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Random-valued impulse noise detector using

local spatial structure statistics

Yu Haiwen, Yi Xinwei, Xu Shaoping, Lin Zhenyu, Liu Ruirui
School of Information Engineering, Nanchang University, Nanchang 330031, China

Abstract: Objective Random-valued impulse noise ( RVIN) is a common cause of image degradation that is frequently

observed in images captured by digital camera sensors. In addition to degrading image quality, this type of noise also leads
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to pixel failure and inaccurate storage location or transmission. The presence of impulse noise may also introduce difficulties
in feature extraction, target tracking, image classification, and subsequent image processing and analysis works. For
RVIN, the noise value of a corrupted pixels uniformly distributed between O and 255. In this case, detecting the RVIN is
very difficult. The available local image statistics for RVIN detection, which are used to determine whether the center pixel
of an image patch is corrupted by RVIN noise or not, have are latively weak description ability, thereby restricting their
accuracy to some extent and affecting the restoration performance of subsequent switching RVIN denoising modules. Method
Nine local image statistics, including eight neighbor rank-ordered logarithmic difference (ROLD) statistics and one min-
imum orientation logarithmic difference (MOLD) statistics, were used to construct a highly sensitive RVIN noise-aware fea-
ture vector that can describe the RVIN likeness of the center pixel of a given patch. Based on this vector, RVIN noise-
aware feature vectors extracted from numerous noisy patches, their corresponding noise labels were formed as a set of train-
ing pairs for a multi-layer perception (MLP) network, and the MLP-based RVIN detector was trained. Result Comparative
experiments were performed to test the estimation accuracy and denoising effect of the proposed RVIN detector. The pro-
posed detector was compared with several state-of-the-art image denoising methods, including progressive switching median
filter (PSMF), ROLD-edge preserving regularization ( ROLD-EPR) , adaptive switching median ( ASWM) , robust outly-
ingness ratio nonlocal means (ROR-NLM ), MLP-edge preserving regularization ( MLP-EPR), convolutional neural net-
work based (CNN-based) , blind convolutional neural network ( BCNN) , and MLP neural network classifier (MLPNNC),
to demonstrate its estimation accuracy. Two image sets were used in the experiments. One image set included the “Lena” ,
“House”, “Peppers”, “Couple”, “Hill”, “Barbara”, “Boat”, “Man”, “Cameraman”, and “Monarch” images,
whereas the other set contained 50 textured images that were randomly selected from the BSD database (unlike the noise
detection model training set) . For a fair comparison, all competing algorithms were implemented in the MATLAB 2017b
environment on the same hardware platform. To verify the estimation accuracy of the proposed RVIN detector, we applied
different RVIN noise ratios to images taken from commonly used image sets, applied the proposed detector to count the
instances of error, false, and missed detections for a noisy image, and compared its performance with that of existing classi-
cal RVIN noise reduction algorithms. Usually, a higher rate of error detection indicates that more noise has been left unde-
tected in an image, and a false detection can reduce the noise of normal non-distorted pixels during the noise reduction
stage, which can lead to blurry images. The total number of errors represents the number of missed and false detections,
whereas a smaller number of these detections corresponds to a lower algorithm detection error rate and a better image quality
after noise reduction. Experimental results show that the proposed algorithm has a relatively balanced number of missed and
false detections and ranks second among all compared algorithms in this respect, thereby offering a solid foundation for the
subsequent noise reduction module. In the second image set, we combined the proposed RVIN detector with the generic
iteratively reweighted annihilating filter ( GIRAF) algorithm to form a RVIN noise reduction algorithm. To verify the effec-
tiveness of the proposed detector, we applied different ratios of RVIN noise (i.e. , 10% , 20% , 30% , 40% , 50% , and
60% ) to 50 textured images and recorded the average peak signal-to-noise ratio (PSNR) of these images under each noise
ratio. Experimental results show that the images restored by the proposed-GIRAF algorithm achieve the optimal PSNR under
each noise ratio and that this algorithm greatly outperforms the Xu, Chen-GIRAF, and MLPNNC-GIRAF algorithms. The
proposed-GIRAF algorithm also outperforms the second-best algorithm by 0. 47 dB to 1. 96 dB in terms of the average PSNR
of its 50 images, thereby suggesting that the actual detection results of the proposed noise detector are the most effective for
the subsequent noise reduction module. Experimental results also show that the proposed RVIN detector outperforms most of
the existing detectors in terms of detection accuracy. As such, a switching RVIN removal method with an improved denois-
ing performance can be obtained by combining the proposed RVIN detector with any inpainting algorithm. Conclusion
Extensive experiments show that the estimation accuracy of the proposed MLP-based noise detector is robust across a wide
range of noise ratios. When combined with the GIRAF algorithm, this detector significantly outperforms the traditional
RVIN denoising algorithm in terms of denoising effect.

