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Overview of digital media forensics technology

Li Xiaolong', Yu Nenghai’, Zhang Xinpeng’, Zhang Weiming’, Li Bin*,
Lu Wei’, Wang Wei®, Liu Xiaolong'

1. Institute of Information Science, Beijing Jiaotong University, Beijing 100044, China; 2. School of Information Science and
Technology, University of Science and Technology of China, Hefei 230027, China; 3. School of Communication and Information
Engineering, Shanghai University, Shanghai 200444, China; 4. School of Information Engineering, Shenzhen University ,
Shenzhen 518060, China; 5. School of Computer Science and Engineering, Sun Yat-sen University, Guangzhou 510006, China;
6. Institute of Automation, Chinese Academy of Sciences, Beijing 100190, China

Abstract: Internet and social networks have become the main platforms for people to access and share various digital
media. Among them, media based on images, videos, and audio carry more information and are the most eye-catching.
With the rapid development of computer technology, image and video editing software and tools have appeared one after

another, such as Photoshop, Adobe Premiere Pro, and VideoStudio. These editing software can be faster and easier to modify

I #E B H8:2021-02-08 ; f& @ B #A .2021-03-19 ; FEN A B #A:2021-03-26

ELWE . B EZE AW EITRITE (2020AAA0140003 ) ; [E 5K [ SRR FE 410 H (12001202, 62072480, U1736213)

Supported by : National Key Research and Development Program of China (2020AAA0140003 ) ; National Natural Science Foundation of China
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the media. The effect of image forgery is realistic, and the effect of video editing and synthesis is natural and smooth. In
recent years, the image generation technology has also been greatly developed, and the visual effects of the generated images
may be fake. The problem of multimedia forgery attracts people’ s attention. The purpose of forgery may be entertainment
(such as beautifying images) , malicious modification of the content of images and videos (such as deliberately modifying
photos of political figures or deliberately exaggerating the severity of news events) , and malicious copying. Image forgery
incidents in recent years also remind people to focus on the security of media content. The authenticity of visual media con-
tent decreases and is increasingly being questioned. At present, millions of multimedia data are transmitted via the Internet
every day. What type of content is true? What tampering was made behind the wrong content? The digital forensics technol-
ogy proposed in recent years provides the answer. This technology does not embed a watermark in advance but directly ana-
lyzes the content of multimedia data to achieve the purpose of authenticity recognition. The basic principle is that the inher-
ent characteristics of the original multimedia data are consistent and unique and can be used as its own “intrinsic finger-
print” . Any tampering or forgery destroys its integrity to a certain extent. In recent years, media tampering has been in-
creasing and has seriously threatened social stability and even national security. Especially with the rapid development of
deep learning technology, the perceived gap between fake media and real media decreases. This finding poses a serious
challenge to media forensic research and makes multimedia forensics an important issue in the field of information security
research direction. Therefore, technologies and tools that can detect erroneous multimedia content are urgently required,
and the spread of dangerous erroneous information is avoided. This article aims to summarize the excellent detection and
forensics algorithms proposed in the previous multimedia forensics field. In addition to reviewing traditional media forensics
methods, we introduce methods based on deep learning. This article summarizes the current mainstream multimedia tampe-
ring objects, namely, images, videos, and sounds. Each media form includes traditional tampering methods and artificial
intelligence (Al) -based tampering methods. Among them, video tampering is mainly divided into intraframe tampering and
interframe tampering. Intraframe tampering takes the video frame as a unit to delete objects on the screen or performing
“copy and move” operations, and interframe tampering takes the video sequence as a unit to add or delete frames. Tradi-
tional methods for detecting fake videos can be divided into video encoding tracking detection, video content inconsistency
detection, video frame repeated tampering, and copy and paste detection. Al-based error video detection technology focuses
on detecting artifacts left over from the network generated in the imaging network, which is different from the imaging
process of a real camera. The purpose of digital image forensics technology is to verify the integrity and authenticity of digital
images. Image forensic methods can be divided into active methods and passive methods. Active image forensics includes
embedding watermarks or signatures in digital images. The passive blind forensic ( blind forensics) method is not limited by
these factors. It distinguishes images by detecting traces of tampering in the image. Common image forgery and tampering
include enhancement, modification, area duplication, splicing, and synthesis. The detection of partial replacement image
is divided into the following: 1) Area copy and tamper detection, which copies and pastes part of the area in the image to
other areas. During the copying process, the copied area may undergo various geometric transformations and postprocess-
ing. 2) Image processing fingerprints detection. The visual difference caused by simple area copying, splicing, and tampe-
ring is still evident. The forger performs postprocessing, such as zooming, rotating, and blurring the image, to eliminate
these traces. 3) In recompression fingerprint detection, tampered images inevitably undergo recompression; thus, digital
image recompression detection can provide a powerful auxiliary basis for digital image forensics. For the traceability detec-
tion technology of forged images, most images are captured by the camera. The general physical structure of the camera and
the physical differences between different cameras leave traces on the captured images. These traces ( camera fingerprints)
appear as a series of features on the image, and the acquisition device of this image can be identified by examining the fin-
gerprint of the device embedded in the image. The detection technology for the overall image generated by Al also focuses
on detecting the artifacts left by the network generated in the imaging network. In the previous decades, some digital audio
forensic studies have focused on detecting various forms of audio tampering. These methods check the metadata of audio
files. In addition, the publicly available large-scale data sets and related applications are introduced, and the possible
future development directions of the multimedia forensic field is discussed.

