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MIPEANIPUSTHH TOPHO-METAILTYPIrHYECKOro KOMILIeKca Ha
OCHOBE aBTOMAaTH3aI[H PACYETOB.

MeTtonuka. Vcronap30BaHbl METO/IBI CPAaBHUTEIHLHOTO
aHaM3a, MAaTEeMaTHYECKOTO MOJICIMUPOBAHMS, MPOTHO3M-
poBaHusI.

Pe3yabrarsl. s GopMUpOBaHNS aBTOMATH3HUPOBaH-
HOW CHCTEMBI pacueTa MPOITyCKHOH CIIOCOOHOCTH XKee3-
HOJOPOXKHBIX ceTell B paboTe pa3paboTaH MeToi, KOTO-
PBIH TO3BOJISIET YUECTh SKCILTYaTallMOHHYIO HaJAEKHOCTh
CHCTEMBI MEepeBO30K. [Ipe/IoKEeHO CTAaTUCTUYECKU Olle-
HHUTb 3KCIUTYaTal[MOHHYO Ha/Ie)KHOCTh pabOThI y4acTKa ¢
MMOMOUIbIO MPUMEHCHHUA UMUTALITMOHHOI'O MOJACIIUPOBAaHUSA
TIEPBUYHBIX M BTOPUYHBIX 33/IePKEK MOE3/I0B B rpaduke
JIBIDKCHUSI Ha y4acTKe. B kauecTBe Iokasarens OLEHKH
9KCIUTyaTallMOHHON HAJeKHOCTH PadOThI y4acTKa Ipea-
JIO)KEHO HCIIONIB30BaTh HECTalMOHApHBIN KoddduimeHt
TOTOBHOCTH cucTeMbl. Ha ocHOBe maHHOTO MeTona paspa-
0oTaHa MMoCJIEA0BATEIBHOCTh TIPOBEICHUS aBTOMATH3HPO-
BAaHHOTO pacyeTa MPOIMYCKHOH CIIOCOOHOCTH KEJIE3HOMI0-
POKHOW ceTu Uil NPOABMXKEHUS I'PY30B INPEANPUITHN
TOPHO-METaJUTyprU9IecKoro KoMIurekca. O6ocHOBaHA BaXK-
HOCTh yueTa c00eB B Tpaduke IBIKEHHS TOE3/I0B, CBSI-
3aHHBIX C OPraHU3alMOHHO-TCXHOJIOTHUYCCKUMH ITPUYH-
HaMu, 1pu (HopMan3aIMy pacyeTa MpoITyCKHON CIoco0-
HOCTH KEJIE3HOJ0POXKHBIX ceTell. HalieHsl 3aBUCUMOCTH

HECTaI[IOHAPHOTO KOA((PHIMEHTAa TOTOBHOCTH OT KOJIH-
YecTBa I110€3/10B M IPUHATOrO YPOBHSI HAJEKHOCTU Ha
9KCIIEPUMEHTAILHOM KEJIE3HOOPOXKHOM YUACTKE.

Hayunas noBu3Ha. Pa3paboran aBTOMaTH3MpOBAaHHBIIN
METOJI pacyeTa MPOITYCKHON CIOCOOHOCTH JKEIE3HOIOPOXK-
HBIX CeTel ISl OBBILICHHUSI TOYHOCTH OLEHKH MX PAaIHo-
HaJIBHBIX TPAHMI] 3arPy3KH, KOTOpasi, B OTIIMYNE OT CyIIle-
CTBYIOIIIHX, TIO3BOJISIET yUECTh SKCILTYaTA[MOHHYIO HaJeXK-
HOCTb CHCTEMBI IIEPEBO30K TPY30B IIPEAIPHATHI TOPHO-ME-
TaJTyprUIecKoro KOMITIEKCa Ha OCHOBE aBTOMAaTH3aIIHH.

IIpakTyeckas 3HaYMMOCTh. [IpenioxeHHas aBToMa-
TH3UPOBAHHASI CUCTEMa pacyera IPOITyCKHOM CIIOCOOHOCTH
JKEJIE3HOIOPOXKHBIX CETeH MO3BOJIUT MOBBICUTH TOYHOCTH
ONPE/ICNICHUs] MAaKCHMAJIbHOTO KOJIMYECTBA IOE€3[0B Ha
y4acTKe 1 U30erarh ee Ieperpys3KH, 4To B CBOIO 04epe/b, 110-
BBICUT CKOPOCTH TIPOABMIKECHHS TPY30MIOTOKOB M TIOBJIHSIET
Ha 3(Q(eKTHBHOCTb (POPMUPOBAHMS JIOTUCTHKU MEPEBO30K
CBIPbSI M TOTOBOH NMPOAYKIMHU TPEIIPUSITHH TOPHO-METal-
JypTHYECKOTO KOMIUIEKCA.

