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EQUALIZATION OF NONUNIFORM DISTRIBUTION OF RECOGNITION
ERRORS PERCENTAGE OVER CLASSES IN CLASSIFYING SHIFTED
MONOCHROME 60-BY-80-IMAGES

A study for equalizing nonuniform distribution of recognition errors percentage over classes is presented. The
problem is exemplified on classifying shifted monochrome 60-by-80-images of 26 English alphabet letters. A general
conception of adjusting the training process of two-layer perceptron classifier for the equalization is stated. In classifying
shifted monochrome 60-by-80-images, this conception is used partially for cutting off extremely long training sample set.
Within the example, the non-uniformity is reduced nearly for 25 %. The conception root is that the class representative
recognized poorer is repeated in the training set. As the class recognition errors percentage increases, the repeat number is
greater. However, the equalization conception is usable only for reasonable number of classes, so that the training sample set
length could be shorter. Besides, the two-layer perceptron classifier can be adjusted by four parameters, determining the
training sample set length and number of times when this set is passed through the perceptron. While equalizing, the hidden
layer size of the two-layer perceptron should not be changed. For estimating non-uniformity, variance unbiased estimates
may be used as well. The variance is decreased further using boosting ensembles of perceptron classifiers.

Keywords: object classification, shift, recognition errors percentage, distribution non-uniformity, perceptron,
monochrome images, training sample.

B.B. POMAHIOK

XMenbHUIBKUI HallIOHAIBHUI YHIBEPCUTET

BUPIBHIOBAHHA HEPIBHOMIPHOI'O PO3HOALITY BIACOTKOBOI'O PIBHS IIOMHWJIOK PO3III3HABAHHS
3A KJIACAMH V KJIACH®BIKAII 3CYHYTHX MOHOXPOMHMX 30BPAKEHb ®OPMATY 60-HA-80

IIpedcmagasiemocst  00CAIOHCEHHST 3 Memow 8uUpisHHWEamu HepieHOMIipHUll po3nodin 8i0cOMK08020 pIiBHSI NOMUNIOK
po3ni3zHasaHHs 3a kaacamu. s 3adaua nidkpiniena npukaadom kaacugikayii 3cyHymux MOHOXpOMHUX 306padiceHb 26 aimep aHeailicbko2o
angasimy gopmamy 60-Ha-80. Buceimaroemucs 3a2a1bHa KoHYenyis nidaaumyeaHHs HA8YA/bHO20 npoyecy Kaacugikamopa Ha ocHOsi
dsowaposozo nepcenmpoHy 0151 ONUCY8aHO20 8upigHosaHHA. [Ipu kaacugikayii 3cyHymux MOHOXpOMHUX 306pasceHb popmamy 60-Ha-80
Ysi KOHYenyisi BUKOPUCMOBYEMbCSl YACMKOBO 3A0/151 06PI3aHHSI HA038UYALIHO 8€/AUKOI MHONCUHU HABYANLHOI 8ubipku. Y Yybomy npukaadi
HepisHOMIpHICMb 3HUMCYEMbCA NpubAuU3HO Ha 25 %. Cymb suceimaiosanoi KoHYenyii noasizae y momy, wjo npedcmasHuK neeHo2o Kadcy,
w0 po3nizHaEMbCs 2ipuie, NOBMOPHEMBCSA Y HABYANbHIU MHONMCUHI. 3i 3DOCMAHHAM 8I{0COMK08020 PiBHA NOMUNIOK PO3NI3HABAHHS Y YbOMY
Kaaci kinbkicmb nosmopie cmae 6invwior. O0Hak daHa KOHYenyis 8Upi8HIOBAHHS € 3ACMOCOBHOK Auwle 015 NOMIPHOT Kiibkocmi Kaacis,
wo6 po3Mip MHOMCUHU HABYA/NbHOI 8UGIPKU 6y8 meHWUM. Kpim mozo, kaacugpikamop Ha ocHO8I deowapo8o2o nepcenmpoHy Modxce 6ymu
nidsaawmosanull 3a yomupma napamempamu, Wo 8USHa4AOMsb PO3MIp MHOXCUHU HABYA/NbHOI 8UBIPKU Ma YUCA0 pasls, sike Ys MHOMCUHA
nponyckaemocs yepe3 nepcenmpoH. I1id yac eupieH08aHHs po3Mip npuxo8aHo2o0 wapy 0eowapoeo2o nepcenmpoHy He 3MiHomMb. Jas
OYiHHBAHHS HEPIBHOMIPHOCMI MAKONMC MONCYMb 6ymu 3acmocoeani Ui oyiHku He3miweHoi ducnepcii. L[s ducnepcisi 3Huxcyemsbcs we dani 3
B8UKOPUCMAHHAM GyCmuH208UX KoMimemie kaacugpikamopie Ha ocHOBI nepcenmpoHis.

