5540 5 11 1) EHEZwe 5 r A Vol. 40 No. 11
2023 411 H Control Theory & Applications Nov. 2023

B E R TN 2 BRI Hik

FOUKFEL?, gL, BT, B &
(. TTRTMKRE BalkBE, 1R T 510006; 2. T~ AAYIBNIE BB B SSHEEE, T4 M 510006)

E: BRI SI(CTLZ & 1 E B 2 51 5 5 Bt 4 W 45 A A8 A, 3 T M B 07 sRUN R R, 1 — ol
MM BRI T, BUA BB R CTLE R (U I — 2 Mg g 55, ASOUHE BUA MR G 5 IR 218 UE B, JFH,
BT 0o VEHURI CTLARE LA 21 0 7 AP B AR A0 00 P22 0, (56 PR SR AR A — 1 INP-hard XE R, 1173 01 YR CTLAR L U A7
FER B AN AL 2 3000 P2 A1) 19 I B8 A b IR, ASSCHR T — i T log 1E K b #0 ) 2 /= CTL A AL (CTL-
log): A T HR BN 5 5 B2 IE 5 3= 5 1 SCRMG BRFAIE, o 52 ACTLAS B BEAT 22 J2 40 e, [ IR P i 2 0,
i 22 1E /N (K AE M log 1 I 4k bR KA 9 CTLAS AL AR B 240 AR5 5. 388 3o A8 FH 303 ™ 22 2 7 i A 2R R A o7 10 A ) i
ATRAC SR AR, T 5 B T3 o ™ 22 93 7 5 00 2 J2 B BA e 2 D) Bk, SEIR R W, AN SCHR 0 22 T3 o o™ 22 20 T T
Z R B A 2 A T ) log IE AL A5 R 20 RACR AL T BUA IICTLER, H 2 JRCTL-log 43Ik i U R A
BT RIS T RTE, AR SRR BAHLS VM) 7 2R 48 1 73 FE R T T 24N F 2r R A

KRR Wi Ron; BRI 25 i ™ 22 23 U545 log IENIAL; RS HG Hlas=# 3]

SIRARE: SRk, NS, 20, 5. B Tl (Y 2200 7 IR0 2 IR B VA A S S R I B S5 AT, 2023,
40(11): 2019 - 2027

DOI: 10.7641/CTA.2022.11020

Multi-layer convolutional transform learning algorithm based on
proximal difference of convex method

GUO Yong—cheng172, TANG Jian-hao':2, LI Zhen-ni':2t, LU Jun!
(1. School of Automation, Guangdong University of Technology, Guangzhou Guangdong 510006, China;

2. Guangdong Provincial Key Laboratory of Internet of Things Information Technology, Guangzhou Guangdong 510006, China)

Abstract: Convolutional Transform Learning(CTL) combines the advantages of unsupervised learning and convolu-
tional neural network, learning filters in an unsupervised way, which is a new sparse representation method. However, the
existing single-layer CTL model is difficult to effectively extract the deep semantic information of input signals through
only one layer of sparse coding. Further more, the £op-norm can enforce strong sparsity, but the £o-norm-constrained CTL is
an NP-hard optimization problem. And the ¢;-norm-constrained CTL presents some drawbacks too, such as its inadequate
sparsity and the overpenalization for large elements in the sparse vector. In order to solve these problems of the existing
CTL model, This paper presents a multi-layer CTL model based on log regularizer(CTL-log): In order to extract the sparse
features of input signals that are more discriminative and rich in semantics, the single-layer CTL model is extended by
multiple layers. simultaneously, a log regularizer is used as sparse constraint of CTL model which can not only obtain
accurate representations but also yield strong sparsity. Finally, we propose to employ the proximal difference of convex
algorithm to efficiently address the nonconvex composite optimization, leading to a proximal difference of convex method
based multi-layer convolutional transform learning algorithm. The experimental results demonstrate that the performance
of the proposed CTL-log is better than the existing CTL model. And compared with the single-layer CTL-log, the multi-
layer CTL-log has a comprehensive improvement in feature extraction, and the classification accuracy of SVM classifier is
improved by about 2 percentage points.
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Fig. 1 Transform learning and dictionary learning
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Fig. 2 Multi-layer convolutional transformation learning model
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B (R B ARFAIE.

