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Abstract

Person re-identification is the technique for matching information of the same person
among images taken by several non-overlapping camera. It can be usefully applied to
human tracking, visual surveillance, forensics and so on. Person re-identification has
two main branches: "Cross-entropy method" based on image classification technique
and "Triplet method" using image pair input and triplet loss function. Because each
method has its own advantage, it is difficult to compare which method is proper to solve
the open problem like person re-identification. In this paper, we compare Cross-entropy
method and Triplet method, and apply the effect of rollback, which was previously used
only for Cross-entropy method, to Triplet method. In addition, we propose an algorithm
that can achieve better performance by applying both Cross-entropy method and Triplet

method simultaneously.
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Algorithm 1: ¢ 2] A7 7|H

Input : I: 9J& o]u]x],

W, H: o]n]z] |H], %o,

s, sp: A G 9] Wol Bla(F 4, ),
ri,res AT G o] FRB(F 4, ).
Output : J O] A|AH o]m] ] I*
Initialize p; «— 03} 14}o0]2] ¢l o]<] ZF
if p; > p then
I« 1
return [*
else
while True do
Se < Rand(s;, sp) X S
re < Rand(ry, r2)
He = /8o Xre, We = /5
Ze < Rand(0, W), ye < Rand(0, H)
ifxre+ W, <W and y. + H. < H then
Ie < (e, Yer Te + W, ye + He)
I(I.) < Rand(0, 255)
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return [*
end if
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Algorithm 2: AF2F 2|14 Y E Q7 o] 240

Parameter: N: 4] E529] 4=, M: (WHEA gf5o]l Q3 x7| BE59] &
Parameter: 610 ... 050 718 S A AT O] 71£3]

Input : 6y,...,0N, do]EAlL (X,Y
o =0 vi=1,.. . N
0,05 (k= A4 Elolel Al diste] Al 27)
for p =2to M do

P~V ifi < p

~—

) — ) 7
' 00 ifi>p.
0P .. 0% (G A Q1A HlolE Al thated AW 2
end for
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Chapter 4
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411 A A 7189 45 24 vES

%]_ XHQ_@‘ oa}_l—_ya%% Figure 71— O 4.744 oz EX'_I @—1:} i]—_T_I_Z]— g}h uﬂ/\l-
ZFSH= query o] 2] 7F o1& o, 7ol H 3l AAEL] o]uA] ZQ
gallery o]m] 2] Woll Al query o]n]z] et F A7 AFES] o|u] 2] & Zropdtt. o] o,
HAE WA oA A5& 545171 floliAl= WA oJ" query o]n|]of tfste] ]
olE|Al Yol EAfloh= BE gallery o]u]| 2| ete] Aglg AR eteh 1 &, At
7V7be gallery o|u] 2 E ¢AHE Jdst=d], gallery o]u]2] Z query o]u]Z]
FAG AL o|ulA|7k FFo] Bo] A B4E o B2 452 Bt
= qleh ol2|et A5 S-S $Ig £H] B O F Table Zo] query o]m]]
o} gallery o]n|2] Ato]o] AE] HHE Egohs PHS WA THEL A7t 7Pk
%A 2 9z WA FT o714 d(.,.) e F Q17 Afole] L2A]E olulshn Abgt
A 1A Bl A E do] el AU query imageE-2 {qi}j,. gallery O|H] A ES {gi}i-
Zro] At

19



Query image(n7})

Gallery O|O| X]|

Figure 4.1: At 2|21 4] 74

Table 4.1: query-gallery 2] 3§ &

Gallery image(m7]))
d(qi,g1) | d(qi,g2) | d(q1,83)
d(qz2,81) | d(gz2,82) | d(qz2,83)
d(gs,g1) | d(as,g2) | d(qs,g3)
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(a) Recall-Precision =41 | A] (b) CMC FA o A]