KaroueBble cll0Ba: npeonpusamus 2opHO-Memaniyp-
2UYeCK020 KOMNIEKCA, AGMoMamu3ayus, nPOnycKHas cno-
COOHOCMb, JHCENe3HOOOPOIHCHBIL YHACMOK
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Purpose. In client information, string outliers need to be detected and cleaned. At present, many outlier detection al-
gorithms only focus on the semantics of data, and ignore the structure, so it is difficult to ensure the accuracy of outlier
detection. In order to address this issue, outlier detection method based on similarity distance is suggested in this paper.

Methodology. We formulated the similarity calculation model of string data by combining with semantic and struc-
ture factors. According to the outlier detection theory in data cleansing, one-dimensional string data were projected to
two-dimensional space and string outlier data were detected by using a new similarity measurement mechanism in the
two-dimensional space.

Findings. We first got the word frequency of string data by using the matrix calculation. Then the semantic similarity
and structure similarity were calculated by using word frequency. After the string data mapping from one-dimensional to
two-dimensional space, we obtained the outlier data by using the similarity distance.

Originality. We made a study of string outlier detection in data cleansing. Firstly, we formulated the similarity calcu-
lation model by considering the semantic factor and structure factor. Secondly, by constructing the similarity cell to proj-
ect the string data, we fulfilled the similarity distance measurement in the similarity cell.

Practical value. The method can be used to clean the outlier string data in client information for any enterprise so that
to ensure the data quality of client information, and reduce the costs of data maintenance. Extensive simulation experi-
ments have been conducted to prove the feasibility and rationality of this method. The results showed that this method
allows improving the accuracy of string outlier detection.

Keywords: data quality, data cleansing, outlier detection, matrix calculation, semantic similarity, structure similarity,
similarity cell, similarity distance
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Introduction. At present, the information about cli-
ents is very important for any enterprise. In the client in-
formation, there are some string data, such as client name,
address, etc. However, with the increase of the amount of
clients’ information, the number of string outliers increa-
ses, and they are difficult to be found. Outlier detection
method can be used to address this issue.

Currently, outlier detection methods are used in finan-
ce, meteorological forecast, data cleansing, etc. The previ-
ously made researches reflect the optimization algorithms
[1] and applications [2]. In general, there are four kinds of
algorithms: the statistical-based algorithms, density-based
algorithms, distance-based algorithms and cluster-based
algorithms. Because string data in client information have
fewer attributes and do not abide by a specific probability
distribution, the distance-based algorithms can be used to
detect the string outliers.

The common distance-based algorithms contain Nested-
Loop algorithm (NL) and cell-based algorithm (CB) [3]. In
NL algorithm, for each pair of objects the distance between
two data blocks is calculated to detect the outliers. However,
the time complexity is high. In order to reduce the time
complexity of NL, the outliers are detected by calculating
the distance between data and counting the number in a cell
in CB algorithm. Only when parameter & < 4, the execution
time of the algorithm is less than NL algorithm and it is very
insensitive for the parameter. Partition-based algorithm
(PB) [4] detects the outliers by calculating DK(p) that is the
distance between data p and k™ near neighbors. It can ad-
dress the problem of CB algorithm, but single distance mea-
surement cannot ensure the accuracy of outlier detection.
Therefore, researchers [5] proposed to detect outliers by us-
ing the double distance, but the semantics of string or text
data is not considered in this algorithm. Another research [6]
proposed to construct the semantic relationship between
data firstly, and then the median of the semantic distribution
is treated as a threshold to detect the outliers. However, be-
cause the structure of data can affect the semantics, some
data are likely to be considered as the outliers because of
grammar feature and structure element, such as abbrevia-
tion or a missing word in string data. The existing distance-
based outlier detection algorithms do not pay much atten-
tion to the impact of structure on semantic for string data
and the relationship between semantics and structure in dis-
tance calculation processes. Thus, some data that have dif-
ferent structures and similar semantics are likely to be con-
sidered as the outliers.

The outlier detection method based on similarity
distance. In many outlier detection algorithms, the test
data are numeric. These data can be measured by common
distance function to detect the outliers directly. However,
there are some string data in client information, and they
are difficult to be measured by distance accurately. In order
to detect string outliers accurately, the outlier detection
method based on similarity distance was proposed.