Key words: image denoising; random-valued impulse noise (RVIN) ; local spatial structure; eight neighbor rank-ordered
logarithmic difference (EN-ROLD) ; minimum orientation logarithmic difference (MOLD) ; multi-layer perception ( MLP) ;

detection accuracy
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KRS x5 B H Q, i, g E S (i) 5
FEAE N x,;  HARBUR ZR SO 8 AN K/ R 3 %3
Wik 2,(k =1,2,---,8) MKIGHRE A
T H R R A ROLD fH, id i EN-ROLD,,
AT A — 1 35 AR f8 J) 8 — 1) ROLD f
R,

X
11 xl—l, i=1. 41
27 EoN 5%
J LJ J
QI QX 97
xi.j-l 2 x"si L i, j+
g QH g(»
X, X X,
B 1, Teer
Q Q Q

K2 EN-ROLD /R
Fig.2 Schematic diagram of EN-ROLD

PILLE 1T iy 2 AP B PA R PB g, 235l

BEel4s A 8 AT 1 H O R E S0 ROLD H, 45
RN 1 s, IR al g, EH PA B R S
8 AR Z 1) ROLD (A4 7E 1.0 IR, i &
P PB [ B ER A 8 ASABI8{5 2 1) ROLD {545
FE 1.0 Db, O AEH 3, 1 A 5 — 1 ROLD
A (23510 4. 423 8 Fi1 4,351 3) | JG vk % e ik
TTHRIX 4y B, % 8T 25 A & 9 EN-ROLD
it H % RVIN B #A fg ) th ROLD &¢ i1 B
B,

&1 [EHRPAFPBHFHEAFLOEESE ROLD &
Table 1 ROLD values extracted from the eight
subwindows of the patches PA and PB

EN-ROLD, PA PB
k=1 0.58 1.03
k=2 1.17 1.03
k=3 1.32 1.08
k=4 0 1.13
k=5 0. 82 1.07
k=6 0 1.42
k=1 0. 69 1. 06
k=38 0.83 1. 06

2.3 MOLD %it&E
IR B EN-ROLD e AE (R A4 1 34 BE

PO, (E X PR S B AR 1Y = DX 1 R AT AR A
G RIRE . Ry T DR IX — [, 5 Ak RG0S5
MR GEHER E— 2 X WA R AR R . AE
—MRAAHK (2N +1) x (2N +1) ByJale O,
R lapc L AU S SRS B S O = RV DO b
LR R F AL 4 4507 1) R RBIRR R R Z R

KM, d,,d,, d, B KR
dﬁ = ‘yi,j = Yi,(j-N+n) ‘ (5)
d, = ‘yi,j _y(i—s\’+n),j‘ (6)
d; = ‘yi,j T Y(i-N+n),(j-N+n) | (7)
d, = ‘yi,j = Y(i-N+n) ,(j+N-n) ‘ (8)

K, 1 sn<2 N, RIEXEA T BN ZERH#HT
SNSKAN, Fefaxf 4 A J7 1) b 2808 RV e/ ME
VEXTBUZ S , LA AE il B ZRs i GE 1
Ak {5 ( minimum orientation logarithmic difference,

MOLD) , BJ



$25% /512081 /2020 F 12 B

FisE, Bk, /ROFE, MBE, WEE
BEMFESEX RIS RVIN IR T25

MOLD =

g (min 3.t 3, 3, 3 i)+ 1) (9

e b, WA R R S MOLD S HE L
IN BT LA IR R RO IE T 5 AR R R
LA 1 g E B PA F1 PB R4, o] LA H K e PA
DB RE TSR R AL B PB R R A
DU T3 DX, i A [T R R Y MOLD
GG AR 4 ) R 0.32 A1 116, B B 251,
PRl , MOLD RFAE(E AT LA Bl B W Jy R 2 11 v
BR FRIEE BN SR RIS Ik s
2.4 MRFEKIR

