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Classification Method Based on Support Vector Machine and
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Abstract A classification method based on support vector machine and correlation imaging is proposed to address the
problem of unknown object recognition. The method utilizes linear discriminant analysis to extract feature vectors from the
objects. Based on these feature vectors, the characteristic speckle patterns are designed and applied to a correlation
imaging system. By illuminating the objects with the characteristic speckle patterns, the bucket detector values are
obtained from the correlation imaging system. The support vector machine is then employed to discriminate and classify
the objects based on these bucket detector values. The feasibility of this approach is validated on the MNIST dataset. The
results demonstrate that high classification accuracies can be achieved by the proposed method in all ten classification
tasks, with an average classification accuracy of 90. 5%. The comparison results with other classification methods indicate
that the proposed method has more advantages in accuracy.
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Fig. 1 Schematic diagram of the classification method based on SVM and correlation imaging

2.1 HHEEBIEIT 2 Y B AEL S, K
FEAF BB R LDA #4780 . LDA 9 H bx Sw:i E(x*ﬂf)U*ﬂJ)TO (2)
SR B B AE W AE AT R W R LA BT B4R = e,
S B AT BB, AN [ 2R W A B 805 BE B S T B LDA Y H b5 R Rl
AT 3K 7 5 400 Sy AR . B BUdE % D= J(W)_|wstw\ .

[ S I S = lwsw|

JEREAR RS B HY 2B (FEA £28) , NERBAE R P REA Kb |50 Dotk B Al 2 oK B A B w

/I\@’Ittﬁzlgégﬁjﬁyy”:%\]i X, G REA g BT(W)BUS 5 R . #S, 7T, BI e it 300 48 B AR A
i=1 M= (3) AT LA SR A, HAR A

B FF L SN, I 55 A REAR RO, D, 405 j 25 AR 11 S 8w — Aw., (1)
By = VYN, x R jIFEAS DI, WIREAC BRI sep 2 0w, S 07 B S, 1S, B0 46 A A2 % 3% 40 45 4 160
U SV S, e Fow, WA [ B L R A W B o s
=3 N(p— ) m). (1) Jﬂ%uzsw‘sba@ il /A~ 8 I (S I8 10 A ) J 2L B, W, 56

j=1 JIN

1011008-2



WZ[wl,wz,---
LI W ORISR TSR 0 R HCHE o
2.2 XBEBLR
TEAS B R IE B J5 , R FH AR AOF HCRE 2 47 G 6 R
SRR B SR R AR OB A BT O B B (DMD) | it
FHEOG #5 BEST DMD , 4K 28 B 3t 7= 28 R AR S B G 37 o
TE IR AG G B v, A 45 AF B 3 B A T (x, y ) 9T 3
b 7 G R A AR R SR W O R E B, BT
FRCBRE 2 00 0 R I OB, PR 0 T P O IR AR
Ik AR DN B B YR 2 A bR BT (x, y ) VR AE H
P W (x,y) IR R FR N
B:i: EW(x,»,y)I(x,,y,)o (6)

2.3 SVM &%

SVM 75 LM P I 2R 48 2 > Y S V-1 . I 54k
{(Bin )y -+, (B 1) | ot 2K (6) 3K 75 09 1 48 000 28 1 B,
R B 250 LN n EEAR SRR L {1, 2, -0, k)
SVM & oo KM & i . X T 208485, 00
DATEAE BB FEAR Z [T — 4 SVM, 43 25 0 15 5 0
Z BB R FEA BRI, &3 84T 55 T Bk
T E(E—1)/24SVM,

XA iR jRHEAR I — 1K SVM
RIVR i LA #i 40 [R)

I
min E[w“”} w' + CZ &

Wi, B, gl

st W] g(w) 489 =1- g,

awzl:Is (5)

if Ye=1i.(7)

(W] g(x)+ 87 <—1+ £,
£ =0

K, BARRR i MR Z B SYM MBS, T3k

AR GE M ERREARN RG], ¢( ) TR A LS ]

if y,=j

F 6155 108/2024 £5 B/BAEXBEFZHE

FIVRFAE 25 6] 1 AR 2R PR 5, &, R X B REAR TR A
Slb AR i, SO VRS A AL P R 2R R B 58 e L] g3
[F) RN AR A AR RIOR , C IR 280, TS f i A2
e B ] B e KA, w R b Sy <3 4% - 1T 19 A T 1] 5
Fw RS T, DA, 55 SR A I 2 ) SVML 1Y U 3K bR
%

= sign|[w"] p(x) + 5. (8)

XEFRREAS R R 1T 0 2. RS SVM
AR DR 3 PR RO B RE AR e BEAT TIUIN 50K e, T A
P TR 1o e B B R AR 2R MR 2 1Y
I B SRR O, 0 xR S HEL RN AR A

Pyl

3 PiE G4 R

TE MNIST #s 5 F o pr 48 Oy ik A7 05 &, 0 5
HEEAR B 0" BB F 9" B T 5 B F# | %, Hop
A 60000 I i FE A F1 10000 MR FEA . & F 5 4k
BB R 1R FE R SF R 28 pixel X 28 pixel, T 7%
XFARFNECT B R #EAT o 2 B R T 9O T IR
SR TS R R R B O

R T U T B T R A R X e e T
B A TR — A~ B0 B 48 07 36 1 a0 R o BT 2()
JE G N B 27 I o S 8 1 TR i 45 T A A A
T K-3 4B H: (KNN) $E 47 20 2K 1 45 B e %
AL LA KB, 76 16 B AH R 827 BG4y 2 b, B O
AN B — YR A3 e AR T KNN B 20 245 B T =
WRER . B AT UL, SVM 3k 52t 43 28 AT L3R4 L
KNN 732 E i (P RE . & 2(b) S % A 6] il - 5 R %
427 RGN 2 Aok HICBRE 5 A 45 0 g 1 7 A8 £ i &, T LA
E T SRS E R A I A (B AR A 2
FROEE (55 7 HBCBRE Kb A kg 422 30, T L b B T 0 4 A 4
FHEIE AT

o B H B DB
2

10

®)
2 8

@
KNN | g 2 2 8 2 2 é
| =
S'\M | 2 2 2 2 2 2 2 2 é
oo :
mees Bl AR EEEBRB|
! &
KNN : ¥ I & ® ® ® ® 8 _
I 1 3 5 7 9
SVM 2 2 8 2 2 2 2 2 S

B2 B2 i i o B Kooy e 0t o (a) KT TR) -5 5505 B0 9% 500 245 3L 5 (b)) AR 800 4 (L I 3 B 4 728 ot £

Fig. 2 Partial images and classification results of the digit “2” .

(a) Discrimination of identical handweitten digits; (b) variation curves

of bucket detection values against patterns
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Fig. 3 Classification results of different digits. (a) Experimental setup; (b) experimental and simulation results
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Fig. 4 Classification accuracy of each digit in the test set
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