Key words: multimedia forensics; multimedia traceability ; forgery detection; forgery localization; fake face
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Fig.1 Example of multimedia tampering
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Fig.2 Example of copy-move forgery
((a) original image; (b) object copy-move;

(¢) manipulated regions; (d) manipulated image)
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Fig.3 Core idea of DeepFake forgery
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ARSI ELFE

DFDC A I B AL 46 2 3K 12 J7 AP, B
AN 10 s, WERFEFE R 15 ~ 30 Wi/s, 70
HERWEFE N 320 x 240 ~ 3 840 x 2 160 4 %, Ik
A R 2 T3 AN Ry FLSEAARE, 10 T3 MUk
AL, BT T 430 4418 GO, TR RRA B 1
FHZ2 Rl A SR AR BN
1.3.2 FaceForensics ++

TEUR BEH i 40, Fe A 7 (UM i 2 — /2 Face-
Forensics ++ , 12544 T 2019 4EAHF

FaceForensics ++ f & T 1 000 /I\ESEUQ%LE, i
HT DeepFake , Face2Face , FaceSwap AN N2

R A UBE: . X F FaceSwap , DeepFake (115 A1
I, o MR TSI E 22 R B 25 2T RH 5G4 O v
Al XS BEVE AR B RPN A BCR O HEE 7
GitHub I JF i, Face2Face ( Justus %, 2016) J&
2016 4F H BHIF A 517822 R 2 B CVPR (TEEE Com-
ference on Computer Vision and Pattern Recognition)
FARIEY, FaceForensics ++ X4k b, A R K 7
AT 1000 MBS, RIS, TEA ISR T,
FaceForensics + + 34/l T DeepFakeDetection %Y 4}
S NeuralTextures Z 35 £ . DeepFakeDetection EYe
AT TTE 16 DA 37 5 b 28 A1 5 sl 1y
363 M, LK 3 000 24~ il A, NeuralTex-
tures FAREMAL T Face2Face HUHE 5 ML 3 RUR
{EAFER B, FaceForensics ++ BUHE R 4E T 3 Fp
ANTR) e 00T R, S BHAIE N B B2 1 5 Y 2
P sTH
1.3.3 Celeb-DF

2019 4F 11 A, WFFE N RS G SOBAER AR, $2
T A BA PR A R DeepFake HR431 £4 45
f—Celeb-DF (Li %,2020) , W[& 4 fii/R, Celeb-DF
A5 590 AN ELIHU, 3t 225, 4 k T, LUK 5 639 4>
HEIBAAR, 45 2 116. 8 k i,

4 Celeb-DF % sk
Fig.4 Celeb-DF dataset

1.3.4 DeeperForensics-1. 0

BN VR TR 2R A SR T —A R
R AY G Do K B 46 (Jiang 45, 2020) , A0
U6 T, & R AT B 2 AR TR A
DN B TS BL O VA B T RS . Rk
S — AR A 2 g ARG S HRAE SR AR A .
PR A R IS R AR T A A £ 4R
ROR LS
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2 BEffriskeilli R

BT MR IBIE R A B B 1) 56 B P Rl L5
PESATIIE , J s SR AT LL 43 R 3 sl =07 v Fn ek 3l
Kk, EhMEHURIBGIEZAEECF IR i A K
EpaaE 4, Mk sh=XnE BGIE (blind forensics ) 7%
DA 32 3 2 PR 22 10 B B ot A 00 B 2l P15 b iy
ERAEIR IR S R . H I B EHR O A B A 4
B A R PR G A Bk, 1A
BEN— BT 4 DM ERAEL IR

