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A Survey of Person Re-identification

LI You-Jiao' %3 ZHUO Li»%* ZHANG Jing"? LI Jia-Feng'? ZHANG Hui'?

Abstract Person re-identification aims to associate the same person across different views and can be taken as a sub-
problem of image retrieval. It has extensive application prospects in many areas such as intelligent video surveillance,
security, and criminal investigation. Due to poor illumination condition, image resolution, camera viewpoint, environment,
and pedestrian pose, person re-identification has become one of the challenging problems in computer vision. Early person
re-identification methods mostly rely on hand-crafted features and researches are conducted on small-scale datasets. In
recent years, the emergence of large-scale datasets and rapid development of deep learning techniques provide person
re-identification with new opportunities. This survey gives a detailed overview of the history, state of the art, and typical
methods in this domain. Firstly, the general framework of person re-identification is presented. Then, feature repre-
sentation, similarity measurement, and two key aspects of person re-identification, are further summarized, respectively.
We also highlight the application of rapid developing deep learning techniques to person re-identification. Moreover, the
representative datasets of person re-identification and methods of obtaining excellent performance on each dataset are

analyzed and compared. Finally, the future trends of this field are discussed.
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Table 1 Typical segmentation methods of pedestrian image
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Fig.2 Patch segmentation methods of pedestrian image
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Fig.3 The illustration of salient region
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M3 ] 22 . TOHE B B2 > LR A & IE AR AR
Xt -5 BT A AH R B SRR AT 2 [H] B R S, T2 IR AR AR
55 BT AH e AR A G ) B/ S

55 TOUAHE PR A S A SR H I PR B BN [,
Karanam %6 #2111 —# SRID (Sparse re-id) Jy
5, R g S e T AR AR B i, i SR (]
A 0] A B S 0] Ak ff AT N2 1. 2L
Hi1, Karanam %67 #2141 DVDL (Discriminative
dictionary learning) J7¥A&#|H 5 SRID A [ 9 ¢
ik, 2720 W — AN DA SO B R i A B, 38 Ak

6(zi;) = log (4)
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G 2 ) P4 DR R B R SR T H 5 LY X 73

gi ERNA, BT N TR RHERN AT A RR B4
WZEDT, CEBUSRRIPTFR IR, BUR 752
. AR, N LSRR L4 R B
BT B E R R AR AT TS, f T ERE
i RV B SRR A R, AR AL
AT E— MR KA AR, FHERZ AL RE B

2 ETHREZFINTABRZ

H M Krizhevsky 28 $45 ILSVRC'12 432
TE B H DK, ETEM & M4 (Convolutional
neural network, CNN) FIRE=: 38 2 W H Tt
SEHLRLAE 005012 R 3] SR G YRR
[ 7E T HARHAE & MO o 3 2 S 15200, @i
BT T NI 7 R LRS54, gt MK = 508
H B A I IR B 2 R, RIS E G T2k
BCE M B TR BE AP A

2014 4F, Li 218 SOpReuRaE 24 5] B 24T A
R A, B —Fh 3 F CNN g9 FPNN (Filter
pairing neural network) W47, FPNN fJ%5—
Z R i KA ER B HZ, AR5 A RITEL )2
X I AL ) 8 U A i N BEAT VC L. FPNN BRS7E—
G —WHEZR TR DA E . R AT 5= 5 R =X
T PERR I 5.

TEAT N TR A B IR 2 S B A A
“AEANMNEZ: BRZE. W2 aERZ, 0
B 43 BRI AT A R AR
ZERERN, SRR S G 43 iR AN R) A 3
TR MFAT LB, X T RR T, FEEE T oRIE R
J2 O S it A FR R I R AR, A5 BN A] 5  ER B
M N, A R R BRI, X L8 R R AIE 4 A ke ok, B
BRHE R, 1R 2GR . G2 MERH 24
R A E S, B SRR, FE8 T kit

