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Study on Anomaly Detection Method of Improper Foods using
Import Food Big data
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Abstract

Owing to the increase of FTA, food trade, and versatile preferences of consumers, food import has increased at tremendous
rate every year. While the inspection check of imported food accounts for about 20% of the total food import, the
budget and manpower necessary for the government's import inspection control is reaching its limit. The sudden import
food accidents can cause enormous social and economic losses. Therefore, predictive system to forecast the compliance
of food import with its preemptive measures will greatly improve the efficiency and effectiveness of import safety
control management. There has already been a huge data accumulated from the past. The processed foods account
for 75% of the total food import in the import food sector. The analysis of big data and the application of analytical
techniques are also used to extract meaningful information from a large amount of data. Unfortunately, not many studies
have been done regarding analyzing the import food and its implication with understanding the big data of food import.
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In this context, this study applied a variety of classification algorithms in the field of machine learning and suggested
a data preprocessing method through the generation of new derivative variables to improve the accuracy of the model.
In addition, the present study compared the performance of the predictive classification algorithms with the general
base classifier. The Gaussian Naive Bayes prediction model among various base classifiers showed the best performance
to detect and predict the nonconformity of imported food. In the future, it is expected that the application of the abnormality
detection model using the Gaussian Naive Bayes. The predictive model will reduce the burdens of the inspection of
import food and increase the non-conformity rate, which will have a great effect on the efficiency of the food import

safety control and the speed of import customs clearance.

m Keyword : Import food, Gaussian Naive Bayes classifier, Predictive system

[.AE
199511 WTO(World Trade Organization)<
o]% =7t It AFFAFH(FTA) A2 F7t=
s $YAEE ASH o Frhsa i >
Alolet. 2 5ATt & 2l
oldeel 2ol FH8e 7 7 T5%,
6.0%= mjd =7}star 9t} 2017d R0 = &
167750 2 HE] 62544372
T EAES F 44097471 0.2
71%2 7543 lek. wkeA]

.h

2.9, GMOAIE 59 A&t WA E 9
g B T kT = v Sasd
Ao o Heh. 2YAE Foll gt ST
A= AFAAL @EAL AUEA So=
sto] o] RojA| 1L Ytk 2017W =] AU}

B853S 2 AX| A ALL] 22.52%0|th
Lo aqlaEe] BB HH Y3kl

A

A=}

+= 140
R
P st Ak 5 A
H] 3T
5
o]

o= 7&* = éh‘%}% AL of2e A4

ot FAge AEe 713 5 e YA
ES AUPAATE Aol o S3he] 4B
A ILE WA|sh= Aol Attt A4E]F, A
B EAG T 5 Y BFYE EAT

Mo
Y
ofx
ﬁ"l‘,
i
o
o
4
jinss
1>

= 0
>
i

e

ol

4

o

1>

ol

oo o @ ot
ol
"L
ox _llN'
e oo
)
o 1o
ox,
A=)

=2
=
o T
2

s

Hlr of
@

=il

il
o N rlr
Mo S

rir

»

i)

ot

N

—

i

o i do Mo gy
fr 1o ot Ho 1o

M o~
29 e
oy i
o &
4

_>|4_',
i
o
X
o
2 o
2
o
1o
o,
o

Wom )y o Jr ko

2,
i

o 9lr
oFAE A F7A 5]
Hlole £43t 7| A3k of
3 A7k Ffeleld A9 g
ATE FUYE dole g HAstn
me] A ol A4 oS wdol ok
A gk 441 dlolele] B
< 101%= A% 417 HlolE JeHE 2L
o BwolE, Fhe Ak, oz, gy
=

1

Y

2
)

o
1o
£ L o

H
ot
R

JlN' 1>

ol
ofo
=2

FI r
il
oX
o
O

|

.
I
o
]

<

0

}11

l=l

A5k o] Mol ehbe - ool
T 52 F 0] HEHE(Accuracy) = TH
Mol ot selo] et AIER 2gi
dEAute] NEzl Agstx ok

