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Pedestrian Attribute Recognition Method Based on Local Feature Overlap

CHEN Wei-Hang, LIU Zhi-Gang, HUANG Zhao, XIE Dong-Jun
(School of Computer and Information Technology, Northeast Petroleum University, Daqing 163318, China)

Abstract: Given the unbalanced pedestrian attribute data, insufficient expression ability of pedestrian features, and poor
robustness of current pedestrian attribute recognition methods, this study proposes a method based on local feature
overlap and pedestrian attribute recognition. The network uses global and local branches to improve the overall feature
expression ability of the network. In the local branch, the feature graph obtained is divided into several parts with the
same size, and the loss of each attribute is calculated with the Focal loss func"tjon tersolve the problem of pedestrian
attribute imbalance. Finally, the optimal loss of each attribute selected by voting and the ID loss calculated through global
features are taken as the total loss of the model. The proposed method is tested on Market-1501_attribute and
DukeMTMC-attribute pedestrian attribute datasets, and the experimental results show that this method can effectively
improve the accuracy of pedestrian re-recognition.

Key words: pedestrian recognition; gfobal features; local features; attribute information; Focal loss

ITANERRIRIEEZ D AEBRERPRZR L H
PRAT NBIECR, AT RA 2 B T S R B
SEUR. EOE, T AN BECR Pa AT A
FAAETCIE S AL S DA R SR Sk 7 0 0 55 il i, it
AT N FAR BB H A7) 1 1 A AR KPR PR . i o R
A ST R, IR 5 21 U5 IRAEAT N ARG A5 21

O HEETH: BRIA HRFHAHES (LH2020F003)

TARGF (R . s 56 5 R th 3 WA IR B2 2 31 ) 5
M T ARG VE RS 2 21 B IR JZ R B BB AR AE, A
1713 5 4 1 S B AT N AR AR B A PR 2 ST Y
A7 NFR B TR 2 K IR A 4 X 48 2 B 7 3%,
= PR I 2% 2 U SURIIE 22, WA R 2 R 45 )1 5
10 X JSE 3 K, 6 B KB A v B B U DA SR I3 L A

WA ] 2021-07-02; 45 B [H]: 2021-08-10; SR FH I [A]: 2021-08-17; csa 7E4R H AR H]: 2022-03-22

Research and Development ff 78 1 & 381

© TEREBIK R

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


http://www.c-s-a.org.cn/1003-3254/8444.html
http://www.c-s-a.org.cn/1003-3254/8444.html
mailto:cas@iscas.ac.cn
http://dx.doi.org/10.15888/j.cnki.csa.008444
http://www.c-s-a.org.cn

it E RGN

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

2022 4F #5314 H 4

i 2 AT NAE UG R, DRl — e 5 25 42 o R b
T AT N AT B R w4 T AR AE SR B RE /1 N
AT N E R BI R, f: Zha 2560 38 2 AR%E
fR 5 AR AR 22 X 4% (multi-label CNN, MLCNN) #5784 s
1T NEHE XI5 N 2 A>T BB 55, IR 3840 #
BEAT HE N 1) J8 1 T . Fabbri 255 FRERAEGAT N0 N
kv By ESF S JUASERA KA AT I T
Liu 25§ 1 22 07 [A)E 7% 1 2% (hydraplus-net: attentive
deep features for pedestrian analysis, HP-Net), ¥ % 21+
B JVRHIE B 2 1) WS BAS [F] B RFAE JZ o, AT RE 6542
i B A B RO B VE = JTRE, 78 5647 ARHIER 7. Li
SR VR I 22 8 IR (deep learning based multiple
attributes recognition, DeepMAR) 175 & 5. Je& P 17 5]
(deep learning based single attribute recognition,
DeepSAR) M M4, Deep SAR FE AT &4
J&14, 1 Deep MAR W\U%ﬂﬁi}%‘ﬁ«‘zl‘ﬂ 1K RHAT I8
PEIRN, B J5 K PR AR AL TS 3L (R 3E AT TR ). (HX 28]
28 VA 7 R R AR o) A o) 286 TR0 PR R ), 9 3
A R RAT N8 MEAS S5 18 Pl 5 35000 X 2% U SR R AN
R L.

BEXE B ) @, A SCHE T — P Es S AT N B bR
ZEH T, @IS 2 A BT N R AR AT 8
PEVUIAE AT N A JRRHIE ()b 7815 JE R4 v TR0 i)
T, FLUKk, i Focal loss'® 4512k bR R A v & 4 1R 51
55 v ) TE AR AR AN FHE 23 R AR AN P-4 1) .