5 Turkmen (2016 ) i 75 2 280, A SCH ] MLP
PRZE 2 K AP B B SR IR RVIN B R RO R AR
Ot AR MRS BRSO TR AR A
B 4% N BSD ( Berkeley segmentation data) %§ 4%
(Arbeldez 55,2011 ) Hh e IBCE T @ I 4R Jo 2k H K&
FE X} i Gt i AS 8] G A (O ~ 60% , [IFR 1% ) 1Y
BERLIK g rs SR I B RS JRR 3R IBCE T
P EA m A BRI R EE S K5 0 )l
R PIC oy P WA IR PR IO R R R
8 4~ EN-ROLD HiE Lk &% MOLD i1 Z 454, 3% 9 4~
RVINWE 5 BORURRE , 14 5 RE 96 v A $8 A8 O R R

SRR MR A RRIE R A, D
F, = (EN-ROLD, ,EN-ROLD, ,---,
EN-ROLD; ,MOLD) (10)
K, EN-ROLD,; (j = 1,2,---,8 ) FoREA P,
PR HME Y 8 > EN-ROLD ¥§#{E, MOLD
NHGHFE, R IC AR B P, P8R S
NIREREAREE L e 10,11 1 ORI IR R 0 3£
IR TER R BB BT A TR H B R AIE 2R 2 R OK 7 1Y) I
FE bR 25 1) L ) 45 5 Y 1) e A e s X L (F L)
(F,,L,),,(F,,L,){ CFxL,®{th, (F L),
(F,,Ly) F1 (F,,L,) FRRHIER B 5 W bR 25 A4 1
F18y s A\ B 3 %
FHT I 25 0 754G T 5 Y 1Y MILP ) 2% — Ay
2 REER, AR AR & F i )2 e s
PR LA 3 fros, B A o PR AR e — > i
JC, A+ 17 AR A [ AR A T S B RN
AN | ARGt VY BCEE SRR
Y o= WY 4 p ) (11)
2o, o) REE R, W ORI k- 1 2
55k JEHZICIAE, YU ONEE k- 1 A RRZ Y
W IEE A kAR A, b R kM
ZRIZI A B o AS SO P BE HLAE B R [ (stochastic
gradient descent, SGD) B k#7145,

- EN-ROLD,

. EN-ROLD, |

| EN-ROLD, L

| EN-ROLD, —\-

___________________

B3 JT MLP R R 2R 2 iy
Fig.3 The architecture of MLP-based RVIN detector

2.5 HWNEBFTIERE

XFLE w < h (w AT, h ) HEF R
1 e LOE I i ORI n = w x b AN K
/NS xS R B (5 R E R SR K AR,

ATLAR AR 5 J5 EMG R S BOM [ B e ) o
U AR EURE S B e 8 4~ EN-ROLD ¢4k Fil MOLD
REAEAG SRR 25 o AR SCHE Y RVIN £G 25 58
b o N S5 ) MILP R 7 65 3000 455 780 T 1) 4
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IE 5% £ W SF Ay XoF 0 ) MR 7 s 28, e 2 AR i O il £
SRR 30T 0 st A - M 7 T DR /N — B ) M 7
PR RE . MR bR 2 I, J5 2k 8 B S E ]
DAAR J7 (5 3th R S 2 75 %o BEAR v 9 B MR R mE 3)
BRI,

ROLD GEiHME R TR AL AR 72 P #RAE M #R4F
QA PHRAEIRIH A PO ERR S S 0N HAL
BRI B, M R AETR X BT A B e (e R
7, Q BRAEFE X R4 T A~ /N B (B A 2R AT 220
HAr B 5E 8 — IR P RAE R HRAT IS B]E N ny , 520K
— IR M EAERPAT IS RIC N ny , SERL— IR Q BRAE
AT E A g . ROLD 563 HE (711 /)
H5 x5 ) I AR D) B OB RS S E
F N HAB TG R R AU Z R BE 2, L5558 g 24 K P
AR 2) X BB R HE R, 25 58 A 2410g,24 X M 18
PE33) WA 12 A de N B (R A7 20, $4 55 58 1
11 % Q4 4E, B itk, ROLD 5 it {8 19 & 4% B K
0(24n, +24log,24ny + 11n,) .

