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Domain adaptation based on feature-level and class-level alignment
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Abstract: Aiming at the problems of existing domain adaptation algorithms based on adversarial learning that they
cannot effectively learn transferable features and have poor generalization ability, a domain adaptation algorithm based
on feature and category alignment (FCDA) is proposed in this paper. First of all, in view of the shortcomings of the
maximum mean discrepancy (MMD) measurement criteria, a new improved maximizes the intra-domain density (MID)
measurement function is obtained, which measures the distribution divergence between the source domain sample features
with the same label, and the distribution divergence between the target domain sample features with the same label, so
as to maximize the class density of similar samples in the domain, thereby the class error rate is reduced. Then, in
order to learn the abstract and transferable features of the target sample at a deeper level, and reduce the difference
between domains, a residual correction block is added after the feature extraction network to deepen the basic network,
and the transferability of its features is improved. Finally, the acquired features are passed through the joint discriminant
network, and the alignments at the class-level and the domain-level are achieved with the adversarial loss function. The
proposed algorithm has an average accuracy of 88.6% for the dataset Office-31 and an average accuracy of 67.7% for
the dataset Office-Home. Compared with other algorithms, the proposed algorithm has better generalization ability and
higher classification performance.

Keywords: domain adaptation; joint discriminant network; residual correction block; MID measurement function
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J5£ I 28 A 2 G5 A6 RO 35t 2 . T 4t it 1 -1 s
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— MR, M R AR . ) R ) ik A AR AR
T o gl 2> 3 T 1) AR R i L1811, 5 B A YR A I A
2 TR 25 5& T H bR I AR 1 H . B & AR O
LM 2% (generative adversarial nets, GAN)!"!! f{1AS 7 &
J&, 3 T XF 9127 2] (adversarial learning, AL) [f) &% 15
B V2 A I AN BT A 28 X 4% (domain adversarial
neural network, DANN)!'2 2 8 % #1127 > 5] A\ 4 35
T8 L [P AR v, e 3E T R AE i R 28 55 ) ) Y 4% 2
[ 149 6 7 11 % 3R O3 A AR R AE, (H Bl T B BE I e
J2 W BIN, A5 I AF 72 6 B2 25 1) T 80 % 470 2410 il 4
153& V7 (adversarial discriminative domain adaptation,
ADDA)!" 1% DANN 17 ££ [¥] 7] A, ¢ B — Fob 3k 3 %f
PO ) B I IE I RV AE 28, A8 1 — I B T
5 >0 A I8 I N T 1 #R R LU A J& ADDA ) — Ff
A9, A8 FL R 25 REAE A R 12, TR 55 3 DL 7% 1)
Y5 SERE ASHKG H L AR UORE AR (1) 23 A1, AT 52 W) e 246
[ 25 W, 52 25 A A2 R 9 4% (conditional generative
adversarial nets, CGAN)!"* ] J3 &, & E 5o P ATt i v
(conditional domain adversarial Network, CDAN)!!) {i
FHVR IR B B S0 A 88 ) TR0 1) 5 7 068 1 Dy 2% A
5 ECRW BT, IS T B I 25 AR T
AT #1025 A 78 45 JE T 1R Ak 2% A5 55 1
I Wi B 45135 3E M. (unsupervised domain adaptation via
regularized conditional alignment, RCA)!'®! 157 B — fifi &
T 2K A S A48, 25 — K 4E%n tH oI IsRE
AP TN NE 2, 28 — K 4 B 8 H R I8UFE A1)
ZE P RE 2 1% 0 1) 2 T LA LRI R0 A5 B AR E
S IO BE B 22 5 % 1 2 A5 B R v ) SUAE

A HAE FARREA L BA ST B TR RS A

N T ERECRE 2 (1) HARPEA [ i B A5 B S0 5 ks
TERIE RSP, 32 HH B T AR R AN A ) 5 1) A 1 B
1% (domain adaptation based on feature-level and class-
level alignment, FCDA). H 11Kz M 28 22 %4 7] LL H 5))
OISR FTECRS I B BRRAE X SRR
FESE IR 2 J5 NN TR PR ZE R IR P 45 A H AR isie A
T T 2% ) 2% T SRR AR AN 48 3o 12 W s LR, 43 )
BRI 72 B IE M 44 S B LA A Rl R 2845 2 i) H
PR ARE AR R A PR 23 AT BRRE | ARFALE S HD 00 2% 4 ) L
A R AR R 455 S R A RFALE 18] 1) 3 A1 TBURE, A6 45
VRIBFEARN H AR AR AAE R JZ T f5e/ M I A 22 57,
B KA A 5 . [R] IR, NI AR 88 Ak 2 I R 4% g
SEINILAT 0 19X 288 TR 5, (AR A AT ] g A7
RFAIE 2 TSI U SRR 8 RO 5

