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Pedestrian Re-Identification Based on HPLF
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Abstract: Pedestrian re-identification generally considered as a sub-problem of image retrieval \Due to the distance
between the camera and the pedestrian, the definition of the pedestrian photo isv‘generally fuzzy, and the camera’s view
angle of pedestrians is fixed, so it is not enough to recognize pedestrians byifaces. In"order to better mine strong local
features and improve the accuracy of pedestrian re-identification, this study proposes an algorithm, namely Horizontal
Pooling for Local Feature (HPLF). We preprocess the input joint data set in ResNet-50 network, extract features, and
horizontally cut the feature map generated by ResNet-50 network, with which we calculate the distance between every
two features. Triple loss with hard example mining (TriHard loss) is used for training as a local feature loss function.
The global distance is calculated accé)rding to the feature map and trained through TriHard loss. The two loss functions
plus a Softmax cross ‘entropy loss function are combined as the total loss function for parameter correction. The
experimental results show that HPLF’s performances of mean Average Precision (mAP), Rank-1, Rank-5, and Rank-10 in
the Market1501 data set are about 3% higher than those of other algorithms.

Key words: deep learning; computer vision; pedestrian re-identification; Convolutional Neural Network (CNN);
Generative Adversarial Network (GAN)
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17 NFF iR (person Re-IDentification, RelD) /&
FEAN A S HEE SRS, BAEAN 3 5 A
AN [E I [] H B AT N2 5 A [ — AN N, FE R 4%,
LI —A BARAT AR, 47 AR 2 H X A~ N2
WAL T —AHTT (W 18]) B 53— MBS 1B N
—ASHS T 1), R T SRR G 4 AT A R B AT A
R, 1T LA R OR 52 3] (1) S R BR . 3X — 7 [ 1)
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NP R A el AT T S5 X (P B X 2% 3K 7
iR DRI A8 A A A AR SE 28 77 1 N B SR HE A A 2503
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AR, 17 N F R0 A g L B R (1 1) R e AR
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U, IR 52 (Deep Learning, DL) ] 25 &
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PR 228 ) 245 (0] i AT N AR o) %) i) R e A AP — o
iR U SRR GRAR I A 22 X 48 43 S FE
S RAEY: 2], e 5 FA Jm EREAE 2 N R B AR AR
5542 JRp R AE, AR 95 H 8 5 1 A [R] AT BL 23 D 5 T B R
FF ), — MRS HIN 4% (Generative Adversarial
Nets, GAN) ()77 72:F F AE Bl 08 SR g v A7 N 700
FR) e A I
L1 ETEE¥ 3K RelD 5%

RelD 1EN— BG4 Z (Text-Based Image Retrieval,

TBIR) 5[], H A 4K P 5K 8 FROAH DU 58 e
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{8 AR I AR 5% R g B BRURE &, AN ) ID 14T
N ARRE AR 1o 457 2 R {88 R AT B R R % R B i
RRFE S, 1% fx) B A2 I 23RS BUR FE 5 R I 4.

(1) X b3 2% (contrastive loss)

JE O AR G SR I 2R 28 AR I 4% (Siamese Net-
work)® 1 2% [ N — O — X Bk BB, Bl
a F b, X B AT DL IEFEAGT (] —47 A), AT B
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(identification loss) BRIEIEAT X 28 I 2. BRI 9l 2 I fi
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o] Rl 45 MO R4
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16 B T4 2B R IR, B3 1 3 A
PP R P 25 31 7 52 B IS I (0 R 4 I 25
Hf ek, SAT 4B AT N F R SR S e . M
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P RS, 3 78 4T A TR 04T 02 38 ) GAN.
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2.1 MLRLER

AL TT IR W B 4 M H i 4 N 21 ResNet-50
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SRIE FH = el B Rt AT R 25 )1 2k, i fE B an &l 1 B,
2.2 HPLF /53%
HPLF (Horizontal Pooling for Local Feature) J7 7%
FE S — IO ER HMERE AR (1) 7 7%
KA R : TEZ I — 4 ResNet-50 ff Hh f5 2375
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PIGRAER
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e
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S SRR
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R AT S SR
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YA
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RS
ResNet 50 -
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HMEREAAZ I : A% GE 1 B2 52 2] 7 V2 e LR R 4H
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S W HIREA, ANHF T I 2RI BE T 9 () RelD 25,
9T AE R 28 T R RAT N, R MERE A ISR 25, ik
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FFEARAE N —A = Tnd R 2R N 4.
2.3 HkEH

ARSI ZE i N T 2 B2k Softmax 28 X
J#451 2% (Softmax Cross Entropy Loss) BRI U FIAERE A =
JCA 52 (TriHard loss) BR%Y.

