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Infrared and visible image fusion with improved residual dense generative
adversarial network

MIN Li*, CAO Si-jian', ZHAO Huai-ci*', LIU Peng-fei®, TAI Bing-chang®

(1. School of Mechanical Engineering, Shenyang Jianzhu University, Shenyang 110168, China; 2. Key Laboratory
of Optical-Electronics Information Processing, Shenyang Institute of Automation, Chinses Academy of Sciences,
Shenyang 110169, China; 3. Excellence Xin Shi Dai Certification Co., Ltd, Shenyang 110013, China)

Abstract: The current infrared and visible image fusion methods based on deep learning usually cannot perceive the
saliency region of source images. As a result, the result of image fusion fails to highlight the respective typical features
of infrared and visible images, and the ideal fusion effect cannot be reached. In response to these issues, an improved
residual dense generative adversarial network structure suitable for infrared and visible image fusion tasks is designed.
First of all, the improved residual dense block is used as the basic network to construct the generator and the discriminator
respectively; the squeeze and excitation network based on attention mechanism is introduced to capture the salient
features in the channel dimension, which will preserve the thermal radiation information of infrared images and the
textures information of visible images adequately. Then, the relativistic average discriminator is used to measure the
relative average difference between the fusion image and two source images respectively, so as to instruct the generator to
preserve the missing information of source images based on the difference. Finally, the experimental results on multiple
image fusion datasets such as the TNO, prove that the proposed method can generate fused images with clear targets and
rich details. Compared with the fusion method based on the residual network, the edge intensity and average gradient are
increased by 64.56 % and 64.94 %, respectively.

Keywords: image fusion; residual dense block; generative adversarial network; attention mechanism; salient region;
relativistic average discriminator
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T A2 L R SR AR B A 1R ) 5 4.

A, 20405 0] WG MR Rl 77 0T A4t 4
T3 R JE 25 20 7 k. A% G 77 V8 A 75 () B AR
Htons BB BEAT AL R, I 22 R AR BRI B R0,
HIX LA 5t 77 1k B R 2T vt B AR 1 BR o i
HTE A N, R SRR AR R AN . BT IR )
Y MG Rl 732, R0 FH b 222 X 8% 55 K ER) AR AIE 27 ) T
X U BT REAE SR ORI il &, B o s B AR A R
K5 JE. I Zhang 5 R 7 —MhBE T B ARAH 22 I 2% 1)
I8 FH % kA HE 22 (image fusion framework based on
convolutional neural networks, IFCNN), Jf 55 25 6 35 5
ARG A8 R 2 B B AT B 9 )32 A e 0 Li 45D
2t — ol S ) 1 20 TR R A R 2 X 24, A 80 B
TR BRI g2, (A B B BT CNN [ 5 iEA
ARARI T BT 5 A% fib S 10U e B

9 T SEI AU B B R BB I s 3 i B 55,
MaEOYs A= Bl X BT W 4% (generative  adversarial
networks, GAN)! 5] N\ 2| 21 #b 5 ] WL G @il A 4T
55, M LA B BT Rl Z0 A0 R AR 3R 0k S A0 B n 1
AL BB B B, 0] 28 47 51 X R PR 5 e A
R, ARG BURLEXT P28 T R BE R B8 I B P15
S TE L EEA b, Fu 58878 A2 s v R A Bk R 3% 422 il
Al WG kR AR B, 3 — b 15 T ph s B K
SUIRYHT . AR X P M R TG U AR R
PE DX, /T 2 Rk 71 S O SO A0 7, S AL Ak
H Aronf B B 58, A2 ) Rl B 38 o vk R I 2R H R
T PR i B A AAE