1 AHICERR
1.1 Focal loss
Focal loss 1514k B #0276 b e A2 SUR B R UL i Sk
B A B, Ei@iﬂi%l)\?iﬂz y PRAR 5 4 FFEA
FRy AL WA T A SS9 T S 20 SR BE A I I 5, (R
SEBIN T PR 7 o P SR T4 T G0 A% Eo 1A 3, M
T A5 R 8 PR AE AR AN P4 110 ) . — 53 S 8 S

SAENTEAOSE
{ —a(1-y")"logy’, y=1

Ly =

—(1-a)y”log(1-y"), y=0

(1

L=-ylogy —(1-y)log(1-y")

—logy’,y=1
= , )
—log(1-y"),y=0

382 W5 H & Research and Development

Horb, y AESA, y N TRIME. 25 y=1 I, FR000E R4
1T FLSARAE 1, 4005 RO/, TIOIIE e 1T B S AR AE
0, 1 RBRR. y=0 I, FRINME BRI HSHE 0, 451 2K8k)N,
TOOIAEL BRI L SEAE 1, 53 2R, G IS PR 453 2K o 50l
A REAE KR TR SR A (IR AR P I 2R 2218 HAR AEik 21
PREIIZREER. Focal loss 5] N\ 3 22 MR Rl 2t
Tt v HE 2 A AR TE AAURE A AN ST 2887 1) ) 8, 8 DS SR

SRR SR A SO R Bl BN T PN
p Ao NS >0 & FORBEAR 58 45 S bE AR 5 2%
1975 I 2% 5 ST ERR MR 25 5 W8 43 IO RE AR B4k, T
N TP H N o, FISRST 7 1E 1 RE AR AR B (1) LA A 2.
y VAT o7 B R A TR IS IR, 24y R 0 IR R T
A 45 B 28 SR 2% BB, 24y 385 T 1 ) 2R B0t A Y
o0, S5 X 248 Py 5 i 8K
1.2 T ARMIRAIMLE

T NJE MR 7 M 2% (attribute-person recognition
network, APR) ™ J& AT N @ MR 4 /E— N 2AT 45
77 58 g 1 fos. SR TSR RTA m+1 A
43 )Z (fully connected layer, FC), HAFH —A &4
Iy RARI m A EIE T IR, m+1 A FC Z 53713
~HN FC,FCy, -+, FC,,, it FC H T ID 4335, FCy, -+,
FC,, H TR, Tl 25 B 2EH ResNet50™),
AT JBIEFI, 5 MA> Softmax loss SRiEAT 1157 i
ﬁﬁﬁ*ﬁ%)ﬁ;‘@ﬁ%ﬁ%@ﬁ%ﬂg/ﬁ id 73 KRR
3, 25 APR W2 RPN Ja AT id bR2E, B 8k
PRIEUE XN

M
1
L=ALp+ M ; Loy 3)

Horf, Lip A Loy 20 B3 RAT N ID 2 A& 550 2K
(52 R K, 250 T X P 2K B S Loss
HURLEE.

2 JRERRFIEE B AT NE PR B A
2.1 ALFO %%

AT R R AR FE S AT N R TN 4% (attribute-
local feature overlap network, ALFO) £ E i 3 #4-4H
J, HEE R 2 PR, de R AR SR BUES 2r, FI
ResNet50 1E LAt 2%, H R BEAT & 1R 3l 55 1
JRIFR Y SCER Y, e A BEATAT N ID T 4 Jm 70 SR O

© TEREBIK R

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


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

20224 314 4

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

i H AR G N H

Pool
_rcigel | TSoftmax® [Arribute T )
—FC2—pp —Softmaxp- | Attribute 2 '
' > » ——FCm—p —Softmaxp- '
—FCO-p» —Softmax-p» | Person ID '
224x224 CNN
BT AENRRER) APR B (: \\
L) -
, y\ =
JRHRHE ’-Focal-=| Attrhute\ ey -
— > — L-Focal;:__' Attribute 2 7]
& | " |[FFocalz== Attribute m
N i | R {Focaks== Attribute 1
% b, N » —» — ’-Focal—=v Attribute 2
-, * @=== Attribute 1
" ¥ ’-Focal—=| Attribute m .
. > & Attribute 2 L
N
&SS9 Attribute m
/’ iy J&) TR AE ’-Focal»= Attribute 1
’ — — —
| > == ’-Focal»= Attribute 2 - loss-
_> - cee
e ’-Focal'= Attribute m
Conv5
224224 CNN Nx2048x7x7 4I |‘~Softmax—=l idLoss
e 1)
2 JREREEE ST AR PERIRAE ) -

