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Title Research And Implementation of The Image Object

Detection Algorithm

Abstract

Image object detection is an indispensable part of the field of computer
vision, which is often used to extract object location and category
information within an image.With the rapid development of deep learning
networks for detection tasks, the performance of object detectors for
recent. In order to deeply understand the current situation of object
detection, this paper begins with the traditional image detection method,
narrates from the perspective of background and historical development,
and discusses the modern object detection method based on deep
learning. Several mainstream modern target detection methods are then
analyzed and introduced. Then, the classical algorithm Faster R-CNN (Faster
Regions with CNN) is introduced. Through the experimental repetition of
Faster R-CNN algorithm, the Faster R-CNN network model was trained and
predicted after many training. The prediction results were analyzed, and
their accuracy was analyzed by evaluation parameters such as mAP (average
AP value) value. Finally, the development of the object detection algorithm

based on deep learning is summarized and reflected.

Keywords Object-Detection Faster R-CNN mAP Deep-Learning
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G E Al e 1 25 100 T L4 1] UG A AN, — 2 R AR BURHE 1
RS R B ARSI 7V 3, o B R 5 ST I EAR H Asar il 7 ik I 4

A 235 1 B AGORE TN 7 VA I 30 B 1 B 20 S A PR B I B E 2 PR ik ik
REHEATRRMESR AN, 44 SRR HE AR L — MO i SRAE VAR i 2% s SC5E, 9140 HOG™
(Histogram of Oriented Gradient)IIZHM 5 T SIFT™ (Scale-invariant Feature
Transform) JRERHERIIN T, 555 20 28 304t I RFIEEAT I 2R 0 . SRR R
(¥ H ARSI 2 A BUS T — MR BOR, ERAAAAEE AR (1) FL#E
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L BIAR 26 . 177 RONN. Fast R-CNN. Faster R-CNN 2875 £ JGaAT #6432
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MG ST THRHURFAE K88 B 0043 REAL B B0 4 I 248 S HL, H ARSI 2% K e
eI, R A U MR B AR R 7 2 ) AR B AT S, % H
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AR, T MG H BRI SR B R BE AN, KRR TS 1 EME H AR
RN AR 2% L. SN B AR 45 5 E ARk kG ) R-CNN SIATE 2014 4R 1
Girshick & AfRH, BT HEBMES. MG, — A H BRI S IRT. YOLO
BLIEAE 2015 4F HH Redmon 25 N '35 12, YOLO SIA4F s a2 i B I, AR bl
BB, AR — S ERZWN2 I TR T H AR AL B AR, #2330 YOLO
SO T AR AR Y YOLOV2™ A1 YOLOv3 ™43, Gt J& ) YOLOv3 B3 2 3 K il
K A E . [R4F Girshick %8 AN RONN %:pkisk, #2447 Fast R-CNN 553, 2017
R W Faster R-CNN i, [FIFEZ M Girshick % AN“#EHH. Faster R-CNN
¥ Fast R-CNN 5 RPN (Region Proposal Network) MZ5&, AR AR KIRTE. #FkEFE
1% Faster R-CNN 5 28007 i M 4 & 48 m 1RSSBS I 3 o T NV
BT HE AR BORN 22 RUBE I 2 S 1R/ HARAST I 323, RCEh A sk /s H AR s o
k% N\ P Mask-RONN (Mask Region-based Convolutional Neural Network)
Hefth 55 5k 22 W 45 AR SE A L TR I FVEESE N R T YOLO i s St 1 I 4 45 1
DL 38 7 AAT E BRI, A 0 PR RGNS P R T a0 A IS E AR B
REE YOLO R FIH RONN RFUHRA VF 2 AT H AIRBR AL, AT# R RS B e, (H
NG, SN EARRIRE AR, FE HA A SR RSO 2 N JE 3 B
X UG HEAT TN 4347, DR A T FE e b, (ERAS BEAN IS i, 0T/ E AR ROAS o
ARANES