AR F A ), 5 P s T R AL A
Tk 222 5 G 1B RO R 4 (1) 2040 5 0] D' G il 5
S, R TR AR I A ) DB AR B B 2
WY, 5] A AR A ) 2% SR A TR R ) R
PEIX 45, [ I 47 SR 21 A0 EHR 1 1T 5 B ARS S AR W
BUE I 1 505 5 FL Uk, ) Ja O A T~ 59 4 il 85 225
¥, a0 Al SR BB S A0 EUR AEAR R SR 7 THI
Rl PR 5 RT L FE AE Ao0 52 7 T 1) D % 8, A o0
PR 5 A RS R P AR RS S, SRS AR 1A
G ERS FE AT RO
1 EARHE
L1 RIS

GAN & %k CNN 2 J& 75 — Rl AT IR L 2 )
PR 32 B R AR 7E A 8% (generator, G) FI1H Il #%
(discriminator, D) 2 [B] & 37 — M /N OK I 2. 7
5T GAN LA 5 7] WG R Rl & AR 55, 22 B
T3 /MU S BB (Po) SIEEE (Paata) Z 1A HIEL

3850 Ai 22 5, FUI 2% ST R OK PR BE 3t [X 7 7 i P AR
G5 DRI Z T 34

min max Vean(G, D) =

EyrPyy,l0g D(2)] + Ernpg [log(l — D(G(2)))],
(1)
Horp EAGR I,
1.2 BRETRERMLE

Radford 551 $i2 H 4 25 R 28 I 2% A Dy BE Al &5
o, 5 S AR RS0S4 ) AR s 2% AN K 1 45, ) FH CNIN
SRR R RFE SR B RE 1A T+ T GAN IR, (BAE
2t CINN Fifi A5 [ 28 7R B 189 2 H 301X 28 38 Ak [r] 8,
6] JZ IS BT B 7 R .

Bt b IR ) 8, B 22 R 2% (residual  network,
ResNet)!0 3 i & 57 5k 22 1% $2 (e 08 G 2400 8 5
JERR A IR AN R A R SRR AR (0 B D AE B AR R
W 2% (densely connected convolutional network,
DenseNet)!'!! i1, &3 2 48 5 10 18 48 5 0 Fr B 56T 2
AT AN T — Z RN, B gt — 2 nsa 2 2
J& B4R 1 BE /). Zhang 55121 £ H Bk 22 % 4 1% 12
4% (residual densely network, RDN) [i] i Fi] FH 7% 22 2%
SR A B T BE RS B R ER
AIE AN 3k =) AR AR Rl & P2 SRR S R ). A T AR
o34 BUJE R BB EAE B, A SO — M A v
B JIHLH 23k 1) 5k 2 % B2 3 (residual dense attention
block, RDAB), &5 14 111&1 1 775

v
Conv IxI]
| Mish_|

[ Concat|
Conv 1x]
Y
v

y
Conv Ix]
| Mish |
A | |€
Conv Ix]
| Mish |

Conv: convolutional layer
@ : addation
Concat: concatenation operation

1 REBESIENR

> RDAB & 3473 3¢, fRAE BE 5 78 70 A1 F A
TAGRZ S A AL, 72 SIS RS
1 1 RUZ A AR RS AE Wt B (IR B A 8 5 A0
THE A, R 2 3 RGN 33 S RERZ,
TSR BUR AR AL B 5 — = B 1< 1 G AR T I IE AR
T J5 AR B PR 4L B, SE IS B TE 5 B A H. N
T 853 A B e S A A B B A R A 7 T PR A
5, 8 G AN N IX 5y o B FORF AR 3 B A5 B TR, ST

Mish: Mish activation function
Att: channel attention block
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X A F: kA EFEA BRI RN L 55T LR R R ERS 723

F 3 18 ) 7 B 7 AR (channel attention block, Att)
TR G 3 M X3k, T YRR S

FE R e A A8 AT Mish 30 2R £ AQ R F LY
ReLU Wi bR £, S At 58 m vt R A AR 1k, A 20N

Mish(z) = z - tanh(In(1 + €”)), 2)