@
@
®\ o
@
o/ @
@
@
BEUE ik 2 %ﬁﬁé SQ&maJE

B4 PRBE B 4 )2 R R
Fig.4 Illustration of the network layers in

deep learning model

P2 R A A RAE B 2B AT B K /P33t A 3 A b
ARJZ 1 e X6 UG BRI R S 2B AT g, AN
KB INZRZH, 55 b w] DA S U6 PR Y
L. BRUZAMALZ T A B2, SRS AR
. ZIRUANIE. EIERR Rl E G5
AR AL 350 2 — R RR AR 23 1), B AT N R 1Y
FRAE M. fERRJS Y Softmax JZ, il —H ok HCF
W A 4 P BN S A i AR — T

DRI S W TR ] DARF R AR 2R MU AL B
AFATRE AR, W A T R BT
G IR TERE. S RPIAITTRE T R R,
BT 2 W AT N HRIR B 7 ¥ 00 i 21 o L R
GARIRSLA =R (W 5 BR).

---------------------------------

R, 4
W

---------------

AL 2%

MBI, 4 BB

AL

B2 2%

------------------------------------------------

(a) BARK
(a) Hybrid

------------------------------------------------

HBIR b2

PR R3]

BT 2%

(b) g5
(b) Standalone

---------------------------------------------------

HPPHE W45 |

R RAL

By AL EA R

T

srmcccccccccccccccsssnas
CSecccccccccccccccncaaaad

(c) uF
(¢) End-to-end
Bl 5 BT I RAT KR AR =y 5
Fig.5 Three ways of deep learning-based person

re-identification
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2.1 mEImNAREITAFIRS

ity 3] iy =X AT NP TR0 R P R B 2 S AR,
FRAESE IR AH (DL BE X A E AR A 3 —A
Gi—PHEGE AT IR G LAk, TE L — P 2 i 9 47
AFHR 2. Flin Ahmed 28144 F) F £ 85 A AR
P2 AN B Mg P AR AL, $2 AP SR A TR R A 2
MEZR, F AR > B ML RRAIE 2 [ R 56 &R SCHiR [43—
44] ¥JPA Siamese W2 R JEAL, DA FARE 94T A&
GXTVE R SN, W28 2 il AR 5, DAY
N AR RGBT E T — A, R Siamese
) 2% 174) E 2 DR AT N TR 5 e RS 3k 252 /),
ToVEFE 7 RAFDREE S ST A 3, 1R H G0 1)
NG AT AR IIE I s

TEETIB AT N FAR B, anfara 2508 TR
JEE IO 2% 1 RS i) A 2 2 T AR 0 00 SR | K . T
CNN B & 5 A B8 2 B AR S i, PRI TG X B
5] 7 2 B AT @A Rk, Bk RS TAE 2
{E Siamese M 25 () ELRE 5] AT M 4 M 2% (Re-
current neural network, RNN) FI-K 45 1042 7 2%
(Long short-term memory, LSTM), K5435 At s} 7]
FEPE S R EERRAEAH R A, ST TR e B

1) SRR 2%

T8 I 0 425 VK] 4% 3 3 A D R s ) P R B
JHUZ, SOOI s TR AR, RF IS TR RR S BT A
FRAE . PR A A B ST AR RS R IR A &, B
HHAT SR 511 I s A5 2. RNN i AU A
FE R, A FE b — AU, R S
— MU RFAE ) B SCHR [45]) Hh, BB R OGP
£k CNN i A, 38 PSR FRE) CNN B £
OS5 IR BE AR A, TR BEARFAE 280 — 4 RNN
R — MR RHE S ], I S5 E0— a2 515 S
AT A, MTHREIA H i s (8045 5. 5 1 st
(AL 2R R B FAE SR T SR, R IRARAEERE, I
FHRHAE B YE. 1% VAR A AR I 2] A7 N Ak
AE R, e B PUE R T NE skt (1
) ST, W PIRRME AR SRR S AT A
FHIERI X268 ).

