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Abstract; Aimin,

visible images, a fu

oblems of blurred details and low contrast in the fusion algorithm of infrared and
ithm based on deep feature extraction is proposed. The algorithm model has good
generalization and can be dpplied to the safety monitoring of water conservancy engineering UAV (Unmanned Aerial
Vehicle) automatic inspection system through transfer learning. Firstly, the source image is decomposed at multiple
levels using rolling guided filtering. Then, PCANet network is introduced to guide fusion in the basic layer, and
significant measurements and guided filtering are introduced to guide fusion in the detail layer. Finally, the fusion parts
are overlaid and reconstructed to obtain the fused image. The experimental results show that the algorithm has rich
detail information and high contrast in subjective vision, and also has better results in objective evaluation index,
especially on the standard deviation indicator, which is more than 40% ahead of most previous methods.
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3 EEE#N (Fusion rule)
3.1 ETF PCANet FHERIHWEMERM &

SR Tl AR A PR RARE B.  B BU 25 0 45 RE A5 A 4L
FREUENG 815 B 10 % 1 31036 AU 28 I 4 11 ) T K L O
Z WA 2%  CHAN S5 T — T ) B0 5 2 A AE RS 3 17
ANTRT 55 FECH 1) IR B 25 ) ) 4% PCANet, 1% W 25 K FH F h{
OYSY T I TT i 2] 22 SR U B2 L AN B AR 2 B RO A e
02 2% B A Ak Tl L B O L ) 4% 25 A A SR L R RE A
PCANet HEZZEINIA] 2 77

CHp@En  EREER
EEE PCABIE #i T wEHE
ig(g  PeABERED [e}
4
T
[ =L o
S
AR i [e)
T
EoWER WL

B 2 PCANet EZH
Fig. 2 PCANet framework chart
XETF AR MOXN R/ 4 A R PCANet i it — 4>
K XK, RN SIS O (RO O/ R 3.5.7 MR R
FYTE 7 ) 2R MU A T 10 Jmy AR ARFAIE o JFKE 3 MR ik e B 20 &
A2 B X vy € RO MR xR AR
I, BUHTAERS j A, BRI A Bl 25 P (8, S
EWEBRAE, B2 ERE X, = XX ] s J

%g% INACr 1) (20, + D B FEIREIEN . 25 r,
T REARIR L R R, wi\%ﬁiﬁ/\?ﬁl’fﬂg

{1} (K %/%Eﬁ‘ﬁ/\iﬁl’ﬂf%ﬁi)?ﬂﬁlﬁlﬁ%ﬂ‘ﬁ,#ﬂﬂ'g
(

SER A E—iE , P
X= I:fl 9f2 v""YK:l 6 RKIKZXKMN 6

REER ¢ JZ IR RO S, SR Eﬁﬁ%&ﬁ‘é‘ﬁtﬁ
Sy o AR F I T AT R/ N E A g

min || X—UU'X | % =1 (D
ve g KK %S
Hidp U 3R X 85— 28] SOAE LT X 197 43 AiE 1)

S T RAE AR, L5 27 NYS 1 R/NBY B R R . i
AT PCA YR AR AT -

W}:’rcgmp,(xx'f))ew"“,1:1,2,---,51 (8)

Hrpp, XXDFoRXXT B [ N F %?Em%,%p(p, XX

FORATLUIE p, XXDOBE we RS Fymsk. ReigRA
PCA U P A R BUEMR AR AE 522 B T 2 RRAE 1) 1] AR
SARIE I BRI

ARBFFEACR ) PCA U8 242 LT A5 0T W Sk 23 %
BRI TEA SR R T R AN R A A5 . E PCANet 9B A
BB 7RSS — B Bl S — 2B i A B S, I E N 8.
Wr Bl — R IR I SR S, ik E N 8, . 7R — W By
REAS 1S3 8 ANJLAHJZ FMRFRAE , 7655 W BERES 15 3 64 3%
Bl )22 BEUMGUARRAE . 2 285080 ) Al TUA T Rt [ 20 o3 45 TR 35 1 5 i
ARSCAL Al P 565 — B B3 41 B30 14 Pl A e il 5 5 2 1R