mAP: At ARl 71&0] AJ5& S45te MEZ T ShitE mean Average
Precision(mAP)o] 9Ic}. o= Az 4914 Hlo] el Ale] A3k 212ke] query o]u]
2]o] gt B+ ASHE (Average Precision)S 15t § 11 ZHE9] B+ 32 FLSHA
ek old query o]w]z|of thet Bt LS ok W, i query o] 2] o] Ab
2 A ¢14] ZAx}o] it Figure[d.2] & el 2] Recall-Precision 241-& EHH 34 o}
o] 2 75hH Ht). Recall-Precision T4 0] ¢o] 2] = 1Al Table[d. 1S o]-&-5) L}
Epd &= Qltt. ol & =9, query ©|1]A] g1 2] Recall-Precision2 3 & 9] f}i HA H
=2t 0 2 QH A S S| 7hE A A A 2 E gallery o] u]Z] Zrof] tiet, query ©]0]

A A3kt gallery o] w] 2] U] Abge] Al o] U A|shs gallery o] 1] 2] 5] H]&e]ch,

A 7| 4=of| w2 Recall-Precisiong 12| L& JERY ™ Figure 4.2} 72 A ¢S
2 4 9lck. of w, ez B4 of2rie] Hol ¢ o] B HEo|L BE
query 9] H A 59| HF-S FSH Z ©] mean Average Precision©]|t}.

CMC: X = AT Aol Al 714 As =4 W E 8 0 2= Cumulative Matching
Characteristic(CMC)7} Qlt}. o] o|d]|5}7] ¢4 ¥ A rank-k A S of] tfj st o]
Sk B a5, A query o]l Aol el A7} 7phe S A2 gallery o] ] S
U -8 wf(Table[d.1) 74t Tt k7l <] gallery o] w2 W o] Akt o] query

o] z] W of Attt Al o] LA|5he gallery7} 243t Shtol 4 EASHE query ©]
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Triplet ‘?}‘§= triplet &= g4 719he] Abgt A Q1A W2 2.2.2] A Aol A 7] 4515
o 715, LR AR, ThE AF olm| A o] g2 At A 14 sk Hlo[H Al T2 R H
e 5, B (x*,xP,x") € 7 of tigte], 4249 glojE S A A4 HIE
Aol FIAZ1AL Az ARl 54 MEER wiplet UGS ARtsto] A

YEYTE shEARITE o714 7%, S AT AR, ThE At oln A1 BB S

At Aol Al Bl o] | AE A2 Cross-entropy B, Triplet WY 2% 55}t

SAAES2 ALl A A DA HIEHZE F3l AP A A4 HIAE Hlo]g Al
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cross-entropy
loss

ehdolzs
(fully connected layer)
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Figure 4.3: o]u| 2] 75 QI3 H&d HEHT +X

72 query-gallery 78] JH-S wt=ct zF 2

ol )29} A7} A7hE: 2.0 2 gallery o] 2 8 2

HE A4 O] mAP, rank-1, rank-5, rank-10-2 A4 A AL 2 Q14 412 &<
Ao W75},

42 A9 A7

421 AY ARAG

H =R o] AL Cross-entropy HHH, Triplet 5, 5% Y E YA F53
HWE 95l F7HA 9l S £o]2] ¢l ChapterBpl Al A|AgF HIES A X0t
& Eo}o] baseline.© 2 A19Ith. ek At A4 W] T glo] gjRie]
AYEAL FUA AT AT T AR AR dolEE FA A A1
Aol A 74 Bro] B85 Market-1501 (2] Hlo] 61418 AH5kT, YEHT T
22 919 Pytorch 2ol 1212 [28)2 AHg] Atk 2] Al FEHe s
e EE p = 0.5, 5p = 0.02, 55, = 0.4, 71 = 0.3, 72 = 1.0 = AA5IAT E3,
SATHE 5O TAIIEILE +UY Al RE AN E A
. S 11 b 275252 15, 288144 2712
resizest 0 M, 0.59] E-& 2 ¢ W (horizontal flip) & == 5} c}. vpA|eto 2
H

triplet =49k 7]9ko] Abgh A ‘?_41 " of| 0t AL & = margin(a)= 0.32 & 519l t).
_]

mpRere 2 mE A 4 £4-E 918 o= 22 fL] A4 9] rank-1(CMC),
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rank-5(CMC), rank-10(CMC), mAP2S- 7|¥t o 2 5}9it}.

