ARG ST

flH: _ BETREF S AYNRZ K S

EEHR =
gD B #i%
LA LR Bzht 1501 BE
2 B BEEIESKR
F#LAH 201956 A 10 H




AT T K AR MR THR L

ETREF I AR K23

hFL: JIL

FHFHEF: REIBHR

iz Tl K5 &EIAESFR

2019 %6 A



Dissertation Submitted to Zhejiang University of Technology
for the Degree of Bachelor

Research on Person Recognition and
Implementation Based on Deep Learning

Student: Kai Gao

Advisor: Professor Yunbo Zhao

College of Information Engineering
Zhejiang University of Technology

June 2019



AT Tl K=
AR R B3 ) il E&IE D

A8 N AR AR VA AN P B .

LANERL G G0 AIF) BEERH, EHOEsERE
FAE, PETFEARIE, rEZFEL R GBI, ) BIEHRS
FUMTE T TSI T8 R

2. kBTt GE3C. BE) FidbZe. BIENIE 45 Ffh A%
AR BAEREARRR, TEM. BEOAE R, iR this
BRI L T EIB I

3. E AR AARDREIAT N, ANEBRAME—YITUE, 2y
B RAE 4 T I AL 2 -

B L)

2009 & 6 A 1 H



L Il X %
AR EENETE (Ge3. 8E) E5H

=\ B3k ¥E B BEhk 1501 FAW4LZ/%E FY1/201503080108

—. Wit 83X, AE) BEE:

£ TIRE I8 AR5 K LI

1. PSEAEICSCHER, T ARSI S IR s
2. AR B EIE B T VEAT AR A
3. AT AR

4. EEENIBIL.

=, FENAREEEREK:
HTZRGUKRN TR PRRE, BRI FEEJEEHN AR, Fla. L8 i E
WARSGIFWRILN, ARG ERILVERIRANES, XEGSPERITIERE BRE, EREE
MBI . PR PR AL R B e

AR B FERT SN T8 BEFE AN PDIR I BB T B, M B AT K BIIREE 22 A 4 SORHATIR
AT FL

O, R

2019 EIT2EHT, WRMFERCER, EIMREIR, SEMRONCEIRE, CGRR, BB RE, #MIFT
BiEs 5 1-3 A, SERITOIRE, ST 6 4-8 A, WIPIFRRFED, BZhHeE 8
9-14 i, SEERAEEILI, BEEENRY 58 15 B, BEEWR, SimEVER, RH
R F L

fi. EESHIER:

[1] A. Krizhevsky, I. Sutskever, and G. E. Hinton, “Imagenet classification with deep convolutional neural
networks,” pp. 1097-1105, 2012. [2] S. Ren, K. He, R. Girshick, and J. Sun, “Faster r-cnn: Towards
real-time object detection with region proposal networks.,” pp. 91-99. 2015. [3] F. Schroff, D.

Kalenichenko, and J. Philbin, “Facenet: A unified embed-ding for face recognition and clustering.” pp.
815-823, 2015.

BT REHA 2018 £ 12 A 25 H
it Gexe. 8IfE) T/EE 2018 £ 12 A 25 H % 2019 £ 6 A 4 H

Bt B3, R IBRHEm  _BEE
FEE Rl maFAD
EERK




ETREF I ARSI K23

m =

Bt WG AR AW R, 5K [, S RENES R E ALl adE T
P8k o REEN LI PEX LA R EFE R RE NI 5, dnfe] | Shker i 5 DR M 440
RN T M5 R 2 — . BidE N TR AR i, B FIRE S I
YRR 7252 2 T W R T Bk

ARSI S BERE S N 25 2 TR 2 2 I N R B S BI,  J hd  55 R 2 75 [ 7 5K
R, P EAR kR A, e RI2 AL ATRERIAEEE T4
TESLhR IR T, AR REI BT N IER SO, Xt T Bk AR 3 77500
AT NHEAT IR BRI, ASSCR AT NE R B AT AR o« S5 Je 0 R A4S B AR
SRHEATAT ARSI, A AT NN B P AR5 43 il 48 2 B b 21 P )
BEATRAE PRI, B I AL RS VT FC A BARLI A o AR STHAT NAFAE AR BB TE T —Fh e
JoiE 4 Jay R FIE Ry AR AIE B 22 R FE R 2%, 25547 N Rl 547 N BRI SEBIL 16 TR R 5 )
IR o

ARSI EETAEW R

1 LRI 7R TIRE % 2] AR A BRI 5 R B A ae i R, T X
S BT Y0 P S FH B 85

2. AR T — Tl e 4 Ry AR AR AN R EB R AR ) 2 R 2% T AR AR SR B, AE
Market1501 %55 FASZIL T 95.22%K] Rank-1 1 93.23%}1) mAP.