T o %0 mo i L

rir
r [
z
E
£

U2 =3 Random Forest 2 < J%E
(Random Forest, Gradient Boosted Trees )
< U FHE e ASA 2o dae
2 thaoh 24 W) AR TESIe] of
= o] AgsltiGalar, et al, 2012). 5243 4=
AE A S 7L BT Age Abzof

o O |o off offt ox O

> A ol



>
FANE

RSl A E&stE A EEG 7]H(The su-
pervised Method), =QJAEHE AE7H 9]

22 Fo) oA S PRt sk £
=355 7] (The Semi-supervised Method) X -
ZEA(Clustering Analysis) 5©] I ThPai, et al.,
2014). 2 vjo]8] uo]d, 7] A5k HopolA
o7 714 771t wld A= AT 58,
S ol ol olseld st
(Koufakou and Georgiopoulos, 2010, Otey, et al.,
2006).

B AP £4E dolee 54 2
efatol 7129] tlopat 7|4 RR] 9] Mgt o
o] FUSHAFT HE7Fe}E FGI(Focused
Group Interview) & 53| H|o|E]& AA|slaL 2
#e] sASE o@aq(mﬁad~lﬂq~
A5 HolH o Bt E A= S
o] =2 A3A 7= Qelow XL.Q_O]._,—_J_ o)l o

w o2 @] 918l #4. ol W vAY B
ohl RS o UG 22, A7 4
S 7HA FApe] Aok W o|gkaiA vz S ouk

% A7F o]Foj A3l QlthLee and Kwon,
2013; Kang et al., 2004; Mac Namee, et al.,
2002). HlolH &9 wAIE sidstr] gt
H 0 2 fjo]¥ =4 (data reduction)”]®H, AL
A7 5ol Slek dlolg 24 7|¥E Ho]
E] % ] 2](data reprocessing)7|H ] slut=
o] glolE & Hu} 7k tiaEAdo] 2l Al
tlole| & AAste] A tlolE o] 7|5 F4A
71tz Zoleh. AAE T e 8 HolE g AL
She Auch S48 dol 2 Aggony 4
dlolel s Apgats A fAleAL o e
&R FHL E=E5= Zo|tiGarcia, et al.,
2012). Derrac, et al.(2012)2> Al A9 A5}
= Ho w2t Wrapper7| 1} Filter7| O =2
T-E3IH I 0] AES 93| k-nearest neigh-
bors 7|%¥S ARESte] o5& ©l o] E(training
data)E A ZAFHAE 2o AIE =

of T
2 AMEZ33}= under sampling}
2 of Holeg MEHeE M)
o MEFSk= over samplingHo]  Qlrk
(Ganganwar, 2012; Liu, et al., 2006). 27 <] %
SEI515 Aot 2 A Haoko] A A

ol g3k A7) g 2ol S84 X
Na Bgelel BRFdOlHRA Ao
HPH T QltHAllen, 1994). ©] o]Qjo|= S8
RS 8 oy dA 7IW, A
P5e Fo) ARHOE YojHe B
& siaskad stolues ms 188
e R NEEE EEE SN EEdEE
CHHwang, et al., 2007).

JHE7)&0 w2 2, dlhlojg o] 54, o]
B 54 7|He] nwst o= 9lg tjeke] gjo]
EE Aeishi BAsHe A7) ek Hopo
A ot o ololx 3 QrkWu, et al,
2008). =50] e Tt 2k 2ol A 4

YAEW WY L RAFHE )52 AT
A

[0
-

:Ll
oft

> o )y o ol
o mlm
A
2
>
n{n
_L;

= (sensitivity), E-©]%=(specificity),
J2-A(ROC, Receiver Operating
Characteristic Curve) 52 AF&3}1o] of| =15 9
H3te Bre SolNE ATl Avket
RS A,

=
A
_,_A] 2} ZAFE A]