HoA tanh A3 Tanh 305 2R 44
1.3 EESIHE

ERIINUBFF & NERI R RS, R IR IR R

(1%) E B B T e AT | BB, I DA 9 ik HE 45 5
) 28 A5 Y £ B v L (1) S 38 PR RRAGE, A M EE A
BURURFAE.

g1 N B K B M 4% (squeeze-and-excitation
networks, SENet)!!4 44 7 JE - 3@ 18 1074 =& Sy, i@
I IE (squeeze, Fiy)~ il (excitation, Fy) FHRFAIE E
P 7€ (scale, Fyeane), S 71~ 20 2 A58 T8 (8] [T AH A 615
R, 030 H BT RHRR AR 3@ T8 RYE 7, T 5 2 S R
BHGR 3E PERRAE. AT P 19 265 25 46 L 1 2 Pl s

N
>

GAP: global average pooling

FC: fully connected layer

Sigmoid: sigmoid activation function

2 BIEEEIIR

T S, I A SR 1 28 i A A A TR 4 FE s 4 R,
SREUA JR 852 B AR 5, 45 FH /B 3 Meish 0TS BR300 7
7% AE L& M 45 3% #2 )2 (fully connected layer, FC) &A™
R AIE 8 38 AE BORCE, - HH Sigmoid ST BRSO AR 5
A — Ak b BE; B 5, A 3208 3 DA 3 S BT B R
X b A R X, 58 ot B B L 1K) 48 5 A X 4F
BRI 55.

B A ()3 = ) AT A SR A 1 3 s, 2
B LLAMEUR, A M A AT WG EHR. X T RlA A 55
IRV B 35 VR X3k, an 21 4 EUE I B A AT ] L6 BB
1) LR SO A, IR T B R, DA e e AR i,
X 2% A 250 K FE e 5 OR3P S 0 R AR AS S
LA EUE I8 S a] WO BRI B A8 T 4R g i
RRAIE, 5 W AR AS B 5 52 38041

(a) sourceimages

3

2

1 1
0 =

(b) attention maps

3 GEENAIRMHR

N W

2 ATjE
2.1 RAGIEZRHEIR

FEAESL N 4 B, A — N AR A AT A )
a4 MG S R S 08 IS AR AR generator
58 AR Al B AE 55 A ) 8% discriminator_ir 71 3 [X ) 41
G 5 Rl A AR, 5 A RS AT X B, 2R
BIZ Of B 20 40 BIAZ ) #vis 5945 8, [A) 3L, 0 ) 4%
discriminator_vis 1 57 £ A il & MG R B v WO A
ST 2.

infrared image
— fused image discriminator_ir
— -
generator ’
—>

discriminator vis

visible image

4 EEIEZR

K D ARRE T 237 9 28 A5 284 1) EL AR I St 7,
WVRYE L. DRIUEAS B8 St v 0 =k & AR R
P H I 2% B AR X b a RS TR E B R e
71 PR, SR FH SE TR XU A s kIR PR IR AR R s
LRI 73 AR IR 20, 1 AR B e R R i 3
M. IR FE A R H Ltk 28 RMSProp BUBTHE R 24

HiE1 WA ZRid F.

input: ZLANENR 1, AT WOGEIME L,

output: Fi& KB 1.
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step 1: for M epochs do

step 2: for k steps do

step 3: AN ZLAR I 53 A R n M REA (T, 12,

LI

step 4: Ml & B 5 70 A R AE n PR (1], 17,
R 3T

step 5: VIl 5 H Jll 25 discriminator_ir, 3 55 7 45 Y
Y
step 6: M A] WG BAG 73 A H R A n ANFEA {1,
ST
step 7: Y25 514 discriminator_vis, F 55 #1514
24

1'2

R

step 8: end for

step 9: YIIZR2E i generator, 5B A S 44
step 10: end for

% R 2R

A B SR FH 4 5 45 - A AL 44 45 1 S IIURR AE 3R
Rl R R, P 2% 25 R T LS s, 5 RS B 414N 5]
WO BB BOAS R Re I, AR5 AE SR S B STy 32 45
F4). P % 73 A ZRAG A ) S BUO ST IR M 25 S5 4, BE
A R AR S 2% i 45 6 Bt TR & P R R 3
PRAE M G 78 70 SEHCHY 25 H bn s iE AN SCEE 20
TRHIL.