1 FEREA
1.1 FZIREBIUEEN

TE 76 B AT 3 0 U7V A R AL R A A3
(0 Kb 4 — AN A, A EARIERE A IS 4R (B
BB B, TH EAL B SR E), BN X, = {(xs
Ys) iy, yi N X I — N REAR o, X R 1 bR 215
— AL g AN AR BRICFE A B B S (LS U 4R,
R A BB S B 75 TN B RE AR, B H ARtk X, =
{m i X AL X, 53 AR TF AR5 A PRI Q, P AN
QAF1E— [ 43 Aii 22 5. J6 MR B A0 380& B 1) H 1) 2
Wt — TR P 5 Q 18I 73 A 22 5, A 4548
PSR BT AA Re A atN FH7E Q |
1.2 RCAE*

RCA BIE 1 W 28 S e 7 i R 1 1 o, He 2
AR H1 2 283 43 RO PR 43 FEAT TE R 1) 4 2 4
81 F 7 A AR 2515 JEL B UR SRE A A 2l T AR A 4 LAY
4 f, = F(x) FITRIML g, = C(f,), TR C
TR Y A A B TR 45 SR g BEAT 532K, FE R AN
Sl 2 1) RO s FEE A JE IR AR AIE S U 485 1 2) S T 43
I I R SRR 2% B3 1564 B N 48 D,
AT 93 /N 3 1A 22 5, o b D I 4E S N 2K, 5 — A K
YRR IR A B 28005 2, 5 A K 4 H bR IR
AT L. I SRR AR 5 BN 2% F A AR A
AN I ) A A o 6 LI 34 Sl W 4 D, A5 43 1 1B
A A ) X 2 ] A TR B 27 2T 28 i B ARG B 4
AL 55, B S R TI00 Y 4% C FIRFAE SR EL I 28 B
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o
s “ class predictor C lask K-dimension

first K-dimension

e Emd source classes

2K-dimension

D

joint discriminator

—Pp| & || ¥ target classes

1 RCAEEHIMELEH

2 FETRMEAN ST 5 B i SIS M
Bk
2.1 FCDAEERIMLELEH
T X RCA S35 Bt R BUAZAE DL R i) i — &
18 F RCA B3 (1 ATI80E REAS JE DA /MRS 4 A7

AN B sk A ) 22 5, /b — i 22 7t 2 B U, AT
vy bR IO A 5 — 2 T H AR A A AL
RFAE S UM 2% AN BE S SRIDCE 2 3 R 1) T RS (s
MEZRTR. A0 R AS 2, AR SCHR Y FCDA 52, e pi 4%
SER IR 2 .

Q — A first K-dimension
— —> O /. > ... > & |—»| X source classes
-
- ‘ O i 2K-dimension
half-and half O S
sampling MID loss D <
O
] joint predictor
<@ W O
e —> > . —p| g |—P»| ¥ target classes
d ﬂ 9 class predictor C lask K-dimension

> residual
correction|

X, feature extractor

&2 FCDAEZHIMELEWN

FH P 2 1] 1, FCDA 5035 1 ) 26 45 4] R AREAIE 3 X
W28 ' ST 26 O\ 5% 25458 1E W9 28 2 BB 40 3] D)
% D VUSR5 4 RR, T T 43 1) 5% FCDA 59251 4 /> X 4%
SEF PR R L HEAT A28
2.1.1 FHEREUL

Ve n ISR AR AN AR IR K/, RRAE$R Y
W 2% F 4 P 2 R0 28 R 4% 45 4y, 05 TR ERE AR 2o, AT
HARIREA 2, N HSRN. TR , FiZBET
SIS A AR AL, JE P2 A fs = F(zan)
M fy = F(xen).
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G\ AT EERS (AR 7R U8 190 o I 28 1) H B REAS 1) 43
A G H B IR, LE TR FE W 2% v 2% 3] B RFE R R

