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A Dual Deep Network Based on the Improved YOLO for
Fast Bridge Surface Defect Detection

PENG Yu-Nuo®? LIU Min"?> WAN Zhi®* JIANG Wen-Bo"?> HE Wen-Xuan"?> WANG Yao-Nan"?

Abstract Surface defect detection is a critical step to ensure bridge safety. However, there are various types of
bridge surface defects, different defects have a wide range of variation in appearance and generally overlap with
each other. The existing algorithms cannot efficiently and precisely detect such defects. To solve this problem, we
improve the YOLO (You only look once) to enhance the performance of the network to detect multiple defects,
YOLO-lump and YOLO-crack are proposed to form a dual deep network for fast bridge surface defect detection. On
the one hand, the YOLO-lump can realize the detection of the lump defects on larger sub-images, by employing a
hybrid dilated pyramid module based on the hybrid dilated convolution and the spatial pyramid pooling to extract
multi-scale features and to avoid losing local information caused by the dilated convolution. On the other hand, the
YOLO-crack can realize the detection of the crack defects on smaller sub-images, by proposing a downsampling at-
tention module which uses the 1x1 convolution and the 3x3 group convolution to respectively map cross-channel
correlation and spatial correlation of features, enhancing the foreground response of the crack in the downsampling
stage and reducing the loss of spatial information. Experimental results show that the proposed algorithm can im-
prove the detection accuracy of the bridge surface defects and realize real-time detection.

Key words Bridge surface defect detection, deep convolutional neural network, spatial pyramid module, attention
mechanism
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(a) Crack defect images
generated by GAN
network
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Fig.2  Bridge surface defect images
generated by GAN network

(b) Lump defect images
generated by GAN
network
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Table 1  Dataset of the bridge surface images
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2018-11 il AT KA 199617k 116.0 GB
2019-07 R KA 257847k 225.5 GB
2019-04 I MIpNGi 790007k 317.1 GB
Rt 1O KA 1696217k 792.7 GB
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TR veR B, 9 7R AT IR, K4
A STRT AR 73BT, 5 v 0 20 B o B Do 35 36
3979 1280x 1280 B K/ EIR, #4880 &
BTN 640x640 BRI TR, S EE R
W3 2. F o ISR LI 7, MR 2 AN [ B 451 46 i
PATG MBS, & 7(a) U RTE B, B 7(b) J9/h
Mg E, K 7(c) AL E, B 7(d) NisHHM
BRI E, K T(e) N EHIAE, K 7(f) NNE
W, B 7(g) NEEREE, K T(h) JgiNREE,
Bl 7(1) Amiesdas, K 7() ~ (k) AR
3.1.3  TFNIEHR

ASZLG b PR R AR R A B E L R #L F
(F1 Score) 1 mAP™"! (Mean average precision).
Horb, A2 H T TR AR W 21 000 A R %
Al ARSI 2 5 B R LA, AR 3R TR I
AL 2] 4 7 o BT AS I 3 4 R B
F1 94 [l AHERG R —F IMBOH A1), mAP 14
LT HARAS I 09 25 25 5 P RE.
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3.2.1 Mg K/NXTEL LIS
K] £ B N K/ IN 8 2 o EROR S S A I &8 SR A ¢
M, 7E YOLOv4 M2l SR B, A SOk Btk
93 UG AR TR AS [ RS, T8O/ il B BN
416x416 B . 512x512 15 %K. 608 %608 1§ & Al
704x704 183, & 3 AN K/ T HORIE FH 1
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Table 2

Training/validation/testing datasets

ESt W (IE/HHEE)

BAESE (IE/fFEAR) MRS (1E/FUREAR)

RN 76687k (2611/5057)
REpmE 56437k (3283/2360)

512317k (345/50886)
510798 (193/50886)

29247k (978/1946)
145373k (873/580)

() S | (o) I | () B (
‘;

=)

-

-

E

W7 IR
Fig.7 Examples of the training dataset

PR SR E B E R, X8 ek
For M B R B BN KN 512x 512 18RI,
PO FE40 mAP A 88.6%, ML TFH#IAN KN
608 %608 R I mAP FFK T 0.6%, {HAEF M 7]
HiHENT 18.8 ms, NG HE M 76.1%, RILLi &5
RS I 502 ARG I B, AR SCde B Bt 35 B
Hi/NE 512x 512 G R IATRII.
3.2.2  YOLO-lump P4&&E#);Eimh SLid

