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Abstract

Domain adaptation is an effective method to solve the problem of cross-domain recognition. It is
an effective application of transfer learning in computer vision, which transfers the knowledge
learned in the source domain to the recognition task of the target domain, and effectively solves
the problem of insufficient labeled data in the target domain. In this paper, a new Cross Recon-
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struction-based Domain Adaptation (CRDA) method is proposed, which constructs a new source
domain and target domain through the cross reconstruction of the original source domain and
target domain, so as to make the same kind of data intersect with each other and shorten the dis-
tance between the same kind of data. By applying low-rank constraints to the reconstruction ma-
trix, the same kind of data in the two domains are aligned, so as to fully mine the internal structure
information between the same kind of data in the source domain and the target domain, and use
the structure information to learn the classifier, so as to achieve better cross-domain recognition
effect. The experimental results on five open datasets show that CRDA has a high cross-domain
recognition accuracy.
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4. 24

T B UEAE SCH R IS BT V2 (CRDA) A 2P, X — 174 ik CRDA 7E COIL20, MNIST & USPS,
MSRC & VOC2007, Office & Caltech Fl Office-Home iX 5 MNEAESIEAE 3 HEAT 5200 . XS 45
(IR H ARSI B — 2 R BE AL EX 5 ANREARSI AL BT BRI, T B VR IR A . i
CRDA 13370 K4E M A, A AX SRAE NG RbR%E . IR | MK RHE R &4 x, e R™
B EA R E R ZEREL = A, e R = {l},lﬁ,---, If} s DBRA 1) & 1, A s KA BT AT B R A BT g A
5. plin, BAVEE T | ANIREEAR R R |, :{I},lf,---,lf} eR, JH max{lil,lf,---,lf} =1, H
i<k <c, MFRATHEXMEARLRI 215 k R 2. KIS 7E Matlab2019b, Intel(R) Core(TM) i7-6700
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CPU @3.40GHz 335 F T, N T PRESZIG 45 A 2, CRDA Bk R & IR BCR N 20 RS2
FHA1H .

4.1 BIRENR

COIL 20 ¥4 iZBR 5 20 MASFIST S L 360 FE e s Bid% - F e ss 5 BEUEE — ik ik K1,
R 72 TG EUG, BIONASFEAEE, 3t 1440 sk UG . BT B R 88T -5 4008 32 x 32 R R MRS
14

MSRC & VOC2007 ##545:: MSRC f7 1 18 M=k K 4323 TREE, 1l VOC 2007 &7 1 20 M
5011 IREE, AT AR T AL, 2L RES B B0 BITE 6 MESCEK, K ATE BB
N 256 1% .

MNIST & USPS ##lifE: 8 7291 MEIZE B %A1 2007 iRl E%; MNIST #dEHEd s
60,000 Il 25 5 F11 10,000 HEMNAEME, XA EEHEEILA 10 ™ME K, BANE SR N T 0~9, B
AR #4016 x 16 1 R K EIE .

Office & Caltech256 ¥#54:: Office B S 2 AL Xt SR B ME RS, ARk H = AN [F AT &
WX %250, B A(Amazon). W(Webcam)#ll D(DSLR), AN ILA 31 AR50 #4504 B i«
B, WoRES. BATES, IS 4652 SKEF . 7E Amazon b, BANERIESA 90 sk A, TR
DSLR 5k Webcam 37, &F/NE51T144 30 5k F . Caltech-256 A 452 T H bl sl ik e b £,
£ 30,607 M@ IR F1 256 K51 .

Office-Home #4548 ZHIEEHKRE 4 MRS EGAH S ZAREIE. EZR, =HmEE.
DLt SRR, TR, RS 65 M REBIMEIR, WEESASMEEF R, LR
(R R A2 B TG I 2547 1) ResNet50 574 $2 B/ EI 1

42 BEYRE

= (5) 7, CRDA H AL 3N S, Al 73 A Ay, 4, Aq ,Eﬂ‘]El‘JEX{E?i%Bi&%%{le’g,le”,---,l} ,
M B R S B I MR R RS e . X T AdE 4 COIL 20, MASHIEBEN
=160 2,=1e" 2, =1e7; X THiEE MSRC & VOC2007, HASHEFE NI, =14, =1e°, 1, =1;
XFFHAESE MNIST & USPS, ASEIEFEN A, =1, 4, =1e°, 4, =1°; X T4 Office & Caltech,
BRAZHMEFEN =17 1,=1"2=1; X T Office-Home # £, AL S HIEHEN
A =104, =1°% 1 =1".
43. EWERFSH

N T HGAUE CRDA ARG R, FATEE T JUANT RS 27 ) FIAUGE B (R TE Mo b, e Ai193 5l
#& Geodesicflow Kernel (GFK) [10], Low-rank Transfer Subspace Learning (LTSL) [11], Fisher Discrimination
Dictionary Learning (FDDL) [12], Joint Geometrical and Statistical Alignment (JGSA) [13], Weakly-Supervised
Cross-Domain Dictionary Learning for Visual Recognition (WSCDDL) [14], Visual Domain Adaptation with
Manifold Embedded Distribution Alignment (MEDA) [15].

