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Abstract:Data missing often occurs during the process of machine learning and data mining.Missing value imputation

is an important part of data preprocessing and.is also a basis for subsequent work of analysis and mining.The algorithm of

k-Nearest Neighbor Imputation (kNNI) is a popular method frequently employed for missing value imputation because it is

easy to implement,easy to calculate and effective for local data completion. However,it does not involve global information,

and as a result,its effect decreases somewhat when large fragments of missing values occur,especially when there are periodic

components in the time series data.Fourier transform, however,is able to analyze the different periodic components in the

periodic data,and to roughly restore the data by inverse transform, with its local recovery ability weak only.Therefore,this

paper proposes akNNI algorithm based,on Fourier transform (FkNNI),combining the global recovery ability of Fourier

transform and the local recovery ability of KNNI.Experimental testing results on a large amount of data indicate that the new

algorithm is far more a¢curatethan kNNI only.

Keywords:missing value imputation;kNNI;cyclical data;Fourier transform

1 5|5 (Introduction)

N H 20104 8 BEA FI R EHE A, B AR ok
e, HEARIZIR AR R TIF 2B SR, W4, RATX
TR BB IS TR R R A 1 v, T % BT Bl it
Framm i, RBAEEER 2 FEZ | TR S HdE &
K, PITEERA R 12 F BRAZ IR BOR X & Fh B T 3R
B3 ST, DAROW G ST

FERRIZIRANNLAR 2= 3] v, 0 2 ) B AR i 2k 1y B0
U, BB AMERA RS, WEREMRE. ok
R, RGEERPEE RS SRR RS, # A RE S 2
Hma g . RO B gk 2 8 TR B0 2 4 I R el RGO i v

HETH . KFEARIHNTI(S201610022096).

P, EEX SRR IRGEGRZIHES, Hare o 8dE
ERRAEALBE T EA I =3

B—RKyEHEMNRTH, I TERRSTT, A8
B R AE I SO AE R R R T RO, W R IEE A
W BRI, MAERAE BT & R S AR KR, % S BRI
WA E, FE, ZEEMTHTREOSEERGFR,
HEEEE A mE, HE2EHEHRNER,

5B R BRI AT HE AR 5. RO IR T 5
T EEE, FUORIR R SBEEXT SR AT TS, 5 WA BdE Ak
FEEA  FEEGECPR)EE, FRERT, PRER,
ANTHEF, k—fiE4hk. mIHMEMAES,



10 TR

201743 H

BERGEAMATLATAE IR, (BH AR EIZIE A IE RIS
1o MBI EEAE & B A BE £ LT BRIz,
5 LAY 75 35 UL IS4 0 248 1N T 22 o 2 0,

REWFRRA, RGP IR AR E 1 EE 26
Bnse, BRAEI AR R RO,

A SCHY BN G2 I s S R IS vk . 5 — )
B AR, B RO — R 1 A B L R R
HaeRfr A dEw e, wateil, FEAREANBEAES
HABEHIREHBEHXR, BES52REIEEA XK, B,
FATANMEZ RGP ZHFHEAEAS 2R BT, BESER
A eRBIEAL R bR, HREILENAIES,
BT XA AR, A SCIERNNIZE R Rl R T E T
HABIRE AT A B R AE MRSV, TR R B S s b
PEAT T HAIE

ASCHPRAREE AT . SE2T N TR LA, (45
AMEMETE . RN RAKNNIEEES, 3500
4 TFRNNIF AR EARESE, SB4350 R g g RS,

2 FBXIL{E(Related work)

BRRAE RM R TR R A% O B AR B BUEE [ AR X X 2R
F DA Ay LA R AR A, e BRSEARY B R b A iR 1 B HRE
(LI 7 A B8O 2 Al ok RARR 2%, W B i &tk
P, R B BE I ] A2 Al T 7R B A B b Y 2R P K Bk
DRYEE S A KRR R B R 2= A A LA, R
HaxXFp R TR Z U 0L H A2 — a8, e A
WG R, B, 7% B AR 4 45 T HL 2 B JE
g, WG AT . BOE R 15 =A% R 2 R R A
I, Wt 2SRRI EN Z A SRR, B, AT
FNEERE S FRENRTE AR, AR E
A EA BRI AR
2.1 ZHEHE