R, HIESE IR 2 AR 4 AT RE 2 ORI Z TR
ZES. N T AEIINTR X 265 SR D[R] IR i/ Jsk ) 22 57, 7E
R SEI 2 NG T A SRR IR ZE R B, L
W4 25 S5 K T 3 s

X, /. /. g
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3 RERIER
F P 3 R A B AR SR AR B R IE SR f, 22
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G A ER AR R R () H AR A MR AE RN for =
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P A H brdsk i % A 250k 0 5 P53 ) 22 S gk AT
T

B ZE R IE S R AERHIE 2 kN 138000 22 57,
T R B A H R A IR TR B, AR S
HE ol 14) B B 0 MIID Sk e R AL YRR H bk 11
A % E, I A 35 P B A RIS R AR IR RRAE R
TN . MID [ —

Ex, xr~p|Xs — X{li + Ex, xn~ol Xt — X{ I,
(D

o || AR BTG AEAR SO, ng Flny 23 3 YR
FEAKOA B AR A E, WIVRSSRE A N {251, 250, - - -,
»”Usns}, H ﬁ‘ijﬁizlgjﬂ {$t1> L2y -« - wmt}ﬂﬂ“ﬁjlﬁ’ﬁﬁﬁi
N ys My, Horp HARREA AR 2515 B, Bt y, b
FRZE, 30 (1) ATHE S

1 MNs,MNs
= > e —all5 + Z lwe — a;l3- (2
S 4,

E*ﬂﬁM@%wﬁ%%ﬁMmEﬁWH 1 0
K. VR BE 9 0 5 2 AT 00, TR ) v
FE T A RE AR 1B 5, FL o, B g B e 10 R 65
. A 3 1, AR R (2) B G, H A
AR 2 04 A 1] OB B85, 7, g, A 15
s 0 R R R A, 5 TR A 5 A e

FERFAE 25 A6 55, W e R X ) 1B B0k
Ivip =
1
D DN I ﬂm+—f§jum il 3
S ya=yl, Yti =Yy,

o ng Ry 23 90 BT HE TRIAR A5 S5 (R AR
X EOR H BRI AR RT3
2.1.3 RTRIMILE

T 2, ZETTI W 45 C ¥ fo 1B A% N, FA3 FH R
BEAR FIAR A B FLN S5, M A5 2 B % 1E st o3 2%
PEIBREA J T H ARAE A DR 28 SR 5, K £ AN £y
YENEIN, 85 C R SRR AN B bR i Kb 347 5
25, RN R 7 b sl 0 000 45 SR SRS A, 76 I 2k
T, St B ARIREALE C _EAH 707 450k ok gt 47
J5 550 /M, WU C X6 7 1453 2R SR GR R 0 R

lsc = Bz, y)~pPlce(9s, Ys), 4)

lie = E(zy,y)~qlE(9t)- &)
Hor

lce(9s,Ys) = —(ys,108(9s)),

—th " Gts
i=1

lse NERTRMBI BREL, 11 791 T 1R BR 2L
2.1.4 BREHHIMLE

WEE FU M 2% D32 fo F fo AENHIN, D I
O 2K 48, 5 — A K 4R IR Ko A, A K
Ut 2 H ARSI 2 o0 A, B =4 D NN f B, X R
(%t [ds 0], 2 D BYRIAN foo BF, 368 R 56 D

[0 dy], Fer d AV dy PRIBREA A H BRI A (0 28 T
ML A, DT & W E o, 705 8: DINZE D

fH BR3P ERECH IR RRAE SR B R I80E 2 H bR
5 2) i 5 F 2 E U, 8 D ASRe N H F
H X YRR R B YR IEE A2 H AR, 8 A ) ek
HNZRAR B (1) 43 AT (£ D H [R]85 ) A2 42 0 (1)

X5, %oF 8L PR 458 2K R B R AR T
lase = Ew, yy~prlce(D(fs), [ys,0]), (6)
late = Egonqlee(D(fir), [0, y:]), %)
lasa = Bz, y)~pPlce(D(fs), [0,ys]), (®)
lata = E(o, y.)~qlce(D(fir), [y:, 0]). 9

22 BESE

FCDA 5B B IN°T.

input: EIRBHEGE X, = {(2s, )}y, HAFI
kX, = {xt}?;l,vlléi?(/\iﬂléj\”ﬂjjlﬁ,KQ,batch
size I RK/INAn.