) suj7te] AE ASE Frjo ne} 49



22 gEldlolel=A] Al3d AlRE

(¥ 1) Increasing trend of food import from 2012 to 2016

Year | Import entry |Growth rate (%)| Weight(Ton) | Growth rate (%) Price(8) Growth rate (%)
2012 474,648 + 03 15,837,144 + 0.1 21,333,762,434 + 0.8
2013 494,242 + 4.1 15,541,310 - 19 21,551,768,473 + 1.0
2014 554,177 + 12.1 16,358,300 + 53 23,111,675,025 + 7.2
2015 598,082 + 79 17,064,298 + 43 23,294,688,821 + 0.8
2016 625,443 + 4.6 17,260,883 + 12 23,437,592,852 + 0.6
(& 2) import inspection status by the type of inspection from 2014 to 2016
Year Number of Import entry Screening Field test Laboratory test Reject rate
2014 554177 343,483 97,836 112,858 0.84%
’ (62.0%) (17.7%) (20.4%)
2015 598,082 373,570 101,422 123,090 0.96%
(62.5%) (17.0%) (20.6%)
2016 625.443 377,916 106674 140,853 0.84%
(60.4%) (17.1%) (22.5%)
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(® 3) Import inspection types of food import in 2016

Unit : import entry, 10million ton, 10million USD

Import entry (%)

Reject to import (%)

Import weight (%) | Import price (%)

Processed food 304,442 (77.6%)

2,989 (0.98%)

207.32 (94.12%) | 448.02 (75.83%)

Dietary food 41,715 (10.6%)

463 (1.11%)

1.09 (10.49%) 56.94 (19.64%)

Food container 29,814 (17.6%)

737 (2.47%)

5.81 (12.64%) 47.58 (18.05%)

Food additives 16,483 (14.2%)

90 (0.55%)

6.06 (12.75%) 38.30 (16.48%)

total 392,454

4,279 (1.09%)

220.27 590.84




24 FEldlolel=A] Al3Y AlRE

(H 4) Variable list

Variable Name Variable Description Data Type Categories

Import purpose Sales, process input, R&D, etc Categorical 10

Importer Company to import food items Categorical 15,473

Food type Beef, fish, Agricultural product, processed food, etc Categorical 1,204
Origin of country the country from which a food originally comes Categorical 135
Import price Custom price of import food Numerical NA
Import weight (KG) Weight (KG) of import food Numerical NA
Result of Lab test Lab inspection test results to reject or not to import Integer 2
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(H 5) derivative variable list

Derivative variable name Data type Number of uniqueness
Import weight country of origin Float 135
Import price country of origin Float 135
Reject rate _country of origin Float 135
Import weight_importer Float 15,473
Import price _importer Float 15,473
Reject rate  importer Float 15,473
Import weight food type Float 1,204
Import price  food type Float 1,204
Reject rate  food type Float 1,204
Import weight groupby(country.importer) Float 29,626
Import price groupby(country.importer) Float 29,626
Reject rate_groupby(country.importer) Float 29,626
Import weight groupby(origin.foodtype) Float 7,804
Import price groupby(origin.foodtype) Float 7,804
Reject rate_groupby(origin.foodtype) Float 7,804
Import weight groupby(importer.foodtype) Float 52,643
Import price groupby(importer.foodtype) Float 52,643
Reject rate_groupby(importer.foodtype) Float 52,643
of AERFE +USH(Import weight_group- V. AZHA
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714 (Import price_food type, VIF=7.29), =<4
2 S (Import weight importer, VIF=5.37),
=7HVIF=5.26) 52| 7T/l de¥ae A58 d
of| A A 23} % th(Thompson, et al., 2017). A&
of AT (% Yeuet 2AHAARAE o
g5jo] RAT AT Nsote] AL pval-
uegto] 0.01:2ch & ?:}Eﬁ,tﬂ-’.l}: o) vk
SHL, 005HTh 2 QJEHL
D D P
Qs 2ol AERTY

A
kst 2L FYRATE U
i=H

@ olEE HlE&2 BlsHAl sh] Sl
S oY &7 H&2 F3f AAl A=
& o] A1}= 3FAK(Barandela, et al., 2003)A]7]
2}



26 Eldlolel=A] Al3E AlRE

e =d=7E T SF7IE S 20=H(F =,
T, T, Aok, Hepd, B, ded
)] FATre] AA AT 92.6%E AA| 5}
L F AAE T 25N AERE Bl B
715 &9 2070 AERRECEAL 7 A
o
=

A)
2, 81, - AQtEE AR g
3

s
>
il
e
32
o
=
e
29
>
lly
1
o,
SIS
wa
Bl
M

a
=
=]
e
o
g
P
)
ox
a=)
a=)
ol
i
M
1
9‘15
2
ix)