2.2

infrared image
/Bl [ [ 2l
O1E[1L,l |2 m e
a~—1<2<2%>z«
ol e & E el
- ©
AmRE B & ol | j
e )\ 2\ (BN [E] S
visible image

encoder

|

[ Mish_|
v

| Mish |
v
(Conv 33|
|_Mish |
v
Conv 3x3

| Mish |
v
| Conv 33

feature fusion
v
Conv 33

| Mish_|
v
[Cony 33|

fused image

|

decoder

RDAB: residual dense attention block

&5

FREAE B B 2% EH 7 A>3 38 45 F4 )= A1 3 4~ RDAB
M. 512 BT 5x5 B HAZ IR BUE 7%
JEHRFAIE; 1 A SR U AR R AR A g — 2P 4R
T X 4% HE 1 AR i 5 OR3P 2219 3 /2 RDAB
gh 3 I R 2 B RHE R 5 R 2 I RRE
B S5 38 3 235 R 64, DR 58 il i I — J2 B A8 R RRAE
fil G

53 S 4 SR R AR TE A E S, @il 5 2 B
) fife i 28 MG ARFAIE P B A HH il IR TE 28 25
I g — kR T #ik & )3 — 4k 2 (batch normalization,
BN), Kl 2 BN J2 18 i 2= 51 AL PR 5% 51 R il 1 2% 11
ZALRE 7,1 HLIBR BN 2 Re A PR TH B S At
FRAF 5 H.

2.3 Flal

TE 5T GAN B BB Rl & A 55 4, 00 2% — g R
& FH TG v N By B SEAE A I, BT SE SCUR
EUE N R & GO, R R 80 6 BHE
b B BARIEEUEAE B R, 51X 850 50 g5 15T,
T I ST ) 2 A BT KA BRI AR
I ZERE A A B DT s M 38 22 R B B I 2, T

Tanh: tanh acivation function

& AR R LR

©: concatenation operation

DU PR L R BRSO B L SR =, AT A 0
PEHLAE Tl BUE IR B IR EURAE B
17 ) B 2% discriminator_ir 7, 38 i ¥ 41 4 B 15
f) batch ¥ 5 fil & B4 1) batch H{EAF 2, fi 5
Sigmoid bR R ML 2] 0-1 2 [8], £ H — & 1P 2%
P8 Dra1 (1, 1) N
Drai(1;,1y) = o{C(L;) — E[C(Iy)]}. ()
Hoen RE IR I KA ER, o K
Sigmoid B B AL, C AR AEL AR 6.
el ih, 7€ discriminator_vis H, 7 W% K% 5 b
G EUE B 28R Drao(1y, 1) \IRIN A
Draz(1y, Ir) = o{C(l,) — E[C(If)]},

Horp 1, R ILE KA.

R P24 40550 25 I LS AE T RERS 4 i 5 BB
55 B 18] R 22 58, 2 B 4 22 57, AN b 3
SERUMEL & HRR IR R S

1 2 T RDAB (14 00 4 55 14 45 8 0UH0 33 2%, XU
o] 2 FR) D 248 S A R TR EL S O ST, 32 38 DX P et ]
B 5l & EG 0 H . 2k an i 6 fras. AH LT

“)
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& A E K& EFE A BRI IR L L 55T LR R aRA 725

a7 B AR R, o P BE R 2% (K W 4 S5 R RE s 3T
A FRIRE 0, B0 2% 58 2 SRR Rl A R S IR IR MR
() R 200 RO 45 ) 22 5, FFAE X D ISR i 4 i A il i
H AIFEAS i ),