LM VE N BCEETTE A B %, TEAEY
WL by RS IR PSR TN
LMELE R R R A T B R B L L o F) 8
AR R T RE REL(A,, Ay, 00, Ay,), 1R % K%
RO 5 T 20 52 A AH B Y 22 3 e/ o 3 B 22 331 30 5 ) e
AN SOk B R, BRIR A R N R AT S A

y=ax+b (1)

e

R KA. DRI,
FIR /N AR, BRIy 0 25 8 DT
FRARN, AR S E A RO, AT A —
EAR AR, TR TR AR
1y (a+ b)J? 2)
R T DA K IR R

CxHCEy) — Ex)Exy:)
NExH) - Zx)*?
N xy) — Cx)Xy)
NEx ) —Zx)°

a=

Sl

NTERREMAIRERE, KRR E

e 2 —0) X —y)
Ve -0 i-9°

Hr,

L1y, WERER R, 00k, e = L,

R SRR BUE L f s LR AR, AT DAF
MRS R Mn—k MEFAT R ENS, BRI ARK,
WG, WEREAME, B —RARDT, BrREM 2tk k4L
E R R EANEE,

LA IR AKX )ASERT DUR TR R SR, 1
A ATERE PR A AT I R g s b ke B, D, o
REHERE L L 1 BB A TR B R A AR
(1), FOAAE A B B HUE A 1% 2 2T B 1Y R 45 AT A
5 7 Al 81,80 080, RARBMERA RIFHY
s . AER0, HEHEUGAX P SHafMbryEE 20,
FRLTT b JE 5005 B8 3 & R 8 L AR Be S R . R, 4tk
LA BAE R ET PR Es: TAEA A R e AR AR,
22 BEMTH®RSH

i LI A5 e (Fourier Transform)jg—fp A28 4,
IS T ] DA 5 A (B 4 B AR A b, FEm A S5 5
WG A LA, BEYHY ., ESAR. GitE. =
. CFESEG B ZMN A,

REZBFHEBAREMURELLE, AW E HE
W, HEAR AR B 2 AR A i AL AR SR A BE .
B EERE, X TR EZD R R P IS E S, #aT
A TCBR S B AR R ) IE AL IR R R R R . BIHARF
B 1) 0 AT A B A 48, 5807 2 Y ) AR AE S AT A3
ST, BEMEE AR, XTS5 N T AL B

TEE B A o FE P BB A A, — MR EAERI
FIPRIE, H— P RENIEZEWNHNZE, B E O R Ay
e, BAEELURELLENIESZERE—ERIE, AL,
W) B AR TE 52 A5 5 LA T A, (8 B8 3 ) H RIS 4R X
AR TE RS IRIR R AR, TR th 2R,

RYEEE SR FZERL, FRATA] DA 7 48 443> Py
P ™o,

(DIEFPEELAFS . Har MR,



2045535

BURE(RE S BT 20 S AT RONINT 74 J] B3 e 5000 ol 2 (A AR 11

QAR SAF S WL,

G)AERMIMEERIE S BRUN IS A e,
(OO B et SR = T O AVAL g VR
Ve £ B P 81 A P LIS
ES%E H#HES
A EEES — I\~
BEEERES M
FABEERIES ———*«—-——
EELES -t _‘_r\_ -'.v_.-.

H1 Wi RREER T
Fig.1 Four types of signals
HELRAR B B AR AN
Aw) = [ f(t)e ™tdt (3)

T 2 P 2R o L ot A i b 8 4 14 ) OB R T SR

e
y =2nf(t:) - sin (&) (4)

XFF IR R AT &, 2K E (B, U3 I bR 455
JU e K SR RN AT, TR aHe e P 445 SRR A I 5 o RO R R AT
AL,

AR A B AR 5 R AN 2B, T840k A e
BUE S, ARG (P 43R ) FI B A AT U Y
BRECEZ S R (Esin () (P P Y SE 2R B A AR E e T 155
FEHIEFIR,

ty

B2 BHMFEh AR ER T &
Fig.2 Ilustfation, of Fourier transform

SEER AR, TRADHE TTIRAN T eR K A 8 R Hi e B

R I O 1) S 3P
Ir(©) = T, Fesin (w,t) (5)