YOLO-lump M %% 4544 i fil 5256, 3840F 7 AL
P2 H (1B R R g ot BROR 7 2 A U ) 8% R 1
M. DL YOLOv4 M4 Rt 36T GAN W44
BT B RE A N WA 28 I 25 b, 45 31 11 X 2% % FR 9
YOLO-lump-A. ¥ YOLO-lump-A P25 [r 45 2K bR
BUE SN focal loss, FTisEIHI M54 Fr A YOLO-
lump-B. 285K ASPP #E A # YOLO-lump-
B [ %, 1551 2% 5589 YOLO-lump-C. 441
ik R B A BB R E N 3 KR A 2SI & 7 B LA
F| YOLO-lump-B W 4%, 53 2 1) 9 2% 87 75
YOLO-lump-D. ¥ ZIK REK R EE N 1.2.5 1
TR 2 & BB R IR YOLO-lump-B M 4%
o BRI MR N YOLO-lump. SZ256 45 5 i
4 FE 8 B,

iEid YOLOv4 1 YOLO-lump-A HI45 5%t b
AL, R GAN P48 A B PR e RE A 1T LLBR T I
HHIEHEYE. B YOLO-lump-A 5 YOLO-lump-B
(1125 S L AT 1, focal loss 450125 BB SRS 05 4 SR
HUIR IR S A I Hh 1 A7URE AR AS P () 1) 8, B2 T 9 2%
ERE. 1 YOLO-lump-B 5 YOLO-lump-C )25 5H

3 AFEA RN BRI F A0 45 R b
Table 3  Results of lump defect detection with different
input sizes

WMAKAD HEE fERE F1 mAP i A

704 x 704 80.6% 79.3% 79.9% 85.6% 37.8 ms
608 x 608 86.5% 83.9% 85.2% 89.2% 24.7 ms
512 x 512 85.8% 84.5% 85.1% 88.6% 18.8 ms
416 x 416 80.7% 77.4% 79.0% 82.1% 16.6 ms

F 4 YOLO-lump P45 1 Rl sz it

Table 4  Ablation experiment on the YOLO-lump

P £ AR HRZE R Fl mAP i [l

YOLOv4 85.8% 84.5%  85.1%  88.6% 18.8 ms
YOLO-lump-A  86.1%  84.8%  85.4% 89.3%  18.8 ms
YOLO-lump-B ~ 87.2%  84.4%  85.8% 90.7%  18.8 ms
YOLO-lump-C ~ 79.3%  68.1%  73.3% 74.9%  26.7 ms
YOLO-lump-D  84.4%  83.3% 838% 87.7%  20.1 ms

YOLO-lump 86.4%  89.7%  88.0% 92.7%  20.4 ms
YOLO-lump-E  88.7%  89.5% 89.1% 93.5%  24.3 ms

XFECR AN, ASPP Hhdf skl iE b i 5 AR K R4
R, 813 ASPP FERG I W 248 K J2 25 7 R A BR AR B
MR EURFE, ST MR N %, B YOLO-lump-
B 5 YOLO-lump-D [P &g5 R Xt b nr s, 7278 A 725
SFIERB N R — KRBTSR, 2%
BRI ERAG JB 0 2 FUVRRAE 7 B2 AR, 33 1T i i
i ER I ERE M %, 1 YOLO-lump-D 5 YOLO-
lump FIZE R XTI AT 50, K 280 B S H RS
2] G RS AR AT DL 5 o £ SR 2 RS B B
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Fig.8 Precision-recall curves of different detectors on
the lump dataset

71, FREE R T B RUE R REEEE R, BEE
ARCHR v HOR S T IR I B B A AR SCHR
YOLO-lump WM&, fEHCRE FHEALN F mAP &2
7 92.7%.

AR, £ YOLO-lump fIFERE BRI RAFEE
BB B2 MR YOLO-lump-E. i
YOLO-lump 5 YOLO-lump-E )45 55 L v %0,
N ORAEE B AT DLSE 58 R SR AR R R R
() S N, SRR UM BE. SR 1T YOLO-lump A
ERENRIMNG, BEE T RAEE S I A5
AR RGN, THE R A R %, YOLO-
lump-E &AM % YOLO-lump #4017 19.1%,
HYeRp SR s T2 NERERER, TX
FEE R ST YOLO-lump W 4% 14 GE & FHAH X
FR. RIEAE YOLO-lump M &8s {di T~ RAEFE B
AR AN T S TS U0 PR AR A B 1P AR
SERR ) RS SR, A SCE R YOLO-Iump R Bt 2.
3.2.3  BRIKFERMEEIILL