step 1: 3R FHl ImageNet™?" Il R L 24 1) Z H0) 4
2% Z S 4

step2: for k in 1: K do
M X R B 0 A A BRI B {2,
Yi b, 1B T

step 2.2: x, WL W4 F 153 f,, 43 5liEid C fi
DMt 5HA3E] g, F D(f,);

step 2.3: R 445 X (4) A1 (6) HhOAS B A 45 2K bR K L s
Lase ITHELA 2, Y15 O F D XIS A BEAT T8 53
K, HFr BN mine, p lse + Aasclase-

step 3: end for

step4: for k in 1: K5 do

stepd.l: M X, H KA n A bRl B {2,
Yitioi BN o, Xy TR FE 0 A TE B i BB
{24} 1, 1N T

step4.2: @, WL P2% P33 f = F(ag), 2o, 18
ML FAG2] f, = F(ow), B0 B8 R R,
C\ DI EAFE] firs 9o gi~ D(f)~ D(fur)s

step 2.1:
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step 4.3: HRHE 2 (4) ~ (7) HXF BL 45 5% bR R e
lte‘ ldsc N ldtc Egi+ﬁ/4\\ﬁ, 1}”2;&‘207?[] D*ﬁézigﬁi&ﬁfﬁﬁﬁ
733K, Hir 0N

min lsc + /\tcltc + )\dscldsc + )\dtcldtc;
C,D

step 4.4: HREZ(3)~ (8) A (9) H X B ¥ 4 2K bR £k
It ~ Lasa ~ Laca IV ELA T, ISR F A D ANGE4r HE HFE
Ak B FIROE 2 H bRk, HAs R 5N

m}n AMID - IMID + Adsaldsa + Adtaldta-

step 5: end for

3 SEREERESM

N T BSIE AR UL B AT AT AN R, AR S
15 G R Z 4 N 2% (ResNet). DANN. ADDA . CDAN
J RCA 55 E R EAE H HTHAT 2 1 50405 £8 Office-
31121 ImageCLEF-DA?? J Office-Home!?? _F#£47 £t
5.
3.1 SIGHUEE

Office-31 s — /™ % T 4 380 3& B H B8R T
B EE, — 5 4652 5K A, 4 M 31 AN,
Bl A U5 T 3 AN AN 8] B A5, 43 ) o AR 2k s B
Amazon(A) AL TEIC 3 75 2 B Webcam(W)
A O ML 5% 1) 1 7 % % ] DSLR(D). 52
56 v 0K 3 AN e B 1 B 6 P RS AT 55

ImageCLEF-DA 1 7 12 4~ 28 ), ¥ v i | 34
AN [R] () A5, 43 ) D o BT A B AR B
JE Caltech-256 (C). A T~ B 45 1K il f K 1) i 45 P2
ImageNet H f{J ILSVRC 2012 (I) Az i -3 S AG 4
BN G I — A S MR 5 Pascal VOC 2012 (P), SE46
HH R 3 AN S P S A B 6 M R AT 55

Office-Home & — A 58 B iE 78 X & 1 £ 4 45, 4t
£,7 15 500 5K B A, 43 2 65 AN 51, B B E 4441
B, 5 B 2 AR B A Art(Ar) 3 0 P A Clipart(Cl)+
5 it € 7= 181 7 Product(Pr) A1 SE B 28 3% v i 411 £5% 19
J Real World(Rw). 7E 5256+, X3 4 M40 B %
B 12 ML 1T %% Office-Home )3T F% A [ 1 BRI
1E: 5 e, Office-Home £ 41 52 HH & 4380 22 53 K. 2K 51
% . MU H K, Office-Home %45 42 13 25 11125 5]
B 2 B TR A S BN R IS
32 XWRE

AL S5 it F B IR FE 2% 2 HE 4208 Pytoreh?4,
1E #5 % GPU SA RTX2080Ti ) JIi 55 %% S 56 348 55 1 i
H Python3.6, 7£ /¥ £% HE 42 1, i F| ResNet-501%1 /£