AR S0 HE v X 28 5K FH 1) 2 ResnetS0 2%, 25451 Y
2 I Ja W 2 LA R/ 7xT 1) 2048 4EEIR. TERL
43 5 o R L A 419 B O R 0T
2K B A R PR, 5C5 R
45 G V1 ) 55 9,6 A9 B e 2 VI 2R T SR . PR
A IR A0 A0 T AT %2 AT 45 R A 2 5T, I
m AV R R T TR AT SR M, FLeR m R
[0 8 e B SR A ) R ) R
353 3 3o 45 5 S A R B B 5 2 7 4
JR 43 3 P 4 Ve R SR TR AT B S 0 bR 9
ID 4515k, A4 10 5 AT N H ID Bk 5 4 5
3 A 452 2 2 .
2.2 IWREH

I 24 1 3 A5 B B AT N 5 b 25 T £
ID 451 2 R PR 47 A AR T 4 2. (84T A

b
ﬁﬁ%%ﬁ&ﬁk@ﬁﬁ%ﬁKﬁﬁ%%%ﬁ%%
ST ek R AR A 1) R, L3 2K P R AR T A
IR A A, 3o 25y R AP R AR A B2
BB, 0 T SRR R T, FRBE T
A1) B A B S F. 5 ) BAR - 8 2 IR
45 90 6 A AR 7 AR A
HOR ST 8 PR AR 2 2 09 246 Y11 5 2
2 I R T D, — M T LA PR = SR
(triplet loss) """ B VU s 4145125 (quadruplet loss) ' 2%
JUE 52T 0 77 S 2 5 PSR T 38 60 77 S0 A e
AR R — 5 AR A5 SOOI O 6 B 8L, TE
JES 43 S HEAT I PSRN 61 Focal loss T 50 2%, B
U AE IR B PR A AT 8 1
23 (TABIMSERIRS!
U1 T4 8 25 =1 1047 A RSB 9k, AR

Research and Development fff 7L & 383

© ERSEBIK T

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


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

it E RGN

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

2022 4F #5314 H 4

BT W 2% E SR HURHE, (HRR B> A T IERE NS 32
WCRAT N J2 15 SUE B BB AT N E RGBT 7T (9 AN
RN L RAREAT N & PR R AR S 1032, W 7T
B ATROR S AT N R PERF IR BT N = =
S BT 3 AT N R AR 2. 53 5h, B8 3
AT N EAR e T I AR A AR A IS SE B, Tf
ZHTHAT NE RGBT iR R 2 R 2] TAT N4 R R Ak
A 75 L8 N A R A 1) 45 ) 5 B0 S0 R A, DR e A
Gz Ry AL B 5 R AT 22 R AR AR R LY. ASORAT A
RHIE R U 73 9 K/ F) BLA B 8 1 AT R B ARFAE ),
SR JE KRR PR B ARS AL 23 ) T SR VA K, B
BERAG BB S I R VERTR, IXHE R 4 A [R]
I 2 20 B 7AT ANH SR R AR AN 4 R R AR AT $2 i AT A
R A HERR R

3 HEE
ARSCSEIG AT BT N R B 4 Market-
1501 _attribute™ DukeMTMC-attribute'™. X /M7 N J&
PEEHRAE, 4> W7E Market-1501 A1 DukeMTMC 1% 4™
A7 N E A B 5 1 kB AT AT N B PR B AR
FI|[). Market-1501 ZHE S AEIG AR AR Il HpoR AR, 40948
TEZE ERH 6 MR LA R X8 A 4 35 210 (1
1501 M7 NARE, BAAMTANZED 2 NGl
A LEEINGE 751 A, HH 12936 7K EURA KL, W
REH 750 M7 ML 19 732 sk BB 4. Market-
1501 _attribute Jy8—/M7 AbREQFEER . FRe. B

