BB FREHEE Vol.62 No.5 1193-1199 (May 2021)

Cross Modality Pre-Training % 7=

Two-Stream 3D Convolutional Neural Networks (Z K %

5 & ATE)0 B ERA

T #zaba) fafE Rt dil B!
S{10 202048A 148, 51 202152428

BE . DAENCBT 2 5] SEEFIIER 4,615 BHIZOEFY, ZOMEPREOPREL 2> Twh, K
fff7ECld, Cross Modality Pre-Training % H V72 TS-3DCNNs (Two-Stream 3D Convolutional Neural
Networks) (240, BiJUA 2 7MW 5 )55 &4T8 & BB 2 FE2I—REST 5. FEEHEHE, Bl
HATTHE SNTTIF ETERE I N D FFEMZ 76 1, GENLVIEEYAG 76 TRk I N,
RFETIE, 7, EWBL LD 7L — AMZESWE % TS-3DCNNs D 2 2D ANEIZATIL, 3ED 3
RIGEHARIEE T —1) 2 7IEIZE Y, 2 ADWE» SR~ vy T2 2 el L7z, 2L C, 15
DR~y TR AE L, 1EOEHRAAE L Global Average Pooling Ji& % #& T, AJJMLE % JF /1EH |2
S L7z, TS-3DCNNs OFETIE, 7, TGO T — % v b (Kinetics-400) T Cross Modality
Pre-Training (= & 2 FHi5H 247V, AEBRRECHYE L. REFEO ROC i F ottt (AUC)
1% 0.918 T, HERTFHD Efficient Convolutional Network for Online Video Understanding (0.795) X 1
<, TOHEMMDRERS NIz,

* —7— K ! two-stream 3D convolutional neural networks, cross modality pre-training, /751

Automated Detection Scheme of Shoplifting with
Two-stream 3D Convolutional Neural Networks
Based on Cross Modality Pre-training

YUNOSUKE YAMASHITAL'®  AKrvyosHl HizUKURI' RyOHEI NAKAYAMA®

Received: August 14, 2020, Accepted: February 2, 2021

Abstract: The total financial damage of shoplifting in Japan becomes over 461.5 billion yen per year. The
purpose of this study was to develop two-stream 3D convolutional neural networks (TS-3DCNNs) for auto-
matically detecting shoplifting behavior in security camera videos. Our database consisted of 76 abnormal
videos with shoplifting behavior and 76 normal videos without shoplifting behavior. Original video and the
difference video between its frames were inputted to two input layers in TS-3DCNNSs; respectively. The fea-
ture maps were extracted independently from each of two videos through three sets of 3D convolutional layer
and pooling layer. Those feature maps were merged and then processed sequentially in a 3D convolutional
layer, a global average pooling layer and a fully connected layer. The fully connected layer classified the input
videos into abnormal or normal video. In the training of TS-3DCNNs, TS-3DCNNs was pre-trained using
a behavior recognition dataset (Kinetics-400) based on cross modality pre-training and then was re-trained
using our dataset. The area under the ROC curve with TS-3DCNNs was 0.918, showing substantially greater
than that with the conventional method for behavior recognition, efficient convolutional network for online
video understanding (0.795). The proposed TS-3DCNNs achieved high classification performance and would
be useful in detecting shoplifting behavior in security camera videos.

Keywords: two-stream 3D convolutional neural networks, cross modality pre-training, shoplifting

a)

1. 1FU®IC

SRR B LA e R

Graduate School of Science and Engineering, Ritsumeikan
University, Kusatsu, Shiga 525-8577, Japan
ri0075ii@ed.ritsumei.ac.jp

© 2021 Information Processing Society of Japan

DAEENBIT S5 EHETEZTH Y, 2017 FFEEIC
Rz S NG R FM 204,296 109 B, T51 X103 75,257 1

1193



BB FREHEE Vol.62 No.5 1193-1199 (May 2021)