LAl () SRR AR 4R B 24, A 46 2 2 % 010001,
ResNet [ #] 4 5 $0 A fi H ImageNet T i)I| 25 1 15 714
ZH. C M D A2 E MR, VG IR N
0.001. %F TR A 25 B 15 &, R F 3h &5 0.9 1) SGD B
Hr S H TR SR FH 5 SR (8] 4H [R] B AR fb S s, 2 5] R
np HARn, = no /(1 + ap)? HE TR, Hd pfa i Al
IR 5E BRFEFE, VA 0 ~ 1, IR B no~ o F1 B HIHRAL
BB G AL TR, ZH e 1S E g 1
BUETEE N {0.1,0.5,1.0}, B3 \up F1Z 5\ HIHL
EIEER{0.1,1.0}, ZH )\ qsa FIB B\ i HIEUE G
4{0.05,0.1,0.5, 1.0}, M X 26 ZH 7F F 5 42 Office-31
J% B4 46 Image CLEF-DA [ R & B o Bl sk 1. &
2.
#z1 EToffice 3l IBEMRMESELE

28 A—-W D—W A—=D W=D D—A WA

Aase 1.0 1.0 1.0 1.0 0.5 1.0
Aate 10 1.0 1.0 1.0 0.5 1.0
Avip 0.1 0.1 0.1 0.1 0.1 0.1

Ate 0.1 0.1 0.1 0.1 1.0 1.0
Aasa 005 005 005 005 0.1 0.1
Aata 005 005 005 005 0.1 0.1

%2 HTFImageCLEF-DABIBEENRMSEILE

¥ C—=l P=I C—P P—C I=»C I-P

Adsc 1.0 1.0 0.5 1.0 1.0 1.0
Adte 1.0 1.0 0.5 1.0 1.0 1.0
Amip 0.1 0.1 0.1 0.1 0.1 0.1

Ate 0.1 0.1 1.0 0.1 0.1 1.0
Adsa 005 005 0.1 005 005 0.1

Adta 0.05 0.05 0.1 0.05 0.05 0.1

33 LWERKRSH

Office-31 £ 5 £ 42 W3 B A 45 FH & )2 11
Bdm A —, HOE I SR 25 R 3 .

H ¢ 3 1] %0: BT $2 B ) FCDA #27 5 ResNet!2),
DANN. ADDA. F& T KA 18 i B 080 B R %
(JAN)?2, CDAN [ RCA 5247 X} b, HoAE 6 AL
FEAT 5% L ¥ B o 4F (PR RE. 5008 A — 40 24053
W] £ $AAT 35 2% ) X6 55 1) DANN A ADDA 575 A L,
FCDA i [F I % 5% 1 8 g0E BARIOIE B 5
58 FH S 30 00N 1e) 5 PRI AR R SRR BRI BT A M
f] CDAN 53240 b, FCDA S0 76 38 5 5 AiE 31 7 1 1)
[F ISR EL 7 8 2 HASFEAR B3 55 B T A0
H 1) FCDA 5.3 Al RCA 535 3L S AR X 3t 19 2%,
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=3 EHT Office-31 HIBERSLINER

WaRiA A—W D—W A—D W—D D—A W—A Avg
ResNet-50 68.4 96.7 99.3 68.9 62.5 60.7 76.1
DANN 82.0 96.9 99.1 79.7 68.2 67.4 82.2
ADDA 86.2 96.2 98.4 77.8 69.5 68.9 82.9
JAN 85.4 97.4 99.8 84.7 68.6 70.0 84.3
CDAN 93.1 98.6 100.0 92.9 71.0 69.3 87.5
RCA 92.8 97.9 100.0 91.3 68.0 69.5 86.6
FCDA 95.0 98.9 100.0 93.8 71.2 725 88.6

RCA 5 1% 5 FCDA 5 % 2 18] (1) bb % v] LA Je B A
3T $ MID 47 2K bR 450 8 5k 22 1 IE HLAE fif TR R AiE
TEFE S /N RN AR 3800 A0 I KA RO, X T
HE A TR Do AR WA, AR SCH
FCDA Lt RCA B3 [R5 1 B2 433l v H 3.2 %0 F13.0 e
ik 6 /NI B AT 55 11 350K 1 FE 1 &, FCDA S92 L
RCA B35 151 2.0 %o, Ji [K 2 4 SC V24 HE 1 MID 453 2%
BRI S iR ZE R IE R = T RCA SRR 73 Mg,
Office-31 HE R i RRIE T A5, 5
BN B — 11} Tmage CLEF-DA ¥4 55 1 & 615 3
RENFEE, BN Y. EREAR T, N