Because it is difficult to collect sufficient samples of
outlier data, and it is easy to obtain normal string training
data, we consider string outlier detection as a retrieval
problem. If the test sample data is different from the nor-
mal string data in the training set or database by searching,
it is the string outlier.
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Problem definition. By considering different distance-
based methods for outlier detection, we define the prob-
lem of string outlier detection as follows. Let us suppose
that we are provided a training set or database D = {X|,
X, ..., X, ..., Xy}, where X; is the i string data, and N is
the number of training samples. Moreover, suppose we
also have a test set D* = {yg, Vi, .., Vi ---» Vus}, Where y; is
the i" string test sample, M is the number of test samples.
Our task is to design function to determine whether y; in
D" is normal data or a string outlier. That is

[y {normal, outlier}. )

The distance is the critical parameter to judge the test
sample whether it is normal or outlier in distance-based
methods for outlier detection. Therefore, distance-based
methods, which compare the current testing sample with
all the training data, are

{normal Vx,;, Dist(y,,x;,) 28

2

outlier otherwise.

Where Dist(*) is a pairwise distance and 9 is a threshold
about X;.

For string data, the pairwise distance may reflect the
similarity (e.g. edit distance). Therefore, we can modify
(2) to that

= 3)

normal Vx,,Sim Dist(y;,x;) = 8
| outlier otherwise. '

Where Sim Dist (y;, x;) is the pairwise similarity distance,
it can be quantized using

Sim Dist (y;, x;) = Dist(Sim (y;, x;)). 4)

Where Sim(*) is the similarity value. For string data, because
previous works on outlier detection barely considered the
impact of structure factor on semantics for string data, we
can modify (4) to address this problem. That is

Sim Dist (v, x,) = Dist (aSim (v, x,), CSim (v, x,)). (5)

Where aSim(*) denotes the semantic similarity, and
CSim(*) denotes the structure similarity. By using (1-5),
the string outlier data will be detected.

Matrix calculation. In order to detect the same or sim-
ilar words in string data and consider the semantics, the
word frequency needs to be calculated by matrix calcula-
tion, so that to calculate the similarity.

It is required to map the test data and training data to
the vector, which includes every word of data. The process
of mapping is as follows:

i. F —>X-tuple:{l,l,...,1.};
ii. X-tuple—>A(l,L,...,1).
Where F; is one of the test data or training data, and /; is
the i word in data.
Definition 1. Word Weight Vector: the element y; in

word weight vector y denotes the semantic weight of i
word in data.

X (Xla A2swvvs Nis w5 Xm)a VXz = Welghtl
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Definition 2. Similarity Word Identifier Vector :vector
E:(&,Ey.nns &jyenny &) Forany &, if §; > 0, the element
&, 1s more than 0, the match is successful. The word fre-
quency WF(i) = 1. If §; < 0, the element &; does not exist,
the match is failure, and WF.(i) = 0. The Definition 2 is
described as follows

if & >0, WF:(i)=1 (matching) 6
l otherwise, WFe(i)=0 (not matching)’ ©

In definition 2, if match is successful, it indicates that
&, is same or similar to another element in other vector.
Otherwise, it is different.

Definition 3. The cross-multiplication operation of
vectors: the cross-multiplication operation of vector is de-
scribedas R, =R, ® R, =([,;®1,). The operation “®”
denotes “and” logical operation between two elements in
two vectors. The geometric meaning of this operation is
expressed as the parallelogram that consists of the vectors
R, and R,,. The elements of main diagonal in the paralle-
logram indicate the similarity of elements in vector R, and
R,,. The definition is indicated as follows:

Note: vector A =(,l,..,04,...,1,), vector B =
=0, 00 0). Where [ and I/ indicate element /;
in A and element [/ in B.

The definition of operation

A ®B"=C, where C = {c;}. 7

Where c¢; =1/, ®1;} (the element ¢; in matrix C, the

parameter i and j denotes the i row and j™ column), and
c; € 10,1}

. |SameLetter|
if ——>9, =1

cij= |SumLetter| . ®)
otherwise, c¢ij=0

Definition 4. The mapping operation of vectors: the
mapping operation of vectors is described as R;=R; O R; =
= (; © I}). The operation “©” denotes the logical multipli-
cation operation between elements. And the geometric
meaning of this operation indicates the mapping vector that
is mapped from vector R, to diagonal of R;.

The definition of operation

Coy'=E. 9)

Where E = {e; }, and e; = {c; O y,;}, the parameter i and
1 denotes the i” row and first column.