3) SEYG VPt T AR A 2 SR L, B )N SR A I B
REIES N 73 R8T NGRS 20, B N AR iy
TEHEAT 23 25D, I 73 20 P I AR A B B B 1)
BRARFE T 55, RIVAR 2R A i AR E 2 R ) U 3R
15 F 1) 79 2548 2 3CHF ) FE AL (support vector machine,
SVM).

43 SRR

Wl /N SIS E TR, AN i AT 2
SIS AN [FIRR IR 20 T VR IR LG, ARG HEAT B AR
KUZART (R3] B, B6AIE 22 RS (A 25
43.1 HEXTH

b — TSR0 B B TIR, Sh/NT ST AR
SERE R, X6 BN [ 4 #5720 RN CTLAR AU (CTL-log,
CTL-4y, CTL-£) FIRFIESRICICR. S T AR UE S0 B
G ELAE, SFICTLAE YRR T A 20 R I LAAb, 18T
HESWB R —% BREHK = 5, BRZR
R =5 x5, BIGEFUHZIIE NS x 5 x 5.

323 EVERIASEN, ng, n. WWEW:
7 ¥4 4 YALE, YALE-2~YALE-8 [¥) 52 56 v, B i
BKng = de —13, 1. = 3e —2, MBS BN A T
X 6 M (le —5, 3e —4); 75 K4 £ AR-Face ) 5L 5
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2025

B B Ky = e —14, 1, = 8e —2, i i Z H\
[ & FLIX AR (0.05, 0.2); 7£5#5 4 E-YALE-B
(s s, B RE D Ken, = de —12, 1, = 6e —2, Filbi
ZHNNIRATFRIXEJ9(0.01, 0.02).

SG e, S SO R i 24 TR T AR U A
RUHEAT 2 CSES, 73 AAS BB A SLI B
(IR o R AT LR, S 4 RN 2.

k2 RERBUFIES KRR

Table 2 Classification results of single layer extraction

features
ik
Hifhide
CTL-¢, CTL-, CTL-log

YALE 0.9000 0.9200 0.9400
YALE-2 0.7704 0.7704 0.7704
YALE-3 0.8417 0.8167 0.8250
YALE-4 0.8571 0.8667 0.8762
YALE-5 0.8778 0.8889 0.9000
YALE-6 0.8800 0.8933 0.9200
YALE-7 0.9000 0.9167 0.9333
YALE-8 0.9333 0.9556 0.9556
E-YALE-B 0.9945 0.9945 0.9917
AR-Face 0.9550 0.9467 0.9633

MR R 2SI 4L IR, TEFTE 100U HR LN 4325
XF G SEEG Y, CTL-log 78 HH 8 01_HHNAS T #2471
B A R, 3R T X T4 NG S M BURHE 1)
FEHL, CTL-logh 20 R & SR T-CTL-0y 5 CTL-4,, %
iE T 58 HMCTL-6, 5CTL-¢ Mt 51N T BA iR
72 71N HL i B 7 53R ¥ log 75 5 1F WAL R CTL-loght 284
A MG 5 B S = P MR 1 RE ). 58

H A i log 1E T4k B8 B0 N CTLAS Y f s i 20 SR AR
3.