Kawuosi caosa: kaacugikayis o6’ekmis, 3cys, gidcomkosull piseHb NOMUJIOK pO3Ni3HABAHHS, Hepi@HOMIpHICMb po3nodiay,
nepcenmpoH, MOHOXpOMHI 306padceHHs, HA84A1bHA 8UBIPKA.

Problem of classification with nonuniform distribution of recognition errors percentage over classes

Performance of object classification mainly includes [1, 2] period of realtime classification, probability of
the classification system failure, and recognition errors percentage (REP). Classification errors are plainly
inevitable. Their estimations, obtained through testing the classification system, are needed for evaluating the
classification quality on average [1, 3, 4]. An REP estimation 7, is compared to the maximally tolerated REP value

., » and the classification system is implemented when 7, <7,, . But here is a trivial example of that knowing REP is

insufficient in controlling the classification system quality: for two classes, where 7, =0.5- [rep (1)+r, (2)] =9 by

7, =10, the first class REP is r, (1)=7, and the second class REP is r, (2)=11, whence it is clear that such

classification quality is not admissible as system recognizes the second class too poor. Besides, even if REP in every
class is less than 7., but ratio of REP over some classes is far less or greater than one, then irregular distribution of

ep?
REP over those classes is also unwanted. So, distribution of REP over classes is desirable to be uniform, and this is a
problem for many fields of classification.
Assembling the classification system and controlling its quality

The contemporary classification system is usually a computer program or complex of computer programs,
coded by algorithms on the basis of classification model. This model is a functional or an operator map, defined on
the general totality of objects. The multilayer perceptron, being universal approximator, is one of the fastest
classification models [2, 3, 5]. Its single hidden layer is sufficient for classifying almost everything. The two-layer
perceptron classifier (TLPC) may be easily assembled in MATLAB, whereupon performance features of TLPC are
being accumulated into MATLAB workspace and saved [1, 2, 4, 5]. Any performance feature, including REP over
classes, TLPC acquires while being trained. Hence, control of TLPC quality is possible via adjusting the training
process parameters. Particularly, it is about the training sample set feeding the input of TLPC.
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Goal formulation
Let their be a general totality of objects from N classes, N €N \{l} . Suppose that the trained TLPC

performs with REP 7, (m) in m-th class, where the desired uniformity

rep(m):Nfl Vm=1,N (1)
is not true, although

BN .

Wzrep(m)ﬂep Sy - ®)
m=1
Moreover, the ultimately tolerated non-uniformity (UTNU), at which
fp(m) 1,(n) N A

ax{ r:)(n) 5 re:(m) : rcp(n)> Tep> M E {1, N}, ne {1, N}} =7 < 3)

by an admissible REP 7, and some 7 >1, is not true also. That is there exist such m, e {I,_N} and n, € {I,_N} by

m, # n, that

ma () [1 (1)] 7y ()L ()] '} 55 @

The goal is to adjust the training process of TLPC to get the condition (3) true. And the goal must be hit along with
that the other performance features of TLPC should be changed minimally. This minimal-intruding theoretical
adjustment for equalizing the nonuniform distribution of REP over classes should be demonstrated on a real
example of classification.
Adjusting the training process of TLPC for REP equalization
A simple model of the object for its classification is monochrome image. For the monochrome image
format RxC its model is RxC matrix of zeros and ones. So, the m-th class is represented as matrix

Al = (aﬁp) at aSZ"> € {0, l} by r =L,R and ¢=1,C for m=1, N . While training, the input of TLPC is fed
RxC

with the finite number of representatives of all the classes. Denote A = (a_jm) as the matrix of all original N

RCxN
monochrome R x C -images, reshaped into N columns. The input of TLPC is fed with U replicas of the matrix A

along with F noised matrices {A, }::1 , where the k -th noised matrix
A, =Y(AE) (5)
is got after mapping the matrix A by the randomized parameters E, . Particularly, the map ¥ can be just adder for

the noise as pixel distortion, where =, is usually RCx N matrix of values of normal variate [4, 6]. Generally, this

map defines the character of distortions in original N images, because these distortions are model of differences

between objects to be classified and representatives of N classes. The set
~ YU+F

jjtrain (NU+NF):{PI'},-:I :{{A}Zl’ {Ak}szl} ©)

of original images and distorted images feeds the input of TLPC by the set of identifiers (targets)
T={ThL = )
with identity N x N matrix I, where number U indicates at how many replicas of undistorted images should be

recognized in the training process. The set (6), being formed by (5), is passed through TLPC with identifiers (7) for
0, times. However, the trained TLPC with (6) by convention cannot ensure the inequality (3).