On the basis of obtaining the vector E, the word fre-
quency can be calculated by the following method.

if €,>0, §=1
E(Cx) = ; 10
(€0 {otherwise, £, =0 (19)
E(C’ X) - X(Xl’ A2seees X,l) (11)

Matrix calculation is described as follows:

Input: X — tuple, X' — tuple

Output: §

Auxiliary Variables: e;;;

Initialization: X — tuple — A; Y — tuple — B; e;; = 0;
Cisnull; %, o; E(C, %) is null ;
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Begin
for every element /;; < A
do
for every element I/, < B
do
=1 ® Iy}
all ¢; — C by formulate (7-8)
End for
End for
Coyx'=Eby (9
E(C, %) > &), &), ..., &) by formulate (6), (10-11)
Return §
End

Similarity distance calculation and outlier detection.

Definition 5 Similarity Cell, CP(X, Y): in the coordi-
nate system of two-dimensional plane, the cell’s origin is
taken as vertex and its side length / = 1. Where X coordi-
nate identifies the semantic similarity of data F;, and Y co-
ordinate identifies the structure similarity.

F,— CP(X, Y).

Because variable X denotes the semantic similarity, so
X can be defined in below

, (lec| |ccl
X =asim(CP,,CP2) =min| ——,—— |.
lcp|’|cP|
Where CP; and CP, denote the test data and sample data.
CCp denotes the word frequency of CP; and CP,. CCp can
be calculated by

CC,=YElE st& =1
i=1

Because variable Y denotes the structure similarity, so
Y can be defined by the formula

Y=Csim(CP,, CPy, Wy, Wy) = y(CP,, CP,) X min(W,, W,).

Where v is the position factor, ¥, and W, are the weights
of Common elements in CP, and CP,. y can be calculated
by the formula

¥(CP.,CP2) = min ( lrcp)| |1 (CP2)|].

[1(CP)|’|1(CPy)|

Where /(CP,) denotes the i position of word in CP.
W, can be calculated by the formula

Y (Word, |I(CR)x Weight,)
VVI — i=0

i Weight,

i=0

Where Word; | I(CP)) is the i word in the test data CP,,
and Weight, is the weight value of the i word in CP,.
W, can be calculated by the formula

n

Y (Word, |[(CP,)x Weight))
VVZ _ J=0

i Weight'

Jj=0

101




IHOOPMALINHI TEXHONOTIi, CACTEMHUA AHANI3 TA KEPYBAHHA

When X and Y correspond to the test data, Y can be
calculated by above formulas, and the two-dimensional
coordinate CP (X, Y) can be obtaine using the Definition 5.

Assume the origin of this two-dimensional coordinate
is (0, 0), it indicates that the similarity is 0. We can find
that all test data can be mapped into cell coordinate. The
coordinate (1, 1) denotes the similarity is 1, the test data is
similar to the sample data. Because coordinate X and Y of
data are between 0 and 1, according to the Definition 5, the
data can be mapped into similarity cell. This process can
be denoted as

Set(a,,a,,...,a,) >

- SC(P](xnyl),Pz(xz,yz)a ---:pn(xn’yn))'

Where p is the point in similar cell SC, x,, is the semantic
similarity of n"" test data, y, is the structure similarity of n
test data.

In the similarity cell, the closer the origin, the more
likely to the outlier. Therefore, the distance between origin
and CP(X, Y) can be calculated to judge and detect the
outlier data. This distance is called similarity distance.

According to £,-norm distance [7] and (5), we define a
new /,-norm similarity distance here,

SimDist(CP(X,Y), X *(X",Y")) =
_axaSim+BxCSim _
oa+p

[ox (X - X")” +B><(Y—Y’)P]%
o+p
st o=

>

Where p =1 is the /;-norm, and p =2 is the /,-norm (we use
p =2 1in our case). The parameter a is the semantic factor, 3
is the structure factor. aSim is the semantic similarity
distance, and CSim is the structure similarity distance.
Suppose X* is the origin O, X" and Y” are 0. If SD (CP (X, Y),
O(X’, Y")) <3, the test data CP(X, Y) is an outlier.

Experiment evaluation. Data source. The outlier de-
tection method based on similarity distance (DASD) was
compared with nested-loop algorithm (NL), cell-based al-
gorithm (CB), partition-based algorithm (PB), outlier de-
tection based on double distance (DTKA) and LSO algo-
rithm, so that to verify the accuracy of the algorithm. In
order to ensure the fairness of the experiments, all the algo-
rithms were applied in same environment (OS: Windows
Server 2003; CPU: Core (TM) 2 Duo CPU T6570 2.1GHZ;
Memory: 2G; Platform: Microsoft Visual Studio 2008, Mi-
crosoft SQL Server 2005). On this basis, the test data of
different scales (4000, 8008, 15000 and 21000 test data in
Client Information Database) were used to detect the out-
lier data. By several experiments, the parameters oo = 0.8
and 3 = 0.2 were given.

Performance. For the results of different experiments,
the common performance metrics: precision rate (PCR)
and recall rate (RCR) [8] were used to estimate the perfor-
mance of DASD method.

