of simple classifier combinations. They
combine multiple linear classifiers into the
multilayer net and bring additional classification
possibilities  with introduction of nonlinear
activation function for each classifier.

In order to find a compromise between small
networks that cannot learn the training set, and large
networks that can be overloaded with lots of
parameters, there were introduced specialized
network architectures that are designed to recognize
two-dimensional shapes such as characters, while
eliminating irrelevant distortions and variability.
Such ANN are called as convolutional networks
(CNN). Complete networks are formed of multiple
convolutional layers, extracting features of
increasing complexity and abstraction. During the
training  process, a convolutional network
automatically synthesizes those features by itself.

3. Aim of the paper

In this paper, first we analyze performance of the
presented earlier object recognition method with

Bayesian classifier in the task of printed digits
recognition.  Additionally we compare its
performance with the 2-layer fully connected ANN.

4. Feature extraction

Similarly to principal component analysis, the main
idea of feature extraction 1is reduction of
dimensionality and introduction of some robustness
to observation conditions. The feature vector for the
character is extracted on the preprocessing stage by
some predefined algorithm and then is used for
classification by a preferable method.

Extracting features is the key process and has
direct influence on the final recognition
performance. Therefore, the extracted feature must
describe each character accurately. Among more
complicated feature descriptors, there are ‘classic’
ones such as SIFT, SURF, and HOG. They have
been known as the most popular and successful
feature descriptors, which can be applied in many
applications, from image registration to object
recognition [6], [9]. Regarding CNN, as it was
mentioned before, they synthesize their own features
based on input images in the training set. However,
in many situations they are too excessive and can be
replaced by a set of simple statistical parameters. In
this paper, we consider such parameters as the
eigenvalues of the covariance matrix and its first
eigenvalue in particular, that describe the character’s
shape. In addition, such statistical values by each
axis as a skewness and an excess kurtosis are
defined in order to describe shapes of brightness
distribution. They form our five-component feature
vector in the next order the first eigenvalue, the
skewness by x, the kurtosis by x, the skewness by v,
the kurtosis by y.

5. Classification algorithms

We compare two classification methods: Bayesian
classifier and ANN in two scenarios: single image
recognition and consequent detection and
recognition by the set of images with the same
character.

Firstly, let us briefly describe each of methods.
We assume that N classes of objects are given.
N=10 in the case of single digit recognition. They
correspond to prior probabilities p,,..., p, , With

N
p,>0,i=LN, > p =1
i=l

Bayesian classifier builds the separation plane
based on maximum a posteriori probability. It
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requires knowledge of prior probabilities p,, of
each i-th class and likelihood functions ie. a
probability distribution function (PDF) p,(x) of
x,)e R” for the i-th class.

can be evaluated as

feature vector x=(x,,...,

Posterior probabilities
follows:

_ PPy (%)

qk N
Z pip:(x)
i=1

with £ =1,N . In a case with equal prior probabilities
p,=1/N, Vi= LN this equation is simplified to

q; =p;(x).
answer 1s chosen as

In a single observation scenario the

£ = argmax q -
k

We do not know PDFs of each class and consider

their nonparametric kernel density estimations [7],
[8]. For this purpose, we use the Epanechnikov
kernel that is preferable over the Gaussian one due
to absence of exponent and possible extremely large
or small numbers.
The kernel density estimator for any particular class
is evaluated by observations of the training set of T
objects and corresponding set of feature vectors
X,,..., X, for each class as

ﬁ(x)— hZHK<’

D =1 j=1
where; 7, j= 1,D, is a bandwidth for Jjth parameter

of the feature vector, K(-) is the Epanechnikov

kernel function.

For classification with ANN there was
constructed the network with fully connected two
layers of 11 neurons (10 for digits plus one for a
background). For the first layer there were used the
sigmoid activation function and the second layer has
a simple linear activation function. The network
structure is shown in the Fig. 1.

Neural Network

Layer

ST

Fig. 1. The artificial neural network structure

Preliminary research has shown that a single
layer of 11 neurons with the sigmoid activation

function is not enough for correct classification. As
the input, we use the mentioned feature vector with
5 elements and output we interpret as a set of
probabilities of each class of digits.

6. Consequent object detection and recognition
using Wald criterion

During the consequent analysis of the image set
with the same character, its presence should be
firstly detected and then classified.

We check the null hypothesis Hj): a painted
object belonging to one of the abovementioned
classes is observed, vs. an alternative hypothesis H;:
a background or other object is observed. Consider a
test statistic on the n-th observation

H p(x;) .
k=1 Po(X;)
Here

§(X) = z pipi(x)

denotes a weighted PDF of the feature vectors with
digits. We suppose that o and B are given levels for

a Type I error (the probability to reject H, under true
Hy) and a Type 1I error (the probability to accept Hy
under true H;).

We choose thresholds as

a=1=B , B= B
o I-o
We continue observations until one of the

inequalities holds true:
I, 24 orT,<B.

In the first case, H, is accepted (a digit is
detected), and in the second case, H, is rejected (a
digit is not detected).