1) AR BUE AR B 5

2) PUATELSARAE

3) JaAb B

4) EYwi JEARERAE

A FPERAEER 23 BT SLBUR I ERIBOIE 7 A )
ER o G I 3 Y 6 ) W P AR R 5 80 B, A e &
Prat Bl B S IBGIE T DL 3 S B £ 48 80k
DN DX Sl A ) B SRR | PTG AL B A ) 0 i s
& SOR I A5 TR
2.1 $#XEEEHREGHNENEAR

JRITR g PG R ARG I 2 D < 1) IXIERSR i 7% sh 2L
ORI AR PG b B 43 DX i R I 3 At X
B, R S XA g2 2 D) 2 Rl L
AR SR AL B, 2) BIRAL R ORI, A
XA ] PR R WL 22 AT W 4, T
T AR e A0 45 5 Ab B AR 5 SE IR
3) HESafe skl HEHR LR 2 40 R4,
PR] A 0 B 4R 50 B A A8 A B i PR
2011 DX i Bk

Cozzolino %5 A\ (2015 ) £ X 6 ] v fY B DC e Jy
2, ffi ] Patch Match BUAEDR #E4T AL B A DL T, 42
VAR B AT RCR BRI AR OIE R
PURERE A, Li 45N (2015) 7ESCHE 4R I
HOOT G 535 AR T VS BC AT 55 R MERE RO & 1
DE P YRS 2
2.1.2 R AE RSO

Popescu Fil Farid (2005 ) il i KMEAH 2B K 2 1]
R AP R 2t OC ZOR S I Lk IR . IR SCRE AT B
(2019) | CFA (color filter array ) i {E 43¢ P K6 2L
HBURE, f ] CFA i (8RR 1Y 22 AR AVE A R AE , JFAR
PEAHABHRE] Y CFA 4 {47 AE A0 S — Ok A6 I 2 2

KA.

BEIGXT LR mT LR S 4 R e B, e A4
Jry B B XF L BE LR A R R T 5L, Cao SE A
(2014) 3 M JPEG 4 AV 2 B LS 7= A i By
PRI UG | 1] B3t A 25 15 8] B ( zero-height gap ) 38 40K R
S AR L BE RS i, R BRAT A N (2016) il T
A F FNIRRE B ERA I EAGO L B ek,
UE UL AT BUR PR 0 ih %, ¥ IbedE (2018)
P&t — i R G5 22 TR AH DG ) Bl S B BGIE
B 2T T B E, R ER G X R R
S IREAT IR L | S MRS ISR A IR , AT B2
Xl £
2.1.3  HERAER SR

Galvan % A (2014 ) LI DCT ( discrete cosine
transform ) ZREHE FE7KF 3 B0 TN 1 7 18]
2557 B R B By R AT e EE R ME R AR O 43 R AR S B
JPEG R4 S IN, Thai 45 A (2017 ) #4 i 1k5%
i FN DCT RENGE T HRSE &, % Se i 46 I A2 b o
PUATEIR 4T AP KAl T, Tagliasacchi % A
(2013) 254 T — > — e A Tt i AR AR e e R
A b K ay ik,
2.2 XIS ESR R IR AR

HEB I UGS 2 AL HER S 1, ALY —
P FREEAE LA KA R A AIL 2 [6] i 0 38 2 S S5 FE T 4
MY EMER 8 TR X R (FHBILEE 80) 7EEMR -
I —FRINVFHE . @ HEEEUR E A B s
& SCRT AU A B 0 AR BB 4, X Bl iR
AR LR

Ao T i e 2L LR T T2 78
IR A S Z A 563 AL A B — O LT HR
HEMBMPZES, B, R AEA R B REER T,
BUE A AN RS 28 AT BE DR T A [R) {8, i FpoAs
WA PERR R A — B 2 77 (photo reshponse non-
uniformity, PRNU) , PRNU J& &4 15 35 B % £
A B —JC i i s T8 80, BRI T PRNU A9 4L
FHOEEA T Z M S50, T PRNU IAHALIR
)38 e A T EIR 25 e Y 7 2 Ad 31 PRNU, BT
PRNU 7] RE23 32 3| EIZR oAt M 75 DL K EHR N 25 1)
T, GfeRE o Ak AT U PRNU (B2 S B 5E 1Y
—NE i, Chierchia 5 A (2014a) 1| FH 1 I P4 AY
HRE SCHIWT 7 B4 S R T PRNU A EUIE 77419
HERR 2R 2076 A 2O H T/ RST BF 4 B R Y 1
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PRI, 54, Chierchia 25 A (2014b) #
Markov Bl #1372k i i PRNU B 4e it 5745, IFF)
Bayesian J Pk 4 = 143 PRNU By s dE, SR,
PRNU A4 HRUAS T 3 B b 52 2] PR 9 225 R0 HL At e 75
2, R I Lawgaly A1 Khelifi (2017 ) 76 $2 BT 4%

