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Classification Method for Mixed Sampling Data Based on Dictionary Learning
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Abstract: Mixed sampling data, whose different features are collected at different sampling frequencies,
pervasively exists in the real world. Because the different sampling data set not only has different features, but
also has different number of samples, traditional classification methods cannot be used directly. Therefore,
this paper proposes a classification method for mixed sampling data based on Fisher discrimination dictionary
learning to solve the classification problem of mixed sampling data. Inspired on some classification ideas for
multi-view data, the proposed model compares multiple data collected at multiple sampling frequencies to
multiple views of multi-view data, and designs a way to learn a sub-dictionary for each class of each view. A
structured dictionary whose dictionary atoms have correspondence to the class labels is learned, so that the
within-class scatter is less and the between-—class scatter is bigger based on the Fisher discrimination criterion.
In addition, this paper designs a specific classification scheme for the inconsistent sample size of mixed
sampling data. Finally, experimental results demonstrate the effectiveness of the proposed model.

Key words: dictionary learning; classification; Fisher discrimination; mixed sampling data; multi-view

REAE AR 2K, BH 5 PR E S B EOREZREAL 1E e bR Az i i, Hdle (9 R 4R
CHNZT A2 B AL AN W 25 S AR ML) R A R B 3R 2 DR A SR R A A AS T s AR A ), 491 A 2
(AN SCAS AMRAN 5 950) 64 Hh BUFIR JR8 Bl R . BTl A ™ 0 0 o Bl I R RO Bk

HEeWB:HEARR ¥4 (61876027, 61751312, 61533020) % B H
Y75 B 83 :2019-05-05; 1817 H #8 : 2019-07-03
BEMESE: T, &, 887, E-mail: yuhong@cqupt.edu.cn.

SIRER s, T, 28, 4 5T 7 ey o] fIR S RAEEOE 23 28 05 [T ). B B ZS i K R 2 2 41, 2019, 51(5) : 618~
624. YANG Qian, YU Hong, LI Jie. Classification Method for Mixed Sampling Data Based on Dictionary Learning[J].
Journal of Nanjing University of Aeronautics & Astronautics,2019,51(5):618-624.



55 5

W A5 T ) IR S R R B 2 T 1k 619

i AR A O T R R AT LR R AR A
e A TR, SR A, T A A AR L TR
FEL I I i A B0 mT DA A% B S AR AR
I RAE R o X AR A — X4, ok A AN
[F] SR R AT 3 A AN [ AR i 4 G 1 5080 R R TR S SRR
B o A% GE R Ak BRIE 5 SR AR RO B — P71 02 e
o SR L 8 2 5 AR B AR 7Y SR A AR A DL
T, BRI S SR R EHE Ak B R[] A A0 53 L 4K T

X 7 A AT 3 G 10 A7 T e RO 15 2 2% 2K 0 T
A R, A SCOT ¥R A SR HT X R A SR A 080 Al [ 3t
b 3 Ty 2 TR A RS AT RE Hb R P G A I8 B
$ETHR G R B 2 R PERE R B 1.

Z Z VB 5 R Ja A, FRATTIA IR & R b
e 5 2 KB Z WA —E X R R, BE
SRR B 22 A RARI AR BGOSR RAEBUR T Y
ENGIESR 1 SO A N SRV E /i N EA NSk
i AR LE T A R ARG o R, A SCRRE
S kb T 22 AL PR AR ) REUAR BT 1 R il DRI S R A
B 3 2 1] R

Z LR 2 20 1Y e B s R ) B R RG24 e
P ECHE 2R A DG ARk, ?Jﬂl*‘ﬁ“”ﬂ%ﬁi
Sk 22 A L ECHE A3 R B IS AR T . Yang 45195
A Fisher F| 5 HEN] , $2 5 Fisher $1 5 5 #it ~7 77?/35‘
(Fisher discrimination dictionary learning, FDDL),
g 2 ) A7) ] 5 2 R A5 A X I 1Y 5 A 1
I8 E T A0 ) £ B I0RT Fisher 0 1) i 0] 48 4 $2 T+
Iy R UMERPE R OE . Zhuang 7R FHRE AR K AR &
R 2] 20 A i) S MORTAS [) A 2 2 T Y e S