Pl 3 SR T PCANet X SERHJZ FIHGIESTHFAE$ 5L AR HOE AR
FUEE W i 72

SERE I

R

B

A 3 PCANet & # it 2
Fig. 3 Processing procedures of PCANet
3.2 ETREZERSISRENATERE
PG il £ 5 R 19 i U PR 4 b B 58 T U 5 B
S50 Al 9 2 A3 LA X A A R

NG5 TR B RNE . LA AS  E E MG H,:
H,=I1, XL €))

I D S A
il bl s s,

S.=IH,|Xg, .. (10>

W7 T I

o, HEH 5,

L 4

Btk p,

e

B4 GF &%
Fig. 4 GF processing results
R AT ARG SR AR R T AT E R . HETOR, I
BB EEUSERER, AKX AD PR
1 if S; =max(S;,S;,++,Sk)

k an
0 otherwise

Horp K R RER R0, Sk 258 K sKEB R R i
K P R BRI AR AR . SR 42 IR 3R D7 i AR M)
B AL 03 A W P Y O ELICA S H AR SR 5 AT
e S Xt A PG AR O o P 2 1) — BObE ™ i T IR RE S A
Rk BRI, 2] — BT AR MR PRI R R A



2611 K

T TR R E AR A 250 5 ] DG IR 1 gl 55

AR € 5 5 A, BT TR G B AR . AR SOR T
51 UE AT LATE S BE AT (A SR 1% R ELA MR A R A
B 5| s i B ER V 2SI S EUR G FEUMEE p H
Hl B R H w, TR Lt AR g, B
V,=a,G,+tb,:Vg€w, 12
HrP EE 0w, N, EM: RS a, F1 b, #82% %0 3 Hoal LIS
/M B ER VR A RS T 2Z B89 Jr =874kt
E(a,.b) = 2. [(a,G, +b,—I)  +ea’] (13

iEu-p

Hohe FORIEMIESH. FIRLMERIAYY Rig A1), 4
FNZME REL a, Rl b, BERATT .

1 _
‘ w‘ Z quq 7/"/)111

- 19
0, te

b, =1, —au, (15)
Hrr.o, My, s3HFREE D w, WIIFERG 223
. | w | FRE M w, WIHRERL T, TR 5 1w, WARR
MIE, TEARLF.GE(G.1.r.e) TR FUEBEHEF.r fle
S3IRAE T 51 ISP AR fF /N BORIAR B 1 280G T
SRR S| R R A A EGR . RIE A2 A3,
ANAAD ATLE S MR E R RER T 2R KX
1R Z AT 5 F RGN XK, a, #2380 F 0. 51 D H oA A
AR AR 1T BB AH B QRR R ¢ WJRER T 22 AR K, = W]

a, =

BEWHE QA DG MR E PO . 7TEX R g , R

PRI b SRR SRR AR
o T 45 2 A 4 B PR U 8 0 B A P W T
LIAHRE R AR 2 13, A0 2R T RoR anr

N—1

Fo= D (VW + I9W5) (18
=1
FRLE B AR A )E S0 AR B B ARG 2R
F:F[)+Fd (19)

4 BhEHEE S EHELE (The overall framework
of the fusion algorithm)

A& AR SR EIANE] 5 s, BIRLLAN ST LGRS E
ZTRLIE AR SC R BLE X B sk R Al A TR 20 A 5 ] LR EE, 3
B4R A Z5KIEEURET , BB Bk R 25, A SO iEm &
B B SBRNT

(DR RGF #IRLTAMNEUS T, ] WOCEUR 1, 4318,
B2 2 Je IR ANES AN FZA 952 19 G =1,
2,3.4) , LA B IR AT L6 21 MR 19 (=1,
2,3,4),
<2>xﬁ%ﬁm%,%ﬁﬁ PCANet JREUEERIZFUE K W