Image: input image Lincar: linear layer P: probability of more realistic
6 FIRIZRMLELEM

24 IRKEK

AR RS A 2R bR S E 3 0 ) R, B A R A K
Laay~ SRS K Lgim FUBFNK Lper, KRN

L¢ = Laay + A Lssim + A2 Lper, 5)

Forr Ny AN AR 2% R B AR 2R

XA 2K & GAN H R O, AR I % Bt 84
fil G BB 3 A A& I R B BRHE 0 AT, A 2R

v

LaR;vi = —Ep,[log(1 — Drai1({s, Iy))]—
Er,[log(Drai1 (I, 1:))], (6)

Lid,, = —Er,[log(1 = Draz(Iy, 1))~
Er,log(Draz(Iy, 1,))], (7

Kb Er Er, M Eq, 73 3ARFERT batch HZLAMEE L H]
D6 PG Fn Rl B G S 1.

T S5 A AR A5 2 ISR L R EE BE AN S5 44 T
[ 21 AR A R S5 R R AR A,

Lesim = E[(1 = S,.1,) + (1 = S1;.1.)], (8)

H S, , KA EE SR EE 2 4 1) SSIMAE.

GAN A il gx It A FaE, FE MR R R LR IP)
TEOLR, i S B S A O 2. DRk, 386 hn 4 A i
YIZE ) VGG 16 16 2 R N 40 %, $2 A& S S5 R
FMGAEAG 2 ANTE LR AR AL DT

Lyer = E[l|6(f) = 65 + l6(F) = 6(@)II3),  ©)
St () 1A AV PR Rl A PGB R I R .
3 SBRS5ERS

3.1 ZWRE

EHU TNO. RoadScene F1 INO =A™ 3 7Y [ 21 4
507 0L % B4 il & s 45, 7E GeForce RTX 2080Ti
11 GB & _{# FH Tensorflow £ & 2% > HE 22 i3k 47 5K
5. bR O S AR AE B A A R S AR 2 )
BIMG, 2 52 Sk Ve R IR HERR VPG . IR, AN 3 AN Eidis
A &I th 40 XF LA 5 AT O BB, F g — 35

7984 pixel x 84 pixel (1] EHUR P LI 25 5., P #5126 L
20 Xt B 5 AE MR EE. epoch N 1600, batch size 4 12,
F213090.002. ZHA = 0.2, Ay = 0.001.

3.2 XfEESEE

X Bl S5 A e B T 6 i B B ) AR R S T T,
53 7l /& FusionGAN J5V%. £ 77 K2 W (GAN with
multiclassification constraints, GANMcC) A vEI81, XX
533 M %% (dual-branch network, DBN) 57"/, IFCNN
771 6 5 R 5 FE LU 48 £R4F (proportional maintenance
of gradient and intensity, PMGI) /7 ¥£2% DL J ok ZE i &
P £ (residual fusion network, REN-Nest) /77EP21. M 3
AW AR Fh e B )50 43 BG5S an 1 7 P s,
545 R AT REAEAE AR AR

7840 %7 b S AR A EORR 1R R 4 Ak H B AN
R WO AU AT, IF 45 A & FR R AT IR
Mr, 7] L5 DL T 458 FusionGAN J7 V48 FH 28— 1K)
XTHUEEA, K e 78 4 SR HUR] IOG R UE B, S ERS
B TS s X Sk 2K O B S0 40757, GANMCC J7 {8
F 243 R 2 ARAE Rl BUZ A P48 [ B Ay o 8 o s
B BVRFAE 3 A7, A S5l 2D o PR A 2 25 R AR (R 40
KRR H fil & G A S MBS B, T 5 X3
AR DBN J7 V5K 2 1R X 53 3 1 Bl 9 L 258 S5 1)
Bt /b xof E ML RURRAE A 4 1, 8 R A BRE BOTAR, A
Y B AR LERE L5 1 S AR E], RAER H 4040 H
iy IFCNN J7 248 ()6 AR 2 500, E S VR AR o 7%
AN ] G 25 2R T U R E A B tH R A 1
BAFLELL AN EUR B e 75 48, 3 BUF M FE A % PMGI
JPERET 7 R TR TR Z R R FE 4R,
S TR R, A R A B TP, A RUR B
#2; REN-Nest J7 VA8 F (19 B 30 9 6% 2% 3% 5 40 41
AT, SR G BB LA AR B BRI, A8 S
IS VE R INLEA RG] 30k 22 2 AR A NN 4%, 7R
SRR G T U5 EUR SR, A ) G LA
S B AR BTSSR g, R U AR
NN HR &7 38 P 9 7 T 00 T FeAthont b v,