(36.8%) LEVEIEZE DA [1]. 72, 2010 4 DER
Fol & EAEI 4,615 EHT, 1 HH720 126 EHIZO
o7 OMELH S 2. HolEWELHIRT 572012,
% DIEHTIERIIL A 7 2 #ELTWA725, HEIZ LS
BEHES KR ETNEE S5, 22T, ar¥a—%
EHWT, Bl 2 706755 S AT8 % BB T 5
VAT ADBEEINTNED,

WA, ANYOITEREHR B ICBWT, RESH (Deep
Learning) % MWz FEPLHME SN T2 (3], [4], 5],
6], [7], [8], [9], [10]. ¥\ Wef5 o> 1R il 77 ) O S5t A3
L o TBY, \PoR#mE Bl X7 ML d
52 ETT L — LHOMUNEZAL % #53 % Trajectories
(CHED ATEIRERE T (3], BASRELI CEE /BRI O
RIfRIE % %8 3 % Attention BERE % 0 L7-Fik 4] & &
Kk R TEESIRE SN TWA,. F72, ECO Lite (Efficient
Convolutional Network for Online Video Understanding)
X, BUET— 5 D% T L — AWiED 5 2 K96 CNN (2D-
CNN : Two-Dimensional Convolutional Neural Network)
THEHM~ Y 72 L, 21 s 0¥~ v 7% 3 k00 CNN
(3D-CNN : Three-Dimensional CNN) T3 % 2 & 12
L, BT A ERL T 5.

H—71L—2 (RGB) W71 Cn<, 7L —AaMES
W{gEe+ 774 )70 —W{ExBIATIT 5 8EHAT)
CNN E7VoOFRME R L7:7%ED H 5 (6], [7], [8]. 2
lEHRE L CH—7 L — A% % AT 3 % RGB-Stream
CNN, BfE#HRE LTEH 774 AV 70 —T0E %GNS
% Optical Flow-Stream CNN @ % Hi ) % #6 & 1\ fRAT
% Two-Stream CNNs 124 0, AhwngE 75— 4 Thmn
RHBERERTEL I EPMESN TS (6. 72, 2
RKIC CONN %, gl -~k L7z 3 K90 CNN (2 & D,
RF R 7 [ DS & ZD RO ICH C &, RRRRREBE ST &
NBZERFLETEL S5 [5],[9). J55| ZATHOBANC
BWTIE, FEEICE D) BEOBBIEE L TR L
% 728, IRETHIh 7 10 O Fefhib i (2 BB 72 3 ko0 CNN &,
RGB W L 7 L — A2 Mg (£7203 77477
T —HLE) & AJITE LR LA G D7 Two Stream
3DCNNs (TS-3DCNNs) %595 2 21280, BiLA
ATWUEHD S THHI EATEN % £ 1) SRR ICMN < & B T RENE
5.

L2 L, TS-3DCNNs 3IEHIZE S DINT A= 2L
THBY, FNOD8F X =¥ #lwibd 57201208,
BEBET— Y BRLETH L. FERT— I THTrVWIGE,
EBGREGRELL T2y bERWT, £y FT—72
DINT A —F R BRICHET 2 BArFE B LI LITHW
5N [6]. FAIFEE CHESININT XA —F 2 EEHNR
DFBEF— Y THFETLZLIZEY, 2y VT —2 D%
RIYLFEP L b, Lo, HEANETFTLVTH S
TS-3DCNNs OFHAi-H 1L, £ oM xET 5. $7-,
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TS-3DCNNs @ 7 L — A5 M% (F 774 AV 70—
M%) % AT % Stream CNN T, BRI 5 H O %
R T 2720, ERR B X0 Lg% F
MFEHICHWGE, T A—F 2 @yIIETEenE
W) A 5. Cross Modality Pre-Training 1%, 2 H[{%
% AJJE 3% Two-Stream CNNs (28T, RCB W% %
RT3 A Stream CNN 720F ZHaieaE L, €O EI N
INTG A—=F PO T A—=5 %A L, 3O Stream
CNN O/ T 2 — & & LTH 2 2 Hui#8ETh 5 [8).
Cross Modality Pre-Training # i\ Z L 12& D, £ D
FHERH AT HRE, EBR LR ZEEOME T
WZHRIFEE TG A — 7 R EICHETE RV E V) [
B IRRTE D RESED S 5.