(1) Softmax 3¢ X 2 FEAA ML, g — A
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i ENEON N, A T2 a] LI — > N 4E
FE B A e 45 SR AR BAR RS T, Rk e
—AREARJET M, L XAZREASS T M 5 AR
A1, 6T HAh R e 25 SRR R 0. 49 T i A
[0,1,0,0,--, 0, 0], iX & 5 A 45 R, (H— 2 brdm
WS XORFIAF. 110 [0.02, 0.01, 0.7, 0.05,-++, 0.01], X
A& Softmax FITAH, 44 A% ¥ i HRAE, ik 1 s Fn 9k
LA J5, AR T — MR, B 1.
TR y1, v v3s =0 vy PRS2 ST, IBAE
it Softmax Ab¥E 2 J5, Wik (1) Fias:
Y = sofmax(y) = —— M)
i
1

j
Horb, y, ME B S | M, e 250 H KA. n 2R
KMEH n M. N
X X (Cross Entropy, CE) 223 1 2 B L 45 3
RN HH PR, G e S R 2 TR, 05K (2)
FrR:

H(p.g) == ) p(x)logq(») )

Hor, g ot T p ST .

(2) MEFEA = TC K R 2L

TE = JuH ik B 2k b 280 o5k J5 TR A AR =
JE MK, TriHard loss 4% 00 A fF— I 2Rt =
Beik P NMT N, AR ID 1E N JE M. A ID 1T A,
BENLERE AT SR B B IR, B DL — Mk E — 3k
A PxK 5K . 78 PxK 5K BE o, 8 IO T 0 2% e I

M4 HEHIIE A, R = e, = e ARG

B O I, 3 SRR 53 S 9 "

@ 4% S B F (anchor,@);

@ TERE L (positive, p);

@ FFEAE A (negetive, n).

B4 A 24 A A (anchor) ID M FIFAT N F
£, B N5 S E R (anchor) ID ANRIKE A EE. W
1 (3) for:

1

Ly = ——
"= PxK

maxd,,, —mind, , + « 3)
PEA neB
aebatch +

HoAr, batch A% AL E, max NHEMEN IEFEARST, min
RN FREARXT. P AN ID 34, 4, B 25 AT
BAAE ID. K A AR ID ALK A, a N

B A, p NIEREARE R, n ATREAR Y, d AARRER
. a2 NNIRE S HL X TG =i ik,
TriHard loss % iE T M im A A HIE 2, 0 H— BT B &
RACE 5, B IEAE AR R A, BT IREA, £
HBOR. XTSRRI, B ROR, BB,

3 SEIAER 50T
3.1 SLIEIFE
AR Z 5 1 ppsy

%10 SR K

Sy s
\ BF NVIDIA GTX970
CPU Inter Core i7 RbE 25
BIERS Windows10
FHRES Python
R R Pycharm
SLIGHESE PyTorch
R ERE) CUDA. CuDNN

3.2 gt FE

WL T2 LB 4 Market15011°) A48 455k 1
TEERFER 6 AN TR X 8k B A5 Sk H TR 4R 1 ]
BER, ZNGEFE 751 MERRC (D) K17 AE1E,
.5 12936 FKEME, VISR K B R RN 256x128,
W E margin(451 2% B HU R 1E)=0.3, P¢ & batch-size(lt
£)=32, & num-instance(fiI NATA ID HI4$0)=4, 551K
BN 32 TKIR, 2 ISRIE 4 A ID AT, BAMTA 8 kIR
Ji. ﬁﬁlﬁﬁ/ﬁ”\iﬁl (epoch)=150, stepsize (5 K) WHE N
505 Hi At S H BRI . 7E HPLF W %%t [&] 485 ResNet
WX 2% Xk 4 45 B J5 ) Triplet loss A1 Softmax R
B UK R BCR A RN 48 HEAT 2 2] . ¥ CNN 2% 3]
N 0.0002, 3 H. 150 4> epoch HEAT — K2 2] ikl A
ZHTH 110, BEAT YIS, SRR RE R B SRk a& 1k
W25 R 280, B Ja 4 I S R A 36 it 2 T R, 76
e AR E PR B EUE R AE, 0 )i R 2 R 5 HE
FIAAEE 1) BB B e e R, FF HLAE SO R,
##4T mAP, Rank-1, Rank-5, Rank-10, Rank-20 [Jiljiz,.
2 epoch=150 X LLJ5 loss BRIZLFEANIE B 5z /ME.
33 ZIER