LA 1 G B bR S5 7L CE AR R R — I R AR S, 2B EIG
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% H bk 59— T Faster R-CWN (Faster Regions with CNN) [ EI{% iR 51
JTiERIEEE . B 5] python ¥ 5 LK vscode 4 aS #5781 25 TR BE 2 S (35 R
LM A, Ll pascal voc 2007 AEHEEE, KH Faster R-CNN FLiEXT ERHEAT it
B, BN EGEH TSR, @ R [BIHZ R mAP {E 4] Faster R-CNN %
VAT T VAR AN AT LG R S BEAE M S A R U R

BmRARHS . RN T B EARIEE s, A Gl NI
W AR o B 32 B e 5] P IR GRS I 032 (B TR vt B0V JR T T RIS A48,
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WOy IBATANAT AR AT T AR R, R DL Faster—RCNN (1) 220 A oy B SL 52
HHZ . RPN ROL Pooling 5732 M 45 73l e FFAUA o

S0 2 RIS 45 M, R Pascal voc 2007 BUHEAEHEAT ISR, FExt
Faster—RONN WZ% 34T T 2, i K& B AT TR S BI45 R, 0o BT 7 e
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7E R-CNN (Region-CNN, FEFXIRMABRANLE 7772 Mt aT, L5000 B b
WTTERNUE) . AR GER . 3EId RIEH 55 28K A AT BeAFE YDA X IRHE R et %
N XSS X AT SRR E T IN L2328, B e AR ARARORAE A 777 (NMSD 50 [X 42k
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2R B ORAE, T R-ONN AN A Z AL E T, FESRIURFEIX — 4, R-CNNRH T
Selective Search™ GEIFVEMZR) MG TSN 3h & SR IURIE X 15,
PR FRAE IR L 08 X 3R EURHE . Selective Search %5 A Mk B ) — s 2 4 B4 75 B
REANIXIR, B 10— G TR XX SN XA T & 9, KT 2 G
I, BEREEGIFR— A X, AE T . &I RSO LOEARIT N . WG
[ERBHEATE I, IR HON TR RIS RN X, & 905 B XS A E N . R
R-CNN B35 FH 2B i 8 X 38 GERPEMEILZR) Bk AR HURFE CERAMZ ML) |
XFTRFE AT FIWT ) (SVM 432848 (Support Vector Machine, CHFFIEMNL) O
BIEM B CRIAEIAE) X UASPIRE RN RAEEW TE 1. 1.
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GRS, E SR I R R A A IR A O AR X, I HL B
G2 AR IRBE X3 — — AT RFAE SR IR B, KRR T AT 2 . A B RONN 4 RE |
WAFFEE D T4 328 DX 38 4 3 ] e R 2> S ECH U LA A2, 9 B T-38
FEMSRMAEAE, AT Refdt oK & (0 503t 30 5 )1 SR i Rl
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fE SPP-NET (Spatial Pyramid Pooling in Deep Convolutional Networks for
Visual Recognition, FHT-RGE R ARV FEAGAR I 28 Hh (1) 23 [A) 7 B b ) HEAR 2 7T,
BB i N A R 48 I 28 0 75 2 4 A g [t g ROGT B e, AR R rp VR 2 JE A BHR A
BT BT, N1 X ] fE AT gk, SSP-NET APt A B ik 4T
A TEEERAE, T 2 R B BV E3E4T SPP Ak b 3, 75 31 [ 2 K/ IHRAE ] (feature
maps) , XFEALBEARKIIRE T EA B RER, WEERA THE.
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SPP-NET 388 # 5 FI AN [F) K/ (g Hole B MBI AEREAT RI 43 20l 44, 252, 11
g, HAEGAREBIATRAESR AL HE, 19 3RHEE, He N Pu R b L b
AT RAE, BT SPP-NET HUN I AR T — RFESE L, 3X R T 7 R s
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SPP-NET A i/> 7 EGH#AME. RE T A B E S st 7, H2
PR — el A7 A VISR BB AUZ LU e, JBBIHTT 45 1N 75 R ROR GRS
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— IR EARAEIN, R R EEUE . YOLO W £ A7 AN 5 L TR B nT fEA71E B AR
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W28 AH 2 T —MESS, YOLO B RUAHE T 3h & s R AN [FAE T, 18 3h a1 R ae ikl
H— Ak HEZSRIX A YRR T TN, T YOLO JUIASE], B B o8 miAE T R 7 22
XA RO RIS AEIX AN T TN, SR 3t o] DUEAT RN o i fiE— g BN & 5y
ARRET R0 S AR (x, ) FIETEE (v, h) LR BEEEED .
YOLO P 28 A5 R4y F2 fn ] 2. 2
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YOLO MIZ A LB T KR Z RWITHERE, W EZRT S, EEEE A YOLO M
AR RN SRR, B R R i RAT  ERIA NG IRE SRR, M
PR A4 B2 2 03 ) o0f BV HEAT RS AE SR IR A 1 W MR RO A B AN S ), e i
NMS HEAT T -