W ,%Fﬁﬁiﬁﬂ)%ﬂﬁ@?‘é%%m)% I3 #0013 AT R
(G 2 il
/f

TR R ST P 7 3T 0 G R v S

{3 e, BRIRER BEE S, Ml S, . Hklt

& 1, 1051 5 KGR R AUE I P, F1 P, 2517515

VRIS Z A T SEURIHZ KX, o, LT 0, IV, ~a LA Ve AR AU Py B P, o RRIREDSN R 1, AT
( }i”"'ﬁ@

BRI S8 T3 kX 7 A T B A 5 D PR A o ) g 32
BiALE (B O, IRER 1, 7B 852 B X
751 U P AL B, B

Wi = GF(I, Py ore)
HHp GF (o) FR5 T UL iRZ
W R R A L P,
Z5 5%,

3.3 BIELEREWN

e B AR SR TE 2 A0 SE A& I RICR L% & 4 AT ek
#. FHEIAFRIEBNECLE ARG FEEWH B,
AR B ) = B el = 1B

FERHZ TR A AR 2 4 ) 5 fl G R 1 B 441
WA LR, F 305 A PCANet 158 Fl & 50 0] 35 B il 2 4
HE W SRR SIEZ 1 A SRS 5 IR )2
Fp L BEMS AR I b R ORIl 2 v 3R A M B fli el & R oA
BT HE . SR ZEM TR RSUT .

MR EME GG RRREEA MU E, X555
P F A {@

A P, 3t

s N—1 (16)
U=l ST SiE = &

G QAR GEVEIEE P

k
Fy,= D Wh X1k =2 an
n=1

Horpr o Fy 2 G362 W) %78 PCANet $2BUEREE T, 135

o TS AT A PSSR AU WY G =1,2,3, D F Wy (i =

1,2,3,4) . fmilid i AAUEEE S 2 1 (=1,2,3,4)
HATRLG A EIRL G AR Fa.

(DA B an 1y 25 36 mh 23017 80, SRBUR L el &
EUEH F

H5 B&eEFFERA
Fig. 5 The framework diagram of the proposed image fusion algorithm
5 25645 R (Experimental results)
AR W SE 5 5 9 AMD (R) Ryzen (R) 5 3500X
Geforce RTX 2070 SUPER 8 GB .16 GB 3200 MHz N7, 7



56 BT AR

20234F11H

Windows 10 Tl i 64 (i #4E R 5 - ] MATLAB2020a i#
FrOF ELSEH , SEI I A0 dhe i 1 TG A ML I B S 5 SR SR B0 4
FIAE TNO $dii " e f iy = 21 $um 21 4h 5] DGR %, B
Nato_Camp.Bristol Queen’s_Road Fl UN_Camp,

SLENS T DTCWT™ | LatLRR \NSCT_SR™* \ VGG~
19" Resnet50™® , DTCWT 1 LatLRR J& T 25 U /3 7
3 NSCT_SR JE FIRA 1713 VGG-19 F Resnet50 & TIREE 2%
T W B 75 o 2RI FH TN 25 I 45 i BBURH 7 PRI ASUAEL P
FEAUE EIFRT R EURHE TR G . DA B BT X B R A S
B BT 57 SR BRINS B A ST 3 X TR PSR
FH RGF #47 5 (N =5) 53 it 345 — A~ ZE 6l 2 0 00 A48 755
2. RGF W E R B HUE N o) = {648,108,18.3) (i =1.2,
3.0 T o, HEE K 0. 2,GF B EE r, =15.6,=0. 1,
rs=5.65=0.03.r, =1.e,=0. 01, it 5 HATLLHM A WG
PR B Y 237 5 B AT 0 EE I L REAR L B0 A B i A
g