3. GEEAT NI SAT NE PN, LT IAEALA N AR AT AR

;&%ﬁiﬂ %’_’RE%;J’ j\#@iﬂ%u’ E*ﬂ?ﬁmﬂ’ ﬁ/\ﬁﬁj\%’], %*ﬁgmé@



RESEARCH ON PERSON RECOGNITION AND
IMPLEMENTATION BASED ON DEEP
LEARNING

ABSTRACT

With the development of surveillance camera technology, cameras have been
installed in many public places such as communities, squares, and major streets.
Relying on manual monitoring of these cameras requires a lot of manpower and
material resources. How to automatically detect and identify people in the monitoring
perspective has become one of the hotspots of today's research. Due to the development
of artificial intelligence, the method of character recognition based on deep learning
has been favored by researchers.

The main research content of this paper is based on the deep recognition of
character recognition and implementation, which is proposed to meet the needs of
police and security. It’s used to capture specific characters in the video stream, such as
lost elderly children and suspicious criminals. In the actual monitoring perspective,
there is a situation in which a pedestrian's face cannot be photographed, which makes
it impossible to identify a pedestrian using a face recognition method. Therefore, this
paper uses the method of pedestrian recognition to replace it. The experiment firstly
performs pedestrian detection on the captured video, puts the detected pedestrians into
the query library, and then extracts features based on the search target and the query
library respectively, and obtains similar characters through approximation matching.
In this paper, a multi-granularity network with global and local features is designed for
the extraction of pedestrian features. Combining pedestrian detection and pedestrian
recognition, the character recognition based on deep learning is realized.

The main work of this paper is as follows:



1. The current research status of target recognition algorithms based on deep
learning and common algorithms for target detection are reviewed, and the practical
application environment of these algorithms is understood.

2. A multi-granularity network with both global and local features is proposed for
feature extraction. 95.22% of Rank-1 and 93.23% of mAP are trained on the
Market1501 dataset.

3. Combined with pedestrian detection and person re-identification, this paper

realizes the recognition of a specific pedestrian from the perspective of monitoring.

Key words: deep learning, character recognition, object detection, pedestrian re-

identification, multi-granular network
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T3 TS T A IR A — 2 R . SCHR[BIHE 1 1 — AR EE I 1) 2 AT 554
28, ZAEZLTERT IR 2 S EC R, i 3 AMKETI CNN,  DURLES ERE 40
(7 Ak TE N AT AR AL B, I — AN 7 R A B AR 424 SR 42 v 5 e 1 e
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525 T CNN fPIE & &, 3T 3R 1E% ] (Representation Learning) i 47 A\ E 1
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FEENRI AT N 1D B P AR NGRS i v 2 R 25 52 P9 sk A
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Identification loss A1 verification loss Kl 2k 2%, {H & A W [13JAIUEIT A
[ 1D 5 BARERS 57 ) tH— At B RO BATENA I 147 N AR AL
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(Lingt al.) (Szegedy etal.) (Rengtal) ResNet (Huangetal.)
(Hegtal.) Mask RCNN
RCN VGGNet  Fast RCN RFCN (He g al)
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28, BT IXPUHE 22 ARSI 28 A RS B LR 028 DX 3, T2 B P SR A ) ke i
B SR, BEXPXPAIAELE, NI AN TR R EAT S S SRR s

131 ETXigiZae) BirenEx

@ R-CNN
R-CNN(Region Convolutional Neural Networks), & #x 2l id iR &5 > #47 H
PN BN 45 22— o Girshick 558 N UCGEILERZE CNN AIE AT F AsAs U4 52
7 R-CNNFOL, - AR A E B4R
1. {iFH Select Search £ AR AL sl m AL iz X 35, RIS ) X 4842 44
2. R4 XN TR BT AR TR B A R DX, R N . 7B
ImageNet KR EE A b BEAT TR 2R3 AF H- 1 AE VOCT- U 42 1l 25



WL Al R 22 AR L B T8 5T

IR 5
3. i FH CNN BN 44 XA — > 4096 4EFFRFHE 17 & oK, SR 5 K H SGD
WZ— 5 SVM 7p2K4%, & softmax 7338 asHEAT 28 75 5 «
4. NGx— AL 32 AR 0] YA A 33 SR IR 5E
EAR R-CNN SEIL 7 mi s H ARk, (HHENZOb BREBOVEDL 125,
MRt g2te, Iz SVM BRIKERLILAE, INZRTJ0 5 A 2 1)

@ Fast R-CNN

Fast R-CNN Hi Girshick #2H M, HAFHEL S R-CNN —H({H7E R-CNN £
M T A B O o B 2, O T B S AR I I R ) A R 2 I 4 A TR 25 B
Fast R-CNN 2! /' —> RolPooling )=, ZEHR G —MEREME iz
Z IR A X — S SR A A I 44 T DL S B B o 1) 2 2 s RIS
Fast R-CNN H- & T — Mgk B Zrid 72 , iZid #2448 F Softmax 7 K3 & SVM,
P multi-task loss 177 20t 4710 FAHERIJH . 554k, Fast R-CNN KA T &b SvD
BT ORI M 4% . FH T Fast R-CNN SEBL 1 o B 2% 31, DRI 2505 0
(R BE L R-CNN 2 TR %, IgRdBEf v 17 3 £, I EE #1710 £i%.