PERMZEIC BT, AW ICET 28532850,
TR e N AR E S T B [10]. Z 2 CTARNIFSE
TiE, B A Z W% E.o NS % B L3 LT,
Cross Modality Pre-Training % H 72 TS-3DCNNs |2 &
D, H5lE T AEMRAT 2 FheRET 5.

2. FEERHH

FERFAEL & LT, UCF Anomaly Detection Dataset [11]
BLUBEIAY - A (YouTube) 725, Ji5l EATEA
EENDLA X THEZIE L7z, ABFFTIE, JT51&
TEN % [Pz B IRICEETEE] besk 7. BUELZ
WSS, HHIETEISEEND v — v 2 REWE, &F
Ny — U RIERBSEE LT, FEIcHt L. IEwB
B [ omClEmas T2, [fEamx FICH
B, W EH > THRVTWA | BfEraIns. L
7oWHERERE, HEATEIORGE, SR T ETO 1~5 1
BThb. £MGIE, 71— ABOBIEMMDE [12) 12X
JL—ALLb— P& 30fps IIH— L7, £LT, TNEDOME
%6 N\ % & OO (RO : Region of Interest) %
FEITY Y ML, % ROIMME (76 ) & IEH ROI W%
(76 1F) @ 152 A 1ERK L7z, % ROT WH&IL, #HiR
E201&Y, &7V —2EEOY A X% 224 x 224 B
AN A XL, B 112 ROL OB %7RY . 30fps ([2HE—
L7-Wg 57— & CTlX, 7L —AMOBE /NS W, 22T
7L —LMHIE%E CNN EFNVICANTEDOTIZRL, M
W22 CEIR L7 L — AHiE% CNN EFIVICATT

PN e ) =
BAAL A A 5 Beg
1 BHILA X T W% 6 N % &ts ROL oY) ) H LE

Fig. 1 ROI for people extracted from security camera video.
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% [5]. 9, % ROIWMEAHEHE A 16 D7 X 2k
WZHET A, ZLTC, § 7 XA Y M2SEHD L 7L —24
W& 2 L7216 7 L — A% (224 x 224 x 16) % AJJ
F—=FE LTHWE, DT, 2016 7L —AH{%E% ROI
Mg &4 5.

KRR TRTTRTOBILA A THED 7 L — AWi{4IL,
UCF Anomaly Detection Dataset [11] 225 DB [HTH 5.
3. Hi&

3.1 TS-3DCNNs Dxvy b7 — V&

X 2 12, TS-3DCNNs O 4 v k77— 7 k% /Rd. TS-
3DCNNs D 2 AJJD 9 6,1 AJJid ROT W% (224224 % 16)
Ll b 1D2DOATNELT, ROIBED 7 L — 4
FEWE (224 x 224 x 16) & F T T 4 AV T 0O — WL
(224 x 224 x 16) * ZNFNHEF L7, 3127 L —24
SIS B L O 7T 4 A 70 —WEOB 2 RT. 7
L — AWM, ROTMGOR# 7 L — A% 250
THIEIWLVERLE T2, A 774 A7 0 —WHE
(&, Farneback i [13] |2 X ) ROI BME D &l F 120 L
THTT AN 70 —%HE L, HSV 22 L TXZ MLk
HWL7230% RGBICH T —a— b3 52 LI12X 0 AR
L7z [14].

