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Abstract

The purpose of this paper is to implement 3D reconstruction algorithm to civil
engineering structures, achieving visual health monitoring of a structure. In this paper,
the image data and the reconstructed 3D points data are used to detect the damage of
buildings and other structures, including wall cracks, components fall off etc.. The
positions are then reflected in the 3D point cloud model to facilitate professionals to
further locate, detect and maintain this structure.

Keywords: Computer vision; Structural health monitoring; 3D reconstruction;

Damage detection
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F1E % 1t
1.1 BEEERARENFIEN

AL (A5 D AT 2 A ] R — A B A TR, 5 A fit R e A A i A 2
— AT TTAE, I HAERE T ORA L8 AR AR A BOR B B B, ot i e
Ay — R g T 30, % TR RE N 0 W s mgey, ER
MLBE ML AR KRR EAA T Xt . £ RS, w255 e Wty AL
AR S I A 75 A — A BRI 2 ) B A B AR, AN H T B T e 0 B e AT TR 2R
BLESETH, iR, Efrm. BETANL (UAV) BORBISEE, B AL
FALIAN R T AR BORE 5y . AT T — ISR MR X S R L. i BhEA
PUR SR B G, AT G 2R 2 A IE .

BB R R T SEHLL SE A B R AL BEEOR SR O 7 —Fb B S R0 =B, AT DA
SRR, BT G SRR, KB T T Ra k. Ak AYE
it FE I ) 1 P T Z R A R B AN, X Tk s sl IR AT R A X
SERHE, SRR T AL AR SR I AR L 1 S o B A RASI
R T ENER N XTI B A A AL 2 AR AR . =4 E
FRARBF R LR 13X R, A =4 R IR AT DAJR] I PR 54 (1 2 8] o B ATAR
PLRsa A B, ARSI =48 5 =40, W USRI 2 195 B R Es A A2 1k
2l EERMIRGE S, IFHANTREAN SR OE BT RS, Rt
BT A RIS

R E AET 1) AR A N TR, NI I35 2) dis
SR =LEE S, AT AT SE 2 MRS R 3) BB iR LS
F|FE—A=gE A, I HSEI AT AL, AR T4EE A

1.2 ERSMEZ T BB RIVR R 24

PR S AR N B IR AT AN LZEAT 2544 (AL o e R 00 5 36 FH A
SYEE A EESE S ST 3D ARl S AUUAL. A B R
BT R R, AR R 35 R

1.2.1 FIHFZ AT RN R & R

AT AN RS AR HEAT I, EAMTIRZ T B I R 5005
I, AT UAV IIFFR ISR S [1]; BARRI T, A2 AN B s i
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5 R TV RS2 AR ER i (R 30)
W77k [2], AR TP BRI AR R FIR[3], A A A 13t 2 2
RIESL =Y AR, R s I 45 SN S o G HRAR R [4]55

1.2.2 ZHEBEEEZINELERE

e T BGIHT =R @ EEY, BodE & AR R ITE B SR E
(Structure-from-Motion) [5]77 7% (¥ 1G & = & (Incremental SFM). SFM 72 —Ff1 £ i
M =desm @7, BRI R MR R AR E S 0 AN RN A 0 J8 2k 4T UL
fic, M1 SIFT[6] /71, ULEC5E RS, K ULECAS 2 1) 5 FE (Measurements)
53 fif R AR WL I2 B FE (Motion) A1 25 #4 55 B (Structure) , i Bl Z:Aili K B (Fundamental
Matrix) i FEEBRAEENE, a7 J6RVEF 2 (Bundle Adjustments)iift.. H Filfx
UF 1) SFM HEZL & COLMAP[7]. 454 MVS[8]&: 51k, IR EIM% S .

1.2.3 ETEGHHRGRANFMD B EEZN LR

B AT P — TOURHF FE 06 R TR oot 2 T G B A R SRS R EAT T R A AT
fitr, ELFEFE T AL LG RT I E AR . FH T W SR A5 5 ) S S 1 A A 55

FE LT SEALAR L 1) 5 32 045 UG 25 M (B %) 1A A (— A Canny B7)
BRI (Hougn Z54) TEAEREL BUERD 8T. SORAM . NETH, RHK
AR B4

FNLAS 2% 2] 245G B R SRR R EOR LR LR AR O i 2% (GAN) ;s 57
P2 (CNN); SR BE ik P XA KB 1 ekl (5 TR 2 2
i) -AFRE

BUG r EATISRAT O SE R 8 = 2%, 1) BB M 4% (FCN)BET 23 S5 A1
%A BENL M 48 (CRF)4T404L, L Deeplab V3+Chen, Zhu [9], U-Net[10]% A4
Ry 2) IBITPPEE L% (RNN) AT HE B AS AN 25 A BEATL % (CRI)BEATILAL ;- 3)2E oons
P4 (GAN).,

1.2.4 E=IBEENLRE

I s = B S VE AT DO PR AT LA . bhe s RBIA . S S =1
BeATyan ICP[11]45%; SRR ) 5% a0 3D ShapeNets. VoxNet. PointCNN 4;
LWRIR B N[12]45 . B Yk oy B B N [13] 45

1.3 AXHFETEARAR
AR P2 R R = R, 6 K TR T = e R,
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F28 ETEGHN=HERE

2.1 ZHEEFEMIL

A5 45 )30 FH 1) = 4 B 78 9356 B Structure-from-Motion(SFM)&3%, SFM 2 i
208 A — 3 s AN R I EAGORAG T3 5 1 =455 B AR B . BRI
[ — X R — HAFE ES A EER, WA R AL, s =
deeE g, LUAPTAEMVLAEMIMEREGHLSE. @FIEL T, NZ3) R
NI NEAB B RHAER S 5EEG RRAEUCACAN JLAII0UF; S5 Fis3h H
B 1R T 4RSI

EZ0 e HHIESHREVAICAS . JLAI3RIE HEER . GHE NSEEE R
‘T‘?* ?‘5'5.3":%"‘ !&»%g’"’ ..... @

=
%:; Q‘?}T‘: EESgE (‘}’

Bl 1. 4 R
2.1.1 HYRBFE S

2111 Y@, ERGFEmAnERE f

DL E/NFLABAUBE RS ), anlE 2(Z2) o » Film P T8 & 8 o8 G P
G-I S, A ) () NFLR BT FLERARHL A O o A FTHAVNL O Z 18]
RE B AEERE fo N 7SRRI, ETHE NI R o —Mhakis i A, BoFii
W ELE O 5X G2, fEXFMENT, THMNEIUEFE. 5/ LA,
FEBABNLUE 206) . FEFE f BCR T AENLARAR R — SR B G T — AU
M. WTESMNL. R =MERSERT LA p'=2p/z .