Kt RS 27 METE. DukeMTMC £dE 440, |

BT R R TR, T 8 B, A
K 702 A 16, 522 FIZRPE FAIRR E 5 5 702 4
ABT 2228 skEEiH) H‘ . DukeMTMC-attribute Z3EEE N
B MTAFRE TSRS BRI . RS,
T AR 23 B, B bR T AT AR
2 LSRR, 75 2 ot A IS 7 3 IR AT
S SR T AT M eV B R [ FO A, TR A AR
FVEHORFAL.
3.2 TLWHERESW

2 SC 407 H R P @ MR I 2%, B Market-
1501 _attribute 1 DukeMTMC-attribute ™4 4E /&
Lin 2 A\ FRyE 3£ A TR0, H APR % 5 45074
oL, HRR I 22 50 7 AT N B R A B IR A St

384 W5 H & Research and Development

TN T R 2 0%, 547 NE RG] PCB (part-
based convolutional baseline) !'* 772 — & AL Z AL,
KA SCE APR A1 PCB W 4% 75 5 EL A, AT PASGIE A
STV R

AR T PR R SIS, 43 ) E o v Rk S5
UE SEAE FH R 38 43 BA & A ] Focal loss HIA R BA K
5 F AT NE RGN EERCR A5t b, Bk anR.

SEES 1. M R AR A S RS R 4y S BA
T ANFEH Focal loss 7‘7?2'52—‘1%?2#&@5@ bt SR 56 iE
o FE 4 5 O R A 2 0 T R A PR B
e AT NBRE RS 47 R 2 30E T Focal loss B
B Bk, |

S0 0. 44 AL E R 5 PCB, APR, DeepMar %5 -
WAT N E R B 592 4E Market-1501 F1 DukeMTMC %
PEAE AT 6 Eb S8 DLIG UIE A SC A B DA — 28
WHIAT N BN SE RO A B Ft.

SEUGZE AR R 1 A, 7E Market-1501 F
DukeMTMC #(#i4E b7 53t AT MK, &5 SRR, FH L
T R 4 R 43 SC M 2, WA R0 43 S 1 R 4% L
Rank-1 F1 mAP #85 &, Ui B A JREE EEEITA
ID 15 B ABIRLF PR AT N &, T A SCHREM T
R4 R o SO RO Ja 3 0 32 A S A8 Focal loss
PR L AR 7Y Rank-1 A1 mAP #B4 8T, i B A%
PRI ARy 43 SRR SO Z G DT A — 5 R

1 gy SESEET LR (%)

%

Sty § Market-1501 DukeMTMC
5 + Rank-1 mAP Rank-1 mAP
FLiTia 70.44 58.91 76.31 52.43
T RRSX 74.46 66.67 73.23 62.44
JCFocal loss 86.52 77.42 74.69 70.53
ALFO 91.25 77.83 78.86 74.12

WG LERE W ik 2 WTUE W, (A ES
HAFEMK APR. PCB. DeepMar PL A TriHard F
PAR 253Uk Z5 A LE, 7€ Market-1501 3345 E mAP
SYRERTET 11.24%. 7.43%. 4.11%. £ DukeMTMC
HHEEE L mAP 73 3T T 15.38% 8.02% 1.42%.
Wt B FH =) 0 AR AE 2 S (47 N @ MR R 7V S A B
APR. PCB % AT N E N FIETEERE L33 T
— BT, AR A SO IR TR AL

4 g
A7 NS GUR — BV 2k, IUE

© TEREBIK R

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


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

2022 4F #5314 H 4

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

i H AR SN A

V2 LA A AR 22 X 4 SR SR BUAT N ARFALE, (H A
AT NS B fESEbR g Fod, 47 AAX
Fn AT NI LB SR A ANV 45 1) e — ELR AR 21
ARG, ASCER W T — Pk B AL R & 517 N R
PEIRIAR S5 65 (X 2 254, BEf (R I 27 ST R ) 42 =)
REAE AN R FRARRAE, AT e — %€ REJE_E MR ORAT NASKS 5%
AVRFAE R BE JIAN AL (0 1) R, Ak REFR AR A5 2T Y. [
i, X AT NJBPEFEA AT 17, 1] Focal loss 4K
B EOR S SO B R, BEWE — € REBE Lt ok S MEAE AR
ANY- 5 ) i e SR I 2R R R 22 BN ZRAR AT 1 A
NLE S RPS

FK2  SHAMFERT ANE IR GRS E (%)

Fik Market-1501 DukeMTMC
Rank-1 mAP Rank-1 mAP
AR S 91.25 77.83 78.86 74.12
TriHard™ 83.4 71.23 7855  69.74
PAR™ 80.1 65:32 81.46 58.15
APR™ §1.08 6659 70.69 61.74
PCB 903 70.40 80.6 66.1
DeepMar'” 88.75 73.72 82.6 72.7

SE 3k

1 Zhu JQ, Liao SC, Yi D, et al. Multi-label CNN based
pedestrian attribute learning for soft biometrics. Proceedings
of 2015 International Conference on Biometrics. Phuket:
IEEE, 2015. 535-540.