B 1 30T TH AR R AN, AR SO U 55
(edge intensity, BI). “F-$2J#f ¥ (average gradient, AG)+
7% [A] 471 % (spatial frequency, SF). H.{& & & (mutual
information, MI). #r#E 2 (standard deviation, SD) Fll
HL5E AR ELE (visual information fidelity, VIF) 1 42 M
fabr. € Bl B S FIEAE R A%, SrHaT . Ui
G B SRS U2 Rl JoT = R R i 288 SR 7 T ) 1
CIEUaa O b2 Sk (=1 7 3 S A CIE (=R AR AR S B
JoR.

=
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(b) VIS

(c) Fus10nGAN

(i) proposed
E7 sttbsIGsER

KRS FEAEA [F) BOHE 4R 1Y) 6 T A b o 357 BUAS B3¢
R R, 5 E MV &5 ATV &, Hoh, 72 TNO HiE
£E P, FH EE T REN-Nest /772, #8475 EI. AG Rl SF 42 T
B3R, 20 R TE T 64.56 %0 64.94 % A1 83.71 %o, HoAth
3R AR AT 2.78 Yoy 24.07 Yo A127.78 %o [ H2 TH R
FE. & WL AE bR B P 45 SRR B T BT ER (0 S A
J7 VR B 3 BT Rl VR 1) 30 2 S0P 20 1 AN Bl
FE, 08 B VR UG ) 2 35 R AiE, HLR G R 7T & N8
AL R4

BEAh, AR EE X EE T % BE R T B s AT

A, G5 RAR 2 Fon. 5 HAl SR b, AR S5 9 7
WE%ﬂAﬁﬂﬁkLﬁﬁﬁ R i DN A
TER N 25 G5 A0 AR R AN ). 1l 5 A ik i) ) 45
i 28 349 fa FH] Bt i FR) 5 BB B, REN-Nest 5.3 (1 2 it
2K £ B ZE R R G, T AR SCARIR O T TR o3 R
BB IR R RFAIE, A5 1 5 2 2% 1 5 e 22 o B
B, G0 TS A AR B S AR T I
TEAREESRAT, X EAF I SHREDR, 2 PR RCR
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F1 LS EIFNHER

Trik:

HiEsgE Bz
FusionGAN GANMcC DBN IFCNN PMGI RFN-Nest proposed
EI 25.78 27.81 2717 4979 4033 31.86 52.43
AG 257 273 2.68 5.09 3.94 3.28 5.41
SF 6.36 6.43 6.24 12.52 9.24 7.49 13.76
TNO MI 13.01 13.45 12.77 13.52 14.11 14.03 14.42
SD 28.96 32.85 2452 3389 3732 37.56 46.60
VIF 0.52 0.61 0.30 0.62 0.89 0.72 0.92
EI 37.49 40.42 3737 5435 5272 4230 56.00
AG 3.53 3.76 3.59 5.7 4.94 3.89 5.53
SF 8.67 8.60 8.83 12.10 11.52 8.75 13.52
RoadScene  p\qy 13.98 14.28 13.02 13.91 14.52 14.34 14.86
SD 36.05 39.96 2549 3416  42.80 40.88 47.42
VIF 0.36 0.50 0.26 0.52 0.58 052 0.62
EI 35.87 37.01 3934 5662 49.62 43.45 58.81
AG 3.40 3.46 3.73 5.44 4.66 3.98 5.76
SF 9.98 9.49 1085 1424 12.81 10.47 15.24
INO MI 13.26 13.85 1337 14.00 14.06 14.32 14.57
SD 30.49 38.07 3243 4171 39.47 4428 52.60
VIE 0.41 0.57 0.41 0.69 0.67 0.66 0.87