4.2.2 Cross-entropy ¥y o] v A3

. =
g glol, oln)A] £RE BA 02 TAY AT AATS /Mo AU 2=
WS AT AR A9 716S TAY 1 ofu] x| B |4 o zsts
Ze] o]

Table 4.2: o]0 2] 7ol gt 7185 ol whE AFE Al Q14 &al2]5 2] Market-

150104} /-5 Bl

ofm] ] £ 7]uHe] A A 214

rank-1 | rank-5 | rank-10 | mAP

Not pretrained | 73.66 | 89.07 93.02 | 46.22
Pretrained 86.19 | 94.92 96.97 | 67.76

Table[d.2]] 4 "Not pretrained" 2] 73-¢-oll HE Q|3 7}52] 9] €] 9] % 7]SKrandom
initailization)S 53] AL A Q1A YIEQ TS 743t A o] 11, "Pretrained" 2] 73-2-<ll
o|u|z] &5F ol Alof tisl| 7|ot5E 2] ¢k /5 A178W= o]-&5l Table 4.2
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=2
=
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Cross-entropy W' ol| A &9 9] § 3}: Cross-entropy B

Y E 9T 0| BA A A A5t S-S 88 A< o]

stat). o] AP H=BA MM M-E 45 T3 543519t} =, ResNet-50 [16]2]
4710 B= F A WA B0 19, T x| o] 28, A ¥ig E=0] 31, v
#7) 22 0] 491 Sul .

Table 4.3: Cross-entropy W5 0. &2 LA H AR 2HQ
WS 28U ™l Market-150191 4 45

2o =

Y E

A
Al
o

Eﬂr%

Cross-entropy 1

o7 FAH AR A4 HEHZ

rank-1 | rank-5 | rank-10 mAP
w/o Rollback | 86.19 | 94.92 96.97 67.76
Rollback 90.05 | 96.44 97.71 73.93

st o] YES

AV}

Table 301 4] 2ol & 2 G150] B2 283 %9 A QAL 915 FAF
7] low-level layer ¢] 5}<0] 8]0} olef ] 4% Bt E o] ol 4
FHL 01298L AT 5 gk

4.2.3 Triplet ¥y o] v A

B.2| 414 ©] Triplet BfH o 2 & H Al A Q14] 7]&2] A5} a4 Oﬂ@lk]
o] 28 Hg S ] 4%5-S vl T TableBAR} 20}, 22 B2 A4 )
WPEa} S-S S E A

-":Ix_-i: 'l.|-. 1 II
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9] triplet 24184 7]9ke] Abe A1 4] Y| E 9 A.9] 453} o] Y| E
w]

I
2832 1] Market-15010]1 4 A%

Table 4.4: 7] &
< a

RELIE=L

Triplet ¥ 0.2 7R A 4|24 v EY 2

rank-1 | rank-5 | rank-10 | mAP

w/o Rollback | 86.10 | 93.74 | 96.17 | 69.66
Rollback 89.16 | 95.72 | 97.39 | 75.37

HZ], A Z2of| A A7) HEe} Zro] Cross-entropy B 7} Triplet B 2] ARt A
U2 9] ero] 9.0, Table B30} TableBAS] 31 WA o] A stol g

o
- 1
A vEe} o] As TS H|S=gt == 0 7 LERd T 712, Cross-entropy B

e,
>
N,

o 4

AN HEAZAE SHE BET A9 ASTHL HYLS & 4 ek BE A
5 =4 vl o) 4% G442 Belrk Table [A0] AV Triplet W02
TAE AR A4 YEADA F71191 S add-on)glo] T Bt Wl
AR R s FAL olFold 4 918 HAWL, YEYI] #7191 o]
Aok o £ A5 9L 4 g THs AL KAk

424 SUEYIS HW AY

A A191419] 713 991 Cross-entropy 7 Triplet -2 5 ¢stel 5
3} Y| E ¢ A (Integrated Network)E -4 4= Qlt}. o] =33 A of| A 47|53t