A SC BT A FH 48 bR 9 mAP B K& Rank-1.
Rank-5. Rank-10. 3 2 1% 3 /& Market1501 7EA L H
5T IRB PSS J, 500k [17] H #5105 47 L,

Software TechniquesAlgorithm X fFHi A5 231

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

HEIR SN H http://www.c-s-a.org.cn 2021 4F 553035 55 3 1

FEAETE KR M. A SCEEE R AR R A% 90.6% 1) SECEk

Rank-1 ¥843 40 77.7 If) mAP $a45. {H & 7E 865 T 1 MREHR, =G, 585, . BRME Mg S sk, B
YA AR A 6, % P B A o B A (A AL, 2020, 46(1): 24-37.

RS 2 Varior RR, Haloi M, Wang G. Gated Siamese convolutional

neural network architecture for human re-identification.

2 ANEREMRE (%)

Proceedings of the 14th European Conference on Computer

Bhr ARILTT .

16z AT Vision. Amsterdam, the Netherlands. 2016. 791-808.
Rank-1 90.6
Rank-5 96.4 3 Varior RR, Shuai B, Lu JW, ef al. A Siamese long short-term
Rank-10 97.7 memory  architecture for human  re-identification.
Rank-20 98.8

Proceedings of the 14th European Conférence on Computer
Vision. Amsterdam, the Netherlands. 2016. 135-153.

S &b IR 5 A 5 v 3 i,
ARG RS HAR TR LI 3 Fioss 4 Wang YC, Chen ZZ, Wu F, et al. Person re-identification

%3 Market1501 RS RATEE (%) wi\th cascaded pairwise convolutions. Proceedings of the
Trik mAP Rank-1 IEEE/CVF Conference on Computer Vision and Pattern
MBC" 26.1 455 Recognition. Salt Lake City, UT, USA. 2018. 1470-1478.
LSTM" 35.3 61.6 identificati
5 Cheng D, Gong YH, Zhou SP, ef al. Person re-identification
GAN™ 559, | 79.3 . i .
o ’ by multi-channel parts-based CNN with improved triplet loss
Gate- RelD! . 16588 39.55
HA-CNNZY 4 757 912 function. Proceedings of the IEEE Conference on Computer
AT . 77.7 90.2 Vision and Pattern Recognition. Las Vegas, NV, USA. 2016.
1335-1344.
RGBT B B 5t L sz, FEAME FI A SCH) HEML 6 Hermans A, Beyer L, Leibe B. In defense of the triplet loss
> y P
S T AR5 B2k 4 s, for person re-identification. arXiv preprint arXiv:
e 1703.07737, 2017.
#4 A HFML S8R TERE (%) _ , ,
oy S 7 Liu H, Feng JS, Qi MB, et al. End-to-end comparative
Rank-1 86.2 attention networks for person re-identification. IEEE
% Y
Rank-5 95 Transactions on Image Processing, 2017,:26(7): 3492-3506.
Rank-10 97.1 .
R:Ek_zo 052 [doi: 10.1109/TIP:2017.2700762}"
mAP 70.8 8 Ristani B, Tomasi C.Features for multi-target multi-camera
tracking and re-identification. Proceedings of the IEEE/CVF
5322 Wi, v UAE A A S HFML S9ER Conference on Computer Vision and Pattern Recognition.
THUL T mAP #8855 T 6.9%, Rank-1 85+ 4.4%, Salt Lake City, UT, USA. 2018. 6036-6046.
Rank-5 f8Fr#E Tt 1.4%, Rank-10 845 TH 0_65/(,, Rank- 9 Chen WH, Chen XT, Zhang JG, et al. Beyond triplet loss: A
20 IR F 0.6%. 7] LLEH 2’;15@ HFML & 3yL7a] LA deep quadruplet network for person re-identification.
R R BT ﬁIu#ﬁ%ﬂﬂ% . Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Honolulu, HI, USA. 2017.
4 ragk 1320-1329.
A=