TS-3DCNNs (&, ROI LG E 7 L — L[5 (F7-
A7 T4 7a—g) & 3o 3 RILEHIIARIE L

Input a: Conv 1a+Pool 1a:
224X224X16 112X112X16X64

ol ;.. Conv 2a+Pool2a:
ny 3 “*\\64)(64‘)(8)(128 Conv 3a+Pool 3a:
- N 32X32%X4X256

Conv 4:  Global Average
Pooling:
Vi - O

- Anomaly

\ - Conv 3b+Pool 3b:
Coriv 2b+Pool 2b:  32x32x4x256
T 64X64%x8X128

Input b: Conv 1b+Pool 1b:
224X224X16 112X112X16X64

B 2 TS-3DCNNs O % v b7 — 27 fifk
Fig. 2 Structure of TS-3DCNNs.
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Max-Pooling /& Ty, L TUHE L, ZNo5DH)ITH H4%
B~y 7~ — VR THE (Concat) L7z, #L T, #HEL
7R~y TR 1@ O 3 RITE A IAKIE TLERTL, Global
Average Pooling /& % #C, FHEMAE T 7213 1E# MAZ 25
L7z, HERAARBTIE, 74NV 54 X% 3x3x3,
ANTA Fx1EREL, BARAARBO AT A XEHT)
PAXBFALIE D L)INT A v T afiolz. W20
Pool 1a, Pool 1b ® Max-Pooling X% 1 » K744 X%
2x2x1, ZNLHD Max-Pooling JE1Z 2x 2 x 2 & L7z,
BB AIARE DE % I21E Batch Normalization & & ReLU
(Rectified linear unit) B%x fv, B (FC) T
MEALBI % & L C softmax BI$ &2 5-2. 72, 72, B H 24
25712012, mkEMAAE (Conv4) & Global Average
Pooling @ Cix, Fa v 77w k(05T Iy 777 K
W,

3.2 Kinetics-400 %\ /- TS-3DCNNs D ERIFE
FEEHF OMYE T — 13 152 & A7 {, TS-3DCNNs
DINT A —F OB T3 TiE RV, 22 TRIFET
i, Ao 400 MEOBIEMGE O KK T — 5 £ v T
Td 5 Kinetics-400 (The Kinetics Human Action Video
Dataset) [15] & T, FaiE ©17o72. 22T, Cross
Modality Pre-Training % 59 % 72%, TS-3DCNNs 75
7 L— AMZESE (72034 7T 4 v T u—Bg) i
H9 % Stream CNN ZHU) B &, D/ — FHx 400
L7z One-Stream @ 3DCNN (OS-3DCNN) E7 V% H
WCHFAIEE 2 17-72 (K 4). F72, Kinetics-400 77— %
oy NESFETFT—F (246,245 1F) EMGEET— % (20,000
) 129E L, OS-3DCNN D8 127z,

Input: Conv 1+Pool 1:
224%224x16 112X112X16X%64

Conv 4:  Global Average Output:
32X32Xx4Xx512  Pooling: . _400

32X32X4X256

B 4 OS-3DCNN D4 v +7— 2 fik
Fig. 4 Structure of OS-3DCNN.

7 L— AMESEYE AT 4 T o — g

3 7L—ARESGEE T 7T 4 V710 —WEDH)

Fig. 3 Difference video between frames and optical flow video.
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0S-3DCNN OHFEEIEOF@E L 7V T A 41%, SGD

(Stochastic gradient descent) % ffifi L, fHIEEKIZIZ S
DALY ba¥—EEFHVE. $7/2, FFENT A —
Z L LT, MASEEK 0.001, E—AYF LA 0.9, KE
= 10.0005, I =Ny FHA X 5, IRy 7BI15 Bk
EL, MEET —Z I 28504 =R v 7 A Lz w
7o ONZEBR A 1/10 f5ICEH L7,