/\Fj’l‘&ﬁ,ﬁu“j T A S TENE P B Bk TR AR A

o7 BSOS AR M kA TE AT B R TR
7l< WA (weighted averaging) , 7& J& Ab PR [ Bt Bk & A
[F] R B LR B AT, BUS T S ARCR .

VAR SO AT AR B EHR 2 ok B T6
LR B BRI Z A0, W] — &R S — 3 B
AT LIMES B Pf 42 ok (e (R BT 45,2019)
1 TP EE R T BE 2 R B AN [R] T4 10 Xk, 4
FIXBEIEIGOR AN TR Y B o5, A 23 S 30 AN () 19 15
RS0, AR 33X 2 )y vk T0 B A I [v] — P A5 1) DX Ja
S B X SRS R A AR BUE T
ARG, HAG I 45 RAR LS 5 32 345 T A 2R 1) 520
2.3 Ext A B A R EHHENER

McCloskey F1 Albright (2018) 434 T~ GAN ()4
G DA I L S R A1 PR 45 Z 18] 8 A ] Dl 52
Ve BT B EMR S R AR ERAE B 8 25 1] 1 22 S 1
%Eﬂf#ﬁﬁﬁﬁi Bt J5, Yu 55 A (2019) 047 T
GAN FERECHIAFAENEFINE— T, LUK U B RR )
M, AT B IR T A ] Y 28 S5 R e A O 45 R R S0
PR AT ) 1 B A s B i R 2, il T I 55
SO B A B AU 45 B0 Ta] 1Y AH OC 45 B i A7 4 2K,
Wang 55 A (2019) 4 i 17—l i o W45 ) 26 pf 285
TR AL AR BUERI Y 712, MEE S T —Fh
T JZ A AR 2 TS AT B A 2 T A s I
f¢J5 , FakeSpotter ]
— /MR A3 SRR X 0 4 PO [ BY ARG (%
AR JE S R IEEURT Deepfakes 1)

S5&GIHT 243 T LM EE, FakeSpotter 4%
ANIE B L2 2 e i i i T2 & 2 oo iy
11 VR NHRHIE . WEFE R, B0 AR 22 T RE RS AR
D i VR A () 20 SRR AT 3K 6 200 AR AT R 615 45 53]
ST AR PG BT R RS, WF5E L SR IS
NI HEAS CelebA ( CelebFaces Attributes Dataset) 5
FFHQ ( Flickr-Faces-High-Quality ) , DL & J& B G A
7K FaceForensics ++ , DFDC | Celeb-DF LA J Style-
GAN2 Az Jilt i) A6 5048 0 A7 11 2 Fn il i, &4 3l 53
Fei g 5« 1, Zead xR it , e 27 4 FhELH

('mean neuron coverage, MNC) ,

T ¥R AR A5 553 ) R - B AR I 98. 6% 5 IR PEAE 2L
90. 1% ; FTHE M 100% ;Deepfakes i 97. 8% .

K H A B B LA g LR R A A R 51
#YJ Matern 55 A (2019) & B, BLA B9 Deepfakes B2l
A REAT R IR R AR LS (H R S TE AT 1A 29
225 VF 2 NI gt S v S 3 S oL T 2 S F AL
L () PASE | 3k APl v i O 52 ] DL 48 531
Deepfakes £h3E ML,

K 5 B 7s , Deepfakes £h 1 P AT | KM% A7 7N
5, BARRIAE  WURA — MK 5 (a) BB K
K5(b) AFHRanTiEl 5(c) AKPHER5(d) DR
TR LA RAHE B 5 (e) 507 T, X 4k
AR R ARG — EAFAE Y [R) 3T, 3 2 i) B 4TS 9K
WA e Aok, T8 PUNX Se o D452 | BEAE AT 2L
Hb S S RE AR AR . B 9E N D 8 3l ks It 18
R AAE MR BN IR FEEAR 3 1) B DL VE B %y 86. 6%

