MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2024,33(3):126—133 [doi: 10.15888/j.cnki.csa.009419] http://www.c-s-a.org.cn
O ERFEBE AT B TR . Tel: +86-10-62661041

EEhEIEEMIBIESHE

&R, 55 B, M, FEE

(AP EL 220 15 B AR5 T2 2B, {&FH 414006)
WE/E#H: 5%  #, E-mail: qiqi@hnist.edu.cn

5 Ak MBS R R AR AE TS 1R v BE AR AN P 1) 22 e k. A T 9 22 B0 TR 2 I RRAIE T 22
B TR Z AN B, SRR Z BUAE SURFIE BT 2 SRR R B E A A & B AR R E AN 515 B N T i B 5 7%
FE R R4S L, SRt T 3T 25 2 b R RS0 43S B O A P PR (% 43 K7 v, 5, 3ot ResNet50 A il
SAEAME N T MR IURAE, e 3 AN BURIUKIRFAE LA 3 A4 32 2 s 8 — AN 20 SRR B I 125 )2 1)
77 5 H R SCHIFRHAE v S0 R B A8 TR G, P i R — PR B R AE 28 0 38 1 43 2HL v R A DL K 50
SCRFAE R 2 2] B8 7). ALY AT DA ey 280 DA o 3] 3 1R 75 AE TG 3 FAE AN B8 ) 5 400 T 2B A7 I 25, SR &5 SRR W,
ZEEAE 3 ANE P4k B4 %8s 45 CUB-200-2011. Stanford Cars l FGVC-Aircraft bR #ERZ 4 s3] T
89.5%- 94.8% Fl1 94.7%. ‘

X BRIA): ARLIE BRI, ii%jjm%ﬂ; TR IE 5 31 PR BRI T8 SCRFAIE

W

5l R M2 ] A, 55 By A0 £, B R IR 1% J2 P 1R] 9 7 08 T 2 4Ly 2 R A B RG99 25 WL R B ,2024,33(3):126-133. http://www.c-s-
a.org.cn/1003-3254/9419.html

Cross Layer Collaborative Attention and Channel Group Attention for Fine-grained Image
Classification

HE Zhi-Xiang, QI Qi, HE Wei, GUO Long-Yuan

(School of Information Science and Engineering, Hunan Institute of Science and Technology, Yueyang 414006,iChina)

Abstract: The main challenge of fine-grained image classification lies in the high similarity between classes and
differences within classes. Most of the existing research is based on deep feature"s_ and ignores shallow details. However,
deep semantic features often lose a lot of details due to multiple convolution and pooling operations. To better integrate
shallow and deep information, this study proposes a fine-grainedimage classification method based on cross-layer
collaborative attention and channel grouping attention. Fifst, the pre-trained model loaded by ResNet50 is taken as the
backbone network to extract features, and the features extracted by the last three stages are output in the form of three
branches. The features of each branch are calculated and coordinated with the features of the other two branches in a
cross-layer manner. and interactive fusion. Specifically, the features of the last stage pass through the channel grouping
attention module to enhance the learning ability of semantic features. Model training can be efficiently trained in an end-
to-end manner without bounding boxes and annotations. Experimental results show that the algorithm performs well on
three common fine-grained image datasets CUB-200-2011, Stanford Cars, and FGVC-Aircraft. The accuracy rates reach
89.5%, 94.8%, and 94.7%, respectively.

Key words: fine-grained image classification; attention mechanism; deep learning (DL); feature extraction; semantic

features
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1 515

LR 1% 4325 (fine-grained visual classification,
FGVC) s 1+ AR 5 Stk N (1) —AME 55, HH 20
FLA AR B AT 725 431, il X 43 5 )
PR REMELS LR EHLI A 5 5. MEcT— &)
I3 RATSS, AR R 43 28 HH T A0 0 S 1) 22 e R
KEIEN 25, MHHE BB, w1 s, Hrp
AT NE M, HZ R RATEES. MM E
725 I s2 e, BAE R | — AN PR R I TR
W ZE 5, TR — AN [F ) S RAEAHL AT RS H
S OLT, D0 I A 2K 1A) 22

- - = .