3.3 TS-3DCNNs D774 >Fa—=27

KIFFETIE, 87— 5 D772, Cross Modality
Pre-Training {232 %, TS-3DCNNs D4 Stream CNN O
WP T X =% % 5.2 7. HaiEE L7z RGB MM % ffAT
9% OS-3DCNN D& AiAAE (Conv 1, Conv 2, Conv 3)
L Batch Normalization B D /37 * — % % TS-3DCNNs
D& HAARE (Conv la, Conv 2a/2b, Conv 3a/3b) &
Batch Normalization 8 D fJ#/ X7 X — % & L TH- 2 7-.
TS-3DCNNs @ Conv 1b DI/ ¥F X — 51, OS-3DCNN
D Conv 1 BHTHT7 4V 64 DT 4 V¥ 1R¥x KA
THHL, 1BD7 4 Vs %HERLT, Conv 1b ® 64 KL
DT ANYFTRCIZE 272, £72, Conv 1b DAt Batch
Normalization & DI & 3 FUE A HFICHF S N v X
) L7z, W (FC) L RikEAiiAkE (Conv 4) O
N T A=y EELTH 27, 22T, HuEH L
0S-3DCNN ®/¥F 2 — % % TS-3DCNNs O 7 L — A [
g (F72034 75 4 H)V 70 —H%) @ Stream CNN
2, ZOFFHHAL T AW LIZERESNWw, 2L T,
Cross Modality Pre-Training T#I/NF 2 — % % 5.2 7-
TS-3DCNNs % EERRETH 2 5| W7 — & 2T
TrArFa—=r T L7

TS-3DCNNs D7 7 4 v F 2 — = FEEOREEILT VT

) ZL021E SCD, LMz u ALy bo¥ -8R
Wiz, kg (FC) &t sihaiIE (Conv 4) DM
BFRIL0.01, FNUSOREIZ0.005 & L7 T2, £—X
YA 009, WEFE 0.0005, =Ny FHAX 3, T
Ry 78 20 EFFREL, TRy 788, 12, 15 THEK%
1/10 fEIZHHT L 72,

3.4 FHMliAE

k-3 BRI [16] (122D &, TS-3DCNNs D8 B
L UFHIi 24T o 7. ARWFFETIE, k OfE%E 4 L &RE L 7.
I, 152 ROIMEE 4 D0% 71y MIFEIL, 120
7y S ERFHEM, Y03y Ty hEegEBEALE L,
ZLT, IXRTCOF 7Ty FOFHlIICHWS NS £ THEH
& AT #E 0 A LIS L7z,

T 72, 5 SATH OBAE E ORHlifefE & LT, ROC
(Receiver Operating Characteristics) 434712325 ¢ ROC
Hi# T omEfE (AUC : Area under the ROC Curve) [17] %
)i DAV
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True positive rate

—&— ECO Lite (AUC=0.795)
—¥— 0OS-3DCNN (AUC=0.590)

TS-3DCNNS (optical flow)
(AUC=0.655)
TS-3DCNNs (RGB difference)

00+ (AUC=0918)

0.0 02 04 0.6 0.8 1.0
False positive rate

5 7% CNN ETNVIZL S ROC MO L
Fig. 5 Comparison of ROC curves for four CNN models.