F—J7 1, TH5 1 4> EN-ROLD ZEiHEm, J5 7k
BHRANA 3 x 3, fr LI 58 1 8 I P #:4E

8log,8 WX M #R:AEF1 3 Yk Q #4E, Wit 8 4~ EN-
ROLD ¥R F{H W) &5 24 E B 0(64n, + 64log,8n, +
24nq) o TE 14> MOLD R¢AE(E, 76— D7 ) b5
BESENL 4 I P ARAEAT 3 W Q #R4FE, MOLD R¢ Ak H 1)
HWREARE N 0(16n, + 12ny) (4 DJ5I) ERTHE
B o PRI AR SO Y RRAIE K 5 (8 /) EN-ROLD
FRIE(E R 1 /> MOLD FRAEE) I 24 O0(80n, +
64log,8ny +36n,) , HitF w218 22 i ROLD ¢ it
{EY 3 152, H5E, Dong 45 A (2007) # i ) ROLD-
EPR S8k 2058 18 22 Yk AU 75 204 o 6z 0 1F 1
T B o R B, MG P 4G ) 5 g R A e 5 8
ST, TR R AR 2 R BRI
PRER AT RO (M AL DL T k3] 6 ~ 8 ) K
I, % ROLD-EPR 5332 5 M 75 A6 I 38 4 I i 114 592 B
HRRRARIR B LR 2 52, 75, 5%
FROE(E + BIL & 27 2 19 W8 75 4G I 25 AH LG (Roy 4%,
2016 ; Kumar F/I Nagaraju,2018) , ilf 42 H 1) RVIN I
FERIN g A TR S B AR 22, O TE R AR (32
IR PATRCR Ty T A E L BT MLP f 2%
1) RVIN B A6 I 25 1) TAE AR an &1 4 Fros o

st e

M T [ MR B F, L MR PR 2 RN D [ 5
' L MLP o '

L " L =

ECTT NG L T TN IR

PFHERE | g | i VL

% o i o

|2 | il P

F L

P4 JETF MLP 45 RVIN M G s 4 T AR i f
Fig.4 The pipeline of the proposed RVIN noise detector based on MLP network

3 KBEHH

3.1 MHXEIRR

T VERE BB A RVIN AG I 88 19 PR RE, 548
HLf{) PSMF ( progressive switching median filter) ( Zhou
I David, 1999 ) . ROLD-EPR ( Dong %%, 2007 ) .
ASWM ( adaptive switching median ) ( Akkoul %%,
2010) , ROR-NLM ( robust outlyingness ratio nonlocal
means ) ( Xiong F1 Yin,2012) . MLP-EPR ( multi-layer
perception-edge preserving regularization ) 22 = ( Turk-
men,2016) [/ &z CNN-based ( convolutional neural net-

work based) (Xu %§,2018a) 1 BCNN ( blind convolu-
tional neural network ) ( Chen 25,2019 ) $2 H3 A% fiik i i
A R s b A g M R G T 4% L S MILPNNC
(MLP neural network classifier) ( Soleimany F1 Ham-
ghalam , 2017 ) W55 K 0 £55 FH LUAC , R T A6 4R L R A6 5K
A SR D o e 7 A 00 1 8 2R A i, MRS
DU AEAA 2N S BRI RCR 2 A J7 R TR . 5250
TE 10 g &2 SCHk i I B9 EHER (5 ) #1150 i BSD £
H K% ( Arbeldez 28,2011) | uE4T, ZEE 44 Inter
(R) Core (TM) i7-3770 CPU @ 3.40 GHz RAM
16 GB, # {/} &y Windows10.0 # /F & %4 . MATLAB
R2017b (95— 58 T 58



$25% /512081 /2020 F 12 B

FigZ, Sk, BOF, KE2E, WES
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(g) Couple

(b Hill

(h) Cameraman

(i) Boat

(j) Barbara

B5 20k g H HEIE

Fig.5 Commonly used images in the literature

((a)Peppers; (b)Monarch; (¢)Man; (d)Lena; (e)House; (f)Hill; (g)Couple; (h)Cameraman; (i)Boat; (j)Barbara)

3.2 MR

DB RS Y RVIN W75 4G I 25 1 A6 00 ¥
P, X IR I 2% L B0 PR 4 23 53l it o EE 491 20%
40% F160% 17 RVIN M | G525 A Jik v 7 6z )
o CERE IR PR L 0 Tk 280 R BORI B ARG K
Xt S (R, X2 T Lena R (&1 5(d))
ERSEERUE) K 2 s, RS, TR
1o TR PR P T A B 22 1 W 7 R A o R, R
A U2 5 BT R MR B BN TE 1 TRk BRI T
RN et i, (A PRGOS B8R T A 25T