Precision Rate (PCR): The percentage of correct data
that was detected in the detection result.

Precesion =T/P=T/(T+ F).
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Recall Rate (RCR): The percentage of correct data
that was detected in all correct result.

Recall = T/R.

Comparisons. In order to detect the outlier data ac-
curately, the threshold value should be reasonable. The
results of the extensive simulation experiments, with
20 000 test data as the example, are shown in Fig. 1 and
Fig. 2; the threshold & was given 0.9.

In these 20 000 test data, there are 4000 outlier data.
From the Fig.1, it can be found that, when & = 0.9, the detec-
tion result is more close to 4000, and it is nearly by right
count. If the threshold 6 is too small, only the outliers that
have different semantics and structure can be detected and
the counts of correct outliers and false outlier are same in
the detection result. When 6 = 1, all test data can be detected
as the outliers. However, the correct outliers only have
4000.

Additionally, the precision and recall rate can denote
the accuracy of methods, so they can be used as perfor-
mance metrics. Fig. 2 shows the precision and recall result.
In order to ensure the higher precision and recall ratio of the

—A- Detecting result
¢ Correct result
-% False result

Detecting result
T

KK KKK

TrrTrrrrrrrrrrrrTrrTrTl
00 01 02 03 04 05 06 07 08 09 10 11 12
Threshold

Fig. 1. The results with different values of threshold

—¥-PCR
—7-RCR

%

9 T T T T T T T T T 1
00 01 02 03 04 05 06 07 08 09 10
Threshold §

Fig. 2. The comparison of precision and recall ratio for
different values of threshold
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algorithm, in the Fig. 2, the threshold & should also be given
0.9. It can ensure both the precision rate and recall rate.

After the threshold & is given 0.9 in outlier detection
algorithm based on similarity distance, the test data of dif-
ferent scales were used to detect and compare the accura-
cy of the methods. The results of experiments are shown
in Fig. 3, Fig. 4 and Fig. 5.

In the LSO, the median of the semantic distribution is
treated as a threshold. With the change of semantic distri-
bution, the median has a great influence on the threshold,
so the precision of LSO is descending, and the change is
obvious. Because the count of the detection result is less in
PB, and the correct outlier data in detection result is less
too, the precision of PB is not high. Because there are co-
rrect outlier data in detection result in CB than PB, the
precision of CB is higher than of PB. Although the detec-
tion result of NL in Fig. 3 is much better than of CB, the
correct outlier data of NL is not much better than CB, so
the precision of NL is lower than CB. For DTKA, the
detection result is close to the correct outlier data, but the
count of correct outlier data in detection result is not near-
ly by correct count. For the DASD, not only detection re-
sult is close to the correct outlier data, but also correct
outlier data in the detection result is close to the true, so
the DTKA is more precise than CB, but it is less precise

——NL algorithm
g 00 -0~ CBalgorithm
3 —H—PB algorithm
E ——LSOalgorithm
k] —+ DTKA
g X DASD
8

0 T T T T

Test Data

Fig. 3. The detection result of all algorithms

Precision(%)
100
81 N —a—NL algorithm
’ N - v -CBalgorithm
N, --p- PBalgorithm
Se -#- LSOalgorithm
. -x- DTKA
A
60 N, L DASD
\~
\.
\.
»
4 T T T T
5000 10000 15000 20000
Test Data

Fig. 4. The comparison of precision rate for all algorithms
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Fig. 5. The comparison of recall rate for all algorithms

than DASD. Finally, the precision rates for all the algo-
rithms are shown in Fig. 4.

The precision rate cannot indicate the accuracy of an
algorithm completely; the recall rate also characterizes the
performance. For DASD, the count of the correct outlier
data in the detection result is close to the true count, the
recall rate is the highest. For DTKA, the correct outlier
data in detection result is more than for NL, CB, and PB,
so the recall rate is better. Because the count of correct
outlier data of NL is more than PB and CB, and CB’s cor-
rect outlier data in the detection result is more than PB, the
recall rate of NL is better than CB, and recall rate of CB is
better than PB. Because the median of LSO has a great
influence on the threshold, so the recall rate of LSO is de-
scending, and the change is obvious. The comparison re-
sult of RCR is shown is Fig. 5.

Finally, the time complexities of all outlier detection
algorithms were compared, and the results are shown in
Fig. 6.