K %R

1 G BB 73 AT 55 PR b

T B L 4 (convolutional neural network,
CNN) R PRIE R &, iR B2 MR 43 28 07 V6 I M Re 3k 45
TR, AT AR B KT R B AR
KK —RET RN B T, AT I RE T
Hoop 3 I B 1 5 i AR R M S Zhang 25 AP
$E i Part R-CNN, % J7¥A{E Faster R-CNN H #7£ll
HEZL ) S it b3k 47 2503k, Part R-CNN Gl 45 5 % 43 i
9 SR BB 43 I FLRRAE SR N 43 AR v LS 7 i A 5

ARLEERFIE. FEADRLEE BB, MR ILEE T FECER. |

W7 248K, N T FE X —48 4k, Branson 28 AP T
A5 ONN, 207 BBt A8 JH o (RS xR
HEATHCHS 57 AL G 2B PR o 0 R B AR ]
— 30, T CONN S A5 7 — 16 5 1 UG HE AT RHAE 3
HY, 55 I 4y 2588 S A 2.

AR T W () 7 Y BUAR T SR B R, (B
T332 7 19 7% B MU A I b A L, T 3 B 46
V(S BB AL KR A, AT R B ] T
ST B P DR, A P 2 5 R 85 £ 95 M B v
ST R AL FEE P 4 S ATU 0 2 97 47 7. Lin 25 A1)
e T LM CNN, 1% 77 158 5 AN BhS7 1) CNN
22 T8 9 AT PR AT 0 M A, T 9 3805 4 2 1)
[ e I A8 L 2R {F R O P Tt A R 1 S T 2E VI 5

AHESE A R v SRR A 3G . Rk, bR R
HBE . PR R, — e T VAR AR A AR Y, 151
U1 UL AL (R AR M AL, Fu 2 AT
P E A E R 1B AL M4 (recurrent attention
convolutional neural network, RA-CNN), i% /7 y%i# i 1%
AR ASE FH 3 75 AL A 18 i A 2 of B TR A X3 ) %
1, it — R HIEAEAE 2 )5 159 2 5 A R AE B g
1753 AT, Zheng 2 N H T 2 & BRI E
2% (multi-attention convolutional eeQ'ral network, MA-
CNN), 383 27 2] 22 A Jag A0 4 Jog R 7 DX MR ik it
£, MA-CNN 585 S04 i 2P 15 b L 1050 o
HUBERAE, LR R LR 5 K .

Rk, VF BTN DU T O E B O VA
TRAIRL 2 IR o3 2K i) @, IXAS T — R A F U R (H
FGVC 388 2 — A HEH B AP AT S, A
B AR, 5 TR B 20 ) 2 5 K ) REAE B2 B e
71, BT LA oAl 3R AT U0 E RARAE, B FH R Ak 2
YHRLE 73 AT 55 HIX S 07 V208 1 SR FH R 2 R R 1T 2
W& 1R JERHE, ASHT BEUER 4R RE 7325 PRk, AR ST
P& SR 5 J2 1 [R] 3 e SR W SR ik 5 3 /= AR 2 R ALE,
IS R R AR SRR (8] ) B R R A A E R 2
V] RV ARFAIE R A 48 B 0TI RRRAGE. [E]IS, B TR 2
EEAT 5 (15 UE R, A0t — PR R A i IE 2y
YL TR MR g 2 TR R (R 2 ST e
U\Wﬁﬁ:%ﬁ%@E‘]‘ﬁﬁﬁﬂﬁ%ﬁﬁ» e
y L
20 M3 THE
2.1 PRI HHES )

L EE BB 73 2RAT 55 1 B AT 55 2 R B R AT 0l
PR AIRL R AE. Chen 25 AP HY T BEIR 55 5 2 5
(destruction and construction learning, DCL) K14 58 41
B EME R BT R e A% 0 AR s i m IR 5 &
A o A ok B A A 2R SoF T 4R B RR IR 2 ] ) 4 Rl S R
fE SN AE /). Chang 26 NV H T HIEEHI K (mutual
channel loss, MCL) H TR iER R FIZE X 73 BE /). B
Jeif i CNN KA HUEGRFE, 18 T SRR B 2 T AN
[Fi) 388 T 1] P 22 HLAF SOk 7 28 3 [R] (R A DG 1. SEEGIE
B, MCL 18 i 1 55 % B ARFAAE 2 1] 1) 58 B AN 38 38 2 T8 F)
SR, AT DL 5 Al SR AR 2R T 2 R B A R
Huang %5 N2 H T BEHLEE 53 22 #e (stochastic partial
swap, SPS) 77 V2R e AR Y vz AL e Ju, ] SPS
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A2 e B8 HR I e SRR AIE SR 2B OB VIR FE AR, SPS B
AT DLBE I SREHE 1) 25 K 11 SR UG AEAR AL 25 5] ik
FE RS 2 [ AR T 5. SPS LA AN 7 TH, —
T I BE B 2 A e g 5 T IR B I 2 R, AR
Tk A0 PRV PR [ B AT DS o 0] AR Y 02 A e 0 R T
BN A A e R TT DA B B SR AR T EUE
BB A ) 1 SR B R AE DX B, M R TR A Y T AR
R
2.2 FEINS