Virtual Pinhole Film Lens Film
. Image . .
Object Object |, z
— o 1
_— - = p //
il -Z f Z
/

& 2. ANFLAAURE T (4 ) s S ML Y (F7)
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2.1.1.2 HFRZFNLFRIT iR

T FALRR FZONE S R AR R, R R R P AKX, y, 2R, fE—IREE
AR A AT DL LLSE — AN AL AL bR RO AR bR R FLrPAEMLAR bR R DABE Sk 0l
JF e, CASSHA N 2 ), SREGF R G-PmAes &9, EH BRI p B,
V)RR, AN R . NS S AN R BN F E R R B, REL)
PR, BN AR bR R BAINLAL R R - MAHHLALAR R B FTHABFR R . AT
RRIRAR e, 53 N AR .
2.1.1.3 BT SHIEE . NSNS BB

3
ST iEm T EI AR RRZESE A . ﬁzlikadz” , Hrrd?=au?+bv?+cuv.
p=1

U B FL 2 S O SE 5 b — P, ARV (R P B — A p, S R
oL

0 0 1 0 0 0 0
NMHLNZHOERE, B3R T MAHPLARAR 2R 2B T AR bR R I AR R % 5
[RIT] VAN HGERE, €K T AT AR R BARPLAL AR R I NIAAR # &, BV iE
FEAERE R APFAZ A& T,

2. 1.2 $FE 2 3R ENAN4HE s ITEL

p=S,K[R|T]P (1)
/4 0 O a —acotd u, O
HepS, = 0 1A O AMNELRFERELSHHEE; K=|0 ABlsing v, 0

Scale-invariant feature transform(SIFT) & —Fh4FME s S BURIULRE A 59, ek
— KGR AT A RRAE O — MR TR, A S TSR s — AN
[ “Fric”. HrhHiR 78 7 R (Scale) A1 5 [ (Orientation) i M B o % T ik
KI5, FIH SIFT 0] DL A7 R e SUBEAT VLIS o R A5 A 2 BORH UG 7 2
3 R

K 3: SIFT HHAE 55 FRECRI UL IE

2.1.3 FHEEREERE F AIMSEEERER|T]
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2.1.3.1 A{EFERE E FIERFERE F
= E AR A S BB R R : ARMERERE E (Essential Matrix) FHJE Al FE F
(Fundamental matrix). ‘E1FERERWIE 4 FiR.
AAEFEFE E=[T, R, BEE T — MHYEX 53— MEPL R AR OE 5,
p AT p, 3R A AR LG A AL AR B0 B A o ASAEHE B E 4455 — M AENLAS
S EG b GO0 B R p, AEE AN AEALAS 200 BUE R AL p, RERE R .
R RAZA: p[T,]Rp, =0
GRS AL A S48, W25 NBERERE R . B RS F=K T[T, |RK ™, &
K 55— AN AEATLAT 20 UG R BRI 2 55 p, RS —ANFENLAS B0 R 5 p,
KEGEK. LT R R:
p'KT[T,JRK,"p," =0 2

Rotation: R

P 4: AAEAE A Sl
2.1.3.2 \SETEREMIEREF
—MAE R\ sk e F, BDHRF] 8 ANLLERIRN . WA s, B

DFp, =0, BUAHEER A (W,H=0, i W=pTp,, fAFEIFMFE, filiF. i
F 3 2 det(F) = 0 1 min || F-F| .
2.1.3.3 IHEINSEIEFE[R|T]

bR AHPLA Z B TN 2RO EBOVE e, BRINSE0ERE K, AT
FIH E = KTFK THEAMEFERE B, BEIT W] 13 215 S BOE FE[R[T].

2.1.4 =AZENML (Triangulation)

= ff15¢ {7 (Triangulation) 14 B (152 FF EL2 43 3 s ot Pon P, gy 2
K FINSERITIR K E AL bR 22 i 5 P
mind(p,M,P")+d(p’,M,P") (3)
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Hp M =K[R|T]-

2.1.5 ¥REFZE (Bundle Adjustment)

S ko35 2 (Bundle Adjustment) I 2 1E 9 SEM (LS — S04k SR
A 158 0 = T A AT . B AL P 2 MR e 4T A4
S R 5 2 N 1 b . TR 5 2 SR A R R0 . AR P A BB
B G I 25 R A 2 R S B B A e A MR . R
Levenberg-Marquardt i E %, 8 H bR/ . BAsRECH:

E(M,X):Zm:ZH:D(xij,Min)z )
i=1 j=L
o D AR bEms, N AE kg, K, mONERIARL K
Tk R UL (R A

2.1.6 ZEARMTE Multi-View Stereo)

Z BRI (MVS) BL SEM i AR oA, A RFE s i = ZE AL AT
FNLE AR LA, THREARESKE BN B R IREANELE . e Rk
BRARE AR RS, DN EEN RS

2.2 EIRFHN=HEFE

JEENT KM T 5o M A = B RS FEAL, e @ TR - HoR B8 : -5 720m,
THF 1232m, 5HF 68m, i 1341.4m. FHTZEE 8m, R RFNRL, xR
FHBIRES, 08 269m (M —Ml) Al 247m(z= 7 —1l).

2.2.1 BERAA

A EER B N AL BT R A i A . AL S HCeR i, 1587 =
B, EAIMSEAN T 23Ry 4096*2160, Wik Z Ny 25 Wi/Fh, MRS K E
N 19 %3 30 B, AN 60131kbps. X ALAMEEAT 1% FFmpeg 12 8 FE i E, 15
F|3t 115 5K EME . WK 5.
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5: g =4t EHURAG 115 3K 15
2.2. 2 FER = ERANILAL

FEAE SR BCR FH AR LR TR Sy fa] B4 [f] (Simple Radial) i, 14 4 NS¥. 4
#Ef, 3 RUARFR(ex,cy), B MEI AR S K, {fi1H{E N[4915.2,2048,1080,0.000]
SIFT Hikh e 2 Hn ~, %H Octaves M4UCH 4, Octave 738N 3, IE(HE
0.00667, A% 10, f/ AR RFERRH LLFI 551287 0.1667. 3.0000. .
6.