ARSI YOLO-lump M4 1 HERE S SSDUO,

Faster-RCNN!", RetinaNet®’, FCOS!", Efficient-
Det®, YOLOv3. Improved-YOLOv3!'" DL A&
YOLO-v4 W& HEAT T L. Seie g RansE 5 fos.
TEXT LE I 2% P, AR SCEVEA S a1 RE, mAP A
bt At WX 2% 22 /D (R KEE 3.1% BIASG, [R] I A il Bl
[AAHAL T YOLOvA A0 T 1.6 ms.

] 9 A [ X 28 76 M 2% 30 0 G b IR A W 45
R BB T ~IVETE R 5 55 R 15 AR
e B B A K U 0 5 A 08 s ALY o 2
B Hd, A RFEEE W FE, BARERBHE, C R

5 BUIRIA A 4 0] LS

Table 5  Comparison of different detectors
on the lump dataset

REZ s RAEFE UM 2% mAP Sl ]
SSD VGG-16 85.1% 30.3 ms
Faster-RCNN ResNet-101 86.9% 34.9 ms
RetinaNet ResNet-101 89.5% 41.5 ms
FCOS ResNet-101 87.9% 28.8 ms
EfficientDet EfficientNet 89.6% 22.3 ms
YOLOv3 Darknet-53 87.6% 15.4 ms
Improved-YOLOv3 Darknet-53 89.3% 15.4 ms
YOLOv4 CSPDarknet-53 88.6% 18.8 ms
YOLO-lump CSPDarknet-53 92.7% 20.4 ms

FALIE, D R E. HE 9 AT A, SSD
A Faster-RCNN [ 28 75 bR g T er il v 30 185
Z IR A RS HARE, B AL A A, Ui
FERFE X 3 B2 EARHAB S T RetinaNet, FCOS
F EfficientDet [W2$ 754 5 IEFE A A S 5T
PO, nTRES LA A I I 5, 1 ks L VoA
THI P P 68 R 300 4 i i U ) D U 559 5 72 YOLO
M (YOLOv3. Improved-YOLOv3, YOLOv4) I
k&5 R, AT UL ESE YOLO M4 R
% 5 R T ST, AER AR A 3 T R R
W 5 I 1 S AN R, I E R I, ik e
55 IR 5 R AR L BN, DX 40 e e e T R AT R U
B ER T ZEAHMPGEE,; mACRER YOLO-
lump M%%5 YOLO MZ5AHLL, A amp 2 RE M
AE AT BE R BB SZ BT BRI 7E R 2R HebR s 2 R il L
BRI, [FIR, BE8 A HEm R i 5T,

3.3 BGERERMSCIE

3.3.1 YOLO-crack P4R4E4#);HRRSCIN
i#it YOLO-crack WX 2% 45 k) Vi mb S2E6:, 364F 1
AR SCHR H PRI R RN S0 ot 1 2 48 07 A 0 P 4% 11k
Uz, LA YOLOv4 W26 kil 25T GAN 4%
A T RE A N 281 b ) 45 20 1R I 28 9 R N
YOLO-crack-A. ¥ YOLO-crack-A %% 13 55 i
BAEMCH focal loss, 13 2 1M FK N YOLO-
crack-B. % YOLO-crack-B #ATH &AL AT, 14 H
CSPDarknet-39 1E ARFEFEEL M 4%, f# ] FPN 1
NERE Rl A P2, 15 21 & 857 N Y OLO-crack-
C. ¥ YOLO-crack-C FHRFIE fil A Y 25 2o idk Sy CSP-
FPN, 33 MM #FN YOLO-crack-D. 7£
YOLO-crack-D HII R RAFEF E 7B, $2H 1)
W25 35 7R N YOLO-crack. 525645 S unz 6 fE 10
B,
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Fig.9 Results of the proposed method and other methods on various bridge surface images
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Table 6  Ablation experiment on the YOLO-crack
] 248 R Y E1EE SRS F1 mAP G U e )
YOLOv4 80.8% 79.4% 80.2%  84.5% 29.7 ms
YOLO-crack-A 77.5% 82.6% 80.0%  85.0% 29.7 ms
YOLO-crack-B 85.6% 76.7% 81.0% 85.7% 29.7 ms
YOLO-crack-C ~ 78.7% 79.1%  789%  83.8% 17.1 ms
YOLO-crack-D 79.0% 79.5% 79.2%  84.6% 16.5 ms
YOLO-crack 80.2% 81.2% 80.7% 86.2% 17.6 ms
YOLO-crack-E 77.9% 80.9% 79.4%  82.5% 17.7 ms
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Fig.10  Precision-Recall curves of different detectors on