I, AR A SR Y ) FCDA #4323 7 Image CLEF-DA %
PSR X IR AT 55 L RSB B2 7] 36 1iE FCDA BV AE A
)37 55 A B9 A R . 3T ImageCLEF-DA #0548 1) 52
e RuR 4R,

H1 2 4 45 0] A 24 Pascal {E 4 H bRk, iE AT
25 AR A5 HL AT BR AR 1, FARIE R AT 55 IR 1 AT e T
90 %, 5 RCA BIEM LG, PR B EIE R 1 2.0%, 5
CDAN By L, P50k BEAE 5 7 17 1.1 %0, X BL B A
SCHREH I FCDA SUEAMNAE N1z B I A st
HA RUFH4> 286, 0 FLE AR R [ f 37 5t th A
AR BRER.

#< 4 E T ImageCLEF-DA iR AISLIGLER

Ji C—I P—I C—P P—C I—C I—P Avg
ResNet-50 74.8 83.9 91.5 78.0 65.5 91.2 80.7
DAN 74.5 82.2 92.8 86.3 69.2 89.8 82.5
DANN 75.0 86.0 96.2 87.0 74.3 91.2 85.0
MADA 75.0 87.9 96.0 88.8 75.2 922 85.8
CDAN 76.7 90.6 97.0 90.5 74.5 93.5 87.1
RCA 78.5 923 97.7 92.0 76.9 94.8 88.7
FCDA 79.0 94.3 98.5 93.0 78.3 95.2 89.7

5 Office-31 ¥ % 4 J% TmageCLEF-DA %4/ 5 #H
b, Office-Home #5408 82 7 & 1y (12K 80 22, &4t 2.
[ (1) 22 S 9K AT AT 55 58 2. DRI, AR ST HE 1)
FCDA $.72:7F Office-Home ¥4 4 %1 B AT 55 L K
1 & T 56AIE FCDA SVATE 5 4 s b A 2. 561
Office-Home % 45 4 [1) S 56 45 SR n 5% 5 Fror. 5 RCA
SUVEAR b, AR SCELVRAE 124N IEBAT 45 I RS 1 P LT
1FENT 3T+, P ERETR IR = T 1.7 %, 30AE 7 AR
MG 2 R B 2 5 0 R A Sk b

N T i B BAIE AR SO A R, KT Office-31
AR P AT 5 A=W AT 0]k, 40 B 4 BT, 40 05

RIS, B R H AR

H 1] 4 ) SR A8 A R AR I R S,
PRI A AL b 20 A1, R BE L 5 BIE T 5% T H bR Ik
FEATA] A (5 B SIS H AR (8] B IE RS R,
XU RIS 5 H b R 2 AR R B 2 57
FEAE I RCA 53300t Fe B AT A080E B 73 2K ), 3802 A]
1S 18] B 5 A% /1N T A2 45 Y FCDA SE200] AT 450
N5, PRI S H AR 1K ] AR A
SN, BATAR RIS AR AS 5 H AR A B
LA AE . BT RCA ik, FCDA 535 (A 70 i
ZNIOE- 6= A LY VA 6o 14 S

=5 ET Office-Home HIFEER LWL R
ik Ar—Cl Ar—Pr Ar—Rw Cl—Ar Cl—Pr Cl—Rw Pr—Ar Pr—Cl Pr—Rw Rw—Ar Rw—Cl Rw—Cl Avg
ResNet-50  34.9 50.0 58.0 37.4 41.9 46.2 38.5 31.2 60.4 53.9 412 59.9  46.1
DAN 43.6 57.0 67.9 45.8 56.5 60.4 44.0 43.6 67.7 63.1 51.5 743 563
DANN 45.6 59.3 70.1 47.0 58.5 60.9 46.1 43.7 68.5 63.2 51.8 768 576
JAN 459 61.2 68.9 50.4 59.7 61.0 45.8 43.4 70.3 63.9 52.4 768 583
CDAN 50.7 70.6 76.0 57.6 70.0 70.0 57.4 50.9 71.3 70.9 56.7 81.6 658
RCA 50.0 71.0 76.9 60.7 69.3 70.5 59.8 46.5 71.7 71.1 55.8 82.1  66.0
FCDA 53.6 72.3 78.1 61.5 70.9 715 62.3 50.5 79.8 72.3 56.7 834 677
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