YOLO P8BS AR THRE TG . S EEER, HRAIMREVFZ A AR Tr, thin—A M
1% BRI — A, HN BARTIIIBCRIR 22, DA YOLO PR 10X 28 A Ul A5 2R 2 2
AU R-CNN I FE XU BOAS I 75720 o {HIX EE 3k 25 7E YOLO v2 Al YOLO v3 Hof 13 3 5 15
WAL .
2.4 SSD &&!

SSD"” (Single Shot multibox Detector) B YA AR A7 3 B4 ] 224 i o L Fl
PRI AR TR A B o AHACT Hodth HARR L%, SSD S RN R Z ALAE TR T
2 RERHE B E 1 S50 TR, e S R AT B R R st
5 PR 201 2 4E U -

SSD P&l = AN EA R o 2R SRR FE RN 4%, R I 2% 2 4 32 ey
VCG-16 #pt, IXEHE /2 1R IBUR R FRFE N B 268 — 8 R G =,
XS AR 432 b B o AR AR I RUBE A RRAE U I, IR IR N B 22 ) 245
GRAME AT AL BRAG 3] 4 A RUZERRHMERSS 1B, 22085 B A0 A [F R RHE K
SRARIURT IS s TR B = F o0 R TR, T PR A g B A A B AR A
AT B AE B e I Hosd AR R A% vT LU AN 04 ARUZ T kA7 T,
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B R AR s A A 4 R

SSD 7£ YOLO #58  Befilh b = Bkt 7 = i FIFH 2 RBEAS S0 &y iEATRRAE S X
ROFR . FIFEREAT R DN . BB SEI0HE . (RIS 2 SSD 7R 4T BB BO Y ()3 FEE AR A
T 5 AL T XU BERE AL . BR AT SSD 72/ B AR A B A AR ANE, HFAE
V2 A2 SR 6
2.5 KBNS

ARTE ST LR T AR I D 25 A R AT B A 4E 15 BA R-CNN iy 7 i o
JEIRBEAT 7 B ARVIAR, R-CNN J& 28— AN D R B 2 ) B bRl B0k, 7 M AEAl B
SPP-NET Z5A5 RUAH Sk tH W . 7] LA B4 — 4> B Frer U 55002 ) o AF R 2 TS 1l H Ak
ML HERE I Atk . 7E N — 3, KM BUE Faster R-CNN W 25 450 200 4. £
WHEENH,




AP R HIR GBI %8 Tt 26 T

3 Faster R—CNN i RB!gY/ 4B

Faster R-CNN (J&: T X3 B PR EFIRP G 2% Fi2) &b H BT RONN R 51 5
RIS =W, XU B oA 28 i) UG E AR R 3005 o 30 26 — [ B St 4k e 1) o
FERL PR ) anchor FEIEAE O 5t FRRnill A E T —7328) , 55 —WrBosf anchor
HE N RF R IR 34T 53 96 . R-CNN AR I SR I L ER R 2, S AL — e Rl
HE, FEXRGMIAEREAT 43280 Faster R-CNN il #4248 A i Ap R DIAE, B2 4X T Foth
RCNN 532 v 3 5 0 00 45 7 A A 26 HE 1) 7V