VR IHLI T oG8 % G807 1 PR Y 85 S0 Ry
AT ST 3 35008 i N B840 PT e B AT A [R] R AH S A
BB ) G B AR N 44 (squeeze and excitation
network, SENet)!" 1) 3= % AR 38 i 27 1 3838 2 1] (1)

P S S 8 e A JER T L. % P 5 R S 3 4P

¥tk (global average pooling, GAP) e T 2 I 4
/N4 R B A R o/
4R B WO IEE A 21 A R T 4R A
8 B A S, U G P o A3 A A
475 T 8 e A RLPRY B8 0 5 T4 ) T AR 5
B B Zhang % AU T W2 0 RV 2
I £, e i ﬁmﬁawamAl@ﬁzm
FE RS TS 0 X 0 [X 8, 42 1 4 B e U

________________________________

W I ) AR e o S A8 1 IX 3R DA I SGE P 45 1 Al
DX R e L 2 B AR E AR

3 AT
3.0 fERIEGIEY

ARSI R R R R B 2 TR BT
FF ResNet50, 5 T 5 NEEMBL AR T Res-
NetS0 L7 3 M BLIEBUZ HOM AT AL BT, 3
B FIT SR I I HAE 7T 2275 9 1, 0, Aa) §oty € REDWXC 31
¢chﬁ%%%%@m&mﬁ VR 5T 7
TP ALEIEEL 5 (BB A A B HF,, A2
) O (RTS8 1) A

SN R AL, A 45 AN R 2= 4 2 T R Il T DA SR

A RO A8 H. R d5 S5 B B B AR AE s i A 3 53
HyFE BEALH (channel group attention module, CGAM)
DR 91 SCRFAE 27 2] . i 35 )2 1) W [F)33 5 2 ) T B
7853 A ResNet50 AN [F] )2 5 Fri IR RHAEAS &, FH7E
AN Z G 2 1A SEBUE B AE . 2 BT S I R AE
BAFEREEE, 5l N@E 5 4 s geny DLk
— I SRAE SURFIE I 7 =)L A B T IS 3= A S
Tff A G PR R AR, DT 2 s 2t 2 PRI 90 28 1A 2k
Az ARE .

a®. -
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FHIEPFE
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3.2 BESEEEER

LG CNN 1, AN A S B 7 ST ER AN [F] Ry
fIE, HIXLERFAIE 2 (8] (AR SR PR 59, N T BB IR — LR,
A5 P 38 T 2L TR ROR G X AR il 2 ] (A SR A,
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= {1, kg R m = HX W, ARG 4447 4
J& Pt Ak (global average pooling, GAP) 14 J5 5 K
B4t (global max pooling, GMP) J& i 145 21X —4H 1)
FROELE X ) &, tHE AT

g = GAP(x) + GMP(x) (N

[GAP] & RPN brifiEfl
[GMP] &JRfckitifk S Sigmoid T

A " Cﬁ = ] i
~L ﬂﬁ? —
g, T

3 HIESHIERRL

i 1 42 R R AIE g 55 6 L RS AR AR AR R AR T S AT AEL,

PE, A MGG R 145357 A XA AT R ALBE, 24 5
23 Sigmoid i B KA B e 24 IR NS AFEA
JRAGRHIE A HEAT SRR 1S B B A I8 18 23 2 = ).
33 EEBEIEEER