N
Let the map Q({}ép1> (m)}m:1) transfer every normed REP

)= S0 ®

n=1

into relative frequency A (m) of appearance (ARF) of the m -th class representatives in an updated set 13t

rain °

N
m=1, N and ka (m)=1.1In the simplest case, Q is the identity map, and
m=1

'ég>(m)=}\‘rprs(m) vm:L_N (9)

If the set {rep (m)} N,l were tolerated then the equality (9) would have meant that the greater REP in a class the more

replicas of this class representatives must be included into the feeding set P, . Surely, sometimes this is far from

actuality. Anyway, suppose that relative frequencies {Krprs(m)}N are known through the map of the normed

m=1
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N
tolerated REP {re<pl> (m)} according to the inequality (3). Also let the operator 5 be defined on the set of N

m=1

terminating fractions with values from the half-interval [0; 1) with their sum, being equal to 1. The operator § ,

N
having its argument as the set {krprs(m)} | » Teturns the denominator d,, which is the least as possible after
m=

N
reducing every fraction from {ers (m)} . by the least common multiple. For instance, if

[ (m)} =10.3,02,0.5)
then 5 ({0.3,0.2,0.5})=10, but for
(e (m)] =10.18,02,0.1,022, 0.3}

the denominator ds is
3’({0.18, 0.2,0.1,0.22, 0.3}) =50.

Consequently, for

d, = 3({me (m)}" ) (10)

m=1
there should be altogether d,, ~(U +F ) replicas of representatives of N classes in the updated set
P, (dyU+d,F). This set feeds the input of TLPC with d, -(U +F) replicas of representatives of N classes,
what lets obtain the condition (3) for REP in all classes, unlike the set (6) with N-(U+F ) replicas of
representatives of N classes. Notably that the m -th class representative is repeated U + F times in the set (6), and
(dyU +dF) this representative is repeated A, (m)-dy -(U +F) times.

Thus adjusting the training process of TLPC for REP equalization consists in the new training set

in the set P,

train

érain (dNU+dNF):{Pi} v :{{A};,{Ak}F } (11)

i=1 k=1
that feeds the input of TLPC, wherein A and Ak are RCxd, matrices, each of which contains lms(m)d N

columns, representing the m -th class V m = I,_N . The set of targets is
~\U+F
r={T} ", (12)

i=1

where T:[tqu is matrix with ¢, €{0,1}, having A (m)-d, columns of their numbers within the set

Nxdy prs

Cy(m), where t,, =1 by n=m and t,, =0 by ne{l,_N}\{m} for g€ C, (m). Due to the operation (10) for

columns of matrices in the set (11), the adjusted training process with the updated training set (11) for identifiers
(12) must change performance features of TLPC minimally.
REP equalization for classification of monochrome 60-by-80-imaged alphabet letters

It is clear that for hitting the formulated goal explicitly there must be taken a certain general totality of
objects. Therefore may 26 letters of English alphabet as monochrome images be the general totality. Here the letter
is a generalized object model. At that may its format be 60x80, not small, and not large, for efficient work with
images.

Monochrome image distortion is commonly its shift. For treating this distortion type, some pixel color
inversion is required during training TLPC [4]. Therefore let the map ¥ of the matrix Az(chm) shift

4800x26
26
(“shake”) every image from {A<"Z> :(a<"’>) } in A with parameters E,, whereupon this column-shaken
60x80

rc =l
matrix is added to 4800x26 matrix of values of normal variate with zero expectation and some variance in Z, ,
k=1, F (Figure 1 and Figure 2). In practice, it is sufficient to put U=2 and F =8 [4]. For a prompt
exemplification, we take U = F' =1, and the added pixel distortion constitutes 10 % of the shift distortion. Further,
the training set

P (52)={P, P} ={A, A} (13)
feeds the input of the MATLAB assembled TLPC by the set of targets
T:{TI,TZ}:{I, I} (14)

with identity 26x26 matrix I, for Q=50 times. Unfortunately and expectedly, that the training process with
the training set (13) by identifiers (14) makes TLPC perform with quite different REP over 26 classes (Figure 3).
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Fig. 1. Monochrome 60-by-80-image of letter “A” and its grayscale image after the “shaking” and pixel-distorting map (5),
viewed within MATLAB
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Fig. 2. Monochrome 60-by-80-image of letter “A” from Figure 1 after the “shaking” and pixel-distorting map (5),
viewed within MATLAB
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3. Distributions of REP over 26 letters, derived from 1000 testings of three TLPC, trained with the training MATLAB function
“traingda” at the fixed &, for U=1, F'=1, O, =50 (the hidden layer size of TLPC is 250 neurons)
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Statistically, these three REP estimations
26