51 6: XA BRI TRHE s SR
RFAE 5 DL FC SIS R VE RS UE RC (UL BC & AN rTREAR X)), JFRICAZ XIS IE, KA
BIERE IR LGy 0.8, HCKEIRIRRIRBILLEI0Y 0.7, KRB VFRZEN 4px. WK
7o

B 7: RRAIE RULAC

2.2.3 =ZAEEMBA 1L
KESHUT, NEEWIGEILHECXT, WIEAITHECXT i KR ZBR§ A 4.00, K/
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MAZEN 16 s FTEUR LR KA VFRZEN 12px; — M H i KA R 22 PRl
2 &, BOREHREN 4px; HTHERAHMEIASE, RAKZMIHE, &
BA AR LALAINLSEL, BHE F s AR (ex,cy). FTf 115 5K I F e h B d JF &
i, 193] 115 NV ZE RN 44907 ANMEFAE 4o BTS2 FIRFAE A = FAH LA 2 an 1 8
Ffim o

K 8: ML = FIFAN LA 2
2.2.4 ZMEIMIEM T Multi-View Stereo)

MG EBAT BB R IR S BANELME S, I3 2R AL K,
NIRRT R G . DL—ikEE2E01, B9 Fros =5k K70 v R 46 RGB R, IR
JER, 52

K9 JRAGEIR . TR EIAELL K
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RARE IR 4R E 10 Pos.

K 10: @GR EER S

2.3 EEFN=HEZ

W B MR R 5 s, VIS IE R e AT, ASE MR T, X
IR FOAMBIR G 2 AT = 4E . (Rt TR RA I, HeRA
THERA IR — MR TR SRR AT ATRSIR 5 (1 = 4ERA, IR i E SR LRAEAE
AHLLIH

2.3.1 H¥ERAA

REVER IR RIE AT, ISR @A T = 4R, SRS A
o BEARCR AR AR AR . RISCEABEA. iR R. 117
FEFIOBR. TR BRIMZLAEFNEE M1 K42 5% . XHWIURIR AR J5 it 2
B WBAT O e . MM E T . DLSR A% /%8%, %A~ N 43mm, K5
b 3:2, £EFE 27.9mm, FLEFMFE 60 FE, MO E3), TiEahism. 537
P BIE AT, EATR S /3 HE% 08 19201280, MU 2N 30 mi/fr, KJE
N7, HLERERN 50617kbps(AE4R) . X BARATIEAT BT A B L, 153 P 2H 1K
%, B4 2245k, LA 11,
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B 11 HROR =4 TR SR TIIG 448 TKIEIE
2. 3. 2 $FE S i BRAN LA

FRAESE K F (AR ML RS 4 1] 4% 7] (Simple Radial)f %, U4 4 &%, 45
PR f, E RABAR(ex,cy), B — MR B AR S K, 1 T1HE [2400,960,640,0.000] - SIFT
SR OB SHNTT , iEHL Octaves AN4IUR 4, Octave 73 #5354 3, IE{E B {H 0.00667,
HGBIME 10, F/NR RN 0.1667, i AR FEFR A 3.0000(LL51).

REAIE A DU O S0 R A VR ICFC (P FR A A T RRAZN),  FHERHCE SIS E, B K
LN 0.8, B KEEBIFRHIA 0.7(LbFl), I ARBVFIRZEN 4pXo

2.3.3 ZHEEMBALL

KESHIT, AEPYILEITECXT, HIa6A T L ok R 22 PR A 4.00, /)
P2 16 s BrEUE B idm RAVFRZE RN 12px; — A E @i KA R Z R N
2%, mAKEHRLIREN dpx; HTHLEHHMEIANSE, REBZMTHE, &
BA RALFRIN LALAENL S H, B0 3 s AR (ex.cy). BT 224 5K v Dl &l FF &
@, 193 224 MAEYUAL AN 102227 MEFAE R IS 21 BRFIE 2= AP 4n 1]
12 Ffi7s
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4 ; V,‘—;\?\ﬂ{@
.B-n\-_ﬁ-A-ana.;=aﬂ“W¢n‘2.‘.‘

K 12: RFAIE s = AR BLAL S

2.3.4 ZMEIEMTE Multi-View Stereo)

MG EBAT BB R IR S BANELRME S, i3 2R AL K,
NIRRT R G . Lk B2, K 13 Proas =5k n 854G RGB K&,
R, R

K13: JFUREE . IRFEEEATEL A

RAREN A K 14 Fros.
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K 14: e R EES S
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£ 3T ETEGINRAIRA

3.1 EMGEIEN 2 &/ S5 57 &

5y El(Semantic Segmentation) A [F] T B 432K, AT E & X — K B — A
3K, JEE NI E R R MR R 25 5249153 % (Instance Segmentation)
(1) B A 2t G R A Sl AT ok ] a4 G R ERAN, 1B
BB NG RAE N — o028, 1 S 23 B 20 P S NE R 20 il il — N o0 2%
B S B B R B AR B, o) T 19 B P 2 A R T 5 REATE S A

H T BB EBNRAT L F A =25, 1) BN (FCN)HET 25/
ZATBENLIA M 25 (CRE)HEAT LAk s 2) 388 VA1 22 0 285 (RNIN 3R 47 B AR 2% 1 B AL
H(CRE)FATAA: 3) 4 B M 48 (GAN) . A 30K FH 45— 28 ff) U-Net 4% .

3.1.1 U-Net M£&Z244

W28 I AR B T S A it 2 (2 0 0 ) R AL B £ (A7 -8 0) . LI 15,

64 64
128 64
input
. output
IMage |sp-{(up .
tﬁ . *{*|™| segmentation
gl 9l & 8 map
gl & & q 4
e all A Al B
' 128 128
256 128
i |]HH
AR B S E B
K | e

' 266 256 512 25
4“'H"_‘D E’DJ?D:D = conv 3x3, ReLU

&.' . ' = = copy and crop
512 512 1024 12
Mool — i [eilleld § ma pool 212
T8 2 g ¢ 5 B # up-conv 2x2
o QI:I-:: = CONY 1X1

K 15: U-Net R28 224
Wt 2 NG AZ (Convolutional  Layer) F137% /= (Activation Layer), 7E K441
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M R DAV R AR R i GR30
B, GRBRERP AR ENBRZERR B —E P KES), KRG EERX
FIT o LRI B A ST PR R AB NG AR AL AT SR AN A48 . — RIIEAERIE T
PAKE BRI = 4E R R SR B R, 2R BRI KN 3X 3. I T B AE
e MERPEIE L, TGO A FHIE PRI HAN R IR, BT AR E AL
PEBOEZ . BOE R R SR AL PTT. FINIX RDAAE R, Fith X [ARIO, 1]. 1%
W 2% 2K F 1) 05 R 280N ReLU .