The time complexity of CB algorithm is O(c* + n), and

k
1
k= mﬂZk2 +1—D . Where the variable m is the number

of cells; variable k is the number of dimensions or attri-
butes. When the test data are detected, ¢* = 3m, so the time
complexity of CB algorithm is O(cf + n) = O(3m + n) =
=~ O(n). Because every pair of data in two blocks in nested-
loop algorithm needs to be compared, and test data are
comprised of many blocks, the time complexity of nested-

—— CBalgorithm

- - NL algorithm
—3- PBalgorithm
-~ LSO algorithm
¢ DTKA algorithm
-~ DASD algorithm

T T T T
2000 4000 6000 8000

Test Data (Num)

Fig. 6. The comparison of run-time for all algorithms
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loop algorithm (NL) is O(k x n?); the run time of CB algo-
rithm is less than NL algorithm. Additionally, some data
have the cluster feature in the test data, the efficiency of
PB algorithm is better than CB algorithm, so the run time
of PB algorithm is less than CB algorithm. Since in PB
algorithm the test data are clustered firstly, more time will
be consumed, but LSO algorithm does not have such a
process, so the run time of LSO is less than of PB algo-
rithm. Since the semantic relationship of test data need to
be analyzed to confirm the threshold in LSO algorithm,
more time will be consumed. However, DTKA does not
have such process, so the run time of DTKA is less than of
LSO. Finally, because the distance between two data
needs to be calculated in DTKA and DASD, and the outli-
ers detection depends on it, their run time is nearly equal.
The proposed method is more efficient than other algo-
rithms with the exception of DTKA.

Conclusion. New outlier detection method based on
similarity distance was proposed. Firstly, string data were
projected to two-dimensional space using the similarity
calculation model. After that, in this space, the string out-
lier data were detected using the new similarity measure-
ment mechanism. Finally, by the theoretical analysis and
experiment results, the rationality and availability of the
algorithm have been proved. It enhances the accuracy of
outliers detection. The future works will be focused on the
two points: firstly to optimize the distance calculation to
improve the accuracy; and then to reduce the impact of
parameter setting. In the future, we will solve those pro-
blems to enhance the accuracy of outliers detection.
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Mera. B indopmauii 1po KiIi€HTa, psIKH, M0 MICTITh
TIOMHUJIKOBI 3HAYeHHsI, TOTPIOHO BHSBUTH 1 ouncTHTH. Ha
CBOTOJTHIIITHIN ICHb 0araTo alrOpUTMIB BUSIBJICHHS BHKHIIIB
(aHOMamiif) (OKYCYIOTBCS TUTBKM Ha CEMaHTHII HaHWX,
ITHOPYIOUH CTPYKTYPY, IO YCKIIAJHIOE 3a0e3edeHHs He00-
X1JTHOT TOYHOCT] BUSIBJICHHA. 3 METOO BHPIIIICHHS 3a3Have-
HOI mpobiemH, y TaHiii poboTi 3arpOITOHOBAaHO METOX BH-
SIBTICHHS] BUKH/IIB HA OCHOBI MipH BiZICTaHi (CXOXKOCTI).

Metoauka. ChopmyiibOBaHa MOJIENb PO3PAXYHKY CXO-
JKOCTI CTPOKOBHX JaHMX, IO 00 ’€JJHy€ CEMaHTH4HI Ta
CTPYKTYPHI YMHHHUKH. BiqMOBIIHO 0 TEOpii BUSBICHHS
BUKH/IIB, B OUHMIICHHI JJAHUX, OTHOMIPHI PSIIKH TaHUX ITPO-
eKTYIOThCSl y JIBOBUMIPHHUH MPOCTIp, 1 PSIAKH, IO MICTITh
BUKH/IH, BUSBIISIOTECS 33 JIOTIOMOTOI0 HOBOTO MEXaHi3My
BUMIPIOBAHHS CXOXKOCTI Y JIBOBUMIPHOMY ITPOCTOPI.

Pesynabsrarn. Crioyarky, 3 BUKOPHCTAHHSIM MaTpHIHUX
o0uncieHp, Oyna BU3HAUCHa 4acTOTa BXKUBAHHS CIIIB Y PS-
Kax JIaHHX, a IOTIM, 3 i IOTIOMOI'0I0, OOYHCIIIOBAINCS CXO-
JKICTh CEMAaHTHKH Ta CTPYKTypH. [1licis mepeBoy psizka ma-
HHX 3 OJHOBHMIPHOTO Y IBOBUMIPHHI POCTIp, 32 JOMOMO-
TOIO MipH CXOXOCTI, OyJIM BHU3HA4YEHI ITOMHIIKOB] 3HAUCHHSI.