. .
7., €{17.1346,16.9346,18.0962} by 7., :%Zrcp(n) (15)

n=1
appear less than the maximally tolerated REP value 7, =20 . Nevertheless, any of those distributions of {rep (m)}26

m=1
over 26 classes has at least five letters recognized poorer (4, 5, 14, 17, 21 — for the first TLPC; 4, 6, 15, 18, 22 —
for the second one; 2, 4, 5, 6, 15, 18, 21 — for the third one). In particular, letters “B”, “D”, “E”, “F”, “G”, “N”,
“0”, “Q”, “R”, “U”, “V” are frequently classified wrong, whereas letter “H” is the most recognizable. The

respective variance unbiased estimates [7, p. 212] are

26 2 2
v, €{60.1752,106.6568, 74.3284} by v, =%Z(rep(m)—2i6zrep(n)J : (16)
m=1 n=1
By the condition (3),
max{rep(m)'[rep (n):|71 > Top (n)'|:rep (m):|71 T (n) >3, me {1’_26}’ ne {m}} =
= 1,0 €{5.9038, 7.8841, 5.6949} (17)

for the tested three TLPC. Note that the second TLPC got so bad 7,
To equalize REP distribution over 26 letters, there is the adjusting set (11)

ﬁtrain(zdzc):{l:)l’ 12)2}:{‘&’ Al} (18)

because of the letter “D” training had failed.

ax

by the denominator

m=1

26
d, :g({xm(m)} ) (19)
after having fulfilled the map

1 26 26
[ )] )= ) @
for the operator 5 argument in (19). The question of how to get the map in (20) has to be investigated within a

separate paperwork. For now the very first suggestion is that this map is identity. Hence, in the updated training set
(18) the m -th class representative is repeated Zdzﬁreg> (m) times. That is the input of TLPC is fed with 4800 d,

matrices A and Al , each of which contains d26;;<pl> (m) columns, representing the m -th class V m =1, 26 . And the

set T = {"I"l, 'i"z} of targets (12) consists of two replicas of matrix T = [tmq] with 7, €{0, 1}, having d26r6g> (m)

26xd,g

numbered within the set C,; (m) columns, where 7, =1 by n=m and 7,, =0 by ne {1, 26} \{m} for geCy(m).

The denominator (19) for each of those three tested TLPC should’ve been d,, =10000. Obviously, this

might have made the training sample extremely long, what would’ve have retarded the training process badly. Then

26

we’ll use a primitive routine for setting up d,, and {re<;> (m)}m:1 or {krprs (m)}i; . Say, the letters recognized poorer

shall have a times greater ARF then the letters recognized better, a >1. If there are N, letters recognized poorer
and N, letters recognized better, N, + N, = N, then for ARF x of every letter recognized better we have:

Nax+Nyx=1, x=(Na+N,)" =(N+N,(a-1))". @1

Taken a=2 drives to that non-uniformity exposes even more, although the averaged REP decreases. Then, taking
a=1.25 for each of those three tested TLPC gives us the following. The first TLPC has

78 (m)=5/109 by me{4,5,14,17,21} and 7l (m)=4/109 by me{l,26}\{4,5,14,17,21}  (22)
at d,, =109 ; the second one has
78 (m)=5/109 by me{4,6,15,18,22} and 1l (m)=4/109 by me{l,26}\{4,6,15,18,22}  (23)
at d,; =109 ; the third TLPC has
i (m)=5/111 by me{2,4,56,15,18,21} and 7l (m)=4/111 by me{l,26}\{2,4,5,6,15,18,21} (24)
at d,;=111. Herewith, the training sample set length roughly quadruples. So, let O, =10. Now the training
process with the training set (18) by 26xd,, identifiers within the set 7 = {"I"l, 'i"z} and the identity map (20) makes

TLPC perform with smoothed distribution of REP over 26 letters (Figure 4), where each TLPC is tested twice.
Besides, the REP estimation 7, has appeared being decreased significantly, and 7, <7, =13

r, €{12.2231,12.2577}, r, €{10.7538,10.2269}, r, €{11.4731,11.1808} . (25)
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Fig. 4. Distributions of REP over 26 letters, derived from 1000 testings of TLPC after having trained it with the set (18) by the identity
map (20) for MATLAB function “traingda” at the fixed Z, for U =1, F=1, 0, =10 (the hidden layer size of TLPC is 250 neurons;

each TLPC was initialized by the same randomizers used before to Figure 3)