FigureB30] 722 712 5 NEYLES Sof A A4 593 39

14 3
"5 ¥} Cross-entropy R " ¥} Triplet 2 242} b 42347t 4-9-9] 4d-5= vl w5k

Table Zet
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Table 4.5: 53 Y| E 9] 3 2] Market-15019]| A4 A5 vl

S EATR TR AR A4 HEYT

rank-1 | rank-5 | rank-10 | mAP

Cross-entropy B2 | 86.19 | 94.92 | 96.97 | 67.76
Triplet B4 86.10 | 93.74 96.17 | 69.66
ST UEYA 87.52 | 95.72 9747 | 71.33

H A Cross-entropy W', Triplet B o] AV A Q1A B S
+ J

S S TSl shto dEHDR 74T

e ENERIEEER R EE TS Sy » R EET v
Ao A 15t o] & >
HELI WS A8 H ¢ 45 T2 olE AU A5 5 1. BF
Wshs oo 3t 2o,

Table 4.6: £ Y E 3 2] A5} o] YEY T 292 28302 1] Market-1501

AN s ¥l

s iEgas 75 A A4 dEYD

rank-1 | rank-5 | rank-10 | mAP
w/o Rollback | 87.52 | 95.72 9748 | 71.33
Rollback 90.11 | 96.08 97.60 | 76.50

& HEYTol WS 28 7 Cross-entropy ®§H, Triplet {'H ol A A&
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rank-1 | rank-5 | rank-10 | mAP

Not pretrained 73.66 | 89.07 | 93.02 | 46.22
Cross-entropy based Re-ID(w/o Rollback) | 86.19 | 94.92 | 96.97 | 67.76
Cross-entropy based Re-ID with Rollback | 90.05 | 96.44 | 97.71 | 73.93
Triplet based Re-ID(w/o Rollback) 86.10 | 93.74 96.17 | 69.66
Triplet based Re-ID with Rollback 89.16 | 95.72 | 97.39 | 75.37
Integrated Network(w/o Rollback) 87.52 | 95.72 97.48 | 71.33
Integrated Network with Rollback 90.11 | 96.08 97.60 | 76.50
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4.2.7 Z}scheme d YV EYI A%

[15]°l A= Cross-entropy 5 o] At A|Q14] 7]&of Edo] -84 wj, 71219
schemetl 2 229l 4% o] o] £o] 7S Bt H AL Fd e
Ao Fuo] H-8E w, Z} schemeF & oI 452 Hol=A] 2

A3 o] A schemel & B4 M A M-& 12, scheme2= M-& 2=, scheme3-& M2 3
© 2 schemed= M-E& 42 A3t Aok

Table 4.8: £} Y| E $]3.9] scheme® A%

g uEgas 75 A AHel4 dEYA

rank-1 | rank-5 | rank-10 mAP

schemel | 87.52 | 95.72 | 97.48 71.33
scheme2 | 89.01 | 9598 | 97.54 73.86
scheme3 | 89.86 | 96.06 | 97.58 75.46
scheme4 | 90.11 | 96.08 | 97.60 76.50
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428 71z0l 7V B A% AN A% AN YEYISH BT
ECERR A

Table 4.9: 7| & %11 A 5(state-of-the-art) 2] AR A Q1A] 7]

Market-1501]| 4] A% H] 2

e
fH)
of
el
-

m
j(\g
lu
it

rank-1 | mAP

SVDNet [29] 82.3 62.1
PDC [30] 84.1 63.4
PT-GAN [31] 79.8 | 58.0
AACN [32] 859 | 66.9
HAP2S_P [33] 84.6 | 694
PSE [34] 87.7 | 69.0
CamStyle [35] 89.2 | 71.6
PN-GAN [36] 89.4 | 72.6
MGCAM (37 83.8 | 743
Ours(Integerated Network) | 90.11 | 76.50

Table [4.901 A= A A1 A4 71 HIRASHA A8 5= s 574 HEZY
rank-13} mAPE 71 45 Blusttt. F 45 574 HES

A7V 5o 45 24TL
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