DRSO A, 122 (LA T R A 0 R R AR, A
TER R R, RR A PR e 1 B e 2 .
2 AL AR ST SR GRS ARG gt P U A SO R A 2
B AEFE KL SRR Bn 5 CNN-based p% 3%
—E AR AL TR L P ROET 2 44, S S R
BTN 7RG B Al . 7 2L T2, th TRk
TR A IO T3 S [ A5 o M A B 52 i 1) 7 5O T
AR SCRT 8 1 9 4G 0 599 A1 CNN-based (19 503 19
RVIN W PG I 45 SR fie 28 % i Mg 2805 19 52 Wil ik T
— 3 i PR AICR (A X LA T 70 AT o

x2 BREWNEFTE Lena B LA BTN REIEARITEL

Table 2 Comparison of performance indexes of each noise detector on Lena image

20% RVIN s

40% RVIN M7= 60% RVIN g7

PSMF 16 383 1181 17564 33635 2005 35640 55607 4565 60172
ROLD-EPR 6 828 7 403 14231 11288 9885 21173 12455 12778 25233
ASWM 4269 7049 11 318 9 161 7 741 16902 17 991 8 839 26 830
ROR-NLM 6336 4924 11260 15558 5554 21112 31701 10984 42685
MLP-EPR 10 791 1 441 12232 17470 4274 21744 2078 9505 30289
CNN-based 5 285 1170 6 455 9 821 4215 14036 14692 8 830 23 522
BCNN 5821 6 573 12394 11430 7407 18837 16478 8620 25098
MLPNNC 10 344 528 10872 18 699 3569 22268 20375 16174 36549
proposed-GIRAF(Z3C) 2 560 5 498 8 085 11 062 4 848 15910 15 146 9650 2479

T LT AR RN PR R 4 9 B A A 2R o
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3.3 SEERBI AR

T B AIE BT AR 0 M RS I 4 A S5 B VL 2K
BB H 5 GIRAF (generic iteratively reweighted anni-
hilating filter) 2 &5 ( Ongie FlI Jacob,2016 ) 4 & #4 1
—Fh RVIN M 75 [ 8 52 v (FR A proposed-GIRAF) |
Ff 8% im ALOHA ( annihilating filter-based low-rank
Hankel matrix) (Jin 1 Ye, 2018 ) %75 % 5 %} kb il
o ALOHA Bk T oAb 2 R SE B RVIN
e R N Sep iRl S ST A
ARTCAL Y H XS L B MR AR, L BSD B4 P
(Arbeldez 55 ,2011) rp i 50 8 S0+ 5 ok H

EHGAE A iAE | X 2r 33 AR AR v i) 4 0 T 5t o
10% ~60% . [a]F@ 10% ) RVIN M55 A 25
Xof G P R MR T ok o A W M P PR R A T A2 )8, IE SR TE
AR LA T B MR IS TR 1Y U {15 R 1L (peak
signal-to-noise ratio, PSNR) {5 1 ¥{H , U013 3 Fi/N,
M3 LA HY, proposed-GIRAF 5332 fir 52 Jit €1 {5
(1) PSNR {H 754 > W A5 Lo 401 Xy IO 1 et 4

Ft CNN-based [ % ¥ . BCNN-GIRAF il MLPNNC-
GIRAF ik MR 2, X R i 2 i) RVIN s
G 45 55 o 1) A ) 45 SR 6T J 4k e MR A B2 e o A
R

x3 BEBREXAIGEERER S0 MRS EK LH) PSNR 18

Table 3 Average PSNR results of each denoising algorithm on 50 textured noisy images

/dB
g L A9]
Trik
10% 20% 30% 40% 50% 60%
PSMF 28. 84 26.75 24. 66 22.42 20. 11 17. 88
ROLD-EPR 30. 15 27.87 26.49 25.81 24. 88 23.85
ASWM 28.25 27.37 26.43 25.33 23.75 21.36
ROR-NLM 26.79 26. 57 25.63 24.72 22.97 20.76
MLP-EPR 30.01 27.63 26.31 25.23 24.14 23.19
ALOHA 31.63 29.02 26.92 24.52 22.48 20. 41
CNN-based 31.31 28. 85 27.22 25.78 24. 66 23. 68
BCNN-GIRAF 28.20 27.10 26.13 25.19 24.21 22.80
MLPNNC-GIRAF 32.99 30. 05 28. 44 25.90 23.83 21.98
proposed-GIRAF ( A 3) 33.89 31. 06 28.91 27.25 25.64 23.94