(c) FR40T

(d) NiEprz
wﬂ:
(e) JEHRAL A1 ST LT AR

ANk

(@) XXH&T ?)‘( P

(b) i

K5 thi&thi
Fig.5 Forgery artifacts( (a) binocular inconsistency;
(b)reflex deficiency; (c¢)dental details; (d)face splicing;

(e)inaccurate light estimation and nose geometry )

2.4 FEWSEGERE
2.4.1 CoMoFoD

HF EMG IR B Y 2 80 207 BUS  B 8K
P, RHIR sh R e I P 3t ik 2z — | il b
I —8 o 2 I B[R] — MG 4 o — A7 B Sk S8R,
B B 0 52 B 30 Ot A ( copy-move forgery
detection, CMFD) /3R & — > ik T fi e A ) i, A,
SRINA B9 8% 3l Oh s K U 3k 8o/ (HR AT
T REIEVEAS IR R . AT ERBEsth
TR CoMoFoD #4415 260 > ik iy 4
£ Iy Wi (512 x 512 2 EF1 3 000 x 2 000 14
), RN BRI B RN 5 25 PR e
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e AT A AT o WA O i R R e AR
AR i ab BT 5, 0 JPEG FR45  AH W
NIRRT R
2.4.2 GRIP

GRIP £ 80 W 546 14115 A1 80 i 168 L 14 52 1l
BBt EG , K/INAR S 768 x 1 024 133, {HARTE
FYJE , GRIP iy — BB BT CRN T 6, 33X 0 3
FHi i K #E (40 SIFT ( scale-invariant feature trans-
form ) ) i 52 il —F% S EL 2k 2 — PR

3 FHnEelE R

JEIL}/F)ﬁ ﬁ] bl %)] Eﬁ?ﬁ_’ ML Z'—‘ B2l i%% ( text-to-
speech, TTS) 640, BN EHAR F 2445 1) BF
Fed2) 2805 3) IRGEM 4) BE T N TR GBI T7
Bio PHEIE S GO F M 2 E S Y
AT SR 2H e BRI R DR . SROEE e AR
FREIBUPS B 25 BE A% THUN R SRR 28 17 ol P P i e 2
B, UL S EOE TTS R 25 T RS /R Ak
BADR S E G W, IRaE R DHEE S EOER
GG . BEHEET N TR B0 & M0 Oh i AR W iy
S IR GUE I 3 % AR Z | i e 25 5
KGR AL PR 2255 48 T 5T N T RERY
WAk, B T AT 2% (GAN) | H
Yt %% (autoencoder, AE) | H [FIHH A (autoregres-
sive model, AR) & &M A& HA

B30 (voice conversion ) AR FETE B —1 A
FRFE AR s — S NP TR I OR AR B0 P 28 A
AR T 1 RO I R Ak i
B A AT 9% S AR P TR QAT R 7S I S A T AN
PO AR WS RN, T, X A S e A
(05 1 IR SR AT Ge it oA, T B4
Wk 07 S 7 E R e T A AR T
B AT T s TR AR R R 4R T |
BT BB IR AT AR (Y e 4 )5 vk e TR T Y
ATV T 2 I 4 1) e 4 i RN TR AR
IR TT 1555 6 FPEEAREOR PR IE T AR g Y
ISR T YIRS 2R il S s = P AT iR
BRI RS B A 2 T 4R (H2 H AT
RAEAR R ZAL B DL 8 i e e ih i e b /5
B SR R

A G ) 0 4 4 T 1% AL AR AT A B

Br A A BURIPHE  ILAMA A FoRFER T RAE
SLUR R4 i SL 00 5%
3.1 $3MERMEIEFHRNEAR

e 2 LA 4R B — SR 5 BRI 5T 2
TR A TR X9 2 45 B0k ( Zakariah 45 ,2018)
X ST A A S Y JC B R ( Koenig il Lacey,
2012) , KK H 3 > Olympus icsE#8 A9 11 3
HRC S5 B Sk B LA AT B IS U . Zhao
I Malik (2013 ) 452 H i = K 75 B R5 A A D A
AR i 1) T B AP B A Y e R
3.2 3 AT & RIEE R RE AR