10 Chen HR, Wang YW, Shi YM, et al. Deep transfer learning
for person re-identification. Proceedings of 2018 IEEE

AR SR HE T — 0 R P KT B LR A
HPLF 532, {E4HE B A7 7K -1, 4650 51 00454 P
S L e A = TG 5 R S O B9 7,
i L A P L B M AR = L 6D Softmax )

Fourth International Conference on Multimedia Big Data. Xi’
an, China. 2018. 1-5.
Lin YT, Zheng L, Zheng ZD, et al. Improving person re-

A5 R R BOR ARy 4 J5 RFIE A5 2R bR H H 3 5 2K bR B identification by attribute and identity learning. Pattern
TERBE PR REHAT ZHUE IE. KRB EE Y5 Recognition, 2019, 95: 151 —161. [doi: 10.1016/j.patcog.
T HIAT N, 2019.06.006]

232 AR H 1 Software TechniquesAlgorithm

© EREERREST  hup/iwww.c-s-a.org.en


http://dx.doi.org/10.1109/TIP.2017.2700762
http://dx.doi.org/10.1016/j.patcog.2019.06.006
http://dx.doi.org/10.1016/j.patcog.2019.06.006
http://dx.doi.org/10.1109/TIP.2017.2700762
http://dx.doi.org/10.1016/j.patcog.2019.06.006
http://dx.doi.org/10.1016/j.patcog.2019.06.006
http://www.c-s-a.org.cn

20214 #5304 553

http://www.c-s-a.org.cn

i H AR SN A

12

13

14

15

16

Zhang X, Luo H, Fan X, et al. AlignedRelD: Surpassing
human-level performance in person re-identification. arXiv:
1711.08184, 2017.

Sun YF, Zheng L, Yang Y, et al. Beyond part models: Person
retrieval with refined part pooling (and a strong
convolutional baseline). Proceedings of the 15th European
Conference on Computer Vision. Munich, Germany. 2018.
501-518.

Bk, e, VoA, A BT IR A ST ROAT N F AR
. B LR, 2019, 45(11): 2032-2049.

Zhu JY, Park T, Isola P, et al. Unpaired image-to-image
translation using cycle-consistent adversarial networks.
Proceedings of the IEEE International Conference on
Computer Vision. Venice, Italy. 2017. 2242-2251.

Zheng L, Shen LY, Tian L, et al. Scalable person re=
identification: A benchmark. Proceedings of the IEEE
International Conference on Compu‘(terxVision.?.Santiago,

Chile. 2015. 1116-1124. &

%

17

18

19

20

Ristani E, Solera F, Zou R, et al. Performance measures and

a data set for multi-target, multi-camera tracking.
Proceedings of the European Conference on Computer
Vision. Amsterdam, the Netherlands. 2016. 17-35.

Ustinova E, Ganin Y, Lempitsky V. Multi-region bilinear
convolutional neural networks for person re-identification.
Proceedings of 2017 14th IEEE International Conference on
Advanced Video and Signal Based Surveillance. Lecce, Italy.
2017. 1-6.

Zheng ZD, Zheng L, Yang Y. Unlabeled samples generated
by GAN improve the person re-ide'ntiﬁcation baseline in
vitro. Proceedings of 2017 IEEE International Conference on
Computer Vision: Venice, Italy. 2017. 3774-3782.

Li ‘W, Zhu X, Gong S. Harmonious attention network for
person re-identification. Proceedings of 2018 IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Salt Lake City, UT, USA. 2018. 2285-2294. [doi: 10.1109/

CVPR.2018.00243]

Software TechniquesAlgorithm FXPFH AR 5% 233

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.1109/CVPR.2018.00243
http://dx.doi.org/10.1109/CVPR.2018.00243
http://dx.doi.org/10.1109/CVPR.2018.00243
http://dx.doi.org/10.1109/CVPR.2018.00243
http://dx.doi.org/10.1109/CVPR.2018.00243
http://dx.doi.org/10.1109/CVPR.2018.00243
http://dx.doi.org/10.1109/CVPR.2018.00243
http://dx.doi.org/10.1109/CVPR.2018.00243
http://www.c-s-a.org.cn

	1 引言
	1.1 基于度量学习的ReID方法
	1.2 基于特征学习的ReID方法
	1.3 基于局部特征与全局特征的ReID方法
	1.4 基于GAN的ReID方法

	2 行人再识别网络的设计
	2.1 网络结构
	2.2 HPLF方法
	2.3 损失函数

	3 实验结果与分析
	3.1 实验环境
	3.2 训练过程
	3.3 实验结果

	4 总结