3 Faster R-CNN

AR Fast R-CNN R 4w 1 IZRAna pid B2, (EATS RS T A M X ek i
P4 M TR, CNN 7E CONV JZ 8 06 SR I i e 1) 23 7E FC Z Rk gt
PRI AT DA CNN B B R 7k AR X 44 . T/, Ren S5 Ntk
HuFEH T Faster R-CNN FAESRMS], 3 job 76 45 AU 22 I 4 5 N DX 380 AE A ) 4%
(Region Proposal Network, RPN){E Jy 75 3¢ /0 28 fii 176 E R F2 3, B Fir st 8] 4
BORHERMAE R I o, XIBERA . 02K, mIESEERIE R DL — L 5
RRIE, BE— BT T8 . RPN SERR b2 — 2545 (FCN) 4, B F-HEE
HEAE, AT E 1, BT LR 44 XA T i B a1 ) 9k, 7E Faster
R-CNN H, Ao i) @ (1) Bl B (e X SR 32 44, RRAERERIEN, 7328, 1UAEAR
PRHEAL BE I T —MERZ A
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iz 12 X 35(SS i 1% [X 38(SS
) 9 i 1% X I5(SS)
-/ H.
FE{E$2EY (Deep Net) . FRAIE$EHX
P SYAHAILSET
e S AR T (Deep Nef) ” (Deep Net)
(SVM) (regression)
RCNN Fast RCNN Faster RCNN

K 1-2 R-CNN. Fast R-CNN. Faster R-CNN [FIHEZE AR £F,

1.3.2 ETumEins SJH BN E A

@ YOLO %7

YOLO )4 75 T3¢ “ You Only Look Once”, & Redmon 25 A\ 51 1
1. AT R-CNN R4, YOLO KRB BT T A& XM 4,
SR FH i 13 25 =3 RIS R on B BEAT B R AL 2 . YOLO B AN IR IR 4 SR RFAEAE
BN, BRI E A SR I AL AR AR TR, TR 2 YOLO R T
IRI5Y LT BCH R SXS IR o 3% L ks A AN T AT 5 A 0 S8 T ¢ A
T B —A, FHAER IR A B AN S B AIX L1 FAE ) confidence 433K
T, BANEGREFT LU SXSX (5B + C)HJ tensor KFKx. HT YOLO 7%
Gy PRSI ARG, “BERD”, T HRI A B A B RS 1 R R F SR — AR R, B
DL FEASK RAE UG S E TRV, A5 SEBOCERR IS S34h, Sk
REFR I 58 L S 80T YOLO Bz Abge i 2. 2Tk, Redmon 1 Farhad #2
T EEERRCAS ) YOLO #32:(YOLOV2M8), YOLOV2 FJ DarkNet19 4% &AL T 45
— A GooleNetl 1 4 Fsin 1 — L S gk S Al T ook, Rt i i el
¥Bx FC JZ. 11 kmeans 5 Z24F 5511 45 % > 43 21 anchor boxes 5. 34k,
Redmon Al Farhad t1/44 7 YOLO9000, YOLO9000 w] LA it — Rk &t b 5 ik
S W R I 9000 A5 ) H Fx .

@ SSD

SSD & Single Shot Detector FIfaiFR, H1 Liu 25 AFOHR Y, 78R DL/ NG IR
FE AR AT CRUEAS I R B, DR b e AR R AR B B . 2840 F YOLO 55
%, SSD % JEN[E] 1) scale A1 ratio A2 i k AN HE ISR T4 bounding box F1
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XL bounding box FAFAERT R I3 EL, R Gead AEAR AR i 22 B3 mT AR
RS REJAFHE. (£ SSD 1, FERHMZE 2 G HLAI R P4, FEHRLAHM
28I AR S A T RSE AW N (S BRI T4 . 5341, SSD @i ik JZ kA
IAE R A G EARANAR, DUOMIR SRR 0 R R e N 1 RES AR AN [R] K )
(K HARXT 5, SSD EGARRFIE B (1 2 RUEE ESATRR IR, BRRRAE BT AT
MR TPRER R 20 A BAS LA 4 D RERFS &

14 FEMWRAZR

AR SCRIIE FE A A A B0 24 T e 55 /5 SRR Y — b 2 IR 2 ST I AR ) B
%, T SEOUAEAR SR AL 5 LB R P AW R AN A R BT AR AT

FoE: k. ARG TIRETERIENL, L8 T IREEENYIR
RS STBUIR, EE A T NSRS AT N B0 A7 T R AR T . 5
TAREE 5, AT NERBRAENAR O RE S 7550, W7 NE R
FRAL PG TR A AR, AMEZR A 370 S0 R A Al 45 BEAT 4508« e 4y
T 4SO 3 R T A A 2 HE