2) KAGHHCIZ M 4%

RNN g5t 0] DLCAZ Ty 245 5., HACAZ i A4
fi. LSTM pgigxt RNN fsedt, v PACIZ K E
B, L A 2 i 3 A5 B A LSTM [Al#:A]
PAFIH D7 545 B Y RS, B 5154 RNN 1)
AETET AL IR R 1, LSTM L0 F—
AR IR BN 5 B B s, RnT AR B O
P SEBRIRESH BN, fJag—4 LSTM 5 &
1) LB A5 BB T RS B AR R TR [46]
B — P AR A M 2% (Recurrent feature ag-

gregation network, RFA-Net), || LSTM i34
N B P A7 Bl () A8 A A5 R 5 Sk [45] R[],
RFA-Net FHIG2 N THRHE, 1iiA2 CNN JREEFFIE,
YE R TR S A, BB N T e/ N B
YL CNN HRpy R & 8%, LSTM n] DA AE
LSRR BEAT AT FNAL 1, () Ik 20 M et 2 22 A
RFA-Net F| ] LSTM (yiX— L%, @ r gl 4
SRR,
iy 1) g 2 AT N PR BRI TR B o 26
s DL B D 45 A, — 2 RIS [ )2 R
SR, 5 S0 ) S 3] g g Y AR HEAT AE BV LU RS, A
SR 1 B RR FG R B AR SR B S, /bR g )
FIE R, 2 T IR HER . LB RO R TR
JE ) 2 1| St AR v oA 0 2 R B R, A () S A
AREEEAS /N, SAMEARPEEAS K, R3] P 2 > Ak
RIS hN, BB VIGREAS 3, Siamese [ 445
BT s, FEEKmIZad .

2.2 REXRARETABR

N AR 2l 2 058 BN Bk, 754
Y B TR AR I LBPH AR ] T
NG HoG Ak LBGE I 147 NI &8 it
AT Z AR R B R AE AN N LR AEA 25 7, 1)1 P g
JEE AR S HEAT AR BE £, SERAT AR, AR SCRR
ARG IR EAT NIRRT, %I R AR
PR AN TR AE B AT N SR s, R
BJZ 1 M 28 S5 B IUAT N R i, —F 4]
PAFE Y KA A LT, HE— @ AR LRI g
AN R, [F I AT DATE — G R B O IR P [0 2 A 20
WTFEIR . PSR B Al

Wu 48 5 CNN RAERT ELFC RRAEMISS &,
St T — Pl RF AR R A P 4, A B 1) A5 4 SR R
CNN R 32 U REEAT 203 A5 J5 0 R AR 4G
GG R TTIR, R =AY N AR 2K
P BT T RAF R IR BIRCR. SCHR [49] 22108
PCANet 450 #54E 5 LOMO FRE® 4454, $2iH
— P BT Z R GG B & T R GURAT AR A,
/N VIPeR AT T 0B PERE. Zheng
S — B 3R 1 O I B Y S R A 7Y
PEREIEAT 5, K ONN ERAEFI Y AN Ah A T4
FEAHES & AT N B ab SR, IRE =
DREEAT NFHA T IR BRI N BT R A AR B
AR AME R Ok, 456 5 AT A fex T
HLAA A B A A 46 1) R AT S R A R

EAS SR DE NS 07l v 15 I R SPANALN Ok 4 €7
&, GiERRIAE, SR A R R N AL,
SR ERZ 1A 190 25 23508 BRIV R ] 2 21048 i 1) TR HE B %,
KRR T M 25 Zhid 7.
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2.3 MIXRRETABR

ML AR AT NIRRT ERHER SR T A
TAFER 7 AR, AT A2 2R R B 22 ) 2 42
BT N E G TR BERRAE, SR 5 45 A 0 B B i >
VESE AT N PRSI Rl A R8T N PR SR 4R 1)
AW, ST AR BRI RO P fE, I BEIRAS:
REFR IR A RE. B4 SCEk [52] 4@t —Fh SR &
W 2%, RF IR AR G . SRR R AN B S AL T B S
FIERTRER 22 M 4% (Deep residual network )
A, TS5 & KISSMERS) 2 5] 07 R iR 41
. CHk [54] HEAIH CNN HRAE2 ) H—A By
AL, SR )5 F) F A A E B2 > AT A AL
FEfE, W] DA AR R B BE.