AlBadawy %8 A (2019) B EECh T A TGS
BB BRI S, FEMLAT R TARE R 32 T
— PR 3BT 5 2 R A I R R A B
AT TEL 3], ] DNN( deep neural network ) & i A4
FEE T R AR TS S8 G IE AR G HE PR
MAENEE o PRI AT T Z R i B 2 0615 R R XS
P& HEAT IR, Bishop (1994 ) #3 T —Fh 5 12,
BV 5 B — 43 S 8 R MR I T DNN A B35 A
P RGP 2 e iAok X A . M4t
()3 J2 4T R T AT 31 DX S S AR A7 i s B 4
AR
3.3 EEHEEEHLRE
3.3.1 ASVspoof 2019 ¥ 4E

ASVspoof ( Todisco %5 ,2019) F 2019 4EHEH |
TR 3 U A BT BRI A SR Pk Y B A e
(http ://www. asvspoof. org ) , SVspoof 2019 % #fi /¢
AL E AT, T 1AL 2 88 15 7] (logical access,
LA) F1¥ #2157 ( physical acces, PA) T E, P&
>k H VCTK (the voice cloning toolkit ) FEATERLE | 1%
ERHE AN 107 BE 385 (55 46 i, % 61 fin) sk
il E G . LA A PA Bl AR B R4 N 3 A4
Bt dl , BIYIZRAE AR FIRIESE (U Ffok A 20 17
(8 PE Mk, 12 itk ) 10 17 (4 B 16 (i)
48 i (21 2 Bk, 27 fi g vk ) i G AL
o BUULTE M & X 3 N OSSRy, I B
SR b v &/ RTRRT S i1 i i P = i e S g
et FHAR IR) B8/ 25 A A 180 0 3 i (R Ry 2 R 3K
7)), MR AR 5 (s P AN [R) B3 12/ 45 A 2B A R
WAty (R AT ) o
3.3.2  TIMIT $¥fa4E

TIMIT ( The DARPA TIMIT Acoustic-Phonetic
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Continuous Speech Corpus ) & F1 3¢ [E Jfk 24 B T B
( Massachusetts Institute of Technology, MIT) 34
52 Fr ( stanford Research Institute, SRI) FIFEJH [ 2%
/N (Texas Instruments, T1) |6 & 76 0915 3 18 F)
JE ., TIMIT $¥i 4 —3L40 5 6 300 Bifiir, i1 630 A
S, RAEES R A 16 kHz, BT AT 98] T #8047 T F
o E Faid, BdEE T, 70% BB 30% 1Y
NALHE A NEZ
3.3.3 RSR2015 %idE4E
RSR2015 ( The Robust
2015) ( Larcher 55 ,2012) B 241 & 1 71 h 1Y
E S iU S R R 1B A E < L W=
A h 300 #4553 (143 L MR 157 £ 55 1E)

Speaker Recognition

RSN 17 25 42 %
4 & &

Al LLVE R B, 76 R LR, 2R
TEMBFR ] TR K L, Rl R N F B TEIX
D7 ) B T AR K24 A e, il , o R K%
ARV AN 5K TLH 2047 H1 BATE 2020 4F- [ DeepFake £
MRFE R B T4 2 A s, I H S5 1 A0
KM EE RARZE T L, SR, V22 RT3 SR B0 A nl 5
(005 SR e BT PR RABA . Mok IR 24
F6 L B R B ) 0 1 FBGIE T B R T B Ryt
By, JERE T BRI ATR, SR, AR A A S5 PR
XA GUR BA B S 500, Bk vk ik
AR A TH A Ay ik R 3, F 9 3 AT ) 7 22
P o ELE R 2 AP 4 T 58 2k X S AT DL 7Y
B, FERASTIHE T, 85 3 R R 5T B A i
(SR AR LAY . AT 2 AR BGIEA Sk T BB A F
FE07 A4 .

1) Bt ERAEAE AR R | 2 T L 45
Brli R B R AL, BRI, Z ARl T 5L 2 Fl
WL L2 ok 20— A T Jne] B e b 45 45 B
Al B R BN R — B R AT B,

2) BT IREE 2 2 ik il g v o 9% . R
=5 ) AR RRE A AN AR MERR A A AT 2 2 iR
ANURAE TR R 2% AT L IE B R Al B AR e 28
A AR 2 W SR R AR AR A T ik — e, Y
SR o F-— BB G R AR PSR 10, 33— 7 5 14 )
B BN, B LR S FARIE S AR R e

T — e i, BEAG I R TR JEE 190 245 1) 3 LA A B T Bl
PEHBHFIZRPY B, JF 0 B 4R A B i &
PPk, R 2R BOIEA IS A B D L (HE LT
AL T AT A R B B, Tk AR 23 6] 22 AR IGIE
A FAR R A EER AR 22 N T 3 % 4 1)L
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