the crack dataset

it YOLOv4 fl YOLO-crack-A [ 45 Fxf Lt
Al gL, R GAN W 28 A Bl 1) PR 3E B A o] D3 T
W 8% 1 B e M RN IR 2 X6 IE B RE A FR R 1 BE
YOLO-crack-A 752485 T 46 I - HE0f K B
YOLO-crack-A 1 YOLO-crack-B )45 $ 54t ]
M1, /£ YOLO-crack-A H A focal loss 45 2% Bk
J&, MEEAE IEREAR B3RS 7850 I 5, B8 58 41
HR IR SR T, RN S E B R G vk
FINIEFEA, YOLO-crack-B 7E 244895 FE /4 - H
A% 5. B YOLO-crack-B 5 YOLO-crack-C i)
g5 BRI RN, Ak 1 N 4 AE A i 2 PRI A SR
R AT B NN 2 Z vl N ST S R S R
ILAGE U 52 RS U5k 52 F)~F- 4. Y Y OLO-crack-C
5 YOLO-crack-D HIZ5 % EEn] k1, CSP-FPN #f
BT FPN, AT LUK EAG 52 407515 B 0 IR RRE A
B 218 E BRI EE R R RS, hnsR T RMER B,
AR TRERFEMRN. B YOLO-crack-D 5
YOLO-crack H4h BT b al &0, A SCHEH A R REE

TR AT DLk /D R SR A A I AE B,
RGP RT SN, PR AR I I MERE. AR
Y H YOLO-crack M 2% 78 24 2% 975 E /) |
mAP IEH| T 86.2%. 4341 F1 Al mAP $5F5 7] A1,
YOLO-crack-B 1 YOLO-crack 7EZ24%%% 6 |
CEAPEREM T HABM LS, {H2E YOLO-crack il
(B4 YOLO-crack-B (1) 59.3%, W] LASEEL =k 5
T R I 2L G I . AR AR SR 1), A ST
YOLO-crack ol 24 485 & .

BEAN, £ YOLO-crack W45 H T SRAEE B 1A%
ey, Al 80— R R 2 M 0 R B, 15 31
M 253 BN YOLO-crack-E. H YOLO-crack 5
YOLO-crack-E /)45 F2 5 ELmT 5, 75 @ s v =
JIRI A AR R S R AR e — R
WO RS IR M BT, 38 W R R i
PEREM T F%.

3.3.2  FEIERIIEL I

DI AEAR SCHR H R SR AR = B A
P, A YOLO-crack-D P24 573 & Jy gy
SE ER M., CBAM VERE M, FRFFERE
JIREHBEAT X LU SEa . SRie 25 WAansk 7 Fras, thak,
FIFH Grad-CAMA4-+1 Sk AR 5 T 4% BI0S 34 77
P An A 11

RT O ERSIBHO LS

Table 7 Comparison of different attention modules
I 255 A Y mAP el (]
YOLO-crack-D 84.6% 16.5 ms
YOLO-crack-D+SEVER /15 84.9% 16.9 ms
YOLO-crack-D+CBAMYA: & JJ 85.7% 17.4 ms
YOLO-crack-D+ T SRR T8 86.2% 17.6 ms

Grad-CAM--++ 503 A DL I b 7 X 26 551
X 3. F SR 45 B AT A1, YOLO-crack-D iR K
FEVE B IA B H G AR RS 3 S5 A I A d i 1
RE. Xf Lk SE F1 CBAM VERE B, FREEER
A T3 EEX AR B AT 42 SRt Ak, DRtk e 8 B 47 3
TREAE R, N T RS R E, geig
A R ek AR AR T RN BUR AR, AT
AN IAE B OR B, M50 0 25 X R EE I RR
1A SR L.
3.3.3  RERERNE AL

YOLO-crack 5 SSD. Faster-RCNN. Retin-
aNet. FCOS. EfficientDet. YOLOv3. Improved-
YOLOv3, YOLOv4 f1 YOLOv4-crack 47X} Hi sk
55, SIS 25 ISR 8 N, AN SCHEH PR AN & B
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Fig.11  Grad-CAM++ visualization results
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Table 8 Comparison of different detectors
on the crack dataset