G R FH 19 288 A (7] J2 25 P 4 B R BE AR AIE W] LASE
B I = FGVC AT 55 It RE, DR G o] A R Hh 8
TR )2 X 288 T3 2 X 8% T 2 PR AR I A O . 7E — Ik
RINGRr, 551 8GRt NN 48 12 JR G B, 7R iX —
BRI 2 ST AR IR IE R XK, 8 M ar, az, a3}, 7E
JE LR YR 2-N v, 8 26 DL 2 0 7 2O 3 A3 3
TR X B T L Rl AT R, Bk, A
ai, az, a3 FIE I —AME S 32 BRHAE, JLARPIANREIE 2
W RHE I F 1, Fy € ROHW AGRHERIF, Fr YN
F,Fy e R 1= hxxw, SKJa 5t Fi AP BEAT Fefi 4 2148

B M . 985 K549 SRR MBI Softmax /8 L4

FEW, ¥ R UGRFIEF,, Fa SﬂﬁﬁﬁW@ﬁ%?U:
{Fa = Fi+(EyxW)

A (2)
Fp'=Fr+(F2xW)

Phay 150 FE BHRFAE B, ax Flaz 418 — X454
THHEARF, Fy, BB MmN ERL =a+
(Fa+ Fp).

3.4 HEER

AR AR EUE 5 2 W R S B A 2 1) %
T XA AR 23 ) A FH A SC R 28 1R EAT I 25, X 4% 1)
ANTE] 43 FE 48 DRVEAN [F) 1 X3, N 2% )25 [ v
WA RO 208 1L 20 3 BEE SR ATERE, A
23t 3 NERPERBOFPHERHER 70 K48 4 T2

BEARPRAL. 3 3 FEBE R G5 5 AN R 73 ST AN A2 s
AR R, B0 A S R SRERE ), 193 B 24 7>
FREER. AR AL 0 KA VR A M IR 1 s,

K1 RBEHEAEE

REI= gt LN i

SRR EEREABNEUE K (ELU) 1024 200
R EEEEBNEUE RS (ELU) 1024 200
ANHEE3 A ERE+BNEUE M (ELU) 1024 200
res4 AEHEBNEGT RS (ELU)  1024x3 200

AR T B R R |

LR A A R\ B T 4 ResNet50 B
RUSEAT ISR, R B2 B 3 A B IR AE LB, e
BJE AT B R A P S 20 o S 3 4 I B A A B
J& 55 RPN B KA G AT B 42,

SR 2. 5 FHBS R U IV AR 2 5 08 1 T
HET 3 AN BB G AT R A, LA OB AR R
2 R S22 0 245 T R O F 5 A, 3 PR B2 B F R 1 525
TR 1B IR AR A LA AR IR e DA B S
X 351 1 15

S 3 KB IR 2 h A A BB AR YN B 25
RUHEAT I 45, 2% R th S5 R GUR 2 93 52 DA SR 4 32
BRI 09 ) (X R 4

IR 4, —RNE I 452 5 B P ) XIS
Vel Bk R0 e BT 9 SRR, s T BT
A9 T A BT 4 2 AR AE, SO A1 R S ER £
VERE 2125 B TR I DA R 4 54

UHIR SLA SO I N+ AR TR B,
Y RN IR, 4 MR LU R N+ 1 AT 4
B TEPATHEBRIN, 40 V0K 5 6 N AR P 7 X 38
N 0190 24 L7048 B 000 455, X3 4 00 3 AT
1), TSR T4 B

4 SEg U] Lo b
4.1 ZEHIESE

AR A AR 2 AR 23 SR U A 8 FH 10 3 A B dle
RV A ST 119 Rtk 739302 CUB-200-2011
Stanford Cars. FGVC-Aircraft.

CUB-200-2011 i 45 & 4i ki B R 3 SR 40 Y
S R PR I B AR 2 —, IR ERE AR 200 PN A
FHEMEIE 11788 7K. T S WATRE . Sl
SN TR HMEE . Stanford Cars $E4EH
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196 Fp A [H] ff AN B 5 7R R I 5 48 16 185 5K A

AL 2 80 TR AN [F] A1 AL A VR4 R FGVC-
Aircraft R4 100 FHA[FBL5 (1 €HLEE 3L 10200
k. BN 2 100 KA FEIRL A RIS KL
8. 3 A a006E FE UG 43 S8 S0 4R 10 s ) LR
& 4 fitR, BRSO 8 AR 1 R o 0 2 2
.