R AT NI SAT NE R, AR E S 7 AT NE RGBSR RIRIN SR
I B 8o A 1 ZAEREPHN R IR . 285, Sl 1 BRI BR R BT FE A X
TAT ARG, AT T 5250 F 2018 YOLOV3 AT AR BT T BONEA )
e BE, AEGH AT NERASCHLUE

B ZREMZIIRE . AR ETIN 7T NER] i AR H 12tk )
2%, VAFERRIIZ OGS, SRHY T — T o o 2 Jo RS MR AT Ry SRR AL P 22 R JEE R 25

FIUE: ET R MR ANV SRS AT E SR 1 SR E
LRl R AL ILRAE, SRR yolov3 ARilAT AHIMEE ) EI4E. X7 ANE N
TS5 73 | DA LAt P 28 AR L 22 R R 4%, 4t B B, 20 ol 4 th
BB TAT MR topl0 25 SRS AT I ) #A

FhE: B4 ERE. AEMELES 1 ASCHAT I AR OAE 1 — 2 ] i
BAT R
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1.5 KRB/

AEAENHL, FEMETARBOTN R A T U B TR
3109 NS 00 F AR LA 2 T 2 3 (0388 Y LK 58 0 9 ST LR O
40 1 SR TR 92
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F2E TAEMNSITAEIRA
2.1 HUIBREFEMNIEMR
211 #HIE&E

H AT EAT NERAIE SR A BT A IR BT T . X AR 2 0 K
FrEERIE R TR MR E 1 XK SRR LA 8 Sk AT AR, SRR AT
NLhRES B ZhbRiE. XL EB 80 1T IZk, FARTAH T, tn] B4
T INGRIR IR G B B BEAT I SR, AR IR R LT3 5K B A (%K
Pa e, AT NI BEE AR D, XA T Bl 2 109 i 22 ST RS O I Ak
R 2-1 B 7 E Y E R BAT NERB AT Bl .

®2-1 AT NERAEE 4

BHR AR Sty Rk SPE P73 Fr
CUHK038] 1467 10 13164 FL/DPM 2014
Market1501(5¢] 1501 6 32668 FL/DPM 2015
MARSI] 1261 6 1191003 DPM+GMMCP 2016
DukeMTMC-relD 1812 8 36441 FIT 2017

ARICSERR S Market1501 a4, 1ZHE SR AEIE H6 KSR I vh 41 e
£, T 2015 FEATF. Market-1501 il WS H] 1 6 MEG k. B E S
32,668 N 1,501 B i (i BRI A o 1 ORBEAS AR AR 1 HH A 22
MDA TAEAL T, DUE AT DLPAT 5 SR LA 2R o A A b I R 1 4

“0002_c3s2_001234_01.jpg”. “0002” F£RIHIEE A IARES, “c3” FEH2
ARGk, “s27 RGNS — BURMR, “001234” 5 1234 i (W=
N 25fps), “01” Fnix—myikr il 2 (¥ 55 — A1 FHE.
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2.1.2 TENIEFR

b2 FPS(Frame Per Second). %% Precison 174 [5] % Recall A&7 % % ~)
HoH T FE AR o 0T E ARSI, 5 AR B2 B e v U 2 P 2 KG B2 AP(Average
Precison). X1, AP 1% FHT47E RKalka i 1) vEy, 25T Precision-Recall [
Zert Bk T AR R A I B BOR VAL, B 2E0 AP SF 2 {E AT 2
mAP(Mean Average Precison). AT NERBIEILT S, NN
MAP. Rank Al CMC. HZRHITEANFEAR TN

@ #EFE Precision. 4 [A]# Recall

N T TR RS EE AT A R R TR AR, SIAMR RS

TP: True Positive, SZFx BRI 73 AR A E

FP: False Positive, SERzJy IR 7> N E AN H

TN:True Negative, SERFRAERTHE KI5 R ERIAEL

FN: False Negatve, SEFry 3k 2 AR AN

¥ Precison 1R IE N

Precision= 2-1
TP+ FP (2-1)
Ha#% Recall 7] AR ERN:
TP
Recall= 2-2
TP+ FN (2-2)

@ 10U

IOU(Intersection over Union)®4,  pl 8 & sk # 22 3F k. 10U 7] LAR IR i%
MESFEARCAERESE, ENT 02 1 20, 10U 2 F R X R4k IE R
SBEFE bR o B TN X134 FHE bounding box FIFS b o, T SER KL FHE N b,
Ul 10U A LR IR AN

area(bnb?)

10U (b,b?%) =
area(bub?)