PRER DI 2 B R BEES . FE T Hilbert - Schmidt Jif

SEAEWEN]  Gangeh S5 H A~ 2 40 &) 2 2 o) H
AR AR B G Z AR TE T+ (1) X & 27 >

— A IR TE 2 ) 5 MR A () Bl R R RO
W5 (2) 1 T A7 AL I 1) AR AL i 5 2 () 2 ) — > o7 il
FIMT I B4 2R B R o Ting 26043 A7 A [ 490 B 1
- M ) Ji 7 ) R AR G20 B R AR DG 2
P ) 53] 7 8 2 3 5 35 (Uncorrelated multi-view dis-
crimination dictionary learning, UMD2L.), %% ] £ 4~
PR BT B A A 56 ) 1) 7 B B S Z B 5T /N 2H Wu
AR 2 AP B A 2 o) O (Multi-view
low-rank dictionary learning, MLDL), & /A~ [A] i £l
AN T7) 28 11 7 7 ML 5 AR B 249 o L3 7 M 7 580 | ()
38 AN [ 400 11 104 7 A TU A 2 5 40 & (1] < gt
AAE ST o Wu SR — 2 o) 24 8] (] 2 52 2%
Al 7 ML 7 3 ) ISR R ] i) 7 S 45 4 R AR DG M 5 |

AT s o] 1k AR AT S AT R A AN R A
KR EAMS B . Wang S o i F i ] 5 A 2
W 73 24T 55 53t T 2 Al AR R By ) SR
el HERE LAY Sy R MERE . LATERY 2 AL 18] Lo ]
T3 N 2 AT 3y BRI ™, 3 B O SR
o 4 BT R 29, B DA Wu SERR T 2
WK ZE A 5 0 B 5 2% 3 (Multi-view synthesis
and analysls dictionaries learning, MSADL), & 4~
PP 1 0 ) 5 ) B — A S5 R A 2 IR — A
o3BT, SR TR A R AR R R A (R
B, 4 Hr 7 SR AS BRI AR B 00 2 A 2R RO
27 o T R R KA o i A5 Ak B b Y S R
SWEFETT ) AHR AR DA E 50K 5 A ) s )
{ﬁ%%ﬁiﬂﬁﬁfiﬁ%%

1R G R RO 73 24T 55 10 U R IR R AN A R
TR AT AR BSCHE F AH A, B DA PR T 3l ) Dt e 804
Frof 2] o DG, A SO 2 Z 0L 5 e >0 O ik
$ ) — o T e o] B TR G R AR R 3 K0T Ik
B AR 5 2] 224 SRR R R AR 1 ) o i, AL
Fisher J] 51| 4 ) 249 2R A4 5 2L 0 5500 £ B, B9 44 B 25 K
FERE , LS TR A9 73 25 1 RE o

1 Fi&IR

1.1 q—;ﬂz 3]

é&t%}%ﬁzrxfl:[ “a,,AER",
Sy jE’JE*TEE%ZE—rﬁE?J/ﬁi‘D*
[d..d d,],D e R UL TN N B AR B
X:[xl Ty oo, 2], X € RO AT AR B A B U8 AE A

AE S 4F M F A, B o, = Dx,,i=1,2, -
A ) i e LR PG Ak 1)
(D X}y=argmin[lA —Dx||,+alx]|, @

AR (D) 2 1002 7 B2l 28 O [ X REAR
I A ECIRFEAS AL 2N B A B R BUE T X
JtE g, v] LA KSVD &3 e MOD &34
SR 3R AT ] R0 v = iR 2R O AR
1.2 Fisher ¥ 5| = % 3]