431 EWHR

% 1 JE/” 7 CRDA 5%} b5 7E COIL20. MSRC & VOC2007. MNIST & USPS iX =M#iE 4 L (1)
RANVERR . £ 2 88 T CRDA 5% tL& 7 Office + Caltech256 $i#E 4 E IR BIVERIR . £ 3 @R T
CRDA 5 X8 VE7E Office-Home #di 45 L iR BIHERG % .
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Table 1. Experimental results on three different datasets
F 1 BEENTRRIESE EATIRER

Dataset GFK LTSL FDDL JGSA WSCDDL MEDA CRDA
COIL1— COIL2 91.02 36.38 41.93 91.83 84.90 90.00 92.68
COIL2 —» COIL1 90.38 39.27 39.97 90.39 85.60 90.83 84.61
MSRC —» VOC 29.04 24.62 29.97 29.98 30.40 36.08 33.01
VOC — MSRC 58.11 46.63 60.98 60.55 64.52 54.85 72.05
MNIST — USPS 72.03 36.32 75.85 72.90 74.05 39.94 78.40
USPS — MNIST 63.04 39.13 60.54 62.97 62.88 45.40 64.50
Average 67.33 37.06 51.54 63.73 66.97 59.52 70.88
Table 2. Experimental results on the Office + Caltech dataset
5% 2. f£ Office + Caltech #iE&E LML ER
Dataset GFK LTSL FDDL JGSA WSCDDL MEDA CRDA
A->C 36.97 34.99 37.65 37.65 38.97 43.99 42.25
A—D 53.63 38.49 51.23 55.76 53.24 45.86 54.49
A—->W 59.34 39.58 59.79 59.98 58.83 53.22 61.72
DA 45.78 42.41 45.64 47.10 46.51 41.23 50.33
D->C 33.64 34.94 36.20 34.96 34.43 34.91 37.79
Do>W 79.12 70.12 78.60 79.69 76.60 87.46 78.70
C—oA 46.70 40.29 48.70 48.90 50.29 56.58 53.30
C->D 57.43 40.49 58.03 58.29 56.62 50.32 56.44
Co>W 57.16 42,01 62.97 57.87 68.32 53.90 71.02
WA 45.11 44.16 4578 47.89 47.45 42.69 49.03
W-—C 32.50 36.44 34.79 35.60 36.44 34.28 37.36
WD 67.22 69.09 69.78 70.25 62.33 88.54 73.97
Average 51.22 43.75 52.41 52.93 52.68 52.75 55.53
Table 3. Experimental results on the Office-Home dataset
%z 3. 1£ Office-Home #{#E&E FAYSLIRLER
Dataset GFK LTSL FDDL JGSA WSCDDL MEDA CRDA
Ar—Cl 39.74 33.30 43.89 44.51 45.56 39.62 47.51
Ar — Pr 61.83 54.01 67.40 65.86 67.62 57.09 67.81
Ar - Rw 61.28 36.25 65.50 65.11 65.48 65.43 67.46
Cl— Ar 33.63 21.56 42.70 41.00 43.76 39.28 45.73
Cl—Pr 54.16 4252 57.63 56.31 59.72 50.45 60.38
Cl—>Rw 49.67 31.04 55.64 53.40 54.28 52.10 55.75
Pr— Ar 35.60 32.48 47.80 46.23 48.10 42.09 48.48
Pr—Cl 36.42 32.08 42.89 43.74 43.74 31.83 44.25
Pr — Rw 60.46 40.50 63.64 64.46 65.82 63.92 66.94
Rw — Ar 49.20 34.23 59.86 58.22 60.07 55.43 58.40
Rw — ClI 41.56 39.99 48.89 47.23 49.27 41.27 48.70
Rw — Pr 69.56 54.63 72.65 72.37 73.42 70.44 73.32
Average 49.42 37.71 56.12 54.87 56.40 50.75 57.06
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2). fEmE4EEidiE 4 Office-home [ffiseitat JR W], CRDA fEKZHm gl FRIIR T, 45 1%
B, BRATTI 572 RE S AR () A B o 4 0

3). fEPI UGN, N TAIOARZE I Hr o iE 2 IR W . fEA S, FAME A R as 5
HIR B IR R = KGR . BT S, FRATAIL CRDA HIPERELL MEDA SE47, EBH T 3RAT1J772:
(A 2

4.3.3. RBEE ST

ADMM £ H A FAN SR /DB (st C 8 IE I . 5% LA 7 AN E, B RS B S S
Fro SR, —LEEIR T LAY ADMM FIWSIMEIVa Bl B, Jia 55 ANTE B bR R 30T oA AR 26 14 o
HORAL6]IRTHE TR 7 B PR AT 2 8 ORI 2 M ADMM 1] DU 1 = AN s = AN BL Rk,
Hong % NIERH T 7ES8) hiks W H s [ 171 F ST SR KL T, 40 ADMM W8T FRafise .
Luo 1 Hong 45 i, MR PELY SRR 6 AT 40 B8 s K Al e/ NE, ADMM 5 n(n > 2)78 S et i BAYSCSK
[18]o A& 1 fszib s S ml LIIER], CRDA ik Bk .
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Figure 1. Curve: Model convergence analysis
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Figure 2. Curve: The effect of 4,4,,4, on the classification accuracy
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