(2-3)

IOV jiiay, FRINAE AL B AERS . DIITAEPPAG I, HHXT 10U € — 1N
fH, 2R 10U KFXANBE, MIONZIY TP, SN FP. {8 H 2 HI5E
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R R 7> RIERA S B HIbRE, HERRRE T
CAPS
e {(b;.p J-)}?":1: FUZR 12T ¢ O R M AT, #2058 PRI BAS L pjs
B={b},: BRI XT c L RASLPRESE S
fth: — MNRERA (b, py)E T TP LS FP I — 3 F) &
AT
Widhtta=0
forj=1,....Mdo
WH A=@ andt=0
foreach ARILACHED] TELEA B ' do
if 10U(b;,by) = eIt HIOU(b;,b7) >t then
A={b%
t = 10U(b;, bY);

end
end
if A+ @ then

BB a(i)=1, 7 (b, pj) 79 TP

W A PULEC D SEBRHE B KR, B=B-A
end

end

3 AP. mAP

1.0
0.8}
5 06
]
]
s 04|
0.2
0 . ‘ ,
02 04 06 08 10
Recall
K 2-1 P-R %k

P 2-1 feoR B A P-4 (R A T 28, 2l 208 DA IR R D9 R AA AR, RS E Ak
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bR, GEitH R 3IN E R T B4E I B2k 22807531 . %k P-R BiZE v LU % P(R)
R, M AP FSRARRD P-R HH 2k 5 AL br il FE 2 1) BT THTAR, T mAP U2 %) classes
KR AP SRR

AP = j:P(R)d(R) (2-4)
1 classes
mAP = —— Zl: jo P(R)d(R) (2-5)

FEAT NE VU, mAP S (072 6 R B NAE I e B A7 IR0 1) HEAE 45 SR BA
HIPSERTIIRERE o ARG H AR FE 7 2 — 4P 51{qili=1,2,...n}, n
A H AR P AN SR AR EARA kA, W mAP B BLH A 5((2-6) 3
AT B

MAP = %Z%Z;qi (2-6)

@ Rank

Rank 217 NE G H) 7 — ML O IE$ESR, —MA Rankl. Rank5. Rank10
%, Rankl BI Az am i 4, R Bl Es R8O n) B &) B bR A S SR
Rankn 1] DA s Bt HEAE T T PR P ROV R F T B DS A7 AR A3 AR R 36 PR AR 00 17T s gk
A AT

2.2 ImKLEH

@ Softmax 4 2k e £ -5

Softmax &HF W % 753 2 RHELEAT VA — A0 A B4 A W] DARRRE 28 0L T 2R 11
FE. R Softmax AbHEIE 5 FMEKETE[0, 1] YE 2 1B . FEIZH T Softmax 1)
b FR I
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YA
Z1 >@ » € ' PE} >\

2 >@ -e” I»E >y,

z —(e) >c” > T >y
NERP

K 2-2  Softmax &b¥ it %

TEFMZ 2% JE T VRN Softmax, £it Softmax 15 H B sk 2 T i &5 5 . i
25 NHSEH A ) Normface loss 7] PA1S 3] Softmax 45 2% 281 %L
eW§if"

Lsoftmax = - Z?LO log v

k=1

(2-7)

T
ekai

@ Triplet 4512k &t

Triplet H% 0o AR il i e 43 = 5k B Mg i — > =641, R anchor . negative
positive, #id triplet loss 2% >] {8753 positive Al anchor 2 [A]f{)H B 5 /N, negative
Z )R B K . o, anchor A& A1 positive [7]— 28 (1) BEATLIZ AL AR, T negative
MEANE T AR . 41 EIFs:

Negative

2]

Negative

Anchor

Positive Positive

2-3  triplet #i 2k B A7 ) 1 AR

DRI, FA7 N FE R @ 5, triplet loss 453 28 AT LA 47 b i 1k 283 1) AH
by RN EFRIE . WL, triplet loss BT LU UG EE [F — M1 AN B 3% 5
AP ZES . T15h, Hig = o4l n] DGR DR e Bes SRR/ 7 2 i 40
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B R
Triplet Loss 452k bR &t 5 A 2L T
Liripter = = D=1 Za=1la + maX ”fa prHZ o 1<”fa fnLHZ] (2-8)

j=1,..P
Jj#i

Hr, IR TFE—ID, MR TARK 1D,
2.3 YOLOV3 {TARME %

A58 K M yolov3 1Y B Asis 5 2ok EAT 47 NRIRLIN , A 947 N SRR
st B

2.3.1 MELE

R BREE RHIE R

BIE 32 33 416416
LBRE 64 332 208>208
BHZE 32 1x

1% HRE 64 33
WREE 208>208
LHZE 128 3x3/2 104104
HBIE 64  1xl

2% HBE 128 33
REE 104104
HHE 256  3x3/2 5252

LBRZ 128 1
8x B 256 33
REE 5252
HHE 512 3x3/2 2626
HBE 256  1x1
8x HBRE 512 33
REE 26326
GHE 1024 353/2 13x13
HRE 512 1xl
4% HHE 1024 33
REE 13x13