FEIZATI A J7 T, DL YALESGRESE 19206 34T
I3 #1, 4E 9236 1 CTL-£y, CTL-¢, 5 CTL-logfE #H [
BRI AT T T B 23 38 110 s, 82 s, 87 s,
CTL-¢, 5 CTL-log )i AT i [A] B & Rt T CTL-£,, T
CTL-log #HLLFCTL-¢, EERSHIE — 2, 32 KA AH L
FCTL-4;, CTL-logfE R G AP # AT — IR 22
41 (difference of convex, DC) /7.
432 XEHRE

ANNTEEW b — /N TERBRE S SR R
BT BN LIS UE (I CTL-log¥h B N XUZ : K 5 ZFR
YRt BIRR BRI — D AT IR — E M i g, 7E0R
R E— /N B R CTL-logh AL 45 My AN AR 1 26 1F °F,
B HAE N BUECTL-logM & |2, AT HH R S48 SR IS,
X LCAE S22 AN A ) B R AZ AR T (3 x 3 x 3, 5
5% 5,7 x7x 759 x 9 x OFEERHRECR, 5
P e B S22 I A FE 45, I 5 5 2 S5 /I CTL-
log %} Eb., B6:31E X2 CTL-log s 7 4 5 75 21 A B R R AE
JR A LT B2 R TR, b, 253237 Bk
KBNS EIEE I ZN R E 55H 4310 R F—
H, F2EMSHOLE BRI fEHEEYALE, YA-
LE-2 ~ YALE-8[{J5Z5 /1, FffE 25K, =6e—18, 1. =
1.7e—2, i i Z BN i 24 AR X 18] 9 (5e —6, 3e —
5); fEHH 4 AR-Face HISZI ™, BEEE DK ng=4e —
12, n. =5e —2, Wi Z BRI S & F UL IX 18] M (e —
3, le —2); 73 ¥E 42E-YALE-BR S 56 v, B 20 K
na=3e —11, n, = 3e —2, M S HNFI R A FIX
[H°4(0.01, 0.02). SZI45 R UR3FR.

%3 WEBREFIEER

Table 3 Experimental results of two-layer expansion of CTL-log

ai
HE5x5x5 5 X 5x5+3x3x3 5X5X5+5X5X5 5xXBHX5+TXTXT 5x5x54+9x9x9

YALE 0.9400 0.9400 0.9600 0.9400 0.9400
YALE-2 0.7704 0.7778 0.7778 0.7704 0.7852
YALE-3 0.8250 0.8500 0.8500 0.8250 0.8083
YALE-4 0.8762 0.8857 0.9048 0.8762 0.8571
YALE-5 0.9000 0.9000 0.9111 0.9111 0.9000
YALE-6 0.9200 0.9333 0.9467 0.9333 0.9333
YALE-7 0.9333 0.9333 0.9500 0.9667 0.9667
YALE-8 0.9556 0.9778 0.9556 0.9778 0.9556
E-YALE-B 0.9917 0.9876 0.9945 0.9917 0.9903
AR-Face 0.9633 0.9933 0.9933 0.9967 0.9867

RILIAIRR M, 1 LR G 5 XUZ G5 5
T, 7E 10T B i) SR 00 485 T be v, BT st 45
R I A A #BAE XZECTL-logH 7 4, & W

i30T B R CTL-log i At 4 AL 45 28 PRI AR5 AIE 2t —
AT T AL SR BT & FEANFXUZ
SERI A ER S BT T, A2 28 2R B AR AL 70 31



2026 oA R 5 N A

540 3

A3 X3x3x3,5x5X5,TXTxT,9x9x 9X4Ff
AR ZER) R FIRUZ CTL-log 78 10 508 i 45 52 46 HH 15 3]
AR IR ES N2, 6, 4, 2, WEIS Sl 45 ik
B SR, 522G RZ ARG x 5 x 5EXUZ
CTL-log IR fe if

0.93 T T T T T 10
—e— RALIEL
TR
092} -
& 5 5
Pr 091 - -
0.90 1 1 1 1 0
5%5%5 5x5%5+ 5x5%5+ 5x5x5+ 5x5x5+
3x3x3 5x5x5 TxTxT 9x9x9
GRUZ N

K 3 AIRICTLE I 73 2P e S R RO He
Fig. 3 Comparison of average accuracy and optimal times of
different CTL structures