HayxoBa noBu3Ha. [IpoBeieHO JOCIIPKEHHS 3 BUSIB-
JICHHS PAKIB, 10 MICTATh BUKHIH, U1l OYUILICHHS TaHHX.
[Mo-nepure, copmyaboBaHa MOAETH OOUHCIICHHSI CXOXKO-
CTi 3 ypaxyBaHHSIM CEMaHTHUYHOTO M CTPYKTYpPHOTO (hak-
TopiB. [lo-apyre, 3a 7OMOMOTOI0 MOOYIOBH KOMIPKH CXO-
JKOCTI JITSl IPOEKLIT PSIIKY JAaHUX, 31HCHIOBAIOCS BUMIi-
PIOBaHHS BiJICTaHi CXOXKOCTI.

MpakTuyna 3HaYnMicTb. MeTon Moxe OyTH BHKO-
pUCTaHUI A OYHIICHHS PAIKIB 3 aHOMAJIsAMH B iH(pOp-
Marii Ipo KII€HTiB Ha Oyab-IKOMY HiANPHEMCTBI MO0
TapaHTyBaTH AKICTh JaHHUX B iHGOpMAI PO KIIIEHTIB, a
TaKO)K 3HU3UTH BUTPATH Ha 00CIyroByBaHHs qaHux. [Ipo-
Be/leHa BHYEPIIHA KiJIbKICTh MOJEIIOIYNX EKCIIePHMEH-
TiB 3 METOIO IOBECTH JOIUIBHICT 1 pallioHAJIbHICTh IIbOTO
Mmeroay. PesynbraTu mokasanu, 1o Led MeToJ J03BOJISIE
HOJIMIINTHA TOYHICTD BUSIBIICHHS PSIKIB 3 BUKHJIAMU.

KurouoBi ciioBa: sxicms danux, owuwjenns Oanux, eu-
AGNEHHSA BUKUOIB, OOUUCIEHHS Mampuyi, CeMaHmuyna
CX021CiCMb, CIMPYKMYPHA NOOIOHICb, KOMIPKA CXOHCOCHI,
8IOCMAHb CXOHCOCTI

Heas. B ungopmanmm o KiaueHTe, CTPOKH, COACpKa-
[ye OMMOOYHbIC 3HAYCHUSI, JOJDKHBI OBITH OOHAPYKEHBI
Y OYHMILCHBL. B HacTosIee BpeMsi MHOTHE aJITOPUTMBI 00-
Hapy>XCHHs BEIOPOCOB (aHOMaNNH) (OKYCHPYIOTCS TOh-
KO Ha CEMAaHTHKE JaHHBIX, HTHOPHPYS CTPYKTYpY, YTO 3a-
TPYZHSET obecredeHne He0OX0AMMON TOYHOCTH O0HAPY-
xerust. C 1eNblo peleHus: YKa3aHHOH MpoOIeMbl, B 1aH-
HOW CTaThe MPEIJIOKEH METOJ] OOHAPYKCHHS BBIOPOCOB
Ha OCHOBE Mep PacCTOSIHUSA (CXOJCTBA).

Metoauka. ChopmynrpoBaHa MoJIeIb pacyera CXo/l-
CTBa CTPOKOBBIX JaHHBIX, KOTOpast 0OBbEMHSIET CEMaHTH-
YecKHe M CTPYKTypHbIE (akTopbl. CortacHo Teopun 00-
Hapy>KCHHsI BHIOPOCOB, B OYHMCTKE JAHHBIX, OJJHOMEPHBIC
CTPOKH JAHHBIX MPOCHHUPYIOTCS B ABYMEPHOE MPOCTpPaH-
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IHOOPMALIWHI TEXHONOTII, CUCTEMHUN AHANI3 TA KEPYBAHHSA

CTBO, U CTPOKH, COJIep Kalline BHIOPOCHI, OOHAPYKHBAIOT-
Cs1 C IOMOIIBIO HOBOTO MEXaHU3Ma U3MEPEHUs CXO/ICTBA B
JIBYMEPHOM IPOCTPAHCTBE.

Pe3yabrar. CHauasa, ¢ MCIIOIb30BaHUEM MaTPHYHBIX
BBIYHCIICHUH, ObLIA ONpe/eleHa 4acToTa yHnoTpeOIeHus
CJIOB B CTPOKaxX JIaHHBIX, & 3aTeM, C €€ TOMOIIBIO0, BEIUHUC-
JISIOCH CXOACTBO CEMAHTHKH M CTPYKTypHl. [locne mepe-
BOJIa CTPOKH JAAaHHBIX M3 OJHOMEPHOTO B JBYMEPHOE IPO-
CTPAHCTBO, C IIOMOIIBIO MEPBI CXOJCTBA, OBLIHN OIpeee-
HBI OIIUOOYHBIC 3HAYCHUS.