6 NEE—HE LWl HE Nato Camp 21405 0] WLGRES
XtHgE . B 6 () M 6(b) 23 i R 55— AR IR E g .
6(c) 2 6(h A HFR AL AN 5G] WCELA L5 R, TR
HL.DTCWT ARG 5 2 5 R e B 4 22 . B AR 10 4 e At
LB A TR 2 LatLRR (YRS 7 A an 1y Bon i 22,
AR JE B AE7E D5 s NSCT_SR A Fl-& 75 1k Al AR - 1 2%
Hbsy AHE PR 15 R SIR AN R R ZE SRR, KW
R Dy TR 22 s T WA BT AR B (A5 0 564
452 VGG-19. ResNets0 il A SCHF 57 9 it 4 45 S
U I HLR FHAS ST H 00975 3 6F P o ) R A A 00 g £
FFECUT oF F A2 o HLSCHRAR 5 35 i i {

B 7 Jys 4 B 4 FECHE Bristol Queen's RoadZL4M 5

AT UGS A H 2 5L P 7o BT 7(h) 7O — it

BEE. B 7ZR 7T #RR & Il WLOER S Tr
ERER, ATLGE I, FRRES 2PN SN T
B NP B S 4 25K 15 B R SR 7 1 IR R AE N

AN s S 1 P A0 1 . B e 3 Y T e, LA
ARG B T R

& 8 M4 =20 B LW 1 UN_Camp £L41 5 7] WOGRE&
XTHLZESR . B 8(a) FIE 8(b) il FKm 5 — AL ML IR EG . Bl
8() E A 8(h) /R /R AL Hh 5 0] WG Rl & 05 B R &5 5L
FTLAE H DTCWT YRl 7 T 4 R L A1 11, T AE P 11 R
25 QbR 5 21 A1 AR B 405 A5 B B T G 450 15 B ik
LatLRR ARl 7k B e o 14 B BR 40770 15 8B AT 53K
SRSV L % L 2% s NSCT_SR By Rl & 77 12: 18 FhAE I 1Y
RS kA TATE I H gl A it 2 W Phi , 3 Wi i 3E % 2% VGG-
19 1 ResNet50 H Al & H L E 2515 B LAR R 58 8, W 5%
> AELE L S5 5 AR SCIT 4 A% il 45 D 06 T AR B b 3 50K
TR UG B AME B A B B G 432k B VR R i S5 4 Fn 4045
15 5, 175 00T 3 N0 L A

(LSRG (WIET ARG (ODTCWT (dLatLRR

=1}

(e)NSCT_SR (DVGG-19 (g)ResNet50 (A7

A6 H—2EGFR RSk ENT R
Fig. 6 Subjective comparison results of different fusion

algorithms for the first group of images

(HVGG-19 (g)ResNet50 (WA

A7 %_BERRE RS EENSILER
Fig. 7 Subjective comparison results of different fusion

Ve algorithms for the second group of images

(ORLZAMNAG (D PFEA EE%E (oODTCWT (d)LatLRR

(e)NSCT_SR

ATk

(DVGG-19 (g)ResNet50

B8 # =AM R Rk Hok T L
Fig. 8 Subjective comparison results of different fusion
algorithms for the third group of images
T X SRR A R AT I, A SCR AR B (Mutual
Information, MD™ | 2% 5 #1 3¢ Fl (Sum of Correlations of
Differences,SCD) ™" E B (Entropy . END B & R gE R A
{2l B M) & ( Multiscale Structural Similarity Measure, MS-
SSIMD ) il 2% (Standard Deviation, SD) ) 45 25 i IF- 1 4
FRXl LB g AT 43 Hr . Hoh . MI F 2 b A RS
TR R Z 8] (AR DGR BE e on a4 RS A & TR MR 1 B AR5 B
L0 H MI R RRAEIRE S BinE B ElE, s



2611 K

T TR R E AR A 250 5 ] DG IR 1 gl 57

ROR S s EN F 20238 75 Be 10/ B VAN il & R BT 4
FUREMER IR B EN BOKR, TSR (E B 2, il 2OR B
U AHIZAR R 252 B MRS S Rl PR b (R R P B L i
(HAR SR SCD F2 228 3 22 5 A G Z FE M il 5 45 3L
[FFE SCD HYME B , R ITRE& YRR B s MS-SSIM 3= %858
T AR A RS R R A A RO, TR RS AOR
G RS B IR S SD 3 % SR A+ il 5 45 2R %
FURERCR , SD BB , 22 WY Rl 45 495 50 LG oo L 08 B 4
ARSCRE I = 21 00F FE S5, B Z R Nk 1 s .