AT AR I R E Ak (Max Pool )R A, ik oy T REEERAE, S K E A Xy
2RI R DX 3 N 328 B R R ARFAEAEL DR B R ok e AT DAOR B BB ) A A B A RFALE
ZIM 25K FH ) /& 2X 2 Max Pooling

G F kR LB (Up Convolutional)ifE. EEREIEN—A FRFEME
2, 0] AR N REEE P BOR, I BEE Bk . AR I — Ml 2 A S
BIE MG = 2 RN O A1), USCRALIR, SRS AEIXANTBOR BIRHE B kAT
B

IR )T SRR R BIEAT ) 3B ARAERHIE B (150 23 (0 e Ak )
FOERHME R I E AL RBOR LT s 1T e 4E AR B ARy R X R R R 0 R AR LB
SRR B R R T LUK X 4 T 06 AR 4R REAE R R TR, B iR B (S B,
—ERREE BIR/N T CRHEEBOR 7 XA I FERME Z o EI R 8 A3 B AR

WGBS EIE SN X1 ERRE, B4 64 Il i RHIE K Ay A8 22
73 3 ) 2 A B E B

3. 1.2 IZ&iTFE

2 A H N — R85 EHUE AT E A TR 70 Fbr 25 5 B R . A7 3l 2 i fil
BUBR B2 % (SGD) Ul 5.
w:=w-7VQ (W) + aAw (5)
Hrvg RFEAR, a NIBEGPE. MHEBEE TEE, BV T BEERREENL
A — AN B AR Bl SR T SRR BT SR S 8. BEALEG L T PR RIS
PR EREAT BRI HE R AR R, AR EUR TR P B v SRR
FEM & AR KT, e YL sl e 2 A ek i = #6
WeME o T Bl R R REAURG L T R0 AR S AR s I BCE AN — g i — A
MBUR &, XEERT DL et R A E 7, e AR Sty Sl eIy
XFEEAn il 16 fras.
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W—)) (&=

16: ANHFBIE AR T Bk (22 ) M 3l & ROBE L R BRI ()

P e — 2 RRE B A5 3 27 1K) Soft-max A15Z @ (Cross Entropy) i 25 Bk %1
44, ke LREEREL. Soft-max )& SN :
P (x) =exp(a, () / (3_\_ exp(a,.(x))) (6)
Forba, () NBOT R, 1 K AN ELEIG, 200 E N x b K N KA
D, (X) 1 35 7% 122300 308 PO A5 1 PR 32 5 30 0 R 26 A I KA o 8 S 04 A 3L 5 £
D100 (X) FEES 1 (R f— ME T
E= ZW(X) log(p; (X)) (7)

xeQ

Qo . KD SEAMEE SRS, wiQ >R EMRER, FIEA
KU, I ZRAT T L2 S0 (R o R A . 4 PR S R R 5
B B S0 T

0, () +d,(x)°
P (8)

Hrpw, 1 Q— RARPERZ MR MNER, d:Q—>RERBHITYHHD R
PR, d, i Qo> REREE LK. WEW =10 , o~5px -

— NI IR A T SO0 I 4 220G BB, 75 D) AT R 5 B0 4% 1) S 3 i
WK, e R TR TR . VIR ESBCR I m oA, brdEz
AN2IN , Hd N IZ R BTN S AN 3T —AS 64 303 FRRRIE I,
3X3 HIEFIZ, N=9x64=576.

3.2 EEFAIREIRA
3. 2.1 IZEHIEIRAA

NI REEE N 178 kS e G M ss g R G . WHE 17, R G
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U-Net: Convolutional Networks for Biomedical Image

Segmentation

Olaf Ronneberger, Philipp Fischer, and Thomas Brox
Computer Science Department and BIOSS Centre for Biological Signalling Studies,
University of Freiburg, Germany
ronneber@informatik.uni-freiburg.de,
WWW home page: http://Imb.informatik.uni-freiburg.de/

Abstract. There is large consent that successful training of deep networks requires
many thousand annotated training samples. In this paper, we present a network and
training strategy that relies on the strong use of data augmentation to use the available
annotated samples more efficiently. The architecture consists of a contracting path to
capture context and a symmetric expanding path that enables precise localization. We
show that such a network can be trained end-to-end from very few images and
outperforms the prior best method (a sliding-window convolutional network) on the
ISBI challenge for segmentation of neuronal structures in electron microscopic stacks.
Using the same network trained on transmitted light microscopy images (phase contrast
and DIC) we won the ISBI cell tracking challenge 2015 in these categories by a large
margin. Moreover, the network is fast. Segmentation of a 512x512 image takes less than
a second on a recent GPU. The full implementation (based on Caffe) and the trained
networks are available at http://Imb.informatik.uni-freiburg.de/people/ronneber/u-net.

1 Introduction

In the last two years, deep convolutional networks have outperformed the state of
the art in many visual recognition tasks, e.g. [7,3]. While convolutional networks have
already existed for a long time [8], their success was limited due to the size of the
available training sets and the size of the considered networks. The breakthrough by
Krizhevsky et al. [7] was due to supervised training of a large network with 8 layers and
millions of parameters on the ImageNet dataset with 1 million training images. Since
then, even larger and deeper networks have been trained [12].

The typical use of convolutional networks is on classification tasks, where the
output to an image is a single class label. However, in many visual tasks, especially in
biomedical image processing, the desired output should include localization, i.e., a class
label is supposed to be assigned to each pixel. Moreover, thousands of training images
are usually beyond reach in biomedical tasks. Hence, Ciresan et al. [1] trained a network
in a sliding-window setup to predict the class label of each pixel by providing a local
region (patch) around that pixel as input. First, this network can localize. Secondly, the
training data in terms of patches is much larger than the number of training images. The
resulting network won the EM segmentation challenge at ISBI 2012 by a large margin.

