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Fig.2 Examples where for distant objects in image centers (a), in-

accurate labels were generated in 2D pseudo training data
(b), while accurate labels were generated in 3D pseudo
training data (c).



Fi3CStM-student :© SfM % iV 727 — F YBRIC L DHIHHI HFME RS D= v T4 v 7w T A Y T—2a v

............................................................

Teamer - : X

Ak
BOERER T — &

-
m

3 SfM-student (2 & 2 A HURMEAR 7 — & DA BTFIE.
Fig.3 Generation of composite pseudo training data by the SfM-student method.

SfM-student £ & 53, SfM-student 3213, 2D #EE#k
fi7— % & SIM #BIKI 7 — & 0 5, A BBl
F=F ek TA E TTF - IREERIT).
IIRETFEICBT 2 GBI T — & DA
FlEERT. ¥, EiREZOEMRBERTO Y
FTATNN i) T—4) 2BV, EEOHEY
bovvrT Ay kTS A YT — a3 CNN %4
45, TN%, Teacher EF W EEFHT B, FD,
FHEFEAD CNN & HIWTC, G 5800 1 L 728 7
L—LWGO#HME LTI LT~y T 1 vy
AT arEiil, BEWL T OVER (2D
BUHMT— %) 24K T 4. TS, #E7 L — 400
Bt LT SIM AT 5 2 L2 X ) 3%kIeiEILE
7oL LbIl, £T7L—AICHIET 28T vt
WTTAWVAE 3R EEER AR T A, LT, SIM
FICEVEONDIETL—2DHAFTINT A= &
WT I DTNV E 3 R R TN FGE
. ZHICEY, 3T LEEMEE o BN 7
F OV (SIM BEUEGT T — %) RAERT 5. £7-,
[F—7 L — AW{RIZBE 3 % 2D #UEA7— 4 & SIM
BT — 5 2 < A7 B THAETHZ & T, A1k
BRI T — & 2 ERT 5. COLIICLTERLE
BT — & % H\W O CNN % #1205 24
L, #hilid ) 7 — % % H\C Fine-tuning %179 Z &
TH72IZCNN 225844, Zh%E, Student EF L&
EFETDH, TNXY, kv rTFA v I RT AT —
YarofEn LTS,
32 MEHEE
T, NKOWBB T = {I,h,....In} &, £H%
Iy ZHFERNCTT /) F—2 a3y LI ~NVETE y, O
ME#HEdHY) F—2 L, TNVPFEENRTH RN
M BOWEGR T ={J,Jo.... ) ZEfTRLT—% &

T5.
i) T— AW TEH L~y T4y ot
TAYT—arwfi) CNN 2% f & L, kT

GR2ONDHEEBEB L 2&/MET 2 EH12 f DIxT
A—% 0 Zi#ibT 5.
1 N
6; = argmin - > L(yn. f(In:01)) )
0 n=1

C OMEE I & D155 172 TV & Teacher €
FNETD, B, ZOBROEEMELELTE —
B~y T4 v eI AT = a v OFEETH
WHNBHEEMHMEFET LI EAMMRETH D, K
LTREETY PR —RZE 8] x Wb

3.3 2D HPHEL T — 2 DERK

Teacher E7 )V (3.2 OWMAFEH CHEOLNL < v
FAv T AV F—a Y CNN #E TR F &
REL L7287 A =% 67) VT, Bkl 7T—%
J DEWE Ty 525 DT O & 912 2D HMEE 7 — %
gm;zD N 5.

gm;ZD = f(Jm; 9:) 2)

3.4 SIM BUBMT — 2 DERK

iz L7 — 22 LT SIMERBEHET AT
B Lz 3 WIcaMEE 3.3 FTOTFETHEBK L 2D
FBHETT — & Grop 225 T NIATE 3 KICIEEE 1
L, FNaHKET H I LT SIM BMEKIT— ¥ % &
B 5.