®1 AEXEMEEEHNEITENLER

Tab.1 Objective evaluation results of different comparison and
fusion algorithms

Fig  RIAHEIE EN MI

SD  MS-SSIM SCD

DTCWT  6.485 12.969 32.126 0.880 1.482

LatLRR 6. 554 13.107  36.332 0.903 1.733

. NSCT_ SR 7.061 14.122 43.106 0.874 1.334
VGG-19  6.243  12.485 27.876  0.872 1.491
ResNet50  6.251 12,501 27.824  0.872 1.485
ARIHTHE 7.200  14.400  54.415  0.956  1.992
DTCWT  6.159 12.317 55.480 0.916 1.550
LatLRR ~ 6.030 12.060 60.347 0.904 1.739

= NSCT_SR  6.842 13.684 81.235 0.921 1.476
VGG-19  5.925  11.850 46.639  0.890  1.480
ResNet50  5.982 11.964 50.178  0.896 1.511
ARIHTHE: 6.847  13.694 88.221  0.970 1.9
DTCWT  6.482 12.964 62.085 0.93 ”
LatLRR  6.375 12.750 62.417 0. 1.7

. NSCT_SR  7.122  14.245 92.902 0. 765W@pl. 475
VGG-19  6.219 12,438  56.9 0.§p0 1715
ResNet50  6.302 12,604 0.894 1.694
A7 7.165  14.330 2 0.969 1.999

e 1 AT, 5 A RN I Bt 77 2 73T
Hrdatr EN MI MS-SSIM . SCOI'SD #8FRIL A R R B i

S, S HIEMFEHR SD Ml SCD 4iiScds £, R AUy =
Bl & S5 R BA m LU Bl BR S B SRR B A RE R
AR SN UE A SO R Ak A A b,

6 %51%(Conclusion)

ASCEE — A IR AR IS R 95| Rk A M 2
AR A B, AT T IRANLE il R4, il JF esg
50, 5 BET R R IILL A5 0] UL S a5 3 AT 6 B, AR ST
FT IR e 28 R MG B B A R AR BR 56 HE B 10 A0 T
EAMRGES . s LR, AR SO ke 5 B0 . 515
B 22 R GE R AL I S | s v 2 0 25 S5 R 56 T A5 B U0 F Ay

ghr - HA B B AYS e e, FWIE B B R rT R,
FIF JE S TF R BAR U AR A5 AT 45 . T — B BE A B 9% 3 0
BT A3 R Z B0 A 38 DL L R sl D s O RS AR R O
L2 SN {5 B i SN 35 A ]

£ %2 3Lk (References)

[1] ZHANG X C,DEMIRIS Y. Visible and infrared image fusion
using deep learning[ J]. IEEE Transactions on Pattern Analy-
sis and Machine Intelligence, 2023,45(8) :10535-10554.

[2] JIANG M X, DENG C, SHAN ] S, et al. Hierarchical
multi-modal fusion FCN with attention model for RGB-D
tracking[J]. Information Fusion,2019,50;1-8.

[3] vy, e X, HE4. 5, HLushbs TRABHEE KR
fzBab o X FHARLI] R#% 5 k#4547, 2019, 39
(5):1420-1427.

[4]LIGF,LINY J,QU X D. An infrared and visible image
fusion method based on multi-scale transformation and
norm optimization [ J ]. Information Fusion, 2021, 71;
109-129.