CE RAIESRHX A 2% mAP A (il
SSD VGG-16 79.8% 45.2 ms
Faster-RCNN ResNet-101 81.2% 54.7 ms
RetinaNet ResNet-101 82.9% 58.4 ms
FCOS ResNet-101 83.4% 42.9 ms
EfficientDet EfficientNet 83.5% 27.4 ms
YOLOv3 Darknet-53 82.3% 23.8 ms
Improved-YOLOv3 Darknet-53 84.1% 23.8 ms
YOLOv4 CSPDarknet-53 84.5% 29.7 ms
YOLO-crack CSPDarknet-39 86.2% 17.6 ms

o UK R B DR PR R, AR T oAt i H A A
ML, YOLO-crack #£ mAP F&/DMEHEE 1.7%
FRIATISE, RIS P AN 75 3 17.6 ms. X2 N5 Hifib
IR 2 Hh R B B0 R SRFE A AR L, ARSI
RAEIE 2 IR RE I SR L S AT S N, A B TR
TGRS I R R T 4 A TR R AT LA ek b
BB, PR ER I AL

B9 R VORI VI & $ 52 24405 3 UG M
Yl /N5 E G, 28 EE R D ARid.
& 9 7] %1, SSD A Faster-RCNN ¥ £% 7 244446

W RIAR 2, IV 2 A A I 2491, (7]
I 7E AN A 2N E S IAIIAE; X T Retin-
aNet. FCOS # EfficientDet W4, £ 5t Tt 5%
SR RHACLINE | 19 266 T B AN e A6 AR R H R ), dn
EEUE T H, H—/NEAMNR AR 22, T ik 3 A
DX 2 FL RS R R 0 A% . YOLO 9 2% ) il
R BN, Haeh 2 R F MR R %
{H YOLO W& 7] g 2 & R A /NRLEE A5 BT =
BUR AL AT YOLO #EAT S0k, #2H7 YOLO-
crack W45, Rej /b N RAFE W B R4 A A5 B 140
o, B 5T R M e MU 4% 1 A1 T RFAE DRI G TR SR A
TR A T L R

3.4 KRR AMEEENIR

T VA AR ST AT H AR 248 B384 S B . FH
HHITERE, X 345 FRBCIRE F EIE. 193 Tk R EE N TFH
BB AN 50 886 7K To v 5 IRI% 1A v 0 % R R AT
fr . fERE IS FEH, FIH TensorRT % YOLO-
lump Fl YOLO-crack W5 #4T 1 %, Tensor-
RT J& — & MR I VR B2 52 2] AT A& R AR AL 2%, m]
DA 0 ARAST U P fR T I BORE A R 8 AN P 1l
(1:189), AHEL TR, A [B] % g B I th s Wi 45035
PERE, DRAE SCaG 25 B AR S F B Bl Z kAT
TR, FEnT A X ek i AR - s il B e T AR ) B A
HAT T, sSElRE Rt Wk 9, Heh TR
MR A5 H R B g, TP AR 2 I
B IEM o R ELRE, FNREKE THEHES
WA R R BRI ok ) R, PP AR R R
U 2 1 s X =

FH S5 285 FE AT A, = o PR R R A L
ASCEIEREEAE 1 s LA 58 By 32 22 93 35 (R sl
B & BIR-X-LITE AL28 A 0T S0 3 5 SR .
[N, SXof BRHR 9 25 AR 2R 45 095 5 RS W 1)~ 38 3 [l ek
2] 95% LA L. T AE B S I EUE L A X 3
R o A6 I B S T AR 1.655%. S5 46 SRR,
AT DS i A (] 3R M 2 2 0 2 A
TR AE g 2 R G0 B A PR 5 B R TR 7
Toe 5 X, 4 M R BRI VT A 1R AR R