Fisher | 5| &7 #1.2% 3 (Fisher discrimination dic-
tionary learning, FDDL) & 7E 2% > — /> 45 ¥4 {b 7 it
D=[D,D;, - ,D¢],D, 72 5L F M, C R
AR OR K E . B oEIN G AR A=
[ALAL AL A RS i RIIGEA  E XX 2R
AHHEAETID E & REERE, X=
[ X0 Xo oo Xe L X 25 i RN GFEAR A FEF D
W4t . FDDL B H bR kOB R



620 MOROM % M K Ok ¥ % %51 %
min (A, D, X)+ AIX[ 2 (S (X)— S, (X)) + 9]l X1 2)

FDDL H #r ok B0 55 1 0 2 1 A fF & I

2 2
r(ALD . X)=|A — DX,||F +]jA — DI-XI-’”F +

C
Slp.¥]

BT BRI D RE T A4 2 4 R

jFi
KA BB TFHD ABREIR G b E A A, H H AT
FHAGEMA

SW(X):Z (I/e*mz)(xk*mf)T

) 3)
Sp(X )= Zni (miim)(mz'im)’r

i=1

55 3N HLE Sy ( X ) IR HLUE S, (X )22
T LY G A FR RO m, R m 53 ) 2 G i AR
B X R X WS 1 B, n, RSB (RN FEAR A,
A A B A
1.3 AHEXSAEHINFHEET]

HEMDUEEBREA, (k=1 M), NHX
2 W0 & ) 5 = i 2 3] (Uncorrelated multi-view dis-
crimination dictionary learning, UMD’L) & 7£ X} 4
ML A B R F L Dy (k= 1, M)
IR R (9 22 BOBBE X, (k=1,--- ,M ), UMD’L ffy
H 5 o BOE X

M

N M
min SIS (ALDLXD A X
I‘X‘“: k=1i=1 k=1 (4)

s.t. Corr(D,,D)=0,l%#Fk
5 W P~ T B 1T S N 1/ (S N 1 T

g(ALD,XD=||Ai— DX+ [l Ai— Dixi|| +

DX BRI D, A A TR AL C A
-

B R AL ALK 2RISR A DL D,
55 15T 7 X5 SO REAS ALZE 8D, |
5 O | X 5 SR REAS A LR I D | 1R
TR B IE . Corr( Dy D)= 0 %7 7K [ 9 1 5
WD, f D, ALY HE,H Corr(Dy,D)=

N, N,

EZCorr(dﬁf,d{)

—— o N RUN, 43 5138 788 D, F
N;\,'N[

w p, m Fm T . Corr(d,,d))=

(di—di*l )" (di —djI)
i e i — @]
AN F IR T ) A (7 D RS A T IR T ) B AR
et di R d ] o AR R P AN T A B
2 EEXREHESLER

AR 22 0 o 26 1 SEAR Rl A TR A R B B
Oy MR RS R G TR A SRR A 2
BRAY [ FEAHE SR SR 5 43 38 T B b R 850 540 531
PR IR A ) R, B S g5 T B H AR eR
B R TR RFEBUR /Y KT &
2.1 HERIFEZR

B 1R GeHh BA5 T TSR B R R SEAE S
G R B B - B 3] [y BERRE A r B B 7E
T O] Y B BRI FE AR H A SR AR A R OR
] A B B, A (k= 1, H ), Rl FH 1.2 735 4] 33l
R FLITURT 1.3 745 o 4 500 2 B0 g A S0, AR B 2.4

FoR T di(FID

o
: 1 F, F, F, Label ETE :
[ 2 2 :
I 4 D - -8 X,
|5 4 B2 "ol D o - !
1§ 7 oA pemo—eam] |
’ e cEE-H
2 1D | S o be——————————— i
B : T o - X |
A |
I errerEE - E I
|13 y 3 '
| - j |
s . |
| I
D, D 2. I |
| F, F, Fy :::::l:::::Z:::::::g::‘ |
1 —) : ¢! Vi Vi i |
| 2 . Tt I
|3 (rm oo |
I A P I
A i i Siiomaiinpaioegninog AN a
P14 R RO 4 S

Fig.1 Classification model for mixed sampling data
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