T L7 SRR % 81 Bl

N Ry IR S v RVIN RS G 0 A5 e

TR MR AS R SR 3 R AR TP 8 STk DR/, AR SCHE
10 Mg H S AT, A RT3 A9 RVIN K
28 25 4 inpainting & & 8.7 ( proposed-inpainting )
(Chan %,2017) | ELI:Me 5 AR5 45 5 GIRAF 534k
(truth-GIRAF) ( Ongie F1 Jacob,2016 ) Fi Fi AT i 4
i RVIN #5454 GIRAF 4 ( proposed-GIRAF)
G BRSNS AINY 25 W RS LA e D A TR R A T R
FFicat 10 R EER K PSNR X{H, 45 R sk 4 s
LI ), proposed-GIRAF (L AEARME A L 45 15 B0 T
Hfdi Fi] proposed-inpainting 2. 45 — & ff; #¢, PSNR
EFRgeTh 1 147 dB, BEE WA LB ey, X R
WK o inpainting F1 GIRAF # 2 M: fig A4S 1918

S, ENZ R A 225 A RIR R . AXT
HKeidi, GIRAF HE4f—28 B DA Sk A GIRAF 33k
SESRRAIN L 0 W P AT R MR R A 55 . Sy — D7 T,
i 3 Xt b truth-GIRAF FI proposed-GIRAF W] DL &/
th , truth-GIRAF FEEAEA R LU B A IF T 10 1R 1E
141 PSNR 23 {H L. proposed-GIRA & 6.5 ~ 7.4 dB,
R, T truth-GIRAF 5324 FH iy e 75 b
o b IR VE- &y @RV s iRl Endsof vl IR i
FBR R R ROCR A SR T R B AR
ROR BB TEDTmk b, W A I E B R A SR ke ) 1
WEMAEM . 456382 AL A SCER 1 1) RVIN £
I g P RGN L 0 3R A 5 MR P 8] SR X Ay,
15 GIRAFSE LA LIS , MR CR e A BT 2 5 %
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&4 710 8% AEK LR PSNR H1E

Table 4 Average PSNR performance on ten commonly used images

/dB
‘ W )
ik
10% 20% 30% 40% 50% 60%
proposed-inpainting 34.92 32.33 30. 10 28.27 26.57 24.82
truth-GIRAF 43.76 40. 04 37.53 35.40 33.35 31.27
proposed-GIRAF ( A 30) 36.39 33.30 30. 64 28. 66 26. 68 24.76

T L P R R A S R e 24

O th R B i ) . 6L 2, proposed-GIRAF 873:
IOEWENZ Sy & e s &P S R 2y alll E A NE el M|
R, Ja SEFEME L (GIRAR) B2 AR

4 & B

AR SCFE AR R ER S S AR IR R S (]
) Jey BB AR A 25 TR G &, il F R o 1 YA 8 4 sk
ROLD SEi{E A1 1 4> MOLD 31258 1T RRAE {4 1 1)
RRER i, $ 5 T A% 58 LIS RAEfE X RVIN M7 1)
HRRE S . SRJG 3 TR MG B8 1 5 K Y MLP
W 2%, i 2k I 545 3 T — R I 1E A 2 5 = 1) RVIN
WS Y SCOG AL FE T, A4 9 A LIS RRAE
B4 LAY RVIN MRS R ERHIE R &, e U T R
T AR Z B8 28 [ A ST R &R L BE
BIORG 240 Hh A A R 3R R A B RVIN B T
oo A RVIN RS R A A5 1E A 2R A5 DA AR
&, WG ST SR RVIN RS fEMEAT 54T K TR &
{UERSTN

528101 RVLN s W) g8 40 b, A8 S0 3 7E
FERL BBCE AR EHER S 1, IR BRI R A RiCHE £ A
=L R FERA TR F B2 R, Kok %
JEM AR P AT 1) (A e ) 55 i e i
FRAEAE 52 ) 44 2 WO B ) s g i 2 W 4%, it — 2
PR RVIN W7 A6 15 1) 0000 o 1R R PR TRI0%
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