Bifi 5 TR i 2 > B R B pe s & e, M BB S B TR
FE W 25 I RN B, 1 2 57 X i BR B AT N TR 5
e RS R B, A B TR M 5 AR, BRAS A AL
FEEAT N IR PERE. % 2 27 Market-1501 %%
Pk 1551 SRR N AR R AR 1 S R SR A
2 WIAE Y, B M IR BE R ANKIEG N, AR 5IE
FAFH N HET:. (H2 5 BLIRIE, 925 112552 A R R kil
ZHEI. BRI, anfel AR BRI T oK, IRIS M SR S
TOMAERR R 2 [ i e T o — MEAS IS 17 7] R

%2 Market-1501 e FA [ ARG
IR BRI

Table 2 Rank-1 matching rates of different deep
models in Market-1501
MBI TR 2 (8] RN (%)
AlexNet[38] 2012 4 56.03
VGG-16[59] 2014 4 64.34
Residual-5005] 2016 4 72.54

IR =20 VR B M B 2 -5 B A 1 FA R
REEM R, R 3 9 T = s R4 L
T BEBUS I B SRR

MF 3 ATAE H, 75K BUEHE 48 Market-1501
A MARS b, B3 i =0 R 2= ) a1
TP RIRCR. TRh H ARG R S e 3] AR £

BOS BT B 29, 24 R A 4 P g Sk %k
TR I, B R R ) SRR RIS . T
iy 2] iy 2 4 R R ) = e % eR BCERUAR B 5 R
>, BUg 7 5 AN O AR RCR . A rTh BB AR
iLIDS-VID #I CUHKO1 _I, B & 2Rk sz s 07
VRSB IR R B2 ], Gl TREE S W AR e T
TN BHERA %, #EUS T B ERCR. m7ELA VIPeR
AR F BN B R b, TeE PRI E A I TR
YIGRFEAS A, 256 N THRE, 3RS .

FEh, T RF/NEEAE Fag Rl vEGE, W
PAK i) %% (Pre-training) + 404 (Fine-tuning)
TR, BIAE R T B 4 b X X 2% 2 B0t AT Il 45,
SR R R /N RSB AR v A A0 I 26 S 8034 T 41
Pz AR BN S b 2Rl L A 1 3
ET @A NFRB R, Flan sk [61) $2 1 —Fb
B i R JE MR 2 AL, SR A AR AT
AT IR BB R4 4 CNN 2%, 350 B ingde 4
AT BRI, AR5 B FREE X ) 45 S50
A0 e HEWiFh BRI 2R 2%, &
PEARES, $E B R o e, SCHER [62] IR R
BRAL IR SE e IR v S AR 2 o R ME R . e
AT NE B o hESEGE, REEATHZA
JEPEARZE) CNN W28 #1711 2%, JE PRSI eTt
PR PR He g or B A Ok, A5 B — AN Re 8 W] 1w
2T N B PEI TR EE I 25 45570

gi BTk, BT A S AT NFRR B YA T
PABELEL A i i i 2 Ak AR R, RASAT N EMR Y 43
JRFHIER . R ALZRE R NG R a2
521 Z1) 1) B 4R ey R4V 1) 30 e P SO AR ]2
SR NWIUBGRRR SR HBVIEZ <3/ N RS o 1 B N il ]
NARERAL; 50 2 R I 1) 2 BT N B &2 JRy R AR
BRI, T8 2 AT ARSI AL & b
) FAL FHLR W] DA 2 AR 4R 15 25 31 i )2 0 S AL
FRIEZRIR. 546, TEAT ARG, M ERMER,
FREAS. WA, HRESE, AL A ST
—if, TR BEAE > W] DA i 2 )2 4 1 B S R X 4k
HE DT, FIHARRPZITTAREASFFE R, HIHAR
FRCTETFR A R R, AN FAH L2, TR TR B
5.