B Ab, S5 10T S 56 475 TR vHE B 2R f B A4 P 1
{8, AT BT MRG58 A 0 L A5 AR £ g 1) 25 R, 3
o, [ERETT DL HAUZ CTL-log -1 247 vH: 1 28 th 47
BT HZCTL-log, 3 HAWUZCTL-log &AL AL A
5% 5x5+5 x5 x 5 PR S R IRE N
e, WU IBIE X CTL-log RUZ R, JREVS 2 T %

NE 53 B Y5 F 818 M BARHE, $&7F T
R B R IE SR BOUT i, H 2456 2 BB AU A N
5 % 5 x SINHRTHHUR AT

25 B, WD AR ORST 28 LE S5 AR L
™, Wz CTL-log 28 2 RBHUZH MBI E N 5 x 5x
SN, AR T AR IR P FUAE A 25 R A B e 1,
5 2 E BB E A 5 x 5 X 5. CTL-{,
CTL-¢;, CTL-log5 XU JZCTL-log ] i & X} LL i 224
7K.

WIHTSCATA, 5 B A IMCTL-£y, CTL-4, AL, I
log IF I AY bR 550 Fs i 20 R BYICTL-log g % $2 B 753 21 &,
A T SR RS, 5T 5 B ) B B ARR AR, I HL IR I
CTL-log#i & AXZCTL-loght 4t A& 5 i3k — 25 (1) #
g sE I T RNE 5 B R SIS B IR
JEURRBARHE, BEMHETT 1 AR SR BORBTRHE (1) 5T &

WEAN, N T RAIEA SO B R IR U, B T
ECTLAER B s5ionf EeAh, 185 24T o i A RR 51
Hikz —, BT HIES AIERAE 43 24 (discriminative
projection and representation-based classification, DP-
RO)POVEEFEAT R L, SE5e 45 R UnR4F77R. WDPRC
5 XZCTL-log i S ie 45 X L ml LA, 710505
FEARE R RIS, WZCTL-loghk T fEYA-
LE, YALE-85 DPRC #%°F-, AR-Facell% fik T DPRC#4F,
TEH AR BT 45 A ELH B4 TDPRC, £ 1 5DP-
RCEIEM G, ASCHIXUZCTL-log i BA S 4F N
WA RBUR, B0k | ASCHR HRAAE 2 N A 2.

% 4 RFCTL#ZA ZDPRC% £ 4 %3t bk
Table 4 Comparison of classification results of different CTL models and DPRC algorithm

AP

BIGIEES
CTL-¢y CTL-¢; CTL-log X ZCTL-log DPRC
YALE 0.9000 0.9200 0.9400 0.9600 0.9600
YALE-2 0.7704 0.7704 0.7704 0.7778 0.6741
YALE-3 0.8417 0.8167 0.8250 0.8500 0.7667
YALE-4 0.8571 0.8667 0.8762 0.9048 0.8476
YALE-5 0.8778 0.8889 0.9000 0.9111 0.8778
YALE-6 0.8800 0.8933 0.9200 0.9467 0.9200
YALE-7 0.9000 0.9167 0.9333 0.9500 0.9333
YALE-8 0.9333 0.9556 0.9556 0.9556 0.9556
E-YALE-B 0.9945 0.9945 0.9917 0.9945 0.9931
AR-Face 0.9550 0.9467 0.9633 0.9933 0.9983

5 4w

B0 O AR AR 32 S I RUAEAE (1 [ @, AL
FEH T3 Tt ZE 0 T EN 2 RS R et S S,
2B ] B A AR 4 2 ST B R R B R
Tt — PRI B g, IG5 EREFIENS
SN R E MR AREAE, - HLAE A i B2 o, 22 P

/INFIAE M log 1E A bR B A N AR AR i ST AR R ) 7
BRZIHRTT i, A P S ™ 72 73 SR R AR R Al
DU TRl REBEAT DL AR AR, A2 5 T log 1E NIAL R ik
LIR 2 R e SRR SR HUESE.

FEATF NG G S (MR AE SR IS IR 45 SRR
W, ARSCHR 2 R log M A AR AR A 7 S
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