Obviously, the strategy in Ciresan et al. [1] has two drawbacks. First, it is quite
slow because the network must be run separately for each patch, and there is a lot of
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Fig. 1. U-net architecture (example for 32x32 pixels in the lowest resolution). Each blue
box corresponds to a multi-channel feature map. The number of channels is denoted on
top of the box. The x-y-size is provided at the lower left edge of the box. White boxes
represent copied feature maps. The arrows denote the different operations.

redundancy due to overlapping patches. Secondly, there is a trade-off between
localization accuracy and the use of context. Larger patches require more max-pooling
layers that reduce the localization accuracy, while small patches allow the network to
see only little context. More recent approaches [11,4] proposed a classifier output that
takes into account the features from multiple layers. Good localization and the use of
context are possible at the same time.

In this paper, we build upon a more elegant architecture, the so-called “fully
convolutional network™ [9]. We modify and extend this architecture such that it works
with very few training images and yields more precise segmentations; see Figure 1. The
main idea in [9] is to supplement a usual contracting network by successive layers,
where pooling operators are replaced by upsampling operators. Hence, these layers
increase the resolution of the output. In order to localize, high resolution features from
the contracting path are combined with the upsampled output. A successive convolution
layer can then learn to assemble a more precise output based on this information.

One important modification in our architecture is that in the upsampling part we
have also a large number of feature channels, which allow the network to propagate
context information to higher resolution layers. As a consequence, the expansive path is
more or less symmetric to the contracting path, and yields a u-shaped architecture. The
network does not have any fully connected layers and only uses the valid part of each
convolution, i.e., the segmentation map only contains the pixels, for which the full
context is available in the input image. This strategy allows the seamless segmentation
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Fig. 2. Overlap-tile strategy for seamless segmentation of arbitrary large images (here
segmentation of neuronal structures in EM stacks). Prediction of the segmentation in the
yellow area, requires image data within the blue area as input. Missing input data is
extrapolated by mirroring

of arbitrarily large images by an overlap-tile strategy (see Figure 2). To predict the
pixels in the border region of the image, the missing context is extrapolated by
mirroring the input image. This tiling strategy is important to apply the network to large
images, since otherwise the resolution would be limited by the GPU memory.

As for our tasks there is very little training data available, we use excessive data
augmentation by applying elastic deformations to the available training images. This
allows the network to learn invariance to such deformations, without the need to see
these transformations in the annotated image corpus. This is particularly important in
biomedical segmentation, since deformation used to be the most common variation in
tissue and realistic deformations can be simulated efficiently. The value of data
augmentation for learning invariance has been shown in Dosovitskiy et al. [2] in the
scope of unsupervised feature learning.

Another challenge in many cell segmentation tasks is the separation of touching
objects of the same class; see Figure 3. To this end, we propose the use of a weighted
loss, where the separating background labels between touching cells obtain a large
weight in the loss function.

The resulting network is applicable to various biomedical segmentation problems.
In this paper, we show results on the segmentation of neuronal structures in EM stacks
(an ongoing competition started at ISBI 2012), where we out-performed the network of
Ciresan et al. [1]. Furthermore, we show results for cell segmentation in light
microscopy images from the ISBI cell tracking challenge 2015. Here we won with a
large margin on the two most challenging 2D transmitted light datasets.

2 Network Architecture

The network architecture is illustrated in Figure 1. It consists of a contracting path
(left side) and an expansive path (right side). The contracting path follows the typical
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Fig. 3. HelLa cells on glass recorded with DIC (differential interference contrast)
microscopy. (a) raw image. (b) overlay with ground truth segmentation. Different colors
indicate different instances of the HeLa cells. (c) generated segmentation mask (white:
foreground, black: background). (d) map with a pixel-wise loss weight to force the
network to learn the border pixels.

architecture of a convolutional network. It consists of the repeated application of two
3x3 convolutions (unpadded convolutions), each followed by a rectified linear unit
(ReLU) and a 2x2 max pooling operation with stride 2 for downsampling. At each
downsampling step we double the number of feature channels. Every step in the
expansive path consists of an upsampling of the feature map followed by a 2x2
convolution (“up-convolution™) that halves the number of feature channels, a
concatenation with the correspondingly cropped feature map from the contracting path,
and two 3x3 convolutions, each followed by a ReLLU. The cropping is necessary due to
the loss of border pixels in every convolution. At the final layer a 1x1 convolution is
used to map each 64-component feature vector to the desired number of classes. In total
the network has 23 convolutional layers.

To allow a seamless tiling of the output segmentation map (see Figure 2), it is
important to select the input tile size such that all 2x2 max-pooling operations are
applied to a layer with an even x- and y-size.

3 Training

The input images and their corresponding segmentation maps are used to train the
network with the stochastic gradient descent implementation of Caffe [6]. Due to the
unpadded convolutions, the output image is smaller than the input by a constant border
width. To minimize the overhead and make maximum use of the GPU memory, we
favor large input tiles over a large batch size and hence reduce the batch to a single
image. Accordingly we use a high momentum (0.99) such that a large number of the
previously seen training samples determine the update in the current optimization step.
The energy function is computed by a pixel-wise soft-max over the final feature map
combined with the cross entropy loss function. The soft-max is defined

as p,(x) =exp(ak(x))/(sz, _exp(a.(x))) where a,(x) denotes the activation in
feature channel k at the pixel position xeQ with QeZ?. K is the number of classes
and p, (x) isthe approximated maximum-function. l.e. p,(X)=1for the k that has the
maximum activation a,(x) and p,(x)=0 for all other k. The cross entropy then
penalizes at each position the deviation of p,,, (x) from 1 using
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E= ZW(X) log(py () (X)) )

xeQ
where |:Q—{1,...,K} is the true label of each pixel andw: Q) — R is a weight map

that we introduced to give some pixels more importance in the training.

We pre-compute the weight map for each ground truth segmentation to compensate
the different frequency of pixels from a certain class in the training data set, and to force
the network to learn the small separation borders that we introduce between touching
cells (See Figure 3c and d).

The separation border is computed using morphological operations. The weight
map is then computed as

W(x) =, () + gy -exp(— G 09
O

()

wherew, : QQ— R is the weight map to balance the class frequencies, d,:Q2Q—>R
denotes the distance to the border of the nearest cell and d,:Q — R the distance to the
border of the second nearest cell. In our experiments we setw, =10 and o ~5px.