#z2 BEZMFEYEITEE

FusionGAN GANMcC DBN IFCNN PMGI RFN-Nest proposed

mean /s 0.55 0.90 0.04 0.02 0.72 0.26 1.16
3.3 HmASCE

91— B E SR U A O, TR 2
YRR R JI AL PR 7 D3R AT Y R SE 5. SR 3L
B A, AHE: 1) Az B R A B s Al A e s A H G
TERIHLHE] (Gonn + Donn)s 2) 22 B A1 il 45 70
A FH Ak 22 3 B BRI 5 38 5 AR HL 38 TG v = LR
(GroB + Dcnn); 3) A2 s £l A 7 25 [7) B A FH T v
BB 5 22 % R B (Gros + Drog): 4) 42 LA}
R ) 1) 2% () B A P G v T T WL 1) Bk 2 B R R
(Grpag + Drpap). SE545 R4 K 8 Fs.

55 1) 20 5250 TR 4% S5 CNIN (1 I 2638 48, 1] R, i 4
BHR A RE TR B L0 A R R oy RSB B S 2) 4
SIS AE AR A G Nk ZE B AR S, A Rk T
(B JEHFAIE ) 5 2R AR TS S X I3 o 1 U8 405, (H AL
A B AR I G AGR, 5 DR ) ) 45 ) % 45 A 1T L, 4 03
RE 71058, 3 B0 AR R A5 B AR 0 VI s 38 3) 5 B
TEHI 2% h 5l NFR 22 % AL YUG, BlE BUE B bRl 4305
Wb, 2 BH A2 21k 235 ) (%) 4 1) i ELAG B 9 %) 40 ) e 0, e
N 2 T AR i () R LG &= (R R S
KR B AR TE T FE DA FE T S ) AL ie I N T
R IHLE, R R LD AR ) B AR DXCIECR AT WL
BIE SIX I8, A RG] 3 2% Rl s R A B3 1 5
RS FFAE, {4 fl & BRI AL T B s B B2 H A 3 £ i
BRI WOGIEMR, 256 2RI B i, 32 P A e A 4k (1) Grons + Dioas

8 HRASLIZER




728 # % 5

xR %38 %

4 &

ASCHE T — b e ) 3 3 v R 2040 5 ] WL
G R A 7k, B T BRI, TR E R R
VE R ISR R 0 25 T 235 g, A A Rl A K T R 5R
FET 2L AN EHME R S B bR ATe] DG EUE I JR 40 5
REAIE; 5T FH A SXoF T 25 4 ) 245 ok 0 BB 5 R %) A 6
B, Ak ) 4 B8 T R B SRR T AR R
K8 Rl & M RE; I A 2 A A T iR 55 Bk AT Ik
EEATYH Rl S5, 2R B 1 et s i 7 vk HL B R Y BEMR
RlGPERE. FTIR A G H T S U B B & R Gt
S5 — R0 BIG b E RS B EOR B R A BRI [R] AN
U B R R VL 5 I 3 55, (ELAE 50408 (1) S I Ak P e
T HAFEA L. R R¥ a5 N BT 3 Z L
[ transformer DU GAN W £ JE 7l 45 44, DL A e % 7E
338 i 11 B FRD ) P B TCAR RY 52 0% 2, SCRFIFAT A AR 35
Noa] DA SRR B AT S ST RCR.
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