Suppose that an object has been detected. We
continue the observations and receive new data

X,,...X, mM2n,

n3* m

b

Here we use the observation x,, which was received
at the moment of the detection algorithm
termination, and new observations as well.

Posterior probabilities can be evaluated as
follows:

(m) _ pkpk (Xn)pk (Xn+1)"’pk(xm)

dr =N >
Zpipi(xn)pi(xnﬂ)'"pi(xnz)
i=1

with k=1, N .
The observations can be terminated

following condition holds true:

(m)
maxq,”

1<ksN ¢

if the
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Here P is a probability of correct recognition. After
the termination, the answer is chosen similarly to a
single observation as

£= argmaxgq, .
k

7. Simulation results

The performance of the considered classifiers was
tested on the set of digits 0-9 that are shown in Fig.
2. For test purposes, they were typed using the Arial
font separately and then imported to MATLAB
where they were transformed accordingly to
specified parameters and polluted by simulated
noise. Hereafter they were processed as two-
dimensional arrays. We considered digits with the
single font but polluted with randomized Gaussian
noise.

All digits have the same extents, placed in the
center of the observation window.

Fig. 2. The set of simulated objects shapes

Firstly, let us consider recognition performance
of algorithms in a single shot case without multiple
observations. The most representative parameters in
this case is probability of correct classification. Then
the consequent set of data will be supplied to each
classifier and compare by the number of required
observation that is needed to reach predefined
detection probability and recognition levels.

The simulations were carried out via Monte-
Carlo method with the next general parameters and
conditions: number of independent iterations 1,000;
there were simulated grayscale images with size
64x64 pixels with the bit depth 8bit per pixel; ten
classes of digits have been randomly placed in the
center of each image with equal probabilities,
signal-to-noise ratio SNR=10dB, training sample
size for each digit N=100, digit brightness is set to
127 with the maximum brightness value 255, digit
to background brightness ratio is 1/4. In the
sequential processing the maximal number of
available observations for detection and recognition
is limited by the training sample size, probabilities
of false alarm and missing the character are o,

=0.01; classification threshold P, =0.99.

The network was trained using the MATLAB
Neural Networks Toolbox with next typical
parameters: optimization algorithm is error back
propagation; quadratic cost function; number of
epochs 1000; gradient threshold value le-7.

Fig. 3 shows plots of probabilities of correct
recognition in a single run scenario. Plots behavior
is quite predictable and both methods improve their
performance when SNR grows. It shows that the
both classifiers works well in a wide range of SNR.
That can be explained by the fact that the distance
between classes in the space of features is quite big.
Still, the good recognition probability 0.9 is reached
at about 10dB. It must be noted that ANN has well
visible advantage in recognition probability,
particularly with low SNR.

Also there has been simulated the case for
dependencies by the number of used features.
Corresponding plots are shown in Fig. 4. It is well
visible that performance has significant dependence
on number of used features and reach acceptable
levels with five proposed features. For statistical
criterion the maximum is reached for 4 features. That
can indicate that for five and more features in these
conditions the model starts to overlearn.

Additionally it has been estimated the
complication of classification of each digit. Fig. 5
represents corresponding probabilities of
recognition. One can see that the hardest digits for
recognition are “6”, “9”, “0” and “8”. Generally,
both methods have similar performance level.

stat
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o
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Fig. 3. Correct classification probability at various SNR
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Fig. 5. Correct classification probability for each digit
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Fig. 8. Average number of observations required for
classification of each class of objects

Now let us consider the scenario with multiple
observations of the same object and performance of
mentioned classifiers with a sequential probability
ratio test. Fig. 6 shows plots of average number of
observation at which classification have been done
for various signal to noise ratios.

Results for detection are not presented because
they have shown that the detector works well in a
wide range of SNR and even in severe noise
conditions a single observation was usually enough
for detection. That can be explained by the fact that
the distance between features classes with
background only and background plus digit is big
enough for brief detection of a digit presence. On
the other hand, the recognition procedure
significantly drops at 5dB that correlates with results
for a single observation scenario.

Also there has been simulated the case for
dependencies by the number of used -criterions.
Corresponding plots are shown in Fig. 7. It is well
visible that sufficient performance is achieved when
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4 features are used for the classification. These
results are similar to the Fig. 4 but demonstrate
advantage of ANN classifier over the statistical one.

Additionally it has been estimated the
complication of classification of each digit. Fig. 8
represents average number of observations for
recognition of each class of objects

It shows that such digits like “6” and “9” are hard
for recognition by the statistical approach when the
considered ANN has only slight worsen of
performance on these digits. For better handling of
this situation, some additional information or slightly
modified criterions must be used.