In deep networks with many convolutional layers and different paths through the
network, a good initialization of the weights is extremely important. Otherwise, parts of
the network might give excessive activations, while other parts never contribute. Ideally
the initial weights should be adapted such that each feature map in the network has
approximately unit variance. For a network with our architecture (alternating
convolution and ReL.U layers) this can be achieved by drawing the initial weights from

a Gaussian distribution with a standard deviation ofv2/N , where N denotes the
number of incoming nodes of one neuron [5]. E.g. for a 3x3 convolution and 64 feature
channels in the previous layer N = 9*64 = 576.

3.1 Data Augmentation

Data augmentation is essential to teach the network the desired invariance and
robustness properties, when only few training samples are available. In case of
microscopical images we primarily need shift and rotation invariance as well as
robustness to deformations and gray value variations. Especially random elastic
deformations of the training samples seem to be the key concept to train a segmentation
network with very few annotated images. We generate smooth deformations using
random displacement vectors on a coarse 3 by 3 grid. The displacements are sampled
from a Gaussian distribution with 10 pixels standard deviation. Per-pixel displacements
are then computed using bicubic interpolation. Drop-out layers at the end of the
contracting path perform further implicit data augmentation.

4 Experiments

We demonstrate the application of the u-net to three different segmentation tasks.
The first task is the segmentation of neuronal structures in electron microscopic
recordings. An example of the data set and our obtained segmentation is displayed in
Figure 2. We provide the full result as Supplementary Material. The data set is provided
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Fig. 4. Result on the ISBI cell tracking challenge. (a) part of an input image of the
“PhC-U373"data set. (b) Segmentation result (cyan mask) with manual ground truth
(yellow border) (c) input image of the “DIC-HeLa” data set. (d) Segmentation result
(random colored masks) with manual ground truth (yellow border).

by the EM segmentation challenge [14] that was started at ISBI 2012 and is still open
for new contributions. The training data is a set of 30 images (512x512 pixels) from
serial section transmission electron microscopy of the Drosophila first instar larva
ventral nerve cord (VNC). Each image comes with a corresponding fully annotated
ground truth segmentation map for cells (white) and membranes (black). The test set is
publicly available, but its segmentation maps are kept secret. An evaluation can be
obtained by sending the predicted membrane probability map to the organizers. The
evaluation is done by thresholding the map at 10 different levels and computation of the
“warping error”, the “Rand error” and the “pixel error”[14].

The u-net (averaged over 7 rotated versions of the input data) achieves without any
further pre- or postprocessing a warping error of 0.0003529 (the new best score, see
Table 1) and a rand-error of 0.0382.

This is significantly better than the sliding-window convolutional network result by
Ciresan et al. [1], whose best submission had a warping error of 0.000420 and a rand
error of 0.0504. In terms of rand error the only better performing algorithms on this data
set use highly data set specific post-processing methods1 applied to the probability map
of Ciresan et al. [1].

Table 1. Ranking on the EM segmentation challenge [14] (march 6th, 2015), sorted by
warping error.

Rank Group name Warping Error Rand Error Pixel Error
** human values ** 0.000005 0.0021 0.0010

1. u-net 0.000353 0.0382 0.0611

2. DIVE-SCI 0.000355 0.0305 0.0584

3. IDSIA [1] 0.000420 0.0504 0.0613

4. DIVE 0.000430 0.0545 0.0582

10. IDSIA-SCI 0.000653 0.0189 0.1027

We also applied the u-net to a cell segmentation task in light microscopic images.
This segmentation task is part of the ISBI cell tracking challenge 2014 and 2015 [10,13].
The first data set “PhC-U373” contains Glioblastoma-astrocytoma U373 cells on a
polyacrylimide substrate recorded by phase contrast microscopy (see Figure 4a,b and
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Table 2. Segmentation results (IOU) on the ISBI cell tracking challenge 2015.

Name PhC-U373 DIC-HeLa
IMCB-SG (2014) 0.2669 0.2935
KTH-SE (2014) 0.7953 0.4607
HOUS-US (2014) 0.5323 -
second-best 2015 0.83 0.46

u-net (2015) 0.9203 0.7756

Supp. Material). It contains 35 partially annotated training images. Here we achieve an
average IOU (“intersection over union”) of 92%, which is significantly better than the
second best algorithm with 83% (see Table 2). The second data set “DIC-HeLa”3 are
HelLa cells on a at glass recorded by differential interference contrast (DIC) microscopy
(see Figure 3, Figure 4c,d and Supp. Material). It contains 20 partially annotated
training images. Here we achieve an average 10U of 77.5% which is significantly better
than the second best algorithm with 46%.

5 Conclusion

The u-net architecture achieves very good performance on very different
biomedical segmentation applications. Thanks to data augmentation with elastic
deformations, it only needs very few annotated images and has a very reasonable
training time of only 10 hours on a NVidia Titan GPU (6 GB). We provide the full
Caffe[6]-based implementation and the trained networks4. We are sure that the u-net
architecture can be applied easily to many more tasks.
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SR Il SCERERIFIESC
U-Net: £{IEFEIGDEIGER M

Olaf Ronneberger, Philipp Fischer #1 Thomas Brox
THENLENE 2 BIOSS AWM SRt L,
A ] 9 B K
ronneber@informatik. uni—freiburg. de,
F0: http://lmb. informatik. uni—freiburg. de/

WE. @EFNA, REMSI IR EF Z PR N GREAR . X183
W, BRAMRE T — S8 2RI ZR5R0E « A 1 58 A R R ARy ER s, FRAT14E
FH s 1 5w 1¥) 7712k (data augmentation) o ZMZE A4 Al: — NURHE B 42
(contracting path) RIRHL_E T 3AF B UL — AN FRIY 5K #% 1% (expanding path)
F UL AL . FRATE S T X0 N 25 m] DU Be s i) 1 b AT 3 1) B RO N 2%
BN MFHIXANM 3R E T fs 7 ISBI cell tracking challenge 2015, AMYnit,
EANPIEE AR PR, X —A 512%512 BIEIE, A —RIAH GPU R fEEA R —
TR 8]

1 T4

et W JLVES, IREGBIRMNSET 2 R BMES L3RS T A mas R, &
ML A AR Z 9 7, A RUIZRER B /NI 28 (1) RN B, B AT T
FUARPREIME T o G RIREHIRMEE, Krizhevsky ZEANE—NSH LA NS E
8 JZMZS I, il 100 STk IIZREIR I InageNet HRAERIMAT IR E ISR, £
X225, B R EEIR I 25 48 FH R 25