TP, B0 Ero Y ML AE R L
F—% FIH LT 2D EUEE T — % Yy =
{yl;ZD,yz;ZD,...,yM;zD} AT A, RIS, SIM ik
L) ZOHbR LT = HEIT L7z 3 keHEE
2D FWEMI T — 5 2 AT L, FHMMHR LT =% Jn

51



BTGB S AT SCRE 2022/4 Vol. T105-A No. 4

EWRG LB OWEEN A T35 A =% P, &, KBHO
3RTCIEIEME L 7 T AT E DD K DS S 7%
BINMFEEBEZ ={Z, eR3xZ|k=1,.. K} %
AT 5.

ZOW%, BEMR LT =8 OWEN A TINTG A—F
VT, LTORTT VA& fdE % W%
WL, SIM MBI — 5 Gsim & EKT 5.

gm;SfM =n(Z; Pm) 3)

ZZT, a(;) & SIMETHESRE L2 X OWES - 41
8T A — FIZHD T 3 RICIBED % 5% W {5 T
L, TD 7 L — AWGOFRMNICHEE ST
BB EDED TN 2 SR E IS 5 B
Thb.

3.5 ARBELHET —2DER E CNN OFE
3.3 FTOTHETHEM L7 2D BEMEfiT— 5 L 3.4
DOFFETHR L7 SIM UM T— & # VT, &
BOBE T — 5 2 KT 5.

2D HDFH G T— & & SIM BT T — ¥ E e
OMEE ST 2, TNOZMAEDLEDLZ L THER
PR T— & AR T 5. GRS R T IS
LA TH Y, SIM VIR T — & 5 & B g b
BonbsZ Ens, SIMEBBEGET— 4 2fFHT 5.
—7, BGEBERTIIMENPRECELZ &N, 2D
BB T — & 2T 5. BARMIZIZ, 2D 0%
7= 5 Ymop & SIM EEEE 7 — % Gpsom 225~
A7F5) Q & FWT, LT O THE NS 7 — 5
Um:Mask & LT 5.

ym;Mask =0® ym;2D + (1 - Q) ® ym;SfM 4)

%8B, 13ETCOEENT THLIHTHY, @ iF
Hadamard B % 5t AT TH 5.

ZOBDOT A7 TR Q DFEFE Qp 1%, FMEAE
LeLIZDWTUTOII)IZERSNS.

1 ((¢Le
0, = ( )

= (5)
0 (¢eLe)

ZZT, Le cLiE, 40X ICHEHRERIC 1/4 D
WL 5 25 (EEHEIREICN LT 14 25 314 D
HFH 2 D W GAEIR IR L C 1/4 205 3/4 O#F) I2&
TLMENE ¢ DEATH S,

K () ITBNWT, ZTOLHIEKL 76K
T =% YmMask % In \CHEZHR, Student E7IWAIHS

52

4 WGP 174 O T o A F0E. ST
ZTIHMEE 4 FELCTBY, #@2THEE L, LE
=
£95.

Fig.4 Region that occupies 1/4 of the overall area at the image

center. The dotted lines split the height and width into four,
and the shaded region is defined as L.
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train front-view dataset.
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Table 1

ZFHEIBT S mloU K UVIC

T VO EARFNZ DOV TIEH 6 2B,

of labels rail, I-crossing, and r-sign.

cloU DRl H. Rail, 1-crossing, o-facility, r-sign D 4%

MiIoU and cloU of the evaluation results of each method. Refer to Fig. 6 for actual examples

cloU T
ERES BN 7 — % | mIoU T | human  rail  l-crossing o-facility r-sign
BT 1 — 0.660 | 0.733 | 0.937 0.774 0.548 | 0.674
HsF 2 2D 0.673 | 0.735 | 0.939 0.765 0.562 | 0.670
REFE 1 StM 0.668 | 0.719 | 0.942 0.759 0.555 | 0.658
RETFE 2 B 0.681 | 0.744 | 0.934 0.792 0.571 | 0.701

(a) ELAE 7~V (b) R 1

X7

(c) BTk 2 (@) PREFH 1 () RETIE 2
F—DO AN EDH 5B 5, BT OVEiGE LT HEOMERR. FHEM
VAR 2 W S B 7 BT & AT A ZZ
Fig.7 Ground-truth label image and inference results of each method for a region of the same input
image. White boxed regions show characteristic differences between each methods’ output.

8 IRERFEONER R Z THGIZEAH.
Fig.8 Examples of inference results overlaid on the original im-
ages.
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