3

>
RIS N B

A3 3 ghol Al Hls) 67.85%
A e geusel Ragn
o ulgAtol7t Gl A0 ehdt. A=t
NESFY BAE Yusel ugjolst o

Bt 2o vl @A Zol7}

i

S
[\®)
(9]
S
c
9]
@)
o
o
=
o0
c
w2
)
U
4z
)
o
)
oX
1o
o4 N o o

33}

ot

=
|
s

U= AR Yy 8% Hede Ae ¢
- Atk

<39 1>, <39 2> 371 9 eUdadE
2 A9A Ak Y 8 S Hole
I Qlek AUHAR Ay RARA e e =
7PF 9 R A7H S0 AiA et
Aok FAEAe e A B9
=T FEHE Hola ok

42 d& =4y 3l H7}

TYUAF A A =7kt AER e e A
S8 st HARE SHA A =7PE AEH
T 52 U AERT S 2ol =7k
TUAE B AEFRT 58 Al st 5
UAAERGFE kL ek TYAEL
Aye] S99 Al 212 JAHAR Sl <fshd
FYAAE T Hole FA4FE 54 AAtelE,
U AEAE Foll wet #A4E 5=
TEste] Abs AAR = oA FAshaL 8l
ok FYAEe] AEhAE A 2R

(Table 6) Comparison of import statistics between rejected and accepted category

Reject Accept A/B (%)
Average Import price (USD) 10,250 15,108 67.85
Average Import weight (ton) 3,008 5,641 53.33
Country of origin Average import entry line 32.470 57,664 56.31
Average Import price (USD) 562,361,405 844,996,420 66.55
Average Import weight (ton) 258,741,553 314,770,452 82.20
Rate of rejection to import 2.36% 1.08%
Food type Average import entry line 4213 8,035 5243
Average Import price (USD) 74,142,366 92,638,074 80.03
Average Import weight (ton) 25,381,236 31,218,051 81.30
Rate of rejection to import 491 1.05%
Importer Average import entry line 697% 2,923 23.85
Average Import price (USD) 16,303,139 32,453,290 50.24
Average Import weight (ton) 4,760,449 11,241,863 42.35
Rate of rejection to import 1.62% 0.92%
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Import Amount(KG) by class Price(USD) by class
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(2 2) Import amount and price value by importer among reject and accepted ones
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neighbors, Naive Bayes, Random Forrest, Ensemble
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MLPClassifier I 71.11%
GradientBoosting I 75.10%

Bagging(DT) I 61.35%

RandomForest I 71.10%

GaussianNB I 35.25%

DecisionTree I 71.10%

KNeighbors I 71.37%

Logisticregression I 71.30%
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(a2l 3) Model Prediction results (AUC)

(® 7) Machine learning classifiers’ confusion matrix and model performance metric

Classifiers Recall Precision Accuracy
Logistic Accept 0.994 0.998 0.992
Regression Reject 0.438 0.723
KNeighbors Accept 0.998 0.994 0.992
Reject 0.429 0.740
Decision Accept 0.993 0.998 0.992
Tree Reject 0.374 0.719
Gaussian Accept 0.971 0.997 0.969
Naive Bayes Reject 0.734 0.218
Random Accept 0.993 0.998 0.991
Forest Reject 0.677 0.363
Bagging Accept 0.998 0.992 0.990
(DT) Reject 0.239 0.582
Gradient Accept 0.996 0.995 0.991
Boosting Reject 0.506 0.590
MLP Accept 0.998 0.994 0.992
Classifier Reject 0.424 0.754
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(¥ 8) Gaussian NB model applied to three sub—group data

Gaussian Naive Bayes algorithm Predict Accept to import Reject to import
Country of origin & food type Accept 2,885 (TP) 5 (FP)
(7,804 items) Reject 127 (FN) 105 (TN)
Country of origin & importer Accept 11,200 (TP) 19 (FP)
(29,296 items) Reject 373 (FN) 259 (TN)
Importer & food type Accept 19,766 (TP) 724 (FP)
(52,643 items) Reject 43 (FN) 525 (TN)
2% 5 Q= B ARER Z§o| 7kt UARE v E RAFE- FAY AR g
wagc Sl Aoleh B A7 A £Y4F AP
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