Hayunas noBu3sna. [IpoeneHo uccienoBanue 1o o0-
HapyKEHHIO CTPOK, COJEPIKAIINX BBIOPOCHL, JJIsl OUHCTKU
JaHHBIX. Bo-nIepBbIX, CHOPMYITUpOBaHA MOJEIH BEIUUCIIC-
HUS CXOJICTBA C YYETOM CEMaHTUYECKOro U CTPYKTYPHOI'O
(axTopoB. Bo-BTOPBIX, C TIOMOIBIO TOCTPOCHUS STUCHKU
CXOZICTBA JUIsS IPOELIMPOBAHUS CTPOKU JAHHBIX, OCYIIECT-
BIISZIOCH H3MEPEHNE PACCTOSIHUS CXO/ICTBA.

Changwang Liu!,
Chao Yin?,
Yihua Lan'

IMpakTHyeckass 3HAYMMOCTb. MeTOI MOXET OBITh
HCIIOJIb30BaH JIJIsl OYMCTKH CTPOK C aHOMAJTUSMH B HH(OP-
MallMy O KJIMEHTaX Ha JIF00OM MPEANPHUSITHU, YTOOBI ra-
PaHTHUPOBATh KAYE€CTBO JAHHBIX B HH(OPMALIUU O KIHCH-
Tax, a TAK)KEC CHU3UTH 3aTPaThl HAa 00CITY)KUBAHUC JTAHHBIX.
IIpoBeseHO WCYEPHBIBAKOIIEE KOJMUYECTBO MOJICIHAPYIO-
IIMX SKCICPUMCHTOB C IICTBIO JIOKa3aTh IleJecoolpas-
HOCTB W PAaIlOHAIFHOCTB 3TOTO MeTona. Pe3ymprarsl mo-
Ka3aju, 4TO 3TOT METOJ[ MO3BOJISIET YAYYIIUTh TOYHOCTh
00OHapyKEHUS CTPOK C BEIOpOCAMH.

KuiioueBble ciioBa: kauecmeo OaHHbIX, OYUCTIKA OaH-
HbIX, OOHApPYJICeHUe bIOPOCO8, GbIYUCIEHIUE MAMPUYDL, Ce-
Manmu4eckoe cxo0cmeo, CmpyKnypHoe cXo0Cmeo, SiuetiKa
€xo0cmea, paccmosnue cxoocmasa
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NOKPAIIIEHUY BIHAPHUN AHTUKOJIJIIBIMHUM AJITOPUTM
IJISI PATIOYACTOTHOI ITEHTUDIKAIII

Purpose. Internet of Things (IoT) represents the future direction of the development of computer and communication
technology, which is considered to be the third wave of development in the field of information industry after the com-
puter. [oT is the implementation of a network of goods real-time information system based on Frequency Identification
(RFID) and Electronic Product Code Radio (EPC). In the process, all kinds of existing technology will face many new
opportunities and challenges, especially RFID.

Methodology. There are two kinds of problems in the research of the problem of label collision at home and abroad.
One is binary anti-collision algorithm based on the tree, another isanti-collision algorithm based on time slot ALOHA. But
ALOHA algorithm is rapidly deteriorated so that it is not suitable for large-scale application in the IoT.

Findings. In the binary tree anti-collision algorithm, the mature algorithms are the binary tree anti-collision algorithm
based on pruning branches (pruning branches algorithm) and similar binary anti-collision algorithm (similar algorithm).

Originality. We have developed a new anti-collision algorithm called improved anti-collision algorithm (IAC), which
is able to reduce the number of data in each time slot, the number of times and searches.

Practical value. Test results show that the IAC algorithm can improve the performance comparing to traditional prun-
ing branches algorithm and similar algorithm. At the same time, IAC algorithm can reduce the search time very much.

Keywords: RFID, binary tree anti-collision algorithm, ALOHA algorithm

Introduction. IoT is the network, which connects the
Internet with any goods in order to realize intelligent iden-
tification, location, tracking, monitoring and management.
It uses radio frequency identification sensors, infrared sen-
sors, global positioning systems, laser scanners and other
information gathering equipment for exchange and com-
munication [1, 2].

RFID is a non-contact automatic identification techno-
logy [3], which is based on radio frequency signal (indu-
ctive or electromagnetic) transmission characteristics to
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achieve automatic identification of objects or goods. RFID
technology has the advantages of strong anti-interference
ability, a large amount of information, a non-visual range
of reading and writing and long life comparing with other
automatic identification technologies, such as barcode
technology, optical recognition and biometric technology,
which includes the iris, face, voice and fingerprint [4]. It is
widely used in logistics, supply chain, animal and vehicle
identification, access control system, library management,
automatic charge and production, etc.

Multiple RFID tags response to readers known as a
multi-access technology. The development of the multiple
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