[5] NENCINI F, GARZELLI A,BARONTI S, et al. Remote
sensing image fusion using the curvelet transform[]]. In-
formation Fusion,2007 ¢g8§2WN143-156.

[6] LEWIS J J. OCAI W R J,NIKOLOV S G, et al.
Pixel- and region-R age fusion with complex wave-
lets[ ] . Info@ fision, 2007,8(2) : 119-130.

[7] B &, TetroletMBZFF rsh 5 TR LA ERAL]] LT F
F 2049 ,48(22:76-84.

[8] U P, ?)SHI M V,GAJJAR P P. An edge preser-

g mfiresolution fusion: use of contourlet transform and

rior[ ] ]. IEEE Transactions on Geoscience and Re-

Q te Sensing,2015,53(6) :3210-3220.
IAN L H, YANG X M,ZHOU Z L,et al. Multi-scale im-

age fusion through rolling guidance filter[ J]. Future Gen-
eration Computer Systems,2018,83:310-325.

[10] ZHANG Q,SHEN X Y,XU L,et al. Rolling guidance fil-
ter[ C]//Springer. Computer Vision-ECCV 2014. Cham:
Springer, 2014 :815-830.

[11] ZHOU J W,REN K, WAN M J,et al. An infrared and visi-
ble image fusion method based on VGG-19 network[J]. Op-
tik,2021,248:168084.

[12] MAJY,YU W,LIANG P W,et al. FusionGAN:a gener-
ative adversarial network for infrared and visible image fu-
sion[ ] ]. Information Fusion.2019,48:11-26.

[13] CHAN T H,JIA K,GAO S H,et al. PCANet:a simple
deep learning baseline for image classification? [J]. IEEE
Transactions on Image Processing: a Publication of the
IEEE Signal Processing Society,2015,24(12) :5017-5032.

[14] LI M K,LI M,ZHANG P, et al. SAR image change de-
tection using PCANet guided by saliency detection[ ] .
IEEE Geoscience and Remote Sensing Letters, 2019, 16
(3):402-406.

[15] LINDEBERG T. Scale-space theory:a basic tool for ana-
lyzing structures at different scales[J]. Journal of Applied
Statistics,1994,21(1/2) :225-270.

[16] LIS T,KANG X D,HU J W. Image fusion with guided
filtering[ ] ]. IEEE Transactions on Image Processing: a
Publication of the IEEE Signal Processing Society, 2013,



58 BT AR

20234F11H

22(7) :2864-2875.

[17] B &, 5 A, Rk . ZRA S A B 5 4RI 409k
ST RABGeA)] g5 ki#ESH,2023,43(2) .
590-596.

[18] LI H,WU X J,DURRANI T S. Infrared and visible image
fusion with ResNet and zero-phase component analysis[ ] ].
Infrared Physics &. Technology ,2019,102:103039.

[19] HOSSNY M, NAHAVANDI S, CREIGHTON D. Com-
ments on “Information measure for performance of image
fusion”[ J]. Electronics letters,2008,44(18):1066-1067.

[20] ASLLANTAS V,BENDES E. A new image quality metric for
image fusion: the sum of the correlations of differences[ ] ].
AEU - International Journal of Electronics and Communi-
cations, 2015,69(12) : 1890-1896.

[21] ROBERTS J] W, VAN AARDT J A,AHMED F B. As-

sessment of image fusion procedures using entropy,image

quality ,and multispectral classification[ J]. Journal of Ap-
plied Remote Sensing,2008,2(1) :023522,

[22] MA K D,ZENG K, WANG Z. Perceptual quality assess-
ment for multi-exposure image fusion[J]. TIEEE Transac-
tions on Image Processing:a Publication of the IEEE Sig-
nal Processing Society,2015,24(11) :3345-3356.

[23] RAO Y J. In-fibre Bragg grating sensors[ ] ]. Measure-
ment Science and Technology,1997,8(4) :355-375.

1EERT:
o B(19899), 4 Bk, TARIE. BRSCSUR RIES T A
HLEBRL.