LA LS X 25 1) B 70 FH Ab 2 FHAE 70 AT 45 b, B —ak MG i B 4 2 — AR
AR, (HJE, ERZMmES L, THEEYEGR AR L, SRR
Nz B E e A, Watil, XNEBMEREPAZM—A52. mH, JLT K
SRS AE A= WA o IR MER B . R, Ciresan 25 MBI #24LiZ15 &M F
EBXIHAE RN, RN T — A sh i DR 2s, Tl a5 R 2R PR 2
B, XM LLHKESR, HIRK, B patch B0 5 I ZRE s 1Y &= KTl 2k
BG . XML KIEE RS T EM segmentation challenge at ISBI 2012,

EAWE A AR R RIE S 1 BRIE, FONE D BT A — patch 128
A, patch Z [ B T EURF R I HL B B R TR — AN e 2. IXANWN4% 75 B 5
HRVERAPE AN SR EUEAR R 30fF B2 A HUE . K patches 752 ¥ 2 ) max—pooling
=, SECEMKSE N, B/ patches M4 RAERBIEADR E T ER. &
IR ERZ BRRHMES S 2, — DBt re AR A BT
ESGIPNEIE R

R SCE A, AT T —DNEINHEREL, @RI “ 2B ML
(fully convolutional network). FAMEIFHRE TIXAMHELE, fH AT DUNAE A
DEIIZGE R BT LA TAE, RIS BIERER . NEE 1. (932
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4 64
128 64 64 2
input
: output
IMAaJEe |up| up» )
g et hatl et segmentatlon
tile sl & & 8
™) ofl ofl o) map
NEE all dl o =
6| o) o all Al &l S
SRE

' 128 128

256 128

512 256 '
g[ld’ol = conv 3x3, RelLU
12 ' - h

copy and crop

e ¥ max pool 222

<t o

1024 ¢35 B 4 up-conv 2x2
(I

I |
& % 3 = conv 1x1

B 1 Umnet 42K (UL 32432 I A HE2 ) o 5B (o HER R/ 22 3
] S HCRERE R T . xoy A ANR FHERIZE F A . (R e 5 B B A B
kTR R

SRR A 78— AN H AR N 468 822 pool ing R FRAEZ BB AL,
XL BN T R B HER . N T AL, SR B IRYE BRI PR RRIE S _FOREE
ARG S . — MBS E N DRI X L5 B2 S 42— AN TS i e o

TEBRMNIZER R — D EE B SORE LR, FATE RENRHEEE S E,
X EEIEIE R VF N2 BN UE BRI E s R ZE . bl ks 504
AR L oD R, FEHFEAE AN U IR .. ZMNRE A & iERE,
FHAE BN GIRIE R, BT 3, XA #E A S A K G+
SR PR R PG R . X APIRISE overlap—tile TREE (] 2), WL ISE
EUEERIEUE . N 7 T A X ffg &=, FATE S 55 N\ B GOk HE W
FERM E R 3o XA SRS T 2 N T KRR RS AR 2L, RN A IXFE
s, BRI 2 PR3 2 ) GPU A7 I PR 1

2T RATHMES, RAERADWINGEIETTH, AT AR 2 08RG, W
TR R SR AR T T N B I 2R B o IR T DAL R 2% 2 > 30 X063 F AR T AN A 14
AN T I AR BGE B R o RIX Be e 4, X R AR 2oy B rp U R E 2,
RURAR T A& A 23 i LIRS AL, SEBRARTE T LA = 8 548 . Dosovitskiy & A
ER B REZE I, B2 ST s s I B R 7R 1 ok

TEYH R BT S5 TR I 50 — AN BRER A, W) [R]85 (1 AH B2 A i) B b 21 (]
3) o WATRE VA — M B 2K (weighted loss) o fEFRREH, 404
Bk 4B ERTS T R HIALE
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K 2: g EHERKEGRIESPNEERNS (HLALDy EM HER P 2 e 254 11 7>
HD o TR Rt DX 510 73 31 7 2 6 DSk A (9 B R B VR D N o SR A A\ e 2
W FEARORAERT I -

IR MG T S R A B 22 o B . RSO, AR T4E EM & 4F
H G TR S5 K 7y IR 45 R (TSBT 2012 JFARMIRREESE4) , FRATHIAR 1 Ciresan
NP, JAh, FRATER T RISk B TSBI 400K ' S AU AR 1) 4 i 43 #1145
Ko MAEAEER, HATKIEEE AT T 7 2Bk 2D BHHE SR H .

2 ML

K1 REIR T S5, s AR A Sk R AR A . U AR S BT [ B A
\R] &% 41
o ERZERR—FhER N, FIREZHEA 2 MEREM— pooling 2,
GRERGRRZ RN 3%3, BUERE{EH RelU, MANEGHEZGERZ—1 2%2
B 2 [ max pooling B R RAE G FATERHERHIE @ (1 E & A
Wi #4545 h BB — 2B ER 1 S8 S B AR (up—convolution) , HEIRAE [ 35 AR K
RIS SR, RN . GG, KBRS R 5 48k
R N5 SR P REE B B Ok . AR AR R IE R RS AR R, B FB B ek
ITHHE . WP G ) map BEAT 2 ¥R 3%3 B &5 —2ERZR/INA 1x1, ¥
64 I IE FRHIE B AR e TR (O R BE, —a02h 2) IEh . e a3t 23 =

NT S EIER AT (BB 2), MY AR KN ERE EE, DUE
¥ AT 2x2 1) max—pooling #eER T BAME x A1y RADAKIKEE.

3 %

B NP5 B FERE L B 2 0 e T I o 2 PR 2 BE S BE LR 2 TR SE I 1
AR, G R e D — AMEE B 58 . R E D IF TR
EA K GPU W AE, BAMEUA TR ERIE I TR KRR tiles, KL, K
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K 3. H DIC j‘ti'f‘zm%ﬁlﬂ iB'Zﬁ%J:EI’J HeLa 4iffl. (a) JRIGEE . (b) ¥ ground
truth 2E|S MBI EGEEE . () ERMoEIE (a6, s 2 H5R). )
BRI IURBE R, F R om il X 25 22 210 3t

HEB D A EUR . PRI RA 1 A =3l & (0. 99) , XA 1 K& BART B I Zx
FEAS SR S AE AT IAG P IR (R S 500

RE 5 R Hlol I 7R B e — R ARAE ] BB R BN sof t-max 45658 UG R R
BRI B Soft—max 7& XN p, (X) —exp(ak(x))/(zk,zlexp(ak.(x))) , Hrba, (x) N
TERRAL, TEES k MFIEEEE, BERMEN x &b K NEHIANEG p () = 18R
I TE IR B AZ I R 2 B R o 38 SRR B (o (X) BEES 11
i ZE il — N 1

E = w(x)log(p,,, (X))

Qo 1. KD SEAMEE ISR, wiQ >R EMRERE, FIEA

FCE P, FEIZRI AT DLZS 85 R o i AL .