K 2-4 Darknet-53 [ 2% 45 K4 4H 1,

YOLOV3 K H T #r i 25 450 F T4 E RO F2EHL . 12N 2% 25 4 25401 F YOLOv2
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({1 £% Darknet-19. AN[FIfFE, YOLOV3 B0 1 8 (k2 M4 454 F T4 Bh.
Ih, ZNEHIESR] 3X3 M 1X1 BIE, HAAE B ENEE. AR T
DarketNet-19, ZM 445 K. T M EAE 53 MERE, 1%L 45/ ik
%y Darknet-53. Darknet-53 ({454 2H il an &l 2-4 firos, Horh—26 774 2o i) )1
PR 7 RN LIRS A N

GRE
F(x) e
GRZ

F(x)+x
relu

K25 REREH

K 2-5 SRR R BARSE K, 245 TS RUE A — S IR EE B i 2H
o

2.3.2 SEWHERRY

YOLOV3 KM T 2 HAHERBS (anchor boxes). FEAN FRAK il 4l 8 5 — LA 5] K/
AN v LERTIAAE , SR o6 B R AR B AT 2 Ff RUBE, X EESE IR A TIE
SCHRMBE G DX AE A 22 P 28 FRORE AL e R B AAE R R, DARBORIHERIAr B . el
HERTINIAKIREESE R 7 431151 Recall,
Y I SEIRAE B RIOE K R 2R, A SRS S A HE ) “ B
d (b, centroid) =1— 10U (b, centroid) (2-9)
BJE R 9 FRERIEIGHE. 75 COCO HndE FixX 9 ANJRIAHE /il 2
(10X13), (16X30), (33X23), (30X61), (62X45), (59X119), (116X90), (156
X198), (373X326). rfic b, BUNIIRHIE B EA BORRIRAZ S, BRI 5E
WOHE, &SRR 8 SO RHRAE A R N R, N UM 56
HE, EERIBNIR R . NERSG T RE R E IR IR FER AR
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R 2-2 FHEE S ERHE

FHIE ] 13X13 26X 26 52X 52
(116 X 90) (30X 61) (10X 13)

Je I HE (156 X 198) (62X 45) (16 X 30)
(373X 326) (59X 119) (33X 23)

2.3.3 NFERTN S 4w

YOLO iAo AL RIRE N o AR B TTI MRV 22 E A% (ox o)
I HER S /N S I B AT 58 L pw AT phy W0 R

R
Cy| u

o(t,)

phi | bh =

K 2-6  HAMS RGBT R id AR

vty tws th 2P IPE TR AE O S S B 28, TSI HE () O

(bx’ by);FD'J'u%(bW: bh)ﬁ‘”ﬂ uT//-\\ﬁ?%%
b, =c(t,)+cC,
b, =of(t,)+c, (2-10)
b, = p,e"
b, = p,e"
# H Pr(Object) %/ 1%il FREAAAEX RICMEZR, W30 FAE 1 B A5 2 2 H0n]
RN N
Confidence = Pr(Object) - 10U (b, object) = o(p,) (2-11)

Hrf, o2& sigmoid pRAL, X B HISHL po #H4T o AHEIENEEER
1B
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HTL T K2 AR I8 3

TR AL

P
- -
~§

Ceas”

mRiERE
tx | ty | tw | th || PO p1| p2 Pc|l XB

MR TER MR N
K 2-7 gy 4

] 2-7 45 T RHAE B A & i tH g A R 45 ), e AT BT FIINHE 0 1
FREMEE . Horr, 71 5 M@ YEE S AAREK L FAE R A br . T TR EAME
JErH, JRTH C AN BIEEARRK C AN BEE . AR BH 80
ANZEAI COCO ##isk, [tk C %57 80,

2.3.4 JEHRKEHF

AEMAAE I HI (NMS, Non-Maximum Supptrssion), & —FfER—" N RE L
AN S NE R 18 45 B AS B 43 i v 1 — M IR AE - B TU AR A e HE ) SR . 1] 2-8
&R T AR RS AT SRS AR :
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RAEEFEEADHITHF [
%E%}Ef%ﬁj\%%%iﬂ?;@%im%iﬁtHﬁU%a‘-’FﬂﬂU 3
ﬁ*ﬁﬁﬁﬁ:ﬂﬁﬂi?ﬂi A
iﬂﬁﬁ%&?ﬂ%%ﬁﬁ%%ﬁ@ﬂ?ﬁ@ ffj10U
i B/%Iouj(?tﬂﬁ I3l S HE

BFHEFIR N

K] 2-8 NMS SFug AT L 5

24 (TAEIRANEESLIER S EAEMLS

A7 N 4 tH AR A R R AR (AT N2 5 8 F 1T NI, W
BNy 2 5 5 R B ) R MR A B ) . 47 AR ARAIAE 2006 SR 9 B R 1E
WA R AZ R ARSI 52 F PEAT BRI 52 bR 7 3K, W RAFE B FHLA 7 s Bl
FAMEEREIE . B2 BN 2 e 3 3R IO R B OBy 2 dm il A e, thnT BB B2
RiEF)LE, JRIRD 758, AL 1.2.2 NEERIR 1R JAT N R 1) R TRy
%, BOH F R TRA RS SR R S AT N BRI .