2 (5) H B ke B B 5 AR Fh 1 B AR 4 Y SR B O, el 2
BUSIVEARS A LR, f/ B, ek — Bl DARRE
7, WEZEQEA, E20 i ELT R AR,

2.3 KNNIE%

KT AR5V (KNN) & — Fh e LBy . L e 7 B Y
SFREEZ —, EHRAERR, REZRER, BT ERER
G, HABAME R, B Zis LA S iR £ A
o, ERRAMERSFEENE, B R MEARTERRE
23 [A] YRS SRAR R AR AR FP AR Z 808 T3 — 20, %
FEAME T XA KR B IREA AR ANE3FR o

TS 2R i 2 B 4 T i
eSSk Vg ] (FER

)

1R BE B I NEAT TH

l

SIS 21 A B RN KA

{

5 AT KA JUITAE S HH BT

I

T A B 2 SO AT A
IR R 2

B3 kKNNF i A2
Fig.3 Algorithm flow, of kNN

KNNFGGE T DA T [, H B S HEA B Bk e
A, RFIXBEREATE JE MR P E AR A, R R BE B
QR XHZ AR 7 A 1 3 T AR E AR . 7T DATS 1) 2%k
A JEE,

ki 4B HE 78 5 ¥ (k—Nearest Neighbor Imputation
Method, KNNT)ZkNNFEATE RS MGk Y, 8
T KINNTARBEF TR R (IR T 4% 0 JE AR 1 38 it R B0 1 31 4%
AT RAR A AR, e IR B 2% B R I T KA Sl 4T £
A SR AR, SEEATIAL, FHRIEFT SR (EIHTE,

KNNIEEAE SR E AR RA — SR 2 Z AL, B,
(LFEA R PATIS, I —NRAREARZ BRI, 1 H A 26,
AARAPNI, A RESBCYMA—DEEAR, ZEARK
GBI RABEEAR L 28, QUIFERRKR, B— 1
FEMHEAREN T ER SR CHEARER, FEKREE
MUK AR L, (3) MKNNISBE SR 1) o 0 vl B B B A
ANIF 7 R, A AR R AL, BRI L, H Al
VFZ VAT ARSI, W0 sR 5 BE B A 2 W BUE 1 T YR B
Sent BAREAS AET OV, R SR R R R AR,

MEARTR, R IGEE RARTEAL BRE R K, TRAKNNI
SRR, EEGREAE H A A — B A B XA A Y S R 5 dhe
FRX LR REROSME, BRI EER A B s R

Y

X0-€  x0+E

B4 kKNNIF % 7 & B
Fig.4 Ilustration of kKNNI algorithm
WRTSCATE, KNNISE S TRZMH R0z R
Mo SR, KNNIELRYE FEMERA PR AR B RO T R (E Y
ek, T IE kB (E B I I A RE R AT, X ERER
AN,



12 TR

201743 H

3 EiEHEZR(Algorithm framework)

B SR AR K TR 1) 52 TR G BRI N ER R &R, R
Horp RN RLEE , AT AR Bl 2R A B Rl e, T
R B . TR T B A A HHE S A A M ) 4R ) o
BREGE, B TKPRHARER. ZAMRSE. RiE
T A, X S S U B A S R A
T ELJE M 22 AR ANAE S EE R RSy . B, AT H g
BRRAE RN, TREER B I SR R A, R RS
I AR EE -5 B B 2 TR RE B 6 2R

S —AI R RE R, FRNNUE R B R FELE T IL
AN EEIR:

APRL, EF LA, RS FR a4,

IR, TEFEAAEIRAERE E, R EIEA
. B, BrARFEERR-TFIERZ0, HHESMMAGEL M
ExhiA g,

YRS, JEIE K (4) Fs Y R B R 15BN A
4 1E 52 R KON 1 R B (HR ), R B B F LA R, ®
AR & I B

HURA, i BE S(S)HE B 2R (B 7 4 B 1) s A B 4 b 4 A 1
LI YA G 1 RS

RS, R () R4 1 B 52 Ty e M 5 i 2
i, X A R AR T AR AN (E

HPR6, MIKNNIFE, 48T k6 2% 0 (E ShA7 In AL
1, WRHE— M EEE, XRKNNIFTER A2 1E,

PR, L SL 6L TR EURIEAT LA, TSR
KBS, MIXTESE IR M S A ERIE, nRE
PAERS, B EKNNIF SR (AT L, ekl &5 X
= (6) R,

YO = a9p(0) + (s @) (D (6)
Hep, afe0fI1Z[E], YOREGBRITREE, JrOFI(©53 5]
ek L I b (L AN RNINTAh 2,