EF 992, AR, BY B T REIG, WFIT A SR,
B RER A A %
X\ B8 55 (1997-) , B Wi+, TARIW, WF5T4mR . R AL H,

FAp kg (19995, B AL, TRIT, PR WE %>, Bir

(B8 24 TD)
4 %2512 (Conclusion)

A SCAERT VGGnet P45 #E4T U046 R0 W0t (9 BE Al - A
sVGG M2 , SR FAFE /NG A DX T i 22988 R i 5968 1) T1WT 14 3
EUEFN T2WI B4, 43 5145 s-VGG-T1 Ml s-VGG-T2 A 5,
MikAEH s VGG-T1 5 s VGG-T2 f§ P.R.S 8454 535 3|
0.937.0. 839.,0. 829 5 0. 925.,0. 810,0. 802, EA AL B K
G TERE . ARSI S R SERD I, 45 A U R S o
B IE IR 12 W 25 5, 0 8 IR = BB I R 12 W R

T T A SCH A DL-MDT #5758 LA B 47 (412

TENE IR AR H 32 W 0 R ATl R AR R 380

£ 2% 3Lk (References)

(1] TR B KU, R R A, Ho o A K
J]. BREH&HEFLE,20

[2] RADES D, FEHLAUER F,1

ferentiated neurocytoma:

>
L)

mamtﬁ@%ﬁﬂﬁm%%%*%@%@%%ﬁa;‘
) &

K,et al. Well-dif-

best available treat-
ment? [J]. Neuro-Oncology@905,7(1):77-83.

[3] LITJENS G,KOOI T,BEJNORDI B E,et al. A survey on
deep learning in medical image analysis[J]. Medical Image
Analysis,2017,42:60-88.

[4] MOESKOPS P, VIERGEVER M A, MENDRIK A M, et
al. Automatic segmentation of MR brain images with a
convolutional neural network[]J]. IEEE Transactions on
Medical Imaging,2016,35(5):1252-1261.

[5] &R, Zmm.EEM BB V-C-Net B A4 2 W 24 s i
AR S Ek B R[] St T42,2022,25(12):37-43,

[6] sk, sbihak, Zib, 5. R AR Z W AR Lk 4%
#[]]. #RHF7),2020,19(4) : 84-88.

[7] ARTHURS B J, LAMOREAUX W T, MACKAY A R,

P
\: N
et al. Gamma knisurgery for vestibular schwanno-
mas: tumor c@ntrolgand functional preservation in 70 pa-
tients ] ]. Am
Clinighl Trialg2011.34(3) :265-269.

[8] BLEISSIGPA, JENKINS V,CATT S, et al. Multidiscipli-

% ms in cancer care: are they effective in the UK?
g, The Lancet Oncology,2006,7(11) ;935-943.

ERENT P,SCHMAUCH B,JEHANNO P.et al. Detec-

Journal of Clinical Oncology: Cancer

tion and characterization of MRI breast lesions using deep
learning[ ] ]. Diagnostic and Interventional Imaging, 2019,
100(4) :219-225.

[10] by s, 22 %, AT 3D CNN 4 i R o 3k,
KA, 2019,45(6) : 749-755.

(1] B R A 2R F. DA R MRI #2152
(0], P a3t 3 2 %,1997,31(8) :520-523.

[12] ENGELHARD H H. Progress in the diagnosis and treat-
ment of patients with meningiomas. Part I;diagnostic im-
aging, preoperative embolization[ J ]. Surgical Neurology,
2001,55(2):89-101.

fEE AT -
BN (1989-), 5w AR, BN, A5 . PR A# RS AL
L 2R,

x| #1980, 4, -, W R, W o Ak . L 4R AR5 4
R, ARICGHEEE .
f 4% (1982-) . L AL B AR BE T, AR 40 0 . il 28 R G5 b

FCHATT .
Mo (1978 4 AR IR BRI, BFE G P2 R G R
HHRTT .

FAAM(1994-) B ARE £, WP B IRIR T AR .