3.5 MMBEEXS B REXS LS

FEASTII A £ 530, 8] T A RO K
/N, 3 S B R 2R A T AT A SR E
BZR T YOLOv4 [ 2848 I BEAG TN B A7 1 R AL
T, DLIS R XU 48 S92t T A 1k mE A2 . O
IS B R A R o R R — B K
He AR B b R HOIR 5 2880 BT N 640 %640
BRI T BB U 2% B35 15 F o 24 A N ) S5
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Table 9  Results of the practical application
. HOPRops 2 Rl FGE N TRl .
IR Hp 4R i S Aozl (]
GT TP FN FP A2 GT TP FN FP FEpE Pt
NN 872 8 8 0 907 100% 6 5 1 1478 83.3% 995 ms /7K
A5 3265 26 25 1 2132 96.2% 17 17 0 13582 100% 995 ms /7K
SN 2929 22 19 3 3205 86.4% 26 25 1 10115 96.2% 994 ms/7K
EF SPNi; 836 11 9 2 1041 81.8% 7 7 0 3569 100% 993 ms/5K
PN 2617 20 20 0 4238 100% 23 21 2 5331 91.3% 996 ms/7K
B LN 2453 28 27 1 3145 96.4% 28 26 2 9504 92.9% 997 ms/ ik
RO KM 7107 65 62 3 7294 95.4% 90 86 4 22383 95.6% 996 ms/ 3k
AR AL KA 5962 46 45 1 8505 97.8% 57 55 2 26237 96.5% 996 ms/ 7K
N 6194 63 61 2 5598 96.8% 46 45 1 15394 97.8% 995 ms/ ik
IR ETI KA 19189 130 124 6 19869 95.4% 186 179 7 41908 96.2% 995 ms/ 7k
B 51424 419 400 19 56024 95.5% 486 466 20 149501 95.9% 995 ms/k
T10  RUPLE LS B2 e LA
Table 10  Comparison of performance between the dual deep network and the single network

045 i TR E

FLiR & YR EH

el g

AEFE $EFHE F1 mAP  HREIFE WfEHE Fl

mAP  HEE fEHE  Fl

s [
mAP  H[ER #EHE F1  mAP

X% 85.2% 84.6% 84.9% 86.7% 87.1% 86.5% 86.8% 89.8%
HRLE  T8.5% T1.2% T7.8% 80.6% 83.8% 84.3% 84.0% 84.4%

87.3% 85.2% 86.2% 89.3%
84.4%

80.8% 79.4% 80.1% 84.5% 34.8 ms

83.1% 83.7% 85.0% 78.7% 76.8% T77.7% 80.1% 30.3 ms

FHER 10 A vl A1, 5 50 X 28 A DA Bl XU 26
SRR W R S FLAR RN 2 4R 5 E B A 1
mAP 3RS T 6.1%- 5.4%- 4.3% A 4.4%. X
R R, R EARFECR, BL 640x 640 15 F X EIE
BEATH R, A AR B B AR E IR, X ]
e 2 it U FE AL MIE B E K, SEHUIREE
For PR B ) T B BU v 4y R AR 0 g S B R
FEC SR AT BEAG 2 fe B (VR E 3R T . Ak, 7R XU 4%
Hk R HUIRp T N2 4805 T A AE (1)~ E 4 N
320 x 30418 ZF1 178225 14 2. 7E B 2% Bk
BEHE T 18 N 338 %336 1R K. HIHE AR 1k 2% 24
55 A WU M BB R R I B2 T X PR 48 A
ANTR] 3 T R /N T 0 SRR s 5 0 2R 4 0 S5 AT R
D, AT DASE A R B BUAS [R5 35 FRRRAE . RN, X
) 284 53 TT DAL o AN [R5 35 20 1) 8 A, TT LA
AU HOIR 5 5 R 4 25 S K ). AR
J5E 7 TR, R 488 S A 995 55 T P ) L~ 35 1 i)
FILL 2810 %2 T 4.5 ms. M2, XU % EERE %
PR T 7 G 30 L5 AN 71 2

4  HRIE

AR SCEETEEE YOLO $2H T — AN XU 45 1 4
IR T PR %, FOW 44 73 3] 08 YOLO-

lump F1 YOLO-crack, fit & BIR-X-LITE #L#§ A 7]
SR 2008 1 B B B R Se A SR L
A N PR R AT A8, AL T — MR
PG B 2. 15K 5 EL A K/ 22 48 f Bk 9 5
Seth TIRG A ISR, AT DL AR
W28 (1) 2 ROBEVERE, 37 8 0 28 Jk 52 7 .1 1 %5 4 /)
RLAEN T, B T R SRR R, 1@ )
TEAH DGR IR, REIR/D 4R 1E T RAEM B 115 2
k. BARSCRES B Ao kAT R b, S8
25 FAEW] T A SOV 2, & 2 Tk
RO EREE . A2 AR I AR, A MU 2% 2 [ PR R
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