w3 BT HESE T 17k AP U s ROCR

Table 3  The best results of deep learning-based methods
e Tk WS SR IR Bl £ e th ] HEREMNE (%)
i 5] i 2 TriNet!57] Market-1501, MARS 2017 4£ 84.9, 79.8
TRA HIPHOP!58] VIPeR, CUHKO01[59 2017 4 54.2, 78.8
Asr LCARI6°] iLIDS-VID(25] 2017 4£ 60.02
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M H BIAT PR R B TR JEE P 2% 25 4 SR A
W 2 R BRI I 2K R, AT ABR T
A ARLNERABRE Ty, (A & H AR R 2L, 3R
FEA AR T W A LR IE. (H2, XA
AN T 2B AR B SR B, 2 0 4 AR A A DA
A, KT RE A RS- S, BN G
FEA . WA RR I, AT NP RS B AR
GiEE SISO TRy

3 BIRERIMtREELE

HEIC&A M T2 L1 T TAT AFE R 4L
PR, TREES S B2 A0, KER T NIRRT B
A2 RN LRRE, FHAe /N B 8 Rk e
PERE. BEEXTRE S HFRIRA, I TP 25T
RBES ) AT N TR 5 07 V5 DA SR B g 4. o
B SRS L SR 4 FoR.

VIPeR . CUHKO1 #1 Market-1501 #°53 T K|
B AT N R EHREE. VIPeR i 5h) 2, 1
632 AMT N, A N WIIE Y, YRR
[IFE LG . LA A S A8 fk, A IR R
Pl k. CUHKOL $¥a 48 % H F LKA, 5 971
AMT AW 3884 | EI1E, H1H—1kF] 160 2% x 60
B &, B R AF. Market-1501 4 42 40
32668 I E%, 6 MFHALTE G A KA b
#1501 M7 ANAFE] AT NGHHE R 5048 T AL A
(Deformable part model, DPM) Hghfi53, 2
Z BB RS T NREBsr Jik.

PRID-2011, iLIDS-VID #1 MARS ¥ k& T
P AT N R EdE 4. PRID-2011 $d5 8 4 i
A T8 Ao PR A [ 1) M A AR S 3R AT R AR, HR1R
% A HE 385 AMT AN, 8Bk B s 749 Mr
A XA A, HA 200 NMT A 28 I S
B sk dr. iLIDS-VID £% PRID-2011 22 )5 /A1
S, 5 PRID-2011 A by, i B miest,
APk, ILIDS-VID #dfi4 2l 8E KT
() CCTV Wik SR, 8 300 M7 ATE
P85 SL T 600 B, MU fE A ™ S i A
LEAHML. JERRAL AR L. A SRR LA,
IR AIMERE K. MARS #4452 Market-1501 i
LY R, EG AR R 32668 $7RF| T 1191003
g

M 3 ATDAE Y, HEETT N FR 9T TAERY
AN HERE, $ods S g HUBTB R UK, $8 K8 H BoR
%, Hrp Market-1501 2324 A 1H S R K AT
NF I BB, AT DATRMIL 2 05 2 W A4 ds
PEVREE MK AT NG, 5540, /N A AT il
HE A& T AR E 1), 10K B R 4R rh i AT 2 A ) 35
I DPM 2 280947 A 7V B 33145

e R ATES R ERUS LR REAIAT A
TR R RIF AT AI LU . Fefr i Sk Re ),
PR DL I B B ) SR U RE Mg il 28 (Cumu-
lative match characteristic, CMC) #1 Rank-N &
1.

STV ECVE R il e RO PR RE VRN Rz Al
M, EAX

CMC(k)Y p(r), k=1,2---,m (5

M (5) FTAE Hh, 2l 4 SO AR AT kA
DERCEE R PR B IR B AR AR, BAEARRR K,
AR R R AR — B R JLAR 7 YA A T 45 2R 1 e
— AR, PAGERE EDULH FLBEPERE. 151 6 2 T
JPEAE VIPeR B By scs i il 2 k = 1 i,
FOn R (AL SRR R ER ) ofi
BAVCECH) B ARIT S il CMC i 2k i g AR i 4k
BB, R IIR BB BT B 518 H b i 54 A,
WER R AR LT, BRIk, CMC i 25 il 25 B A A i 34
TSI Y I