4. FEREER

X 5 (2, ITERNE CHE I S b ECO Lite [5], ROI
ME DA AT L7z OS-3DCNN, ROIBLEE 4+ 77 1 v
7 —mfg % AJ) L7 TS-3DCNNs (TS-3DCNNs with
RGB and Optical flow), B XU ROIBHMEE 7 L — 4 [
43% % AJJ L7z TS-3DCNNs (TS-3DCNNs with RGB
and RGB Difference) 12 & 5 ROC ilifi & AUC OfEHE %R
9. TS-3DCNNs with RGB and RGB Difference ® AUC
(0.918) (&, ECO Lite (0.795), OS-3DCNN (0.590), TS-
3DCNNs with RGB and Optical flow (0.655) & V) &k
Rl oz, ATERERICH T A0ERIIZE T, B & 24
T570DFEHRE LT T T4 V70 —WEEZBINT
52 L OFRAEIRE SN TV (6], [7]. AFFFETIE, 7
L— L5 ME e R EmReE L GEIML 256 &,
T T T4 AT a—WEOBENIZ LS AUC OLEEId/N s
Modz. REFFE TG LT 55 SATENIR S 28fE% &
bbb 212, Bl X 5 WGRIRREIE DR 7260,
T T AN T UL BBHENEETH 72 EER 5.
—7, 7L —ABESMEIE, REEICERR L, 7L —
L ONE B E DM TE L7120, A5 EITHIOMANC
WMybeEz2D, 12, ROIMYEOAE AT HH— AT
EFNVTdH 5D ECO Lite, OS-3DCNN X V), 7L — L%
Mg & BN A L7 TS-3DCNNs O AUC H¥EH o 72
C OFERIE, ROIWUEIZ, Ji5| SATE) DU N G 8) S 15 %
MRETEL 7L — AMESMGEZEML, T15 %KM
WM A 2 E DRt EZRTEEZD.

Cross Modality Pre-Training O & 1% fE-li 3 % 729
W, FWMFEELE TN IT 2 —F 2EITH 27
TS-3DCNNs, FHisH & 72 OS-3DCNN D87 X — ¥
% ROI W% Stream CNN O/ 8T A —5 & LTHz 72
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Fig. 7 Example of true positive, true negative, false positive, and false negative.
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]
g
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2
)
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o 04 L4 - =
E #+4 —®— Without Pre-Training (AUC=0.859)
With Pre-Training(OS-3DCNN)
. (AUC=0.820)
02 With Cross Modality Pre-Training
¢ (AUC=0.918)
p With Pre-Training(TS-3DCNNs)
a4 (AUC=0.661)
00 02 04 06 08 10

False positive rate

6 F7p HHEWFEEICHES  ROC Mo g
Fig. 6 Comparison of ROC curves with different pre-training
methods.

TS-3DCNNs, HATFH & 4172 0S-3DCNN O/XF X — ¥ %
Cross Modality Pre-Training (2520 S @I/ F A —5 & L
TH-2 72 TS-3DCNNs, Two-Stream CTIHFiFH L 72 TS-
3DCNNs 12 X 25| SO WEREZ T 572, WwIho
TS-3DCNNs & ROI Mg & 7 L — A B0 mg s A &
L, EBFREHCE 2B B2 E M L7z, B 6 128255
SR D < ROC O it 2 7R 3. Cross Modality
Pre-Training % fi\»72 TS-3DCNNs ® AUC (0.918) (Z,
FHAT4 % L TS-3DCNNs (0.859), One-Stream O A
8 %47 5 72 TS-3DCNNs (0.820), Two-Stream CTIHRijF
# %47 - 72 TS-3DCNNs (0.661) &£ V) @WiEE & 7 -7z,
Two-Stream CTHUIFE 21T o 72EIC AUC i b 5 < %
LR L 72, I EWEES & % o 72, TS-3DCNNs
D7 L — L FES W% Stream CNN Tldgh 125 H L7
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RAT % AT 9 25, HaieAE TH v 72 Kinetics-400 121, [ A
F— ] [R=VEEL] &, TOIETEIEITRE T EE
NEED L CEIND. LA >T, 7L —L4lES
W14 Stream CNN 23l 5 2 $5 i~ v 7O 0D 5] &
B LIRS (R D FAFEMTDON, 5] SEEOMK
HRE LT S-SR H 5. 72, One-Stream D
AFRIFE %475 72 TS-3DCNNs Tl, ROI BL% Stream
CNN [ZHFfFE THE L7 X =4 %, 71— L[H
253 WH% Stream CNN 2B E 5272, THIZE D
24 Stream CNN OB L D HESHAAI M L %2 ),
] Stream CNNs O/ 8T x— % & U CHLEZE 5 2 725
Hi%8 7 L TS-3DCNNs O AUC & ) R ICR o728
# Z % . Cross Modality Pre-Training Ti3¥, One-Stream
CNN O R 123D %) T Stream CNNs ([ZF% L 724
WINTGA—=5 % 52 52 LDTELID, RELORHE
RHEAEIEDL IR, RN RFERDPTEEERL.