A real proof that distributions of REP became smoother is that
Ve € {26.4018, 24.9177}, Ve € {32.5498, 25.8884} , Ve € {25.0492,30.9528} . (26)
By the condition (3),
Foax €{4.6111,4.5455} , . €{3.9077,3.9062} , r,,. €{3.5818,4.1346} . (27)

And comparison of (27) to (17) tells that, circumspectively, the non-uniformity has been reduced almost for one
fourth. Notwithstanding this, letters “G”, “K”, “Y” became less recognizable on average.

Noteworthy, that the set (18), being passed through TLPC with identifiers T ={Tl, Tz} for Q. =10

times, lingers the training process in comparing it to passing the set (13) through TLPC with identifiers (14) for the
same parameters. The relative delay of the training process can be considered as ratio of traintime for the set (18) to
traintime for the set (13). For the demonstrated example this ratio is about 3:1, although number of columns in the
set (18) is almost four times greater than number of columns in the set (13). Nonetheless the efficiency of REP
equalization for classification of monochrome 60-by-80-imaged alphabet letters can be increased by optimizing the
hidden layer size of TLPC, what may shorten the elongate traintime.
Conclusion

Equalization of nonuniform distribution of REP over classes requires to extend the training set for TLPC,
including into this set the repeated class representatives. Number of the class representative replicas is proportional
to product of the map of the normed REP in this class into this class representative ARF and the least as possible
denominator for ARF in all classes. Namely, within the extended training set for TLPC the m-th class

representative replicas number is A (m)d y times greater than for the initial training set.

prs
However, there are a lot of difficulties in accomplishing the equalization. Firstly, determination of the map
Q is a problem, whose solution with assuming this map to be the identity is sometimes poor. Secondly, before

determining the map Q the distribution of REP {rep (m)}Nf1 must be very stable for the ascertained general totality

of objects. This is necessary because every next time TLPC is retrained with the training set (6), there are
statistically unstable distributions of REP for TLPC, especially if it is tested insufficiently. In REP equalization for
classification of monochrome 60-by-80-imaged alphabet letters, it needs hundreds of cycles of roughly 1000 testings

26
for obtaining the stable averaged distribution of {rep (m)} _, over 26 letters. As an exclusion, TLPC for a specific

classification problem, trained with the training set (6), may be retrained further with the new training set (11),
though such two-staged training process will make TLPC effectiveness reliable only locally. Another faster way to
try equalizing distribution of REP for TLPC is to spot some classes with the highest REP and add replicas of their
representatives into an updated training set. But the adding shouldn’t be much as else the updated distribution of
REP becomes yet more unsmooth than previously. In this way, the example with a =1.25 and (21) for classifying
shifted monochrome 60-by-80-images came out half-successful.
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N
The third point, which has to be mentioned necessarily, is the case when a part of ARF set {errs (m)}

m=1
consists of small numbers, might be rounded to zero. This may occur especially for great N . That causes to use greater
d,, what lingers the training process. Henceforward, regarding the spoken three factors, if UTNU condition (3) is not

true, but the condition (2) is true for a pretty low-valued 7, then the process of equalization of nonuniform distribution

of REP over classes better should not be started. And if there is inequality (4) along with 7, (m,)> 7 or r, (m)>7,

then REP over m, -th or n, -th class correspondingly must be corrected anyway.

Finally, there is a list of adjustable parameters for TLPC to be trained for REP equalization by the training
set (11). They are a, U, F, and a new Opoes - 1L I8 unlikely that @ >2 gives smoother REP distribution. So,

ae(1;2) or better try ae(l;1.5) instead. Integers U and F mustn’t be increased. The new O, is

recommended to be b times lesser than the old O for the training set (6), where b is taken approximately equal

pass

to dWN . The hidden layer size of TLPC should not be changed.

When non-uniformity of distribution of REP over classes is estimated, see also variance unbiased estimates
RN BN ’
Vep =V 1 2 T (m)—N;rep(n) (28)

along with r,_ in UTNU condition (3). Both variance estimate and 7, must decrease. There is no obvious

ax

priority. A combination of the normalized estimate (28) and 7, is possible. This combination will answer the

question of how good the REP equalization is. Once the variance (28) is decreased for a set of TLPC, it is expedient
to use these TLPC in ensemble for boosting, which decreases the variance (28) further [5] and assists in REP
equalization additionally.
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