Faster R-CNN fEfE Fast R-CNN [F2&Ali b, 2 RPN RS, WA 1B
RIAT B ¥, AT LA Faster R-CNN gl & Fast R-CNN 45 &k & 1) 2 Ak W
2R EE R G ] 3-1

T I
: — A "= bbox reg EEsS
WA smin o ot [Tl = | e
f5lll (resnet3d) | | L Pool, E2 \
il H ing e EEE w3 A

* 2 T
fl_rf}' b | 2 poftmax¥ pFk
3%3 / WbH | softmax
L
st \ Proposals

1*¥1 | bbox reg
Ec i

4

B 3-1 Faster R-CNN X% 4t fa fi i
Faster R-CNN HyE T E MU T

FE S 1 Je 2k N backbone (F2FHFESREUM ) , 1% )2 FH T 3R IURE I G 1 s
fiE, 40 Resnet50, Xf EMERFIESE AL 3 4 AR ], RRAEIE S0 PN IR], RPN g
Forp (i — 8600 F T AR LBk X35, 53— #I70A) Roi Pooling JEAk . i\ RPN 2%
XA AR B SE B BIHEAT — A 33 BAALFRR 2 A 11 HBRAH, S mA
REE R, o —ANREE BRI softmax — 70255 BEMESRAS A MDA I AE, 55— MRHAE
Kif it bbox reg (bounding box regression) 3RTFZMAHEMIULE & (LXK
Hl fUARKR . BE. @D o Proposals Wi 5 45& B A A VIR 2 BHERTEAT TR A AR
A H AN IFIEN Roi Pooling 2. LS Roi Pooling JZ— 3L BT RN — B0k
{E EIF0 RPN it B 223 X PIAN N . Roi Pooling R Hig— R~f 4R H HE 2 13URs
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fERE], SR 5 UCRAE BIE N AR 2 . R R B CR H sof tmax 28 XM R 250K
W X IR B AR TR, FEot S YDA R R AN SR T RE s [ I P R
TZAE BT TR R DUAE 5 SR 10 s BB, K L T8 S E AR IUATE , DAk B4 A (1
TR
3.1 EERE

f£ Faster R-CNN FRE42HUA, ¥F 2 £ THRAESRMUN & ol ik £, & WA
Resnet50, Xception %54, Ll Resnet50 Jyffil, Faster R-CNN < {4 AN#kR I E HE
SR E IR T - ResNet50 HH AN EEACER Conv Block All Tdentity Block ZH, H
H1 Conv Block Ji NANH tH B T-4EFEAN F AN BEREAT SR BK, & HOAE A2 I 245 1 4 P o
2 Identity Block AT LCKEA A ZERE AN 4 FE A B, & A T T FH R IR I 4%

Resnet50 MZESILEAE T 49 NMEFZA 1 DMAiER)Z . I H Resnetb0 W28 45
WA T BNy, AR RS, EERNEAT B BN, WO
BRI BB, B =L UL RO EMEE S TR ES, EHhiat
OEPA SRR ZS RN, R T SO R Z YL . £ Resnetb0 MZE 454,
FREBRI A ZIREH, MG RILE 19 MNERE, I bi)G 4Rz B2 50
2, IXJE Resnetb0 HAFRHIHIR. MR 224 X224 X3, K AT HLE T H)E
RS, oy TXT7X2048, WAL E SR AL — MBI &, BRJE 7 RaR e
IXANRRAE ) SR AT oF B IR H 2R A
3.2 RPN 4%

RPN FJH 9 ANANE RS I B O XA T e M R, B35 1000 Xk, I
33 7> 256 4Em) L, A B AT I A RS B 2000 70 # (1000 4 positive
anchors H1 1000 /> negative anchors {J437)) 14000 MAAAR CREAS XIRASH] A0 £
ARFR AN T8 EX AN DU GE ] R R R o 2000 A5 HH ok 43 50 G 2 5 A& ik, 4000
AN B AL R I HI R AT 2 Pk 1 R R A8 bR . RPN 2% (1 45K 1 4n 1 ] 3. 2
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: 94~anchor box
coordinates