F 72, OS-3DCNN O Hai 28 K% 134 BF[E 27 4 C
o 72D1Zx}F L, Two-Stream CTHFSAH L 72 TS-3DCNNs
13437 B 8 3 TH o 72, ZOFERED S, Cross Modality
Pre-Training %5, S3EBEOM L721TTh <, FHIERO
BRI HEHTH D LEDTFERTE T,

TS-3DCNNs H3AE 19 72 HIWTARIL I FE D TIT 5 | SATH)
WAL TV 2 2Rkl 3 5 729, 2D-CNN OH iRt o
WAL T TH A Grad-CAM (Gradient-weighted Class
Activation Mapping) [18] & 3 KICIZILER L [19], L& H
T TS-3DCNNs O HIZ 59 2 sz AL L7z, W
LW %2577 2 13 & TS-3DCNNs O 5F~ D % 5-FE AT \»
ZEEIRT. 7 12, TS-3DCNNs with RGB and RGB
Difference 2 & % J55 | SATENRIN O WLLh B & LRl 5 & O
Z DYWL O W HL I 2 R, IE L < SREMLIG &I
L7260 (True Positive) Tli&, BihZRICETTF0E) 12
EPLTEHLTWD ZEPMHERTE /2, IEL CIERBE
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[EERUIBF S

A=A EE
BT

EHIWT L7260 (True Negative) Tld, A¥oERTHOH) X
G ERHMEZB L, Bl STEITIE 2w ez,
F72, o TRV & HI L 726 (False Positive) TiZ
ROI | ﬁﬁk%ﬁ@ofwé%@ﬁ%%éﬂ o N
DEEZIEFICEHR LT\, 2o TIEEBLG & HW L
7261 (False Negatlve) SEFEW RO Y T AN
WHYESE N, [T A R BifEICER LT
Moz,
SHOMEL LT, DTVbITons.
(1) LA A TMGED T > N T A N sE
EBFER LY, FLHE RO L PT A FPRVEGIL
A TR BT, REFHIIFOH) & 2 B
BILZENTELholzeE2ONL, 5, B
HATHED T Y b T A FYUETEEWRET B L)
H5b.
(2) NP FikoE A
IRETHEZILH A FIBEATEH72D121F, HA D
N % i LER & L’C’I‘ﬁetﬂ‘f%%%ﬁ‘%é. Liu 5 &
WG s S A8 4 O NW) % &t I % BB LI 5 2 F
FafRE LT3 [10]. 4%, Liu b OFik & REFE
RHAEDEDLZEIZLY, BLA A THE oA
Bt 25 8| ATEI OB E TE—EH L TITH) & v b
—Z\ZERT A, WAoo Nriti+5 2 813, #
KDL 5 72212 BT, A ADOB) X DAIZHE
H UMM 2 feic L, MAEE M LR TE 5.

5. BbhIC

AHEFETIlE, Cross Modality Pre-Training % 272 TS-
3DCNNs (2& 1), BiALA A 7% 57751 4780 BB
MEATo 72, METFLOTIG| AT OMIAEE L, 1ERTF
% TH % ECO Lite £ ) <, £OFMAMAIVRE S 7.
¥ 72, Cross Modality Pre-Training 2355 <7 1 O Bl K
ERAREEDOM EICESTAZE LWL o . BE
FEDIM R L7226 & LT, BRAYH - T2

%, 22T A MPEOBUELSH TSN, TN E~DXFH
W, SHROMETH 5.
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