A4
A q
2000
o4

5
LAY eV
v 7V Ac©0©
A0 S

AL

______
oA
_____

—%— MCSH-Hist
—&— MCSH-Ymean
—6— MCSH-Ystd
—%— TSM

; Il l 1 1 I
5 10 15 10 15 30

K6 CMC phgoniER
Fig.6 The illustration of CMC curve

X AN TR] B9 A7 PR 500 7 R 24T B0 L B,
USRS R 7 EA B PR BEZE AN K, AR A1 H 335 T
FIWr. Bt AATEAE R 55 S SN 6f i
®I7IR — Rank-IV A%, DABEIE 45 K e T
P s R AR EBCHER . # ULAYA Rank-1, Rank-5,
Rank-10 #l Rank-20. H Rank-5 AR LA 5 1§
P8 ] PATE A DR FE AR, AR (B R R RCR
BT

NI PA Rank-N Mg HYIE 04 Bk Ak
& ERUS I RIERER TR, £ 5 —RAE=AMT AHR
o g EE A EBUSE R BE R 7 IR HE.

# 5 i, SCSP JriA | i 2 b XS AL 1 %) 42 )5
FHAE S Z R TRRHE BT 4 7. Zhang %1% £h3f 1
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e

Eihd 44 %

L
=2

GUE B B o) TP A AE R R 4R 200 R 1R A, ) -
HASFEIAT . WARCA By insGE i ey
7 AR IS BRI A5 A 1 A I 4
PASR i R B 5. o =R 5 02 H BT AT =
A LR B TR AE RERS 21 1 e b 4R
5 AT R R TR T IR T DT
FEN [ 28 i [ I R CNINRRAERTN T30
fit ELF X347 N Gg Ut frfiliid. HIPHOP H R E
W 2% B BT NI A R RURAFAE. Zheng %04 @iy
T B AUERE RN B 0y o AR B 2K R 2K, H S
40 R BB BE X W 28 EAT (4. SOM Anet

1R 2% A6 R ) P 1 ] A0 2R R BB J3E ) 45 A 2
HAARR) 2] N2

M5 ATLAE Y, BT N LB AR IE R AT N
P FEA ) 2 AR R R SR AR, 7E /N
4 Laf n] ARG DL T IR 5 2 > Sk i PR g (B
T S B IAT NACE RO LR FR (P71 250015 )
AR OL RIS T 50 % DA LR R IR, BN Hi5h
KA LS. FER BB b, BT IR
I IRAETE RE LB (R ST IR, VI MERf R 22 4%
it 30 %.

6 A=A ARG RS S

F4 HERAT NS LS

Table 4  Popular person re-identification datasets and their parameters
Bl P2 KA 1] P15 /A N Ve 15 /WA B i SR
VIPeR 2007 4F [SEES 632 1264 2
CUHKO1 2012 4F [SEES 971 3884 2
Market-1501 2015 4F [l 1% 1501 32668 6
PRID-201116%! 2011 4¢ A 200 400 2
iLIDS-VID 2014 4 A 300 600 2
MARSM™ 2016 4£ A 1261 20715 6
5 AT NEHRBI BB E R R EIBAS 0 MERER T IR E
Table 5 Comparison of state-of-the-art methods on image-based person re-identification datasets
g S (=R AT/ %Y rank-1 (%) rank-5 (%) rank-10 (%) rank-20 (%) ARy
SCSPI66] AL 53.5 82.6 91.5 96.6 2016 4F
VIPeR FFNP0I W 51.1 81 91.4 96.9 2016 4
HIPHOP!58] R 54.2 82.4 91.5 96.9 2017 4F
Zhang %(63] AT 65 85 89.9 94.4 2016 4
CUHKO1 FFN R 55.5 78.4 83.7 92.6 2016 4F
HIPHOP R 78.8 92.6 95.3 97.8 2017 4E
Zheng 45164] T 85.8 94.4 96.4 97.5 2016 4
Market-1501 ~ SOMAnet!67] B 81.3 92.6 95.3 97.1 2017 4F
WARCA 8] AT 45.1 68.1 76 84 2016 4F
F 6 AT NFFRBIAUIEEE SR _E IS0 RER 5 IR E
Table 6 Comparison of state-of-the-art methods on video-based person re-identification datasets
PG RS NTHAT/HE#Y rank-1 (%)  rank-5 (%)  rank-10 (%)  rank-20 (%) Ay
zhang %(60] R 83.3 93.3 - 96.7 2017 4£
PRID-2011 McLaughlin 4:[45] R 70 90 95 97 2016 4F
TAPR??4 AL 68.6 94.6 97.4 98.9 2016 4£
Zhang %601 R 60.2 85.1 - 94.2 2017 4
iLIDS-VID McLaughlin Z:[45] R 58 84 91 96 2016 4
TAPR AT 55 87.5 93.8 97.2 2016 4
Zhang %:160] TREE 55.5 70.2 - 80.2 2017 4F
MARS CNN+XQDAM TR 65.3 80.2 - 89 2016 4
LOMO-+XQDAM AT 30.7 46.6 - 60.9 2016 4f
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SPERER T EEXT . TAPR. Jy ¥ 3 ik 455 10 45
R AT £ 1 52l 2R AT A8 A U)X AL A v M R X
WRIEER A . Zhang 2100 5 567 I 7 3 g &t
e AR TR BN o foe A AR MERY 4 T, SR 5
MR ET VGG G54 1 TR SR T 3 O R AL
McLaughlin 211 7] i 181 i 28 9 4l B 0T o i)
I L. SCHR [4] PA XQDA fEN T R TIE, 4
R EE CNN FRAEFT N T. LOMO FAEZE T AT
NFFRG, 25 TR LAY TEREXS LEAER.
M 6 DA H, A EAT AT AR B,
H T R AT AL LA I DA L AP, RES 1R
LR RIUZRREA. R, =P B 46 L,
72 23 RN DR G o5 i PPN s PR 2 Wl U
BRI, TREZSE ST R IL 5t @il i .