AT NFE VU A R B TIPSR, T B AT AR5
fage it 2R TEBHIEN, IR 2w 78 2 T R KT NE IR
PR BB AT NE R0 Ir) @, &8 7 B R P AT AT A AR e AT A
P SRJE, R RIAIAT N BN B R R AR AT AR & B

A7 NE U SEBLUE B RET A A PANBr B 35— B Bo i &l H AR AT
N BT 128 rh 4 AT N PG 73 Sl 3 5 5 AR R 48 BEAT R AL SR HL, SRS AR
— B g ORI, 5 T BOYRE R R B 5 R R R REAT B TS (B Rk
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ABE ), R B ANEIRHEY (B0 Fe e AR B AR 0 AT B PRI, H
AOBEE AT N oS AR . RelD HSEPUE BR B OUE 18T AP AS J2 207 1)

A A R 4 SRR U BRI AR S AN R ORI TEN LA 2 it A R R 45 45
FERFRIURFAE, FEUIZRIN, 2 itk s BT i MR ARSI 2545 21 A 4FAIE 5
AL 53— AR IR TR B AR A B2 7 R TS5 LU A [ 5 AR 22 8] R PR

RN

//\ ________

FFE RHEES
A A

) 2% ) 2%
A A

A Hbx LS

K 2-9 RelD Sl EpgEL

AR S A BRI AR 8 5 T A IR 4 S R B BE 4 THI KRR . BT ) RelD 5T
TR Z 25T Resnets0P W2 454, R A T R IR AR M BL45H) {475 . Resnet50
N5 R, BEGRIATN(224*224*3), &R BRI ERE RS E )=
i/h—2f o RIGHATIOAL, PTBTRALRI B AR B B — A B K B 1Y
B BfadE TRXMFERT 02K HgianE 2-10.

GaET R | ey [ekE| R e

(2242243) 7| (5/2) (7,7,2048) (pool) [~ gaéi;_’ =

4355100024 -

2-10 Resnet50 %5#4
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A S SR FH R Rt I 2% 25 7y PCB 45 #4160, 8T~ W 2% 474 [H 5% F] Resnet50.
PCB 1WA 48 45 ke 7 JR U S 3 Fh 45 Fg 4 R 1K

L OO O
L ~00 O
¢y %

1, @%; 5¢: L2, 00 O

OO0 O

4~00 O

ONCITE S d ’—4@@ Ol

(W*H) B '

TKET HliFEEg Al &Eh DT

2-11 PCB & 451

184 5 - ¥4k, GAP 2 (global average pooling layer) 22 1ij ) 45 ¥4 F11 Resnet50
—F, 1M GAP E#tAT T — @ MR B Ttk 2 2 A JE . PCB A E
LI Ny NI, Gl i T s A BOROE I = 4ER FERHE TR E T, 5K
BT O SO EEE RS OSSR fo RS, K TRE T PR p
AAKEEE, 73RN K R BEAT - AT B p D RRHE 9. 25 RHE
PUEFER g KRS RI & he BJa, WA himAZIp 8, AR 74k
FZJEANGE )5 ) Softmax BRECSEEL,  PLITINA AAT ANH &7

25 AKREING

A B PRRAT AR ANAT N AR A RN . 2.1 54 T AT NE IR
5 LA FH (0 B £ DA K H ARSI AN AT N B B RE VRN FE AR . 2.2 TR TAT
N FE R 53 2451k R 3 Softmax Loss DK B 45 2k R # Triplet Loss, 1EA
e AR PRI SR 0 TR e, 2.3 T PR4EAH T AR SRS R A ) YOLOVS 5
P /NI R EE SRR SRIOHER AR B L T A TS G . AR AR A D
AR AT A . B, 2.4 T CAT NBE UM SR R A L, SR A
SCHIRIEFE B AR RIS L N 48 S5 M i, 45 H T RelD BIE FH R Al 45
ResNet50 il PCB [ 4% 4544«
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FTIEFE TARABSIE ST
3.1 SLIEEAMEMESH
3.1.1 HAtEE

@ Pytorch
AFENR SR FE T Pytorch FIRIZ - SIHELE, 15 5 BBy 8 R0 .
A Pytorch 58 K ) GPU i sk EiF RS HaK S R4t (autograd) FRIIRFE 2%
> iR 52 ) AL BFFTN RS
@ Torchvision
Torchvision e #h37.F pytorch FIo¢ T BEURHERAER T HEE ., fEARSLG R 2N
FIE 72 P o ) LA B A
o vision.datasets (A SCIRLEHEAT H RN A T iZEEH ) COCO #idfafe .
o vision.models: TR S IBA, ARSLIGAEBATAT NEIRBIN AT
ResNet50 il PCB [ 4 574 ,
o vision.transforms : % H KT EIEERAME, EARSZE T FERNA T EMR . numpy
KA 5K & tensor 8] AR AL LR — S8 Ho A # A