BATE T H A ground truth 2 E AL EE SR AME I 2R o 3 —ff e Fh s
WG R IS R A, (R E AR DA 17 5 ) A 9 265 5 1) TEL R Al P 400 P oz ) )
IANOBE (R

SrEA RS EERIE, RERMNITFENT:

—d, (x) +d, (x)?

252 )

Hw, :Q— R ARPERZ BRI ER, d:Q—RFRIEEHMILRT
FEES, d, i Q> RFREE LM AARMERES, ATE EW, =10 , o ~5px -

E%ﬁﬁ%%ﬁ%ﬂfﬂ%émwﬁﬂ%¢ — AT IR AR AN e B
(7, 75 U 265 () — 50 2 vl e adk T30, 1T 59— 30 A DTk . ERAR AT AR 1AL
E@%%ETﬂm%ﬁ@z@ﬁﬁuMTMH%ﬁ%Wﬁ%ﬂﬁhﬁﬁﬁﬁww
J2) e, AT BAE I M A R S . AREZE I N2IN L N AR B T
AT ST —A 64 EIEREFERE, 3X3 HIEHZ, N=9x64=576.

3.1 BIEIEE

2 FUH D BN GRS T T, Bt 8 5ok e W 2 25 32 i 7 B0 AN 38 A 68 A 1k
FREE W T BT R BAT L E AL RIS 1 AN LSRR T AT K

W(X) = W, (X) + W, - exp(
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(b) 7 N LHRIC ground truth (B EIAAE) (153 #|25 R (FEEEE) (¢c) “DIC-HeLa”
BHBRERMANEE. ()4 N THIC ground truth (B IHHE) 14345 B (MHLE
)

FEEAACHIERYE . R R REA I BN AR, B R A AR 1 bR
BRI — B I oCHE . BATEEFHRENLALAS SR EAERTRE 1) 33 A% 1
AT . (IR N 10 BB UEZ K R A h KRS 2. ARJF (8 =K
AT E BB RS . AR drop—out JZ RHAT B 2SR IA A 1 58 .

4 S

BAVER T unet 7 =FAE 43 B IR TS . 26— DT 2 BT B abiid
SRR AR T BRI ) . B ERM AT 14 B — AN BoR7E R 2
W, FRATERALSE
5 B AN AR . 2B O EMB 404 Bk IR, ZTEkER LG T 2012 4F
ISBI, FFHXEH DTk oA IIZREHE 2ok 5 FL i 58— 4h IR s 2 2%
(VNC) FRIE U] Fr s St v T AR 1 — 41 30 NS (512x512 14 K) « BN EUG HR A
AN F 5 bR AL (B &) FIE (BB €)1 ground truth 23 %1& . MRS LA
FERT T, AE IS0 R AR RO o 30 0 TN ) S ARE 2R P 2% 2 AL 2138 ] LAERAS
PGSR . WS 2T 10 MRS 4 BT R AL R SR ZE”

“BENLIRZE” A “GRIRET .

U-net ORI N 1) 7 AN efE iOASBEAT ~F-350) 7638 3E— 20 A B 58 s A 31
0L NIEE] 0. 0003529 HH R 2 G fE18 70, = W3k 1) A1 0. 0382 HIFHALI%
,

XLk Ciresan 28 NTE sh & 1B M 25 45 BB 2, HE IR 3s ps ih i 2=
4 °0.000420, BEMLIEZN 0.0504. LBENLIRZ S, 1%EER4E b oE—E a8 54
SLVE = B SR e i e AR 5 1 M T Ciresan Z8 AHORER A,

BA LK u—net N T A BHEG R 5 EUES . &0 EUESS 2 1SBI
FITEREEPEER 2014 1 2015 f9—34r . SH—AHEFEE “PhC-U373” W E@dHZE
SRR, ST TR TR Tk U e 5 ol I 1) ol P Jofa &4 e e — B2 T2 44 e U373 4t (= LI
4a, b FIANTEMED « BEE 35 ML EG . X, AT T 92%
[F°F35 TOU ( “Z2FF” ), X b 83 % IR AL BT F 2 (LK 2) » 25 —HEWRE

“DIC-HeLa” A& idZ 4> ¥ 5F b (DIC) EAER 10 3% B3 _F ) HeLa 41 A8 (S WL
3, BWdc, dMHTMED . EBE 20 NESAICHIINGRG . XEBNLHLT
77. 5% [1°FY 10U, BHRUFT 46 % 138 I k.
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£ 1. EMAERHE4 (141 (20154 3 H 6 H), #lhinz=dT.

Rank Group name Warping Error Rand Error Pixel Error
** human values ** 0.000005 0.0021 0.0010
1. u-net 0.000353 0.0382 0.0611
2. DIVE-SCI 0.000355 0.0305 0.0584
3. IDSIA [1] 0.000420 0.0504 0.0613
4. DIVE 0.000430 0.0545 0.0582
10. IDSIA-SCI 0.000653 0.0189 0.1027
K 2: ISBI ZHMLIBERHEAR 2015 (153 #145 3 (10U) .
Name PhC-U373 DIC-HelLa
IMCB-SG (2014) 0.2669 0.2935
KTH-SE (2014)  0.7953 0.4607
HOUS-US (2014) 0.5323 -
second-best 2015  0.83 0.46
u-net (2015) 0.9203 0.7756

5 Z5ip

U-net ZERITEAN R AR 225y B R IR 7B 4F 9PERE . T BA
WA, & R FHERDMARCEE, - H7E WVidia Titan GPU(6 GB) I
RN TRl R s, R 10 AN/ . SRATIRME T 58 B AL T Caffe FUSZHLATI
UL . BRATAMS, unet ZERIAT DUARFA N T 56 2 T 45

B4

TR TGURTE A 2] 42 ] FE SRR AT P BURF ek H K (EXC 294) AT BMBF (Fkz 0316185B)

HISCHE
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