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Person Re-identification based on loss optimization
ZHANG Shiyuan, DING Xueming

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai 200093, China)

[ Abstract] The purpose of Person Re—identification is to retrieve the pedestrians with specific identities in the data sets through
deep learning. In the Person Re—identification algorithm, the ideal optimization goal is to minimize the distance between classes and
maximize the distance between classes. This paper presents a pedestrian recognition method which optimizes and improves the loss
function. By adding additional monitoring signals to the classification of losses, it can be combined with joint training. On the basis
of maintaining the discriminability between the classes, the trained features have strong cohesion, which restricts the compactness
within the classes and effectively improves the identification degree of the features. At the same time, the weight factor of similarity
between and within classes was added to the cross entropy loss, so that the learning rate could adapt to the specific optimal state. In
this way, the optimization mode is more flexible and the convergence state is more explicit to improve the feature discrimination.
The experimental results on Market—1501 and DukeMTMC-reID, the mainstream data sets of Person Re—identification, show that
the performance of the proposed method is effectively improved. The mAP value reaches 90.5% and 81.6%, respectively, and the
Rank—1 value reaches 95.7% and 91.6% , respectively.

[ Key words] Person re—identification; Deep learning; Metric learning; Residual network; Loss function

FAAE—SE BAT PR A XE A

W TR~ >0 )R K e L R e P RE A TS
PEEIAR W, TR EE 5 > J5 1 E o A7 ATEUINE:
SR TTIE . Hol kA AN F 45 450, 8 2
J2 A R 22 0 245 10 = 2 P TR B o~ A o) 5040 B

0 51

AR SR B LA v 45 B b /Y AT N R
(Person Re—identification ) [} JC{F BB W Ty . HAE
N EARR R B 53 3, B B2l i R ) KR

AR A AR E B Oy AT AN B N T
RERH (19 A B I BORAE A X2 B A B B
B REPLA NS SURARAF BRI ORI (i TR
AT ANBYSIVEFDE IR BE R AP i 22 5%, AT
(9 PG Z TR A7 A RS o0 FEAR AR A D, 223 B
FN HRMII2E 52k, Ay AR50 2] H AT 54

BEE£WH.: BRASRR2E4(61673277)

HI ZRAE DA T U 25 ; P30 Ao 1153 R I e 45 T ok
L AEARE A [1] 14 R RLJE 5 6 71T AR A5 95 1o 1 P RE TR s
MR, I T IRE BB AT N, 343k
I E T W44 ResNet'? VGGNet'® 25 HHAEMH
TS5 e H SR A BRI T AN BUR By
ik, DT 58 Bt 3o 19 27 > o Bl AT AN E TR 1Y O

YEB /A A (1996-) , 5 BLWF5e A, FERFSE7 1) R EE 2 S F0AT N FR S T2 (1971-) 5 i Bl oz, E2arse 7 i . B R

T RGERHRL R AR RS,
BiEE: T%H
Wi A 2020-12-17

Email ; xuemingding@ usst.edu.cn

Y LR RN o= K4t 55 A




66 B o /5 M5 MM

RS

EE B T IRE R E M mir2 A
PUSPERER AT AT NS RO W i . SRR
[4] 4 i =oALk R B, AL B AR 1
HAEEATT NS T A RZRAT N Z AR, 22 s
TIRIZEAT N Z 8] 2 R, DA T 384 i A5 251 ) 39 S g
Ty WAL A P TCAH A AIR A5 A R
AR 27 20 1) A e R Y E 2 ST R T
SCHRL8 ] Hr i th 1 b —fR BLA, ke 1 R B2 4 4%
A2k, FFaL RIZS REZR SZ 3B VI 2k, [l s 2> 1
T

L5 LR BT R T Tk B E—E R
EFETFRIZEAERE , (ERHR SRR I 45 fe i 4 5
AEFEA T I AR B | AT (52 PR B -5 248 ] B 2 1 3
HREACR BRI RIS, AN SO H —FiodS 4i8 2% pR 6
PEATOUA A AT NE RO 53k .l ad 7E R AR 58 X
TR R L IR DAE AAS R DR, fi 7 ) S 3 B
PREGEACIRAS . T HARAR T 20 235 | WStk

Auto—augment

Images(384*128)

e fb)z

Resnet50
Random Erasing esne

ik B ERETET SN

AN, A7 B TR R,

N T BB NFE A Z A FE RS RSO3
TR I ELR o Bl 45 2R R A softmax
U2, TELRASAN [ ] 4050 g i B& it | 131
SR RRIE R P SRRSO 205 T IR B AR
FHRFIE R B | AL Al M At 51 68 0 A Ak
Tho AR ResNet—50 15 1 M 2% 45 & Bt Jn
[ softmax 5 = LRI G INL, B2t eloitt J5 1
SESURHAR AT IN SR, I 456 — BE YN ZRefig 7 % ) 4%
MU, 32 TF T W48 B PERE . E i B T Market -
1501 5 DukeMTMC-relD #HE4E [ K E WYL, 45
RBRUIASOT T T4 NE VOISR,

1 BMEHRRMUEBITAEIRAIMSE

AR ICHI B Rl S AR A T T I 285 Y R AAHE S
K1 R, 2% 4 4t 3 2 o A BRASE B | 3 o 2%
PP RA BRI AL,

Center loss+Triplet loss

Circle loss
R~z E=cd Label smooth
RAB i KA AR e

B1 BREMUEREMEIELR

Fig. 1 Network framework of loss optimization model
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Tab. 5 Comparison with other Person Re—identification methods
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Tab. 6 The experiment of setting different batch size in the model
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Fig. 2 Performance comparison of different batch sizes on datasets
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