.h.

(a) CUB-200- 2011
(b) Stanford Cars

(c) FGVC-Aircraft

B4 2k EG K B2

R 2 A HE SR S

LAETES FH B WA S
CUB-200-2011 200 5994 5794
Stanford Cars 196 8144 8041
FGVC-Aircraft 100 6667 3333

4.2 TENIRRR
AR FH 4 R UERH A B & 0 FE IR 1
bR, BRI LR

- -

R, .
Accuracy = 7? i -

3)
W

Horb, R, F R ﬁﬁ%ﬁlﬂ‘%ﬁiﬁ} | IE A i B, RN
e T B R

18 F 43 R R A AR SO S PPN PR AR AE 3 A
i ARLE BB o AR 4R AT LA, FE SRR, A
S5 R P AR P UG o S A i HHE B2 I 2R AR AN
MR RN o3 7735 B TAL 3 75 vk oAt g5 vk 1) SR 56
g5 L85 5] B IR ST I SE e g5 .
43 IRINERBHILE

AR SCHE H AR SR ResNet50 148 T M2, If
TR TR SR R A . SIS P 1 I 45 88 5 A i
“N'19 12900K ] CPU F1 Nvidia RTX 3090 ff] GPU. #
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i

1t B A Windows 10 #:1E 24, H3£F Python 3.7,
PyTorch 1.11.0 1 TorchVision 0.12.0 & 2V 5 5~ ST HESE.

WEHSE: K NG5 — % 550 53 %550
BERIKA, SR 5 F EGBENLE BT 448 15 % <448 1§
FIW RN, AR FH BEALEEL B2 T B (SGD) SRARAL Ik 2%
B, LR/ 16 YI1ZR 200 AN s Kk ARTEL. Jy
PRI ZR B I AR 2 25 ST 2B O 0.000 2, BT
R E AN e 2 (R 2 ) 2R BN 0.002. ZEYIZRIT)
Tf{*ﬁﬁﬁ%%’%‘kﬂ’]ﬁﬂ%ﬂ%ﬁt%{i_‘li SGD flifk
A E B E M E R 0.9

WS AR BT 550 1470550 (e
Fnsmu%k@j}m [Rax448 1R KN, LA KIE

%ﬁ‘&ﬁ '?Ull GSRE L

44 ZWHERSHH

T A WA SR H 5 R A Rk, 7 CUB-
200-2011. Stanford Cars. FGVC-Aircraft % 3 4~ H
SR RE UG o REAR AR B 5E R 7SR, Wil S .

95 +
90-;

S
:rd a M
g
# o0 |
— CUB-200-2011
—— Stanford Cars
75 + — FGVC-Aircraft

(‘ ‘5 f 75 100 125 150 175 200
\ S -k foro

- B 5 AOTiEnER R A s

CUB-200-2011: % 3 BIL T AFIELAELYE CUB-200-
2011 HdE4E E I TEREROXT EL. DCL @it 7 a5 1 4
JR G5 R FEFT L ) 308 DX ISR A8 I 28 e BLVES 7 1 Al e
TEELAS T 87.8% MIHERG=R. SSSNet L 43 5 AP K
FEBRVECRSE T 2 IR M RE, RE65 B8 47 AL B 2R Y
ZE S ANEIAFALL, FR15 T 89.0% HIHERFZE. AH EL A AT
Jiids, ASCHE 0 7 v g A A [ D 24 J2 2 T )
[F] SCTEREAE, FEA8 FRRAE 2 403 BIR1G T 89.5% Mt

Stanford Cars: Wi 4 fiw, AR AL T
KZ K )57%:. MCL-Loss 1834 AN [F 38 18 (1 RFAEEAT X
oy, B K R AR L A 4 A6, R TR
F T BVRHE B A FI T, R4S T 93.7% FIHER 2.
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Cross-X J7VEM FA 7] IR 2 18] FIAN[R] 194 24 J= 5K 27 =)
Z RPEHRFIESRAT T 94.6% (IHENG=.