8. Conclusions

The considered Bayesian approach as well as
proposed architecture of the Artificial Neural
Network are suitable for detection and recognition
of typed digits after the preprocessing stage that
extracts some statistical features. Presented
simulation results prove that the considered methods
can be applied for detection and classification of
digits with various shape.
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Po3nizHaBaHHA APyKoBaHUX HUGP 3 BAKOPUCTAHHAM MOCJiI0BHOTO AIMOBIPHICHOT0 KpUTeEpist
HamionaneHiii aBiauiinuii yaiBepcutet, npoci. Kocmonasta Komaposa, 1, Kuis, 03058, Ykpaina

E-mails: 'kharch@nau.edu.ua; *yurasyk88@ukr.net

MerTa: npeACTaBIieHI pe3yNbTaTH J0CTIPKeHb CIIPAMOBAHI Ha Kpallle PO3yMIHHS METO/IIB KOMIT FOTEPHOT'O 30py Ta
ixHix MoxmBocTed. CTaTHCTUYHUN Kiacu]ikaTtop Ta IITy4YHa HEHpOHHA Mepeska JIO3BOJISIIOTH OOpOOIISATH THUIIOBI
00’€KTH 3 TPOCTHMH JeCKpUnTopamMd. MeToau JOCHiIPKeHHsI: PO3IJISHYTI MeToqu 0a3yloThCs Ha Teopil
WMOBIPHOCTI, TEOpii ONTUMI3AILi{, SICPHINA OIMIHIT IIUTHHOCTI HMOBIPHOCTI Ta KOMITIOTEPHOMY MOJICITIOBAHHI SIK
3aco0i arpoOarii. Pe3yJbTaT: po3risHyTa apXiTeKTypa IITYYHOT HEHPOHHOI MEpeXKi Mae TiepeBary y TOpiBHIHHI
31 CTaTHCTUYHMM METOAOM 3aBISAKM Kpaimmiii 3matHocti go kimacuikamii. [lpemcraBrneni  pesynbTata
eKCIIepUMEHTAIBHOI TIEPEBIPKH JOBOJATh 1[I0 TIEpeBary i y BHIAAKY OJMHUYHOTO CIOCTEPEKCHHS, 1 IMpU
HOCTIIOBHOMY crieHapii. OOroBopeHHs: Tiaxiq Moxke OyTH peatizoBaHHi y 0araTboX cUCTeMaxX KOMIT IOTEpHOTO
30pY, L0 OIJISIAI0TH IPYKOBaHUH TEKCT B CKJIATHUX ITyMOBHX YMOBaX.

KurouoBi ciioBa: baifeciBehkmii kitacudikaTop; HelipoHa Meperka; TIOCIIIOBHII KPHUTEPIit; po3IizHaBaHHS ITHMP.
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Pacno3naBanue ne4aTHbIX HUGP ¢ IOMOUIHIO NMOCJIe0BATEIbHOI0 BEPOSITHOCTHOT0 KPUTEPUS
HanmonanbHbl aBUalIMOHHBIA YHUBEPCUTET, npoctl. KocmonasTa Komaposa, 1, Kues, 03058, Ykpauna
E-mails: 'kharch@nau.edu.ua; *yurasyk88@ukr.net

Lesab: npexncraBieHHblE pe3yJabTaThl MCCIECAOBAHMH HaNpaBJeHbl Ha JIydllee IIOHHMAaHHWE METOAOB
KOMIIBIOTEPHOTO 3peHHs] U HUX BO3MOXHOCTeH. CTaTUCTHYECKHI KIIAaCCU(PHUKATOP M HCKYCCTBEHHAs
HEHpOHHAasl CeTh MO3BOJSIOT 00padaThiBaTh THUIMOBBIE OOBEKTHI C MPOCTHIMU JAECKpUnTOpaMu. MeToasl
HCC/IeJOBAHHUS: PACCMaTPUBAaEMble METOABI 0a3UPYIOTCS Ha TEOPUH BEPOSITHOCTH, TCOPUU ONTHMH3ALNH,
SIIEPHOM  OIIEHWBAaHWU ITUIOTHOCTH BEPOSTHOCTH W KOMIIBIOTEPHOM MOJIEIMPOBAHUU KaK CpEICTBE
anpobauuu. Pe3yabTaTrhl: paccmMaTpuBaeMasi apXUTEKTypa HCKYyCCTBEHHOW HEWPOHHOH CeTH HMeeT
MPEUMYLIECTBO 110 CPaBHEHUIO C CTATHCTHYECKUM METONOM Oylarozaps Jyd4lledl CrocoOHOCTH K
knaccuukanuu. llpencraBieHHble pe3yibTaThl IKCHEPUMEHTAIBHON IPOBEPKH IOATBEPKAAOT 3TO
MIPEeUMYIIECTBO KaK B CIydyae OJAWHOYHOTO HAONIOACHHSA, TaK W TPH MOCIEIOBATEIBHOM CIICHAPHUH.
OO0cy:xkaeHue: MOIX0I MOXKET OBITh peaji30BaH BO MHOTHX CHCTEMax KOMIIBIOTEPHOTO 3pEHHS, KOTOpPHIE
HaOIr0Na0T HHU(PHI B CIOXKHBIX LITYMOBBIX YCIOBHSIX.

KioueBbie cioBa: baiiecoBckuii kmaccudukatop; HEWpOHHas CeTh; IOCIENOBATEIbHBIA KPUTEPUH;
pacro3HaBaHue nudp.
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