312 FAEESH

FEARSE M EE NGRS, XA NEVEEN S, A28 )
REEE EEESE TR RIS . B2, HEFRA 2% 13K ok 76 B
ISR E, B BE#IT 2R

@ Batchsize

Batchsize #2 & (X IE NP 25 I ZR B IR A KR, Oy 1 7E WA RCRE AR
AR AL, batchsize MAZAE QR E, AT B ALY 1 PERE AN IH A .

@ Learning Rate

FOIRRRE N R EENZHZ —, REH HirR RIS SR &
1B A S AT USSR B B /ML A o S 3R/, WSSO AR 100 9218 47 57 21 ik
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B K, WU B AR R AE B /MBI I K 8] 7237 L 22 W] e Jo i s

(3 Learning Rate Decay

AR 2 ) 3R, I8 BICSCIRAS IN 25 55 72 S U A NI AN BRI X A 42
21, PRI IAACCERI G0, A 00 BN 7 2] 32, A WSS SR B XL/
ARSI R Y B R R Bk, BN R 21 [ 5 OB epoch J&, #5SER
B D9 SRR IR 100, AT HEAT 2% 2] R38R, 75 2 2 s ikl

3.2 SLHmAERIT
ARSI R AT NI +A7 N BP0 (AR 2R BEAT ARG . seBLE AR T

BENEE — M/ T — MRS

Y

AN F—MFA

v

A

AT NS B, BB R 2 Bha I e

v

it 3 R 28 AR H ARAT R AL, ARADURE T 5

FRR T W

FERU R R IEAT AL AR, A TTHEREATARTE

H = . 5
A BE—MTAN?

3-1 SR
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ASSS SR BRI, W S O B e il R WSS AR S, 15
W3t — 20 AT A AR AN A T AT N A BOR R BT
BRI — AT R, AR 2 TN, WLRAFIX AT NARARE B, JFRAT
N CATTHER 2O Fr ORAF SR o O JE X i R AT N T A
W H AR E R 20 AEAT R SR BOFREAT AU TR, B “BEES” THS s Bl AR 2>
T BE BN AU bk L DUHC Rl BORE R b s o WP ARLMAEAS 0 €
—ANERME, =B E AR 2 AT Ny B H AR BREEBOR, NZAELAN
AT AR, DAEHS B 5 TARRBEAT o 25T I S A0S i 55 75 SR BRI S B,
AR ARSI 2 — AT NI ORI B, PR R S I AR G, Ik, et
ZWGEAT AR ILRC 5, ARSI sh SN BR I L & Fr, BECR G IR . 5K
S I A I 2047 N, AR A i 21 ) 2 >0 7 2 DS e xS A A
DRE (R BEAE

3.3 ZREMEIZIT

DL ResNet50 W 2g 454 3 2%, 5% PCB 43 42U R ER B &, Wit T
—Fh 4 5 5 R R AE AR 22 0 B X 485

_________________________________________________________ I
i- -r.—"-—"-—- -;:ﬁ Fc_id_2048_0 }—»{ Softmax Loss(Global) ‘ :
N !
' . .
: : !
B S S - S & I
_____________________ 4____w___,_,_-___- 4
—_—— r’{ Fc_id_2048_1 }—»{ Softmax Loss(Part) ‘ :
_»_ » . »|  Triplet Loss(Part) ‘—0—» Ji
|
-l-» Fc_id 256 1 0 »|  Softmax Loss(pl) —> T%
| : | Fe_id_256.11 »| Softmax Loss(p2) —f—
PN ﬁ : : ;
iﬁﬂ)\ H | :. » q | Fc_id_256_1_2 »  Softmax Loss(p3) — 1=
ResNet50 ! H . -E-» Fe_id_256 1 3 »| Softmax Loss(p4) L
ﬁ IX_XJ Q%, ! “ H ' > Fc_id 256 1 4 »  Softmax Loss(p5) L 5
A== | R H |
i = Fc_id_256_1_5 - Softmax Loss(p6) I -
i ik Foe o i
L _______._. ] _‘,
WN20484E m &, HTAT NFHIERI RN <

K] 3-2 ZHhiELR L5
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N 3-2 fivn, WA B Je it 2 M, X 2 MR RN 2 2
AN LG, XA LB LERT = 2RI, SIS IR 5 B A S

S B T4 RS AESREL, SeAE res_convs 1 FR{EH T stride 25T 2 1)
LAHAT T RAE, A5 0SB R B K 4 R B A A2 ) 2048 4 HFAIE
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