F TR L 1 SR VA 2 BT R ) 4 Sy % R (1 LA
HRN LN P B R G 2R Ry 3 2 R (RNNTFT A Y % 2R
BT, EEFRZ HFRNNI,

4 FLIGHER G2 (Experimental results and
conclusions)

FRATTR P A T G 5000 2 308 R B 1 e 3 B A AR B
W, TERAR D AN EB—dE, TBERE, AREEL
RAEIT A M RIEESE, SNV M E, B AR
AR 5 AN A B AR H AR, 8 R4 30 X0 %o b 4 AR R
H0)E%

LR

i PRI SR AR B B B A B S PR, R R

B, PN BRI . A T R R (AN RS

Bk, FATFS oL bR BaE A s KA.

ol K
| 1
I

WRLARE

A0
1=y

[H L] |
Tt t

s

B5 R %
Fig.5 Raw data set
RN SR IAT A A, T TFRN NI VAR 2
—H PR, WS R ER A R T AR R -
y=0.033x+ 1.434567 (7)
JEBAE (T, SR AMEOFTR ,

RRARE

B 6 4 R~ 3%
Fig.6 Data without linear trend
RIGHEFTFRNNIF S =208, RIEX4), BEIRIE

2n

wt— M A 10 ApsinT, AgsinlD), BT B HRL
EE, BERARRG S ERRWIRE, DREAERE
R RIS , T3 LI T 9 6 305066,
T FZ 280 SIR30 5 ShBO fRE4, ALRE RR (4) 3R LA LA Bk
SSIRUREG P, 75810 STl R RN

2n 2n 2n
f(x) = 4sin (—) x+ 65sin (%) x4+ 5sin (-==—=)x

120 1800
RGBT F R LR £, RIS 2] R 209 H A5 R

100 = in (25 x5 in (25 x5 Soin (25 4 0033+ 1434567
X) = 4sin 120 X sin 90 X sin 1800 X . X .

X ERECHYE (), HEBMETHIR,

L]

mARE

7 4@2%:‘%5&5&5%&%4&
Fig.7 Values after inverse Fourier transform

FAERTEFA E, W2 RAEE A A Tk, ESCRE
T R L AR SR A Y bR KCTE 1 P 2 B eR BE B, A
KNNIF %, B 25100503 I IR)R] G, R 9 AR 2% X TR
AR BR I BUS AR 4550 8, MHE(6), FIHFRNNIE
TR Z SRR B RAR ECA P R E R LA G

R (6) Ry, 7 G i B AR 351551 A4 o8 KOUR VR RS
MERAE, 2 BUBUIME.

F T IUEAMEROR, FATHELZ ERSN A Ry EdE, A
H3E ARG AR o XSRS AR LRSS 150 BT 7R, SRR ATHY
HOEAEFRAR 25, B KNNIF R A FRNNIE RS2



]

2045535

TREGESE . T BRI A0 5 AT RNIN Y J] 353 e 5000 e % (A A B 13

EAUE AN 73 AHE AR ) 5535 55451
F1BRKENEEEERHELLR

Tab.1 Accuracy comparison of the imputation algorithms

t; y(t) yi(t:) r(t)
25 5.1548 6.2749 5.5967
42 10.6077 9.7733 10.2785
48.5 9.00379 10.7871 9.7079
52 7.1641 9.0048 7.8903
60 13.0010 13.6041 13.2389
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Tab.2 Accuracy comparison of the imputation algorithms

t; yi(©) () yr(t)
71 9.40566 5.90444 8.54497
72 5.70047 6.82432 4.84634
73 1443982 7.05806 14.1073
74 8431374 6.22236 9.23348
75 =4.90907 5.640219 —2.61964
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