#£3 AFEBEAAE CUB-200-2011 HREE F MR LR

Jy i BT % HEFIER (%)
PA-CNN! VGG19 87.8
S3N[I ResNet50 88.5
DF-GMM"?! ResNet50 88.8
FDL!” ResNet50 88.6
ACNet!"” ResNet50 88.1
CMNT? ResNet50 88.2
SSSNet™”! ResNet50 89.0
PMAP! ResNet50 88.7
DCL™ ResNet50 87.8
MGE-CNN™! ResNet50 88.5
AL TT i ResNet50 89.5

HRER T AT K 0ME B, i 5] N@iE o 4
RAREL, AT T 0.1%. 0.2% A1 0.3% MIAERIR, X
W BF T 383 AT 7 2H B A O R AR Y 1) 3 SURRAE 2
S1RE S, B A A OS2 ) R ) S AR
H, AR SCT7 AR R ERE Y 43 3R T 0.4%. 0.3%
F0.5% MHERZREE T, R T A ST IRAE 4R FE B
Iy RAESS B R, W@ RS R AR JE Ry
TIE DA K S T8 43 2V R A R
%5 ARFEBEAE FGVC-Aircraft MRS |10 PE Ak ot

* 4 ANEREBILE Stanford Cars ZUHEEE B TEREEL L

WiRrS HEWa 0 HEEE (%)
PA-CNN VGG19 93.3
DCL g 0 ResNet50 94.5
ACNet ResNet50 94.6
MCL-Loss"" ResNet50 93.7
FDL ResNet50 94.3
S3N ResNet50 94.7
Cross-X™! ResNet50 94.6
MGE-CNN ResNet50 93.9
PMA ResNet50 93.1
AR T7 ResNet50 94.8

Ik BT % HERIE (%)
DCL Y ResNet50 93.0
ACNet i ResNet50 92.4
'MCL-Loss ResNet50 92.6
¢ FDL ResNet50 93.4
Cross-X ResNet50 92.6
DF-GMM ResNet50 93.8
CMN ResNet50 93.8
GHORD™ ResNet50 94.3
DTRG™ ResNet50 94.1
API-Net™ ResNet101 93.4
AR5 ResNet50 94.7

K6 ASLTTELE 3 AE HPEE L FHEBSER (%)

FGVC-Aircraft: % 5 &7~ | A CHEH J7E(E FGVC-
Aircraft #0545 IS TR GFIDHERI N 94.7%. APL-
Net ) F 0T LE 1) 7792, 8 A [ B X 3 8] PR Reoxsf 28
L SHAR AR AR AN X 2045 B, LGS 37 Z [l

JRHBE RAMUNE 5, K13 T 93.4% HAYERI%E. GHORD.

SiibNR AF ML FALNNERENCES (5 SALLEERIES
%%ﬂéﬂﬁ%&%%%ﬂﬂ%&‘ﬁ%E’\Jiﬁﬁﬁf%ﬁ%%T 94.3%
(R 2R g !
4.5 HRASCIG

N T ISR &N B TS RE A RO B R M e
o A SR IR SRR R AR 3 AN EE S AT W A S,
LI EE R 6 Fion. Hh A RKRESZ P [FE S S,
B UFREIE 413 A, FEHERAL/E CUB-200-2011.
Stanford Cars fl FGVC-Aircraft 1454 FHIERZR )
AN 89.1% 94.5% Kl 94.2%, iBid 5] N Z WA=
A HIFEAE T 0.3%. 0.1% 1 0.2% (K3 TF, X433
TR R A T R E IR 2 REAE, A5 250 R B

7 CUB-200-2011  Stanford Cars FGVC-Aircraft
Baseline 89.1 94.5 94.2
Baseline+A 89.4 94.6 94.4
BaselinetA+B 89.5 94.8 94.7

\
46 ARMSE
9 T ELUHIE R RSO R I e, R Grad-
CAME (1 B P PSR A3 A SO AR P . B L
B A SR A o o 09 TR 207 5
o e, DA A B R A S T U e o 0
HK I, 6 R T AL R AR ResNetS0
[ AT B 5 5 5 1 A7 R M 3 A L AL
L F P 9 B A I 0 0N, 58 2 4T IR 3 e
T A5 L4, 5 3 AT PR R A SO T A
fry R, ok, 4400 o T X A T
DR R, R 8 PR T BB, MR e
IR L e 53, 78 T 2 0 B T 4 3 X B 7 A
7 A 2 9 SV FLA B H DK, 1, 5
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