4 RESRE

A1 NI 24 5 TH UL E U A0 2O M
V) R, HC AR e FL A A TR T SO R 174 B T i
S BRI, H R AT AR M AL T IR R R
BrEe. T ARSI MR R, BT AT
FHIER T AAEYERE FIR TR N, FEE B L
BREE AWK, BT IR S T IR B ER Y
%, BUS T RE I RERI.  EARIR AT R AR
Wi s, (ER B B S IS P AE—E B Z20E. R R BIF
FE LA AMPA T JLT5 T T

1) KT AFRG. H AR 2 80T A
TRABBAT N R S A SRR N [1] 18] B P A 4545
B, AR L AR PR O, AT
P8 22 T 1 5% kT [ o K, e B 458 AR 2 A1 i
Y et 4 AT RE P IUBROR, R X R o fil 2 ik AR,
KIHT NP — MERIR AT .

2) S ZHESEMAFZAT NHH. YL
FRUFAR . B8 BEMEER, BARFWX
orfed). ZRTIELRLE, BRI ATk
TARKAT ARSI ILAE S, T8 B — A R 26
AR BAR R PRCR. WL, 845G 2B ED
LR At AT NFR .

3) G AR BRI N (AT A FE RS
FEBLSE I R IR EE T, AT AR IAE A A
P B T2 AT N, XA S Sy PUic b
MTRAL. 7300, 2 EAAERIE . B PR R R
S, AT N BER AR, S8 AR
X BE 3. ey 5 il S 2 PR IE IR 3R 1 T4 73 75 0
—HIRE.

4) BT BRI AT NFFAER IS, H AT
ARG BRI FoTE 2 NI EL, HARA S P2 AT
NFHIERIZRIBBETIA . AL, A0 PR AR AL
23 [6) 5 o J2 1 S TR 22 ) RS 56 &R, SEEM AT A

.05 LA, FR AT AT AR it
R, £ T RIS

5) ST WL AU, 5T )
(R ELAT SR O BRI R, S ELAE B
HIERIZ LAE Ty A8 L0y i . A6
4 U145 o LA TR 15 80046 5, 1384 25
JEXT TR IR P PR, 47 BY T4 VR FE 2
XTI A BRI H AR B e
TUTHE ISR . FAT BRI LR
WIREE, H AR A IR AT, B, R
PRI AR AR A T LA, S ECILA SRR
o P RSB, TG, TR T IR R 17
FERUH AT P2 S0 IR, I
VARG R .
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