2000 scores

softmax4; 52 e ;
i J HHERNH )2

B 3.2 RPN 2% &5 44 1
KRG — RAERA B BRI . — #8201 Roi pooling J2itfk, —ifs
JUI3E N RPN D 26 A5 RRORF R IINAE o (R 24 RPN A= plefige g X 3 7 ORI B i 1, i LA
KR ISR A2 — R0 o X BB i N B R 9 nex 1616, IR RPN I 2% (1R AIE 8 225
f—A> 3+3 BATH4ER 256 4t (FEATTHAE B B2 AR IE B MR B 98D 20 il B
R 1%1 BB E (595 24941616 1 4%9%16%16 [ anchor box) o H
H) 9 FERFIE B AR ME R S S 9 A anchor box, 2 #5844 anchor 43 M54
scores, A FEMZE positive anchor [FI#54rFl negative anchor 1154y, 4 218
/> anchor box % 4 MR R (O SALFRRIE 58D SR )G ToA TR op — AMRHE K
(2%9%16%16) 23 reshape (EIYRFAMFAE BRI —FE) JFIEN softmax — 703K,
R4 positive anchor [543l negative anchor 1454 FIWTE AWK T B FRHE.
TR (4%9%16%16) 3@id bbox reg (bounding box regression) %k anchor
HE PR DY 24 ) B (I8 DX I o0 A AR 8L ) o MEET RIS R T & WA H A5
FEATE AN BT Y 2 7] &, Proposals I/E & ELL, Proposals ¥ AT H positive
anchors FIEATTHIALFRHEAT SR G, THEHRHER B IUHEIEA Roi Pooling J=.
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Softmax ;R MISEILH softmax A& 2k B EGHAT, @ RIHA /038 24t
MBI E -« Softmax 38 X RGEREn .
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3.3 Roi pooling 5924% Classification

Roi pooling layer SEfR EJf& SPP-NET 1) — AN TR, SPP-NET Xf#4 proposal
T AR KN 47 WS, Roi pooling layer FJ ] RPN A B it 2 45 [X 2 Al
Resnet50 x5 — E45 B HIRAE &L, 1530 [ 2 RN BURIE I, S8 5 IR N 4 4%
Eo BAABRIEMNTR: Roi pooling EGMAEM AN KR, 4 Roi Wb ZIRFIE EIXS R AL
B, BRI S B X R Ay DA R RN BB, B 0 A B Rt AL B . Roid
pooling EMsLBLAIA 3. 3 FivR

Yi=

lI”‘]II}J /\.I%\f
L_‘lxjklun d_
FOTRHIEE

I MR [X et
1t

JaG MBI X g A

b “ R £ FRAER]

3.3 Roi pooling JEMISZHl &
TXFEFRATTIE v LA AN ] K /N ) 77 HEAS 31 8] 58 /N AR SRR AIE B o (EAS — 321
A&, i PRFAE B ) RN AR T Roi AN FRAFAE B K/ o ROT pooling #x AR 4b
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FLE TR AR s 1 A BRI

Classification #i70t# T Roi pooling R M AIERLR . MAL)E FT 15 I UL
B S N AR, SRR sof tmax 38 XU BR BUNIIAE [8] VA 0 R 3E4T 432
FEE AR

bbox (bounding box regression) tHALZIAERIH, T —NE A Z B
O AR FE RIXFE N R RN . AR TS B B TR AE AL AT 2 S S
B H AR — 8 k%, T2 [B] U= gl 2 SRR H ik AN ) R, S [ U=t Tl £ Y 4 A
PR ISAEAS BRAAHE, BEAT AL B S PR AL HE 5 LS AR . IR Zidid —
FRIVREEL, SRIG T RO KSR 0GR IX 3 DA A i X 8 o B A A