2 Fabbri M, Calderara S, Cucchiara R. Generative adversarial
models for people attribute recognition in surveillance.
Proceedings of the 2017 14th IEEE International Conference

on Advanced Video and Signal Based Surveillance. Lecce:. |

IEEE, 2017. 1-6.

3 Liu XH, Zhao HY, Tian MQ, et al. HydraPlus-Nef: Attentive
deep features for pedestrian analysis.c Proceedings of 2017
IEEE International _Conferen;e on Computer Vision. Venice:
IEEE, 2017. 350-359.

4 Li DW, Chen XT, Huang KQ. Multi-attribute learning for

pedestrian attribute recognition in surveillance scenarios.

W

oo

11

12

13

Proceedings of the 2015 3rd IAPR Asian Conference on
Pattern Recognition. Kuala Lumpur: IEEE, 2015. 111-115.
Sudowe P, Spitzer H, Leibe B. Person attribute recognition
with a jointly-trained holistic CNN model. Proceedings of
2015 IEEE International Conference on Computer Vision.
Santiago: IEEE, 2015. 329-337.

Lin TY, Goyal P, Girshick R, e al. Focal loss for dense
object detection. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2020, 42(2): 318-327. [doi: 10.1109/
TPAMI.2018.2858826] \

Kobayashi T. Group softmax loss Wi':h discriminative feature
grouping. Proceedings of 2021 IEEE Winter Conference on
Applications ‘,ofv' Computer Vision. Waikoloa: IEEE, 2021.
2614-2623.

Lin' YT, Zheng L, Zheng ZD, et al. Improving person re-
identification by attribute and identity learning. Pattern
Recognition, 2019, 95: 151-161. [doi: 10.1016/j.patcog.2019.
06.006]

He KM, Zhang XY, Ren SQ, et al. Deep residual learning for
image recognition. Proceedings of 2016 IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas: IEEE,
2016. 770-778. [doi: 10.1109/CVPR.2016.90]

Schroff F, Kalenichenko D, Philbin J. FaceNet: A unified
embedding for face recognition and clusterin. Proceedings of
2015 IEEE Conference on Computer Vision and Pattern
Recognition. Boston: IEEE, 2015. 815-823.

Chen WH, Chen XT, Zhang JG, et al. Beyond triplet loss: A
deep quadruplet network for person re-identification.
Proceedings of 2017 IEEE Conference on Computer Vision
and Pattern Recdgnitidn. Honolulu: IEEE, 2017. 1320-1329.
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: Springer, 2018.
501-518.

Zhao LM, Li X, Zhuang YT, et al. Deeply-learned part-
aligned representations for person re-identification.
Proceedings of 2017 IEEE International Conference on

Computer Vision. Venice: IEEE, 2017. 3239-3248.

Research and Development fJf 73 & 385

© TEREBIK R

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


http://dx.doi.org/10.1109/TPAMI.2018.2858826
http://dx.doi.org/10.1109/TPAMI.2018.2858826
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/CVPR.2016.90
http://dx.doi.org/10.1109/TPAMI.2018.2858826
http://dx.doi.org/10.1109/TPAMI.2018.2858826
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/CVPR.2016.90
http://dx.doi.org/10.1109/TPAMI.2018.2858826
http://dx.doi.org/10.1109/TPAMI.2018.2858826
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/CVPR.2016.90
http://dx.doi.org/10.1109/TPAMI.2018.2858826
http://dx.doi.org/10.1109/TPAMI.2018.2858826
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/CVPR.2016.90
http://www.c-s-a.org.cn

	1 相关理论
	1.1 Focal loss
	1.2 行人属性识别网络

	2 局部特征重叠的行人属性识别方法
	2.1 ALFO网络
	2.2 损失函数
	2.3 行人局部特征属性识别

	3 实验
	3.1 数据集
	3.2 实验结果及分析

	4 结论