3.4 KA
Faster R-CNN 452k 3 Bl 43 /0 Bl T F e My il $ 2 BB HL A R -

=

1
Nreg

L ({p,},{t_})=N%ZLcls (p, pI+Aa D piLreg (t tD. (3-2)
b ols 4 v P P, e

%%Tﬁﬁiﬁﬂﬁﬁﬁﬁﬁﬁﬂé&ﬁZLcls(pi, P, %) RPN Hhff) 5 262 B KT

Yk RPN (L FEH 21k 256 4> anchor, 256 F&ANH ) Nels. p;, #& anchor Tl
N positive anchor FMEZ, Lels (py, pok) 22PN positive anchor Fll negative
anchor X E#R K. K Lels (py, pok) =—loglps#p;+ (1-p*) (1-p,) ], X2&—
MM softmax =70 FRAZ SR . XEEAS anchor THEXTER, SR )5 SRAFIFR LA
&A1) anchor & Nels 1S 2] T RPN (170 R4 2K R 2

1
Nreg

AN E, AEPHELE RPN YIS B Tl mis &, t* & SEBriims & .
Hr Lreg (t,, t*) =R (t—t*) , RACEKHIZ smooth,, BREL, H TP x=t,—t*,
Smooth,, RN :

EVEEGEREIFASRIEE S @)

> p*Lreg (ty %), HAmyt={t, t, t, t}

0.5x*x1/0” i <l/c?
smooth , (x) = x <o if | x| o (3-3)
| x|—0.5 otherwise

HEFRIE T, BRIOREAPOTFAAN, HIEE Lreg (1, tx) MERZ
JRIEESeLL Px, P T HIWR G T F. ELhRERET, M IEH KT Nels AN
Nreg, #EGMATIZ BRI, IX ARG A4 AT 55 rR B 408 S A0 AR R AR 29 2
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KREVEAN T Faster R-CNN ML 21T RAE, FF0nlx BRI IUZ . RPN
M2 S REEZERAT T AR EE A . BT 2%t Faster R-CNN N4 iE1T &
B, WL AT ISR, JF HBEATHRS A (8] 2255 70 4
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4.1 BUREMIE T aikF
RIREHEH] Pascal voc 2007 fEAHIEEE . Pascal voe 2007 5 H 5011 1
WIZREEN 4952 MEMNASEAL R, S E S 7 AL B S KHLEE 20 AR,
#43 Pascal voc 2007 ZHEE /R EWA 4. 1]4. 2:

Bl 4.1 &84 Pascal voc 2007 JE/RE



AP ENVETHRAR (BX) #55 % mn

K 4.2 #4 Pascal voc 2007 JE7x K

R SEgS FEAN NS, R R intel 17-7700, GPU K H
GTX1050TT, N1 8G, #1E £ %)y Windows10, {4 python & 5 #4 % Pytorch HE4L 3
1T9FE, ZmvEesfdiF] Vscode, 18 AN Python3. 6.
4.2 g

%TT Faster R-CNN fJ)llZk, HT Faster R-CNN J&7E Fast R-CNN Z:al FA4 R,
DA St AT s Faster R-CNN 4324 RPN W 2% Al Fast R-CNN P & 7. T %6 7% 2 I 45
Resnet50, fEMGELAN FREAT ISR, SRl Zhad B 28 — NP R AE C RN
Resnet50 b, Ik RPN M 4% ; IR 25 M FAB TR IIZREF (1) RPN /2%, Uii4E
proposals; U= 278 —kiIZ: Fast RONN X%, &5 DU I8 HEAT 55 — k)l 45
RPN %% ;4355 TR 20 BRI IR 07 1 RPN (R 2%, Wi #E proposals; H a5 e —
DB FEHEAT 55 KI5 Fast RCNN %5

WNZmER I T E 4.1 Fis
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FH—

HFE—

FH=

I

W oo~y BwpN

NN NNNNRRPRRRERRIRRIRRB®
U s WNREP®WOWOHENOWMEWRNRD

VI e+
TmageNetHi/f RPN

Proposals

TmageNet fi 7!

FasterRCNN[HEs 2
Kb L RPN

il idFaster—RCNN
A R £

Fast—-RCNN

l

RPNZ

NV

RPN+Fast-RCNN

4. 1Faster R-CNN JI|ZiiFEE
k& Wi Faster R-CNN #E4T— R ZR4 Nl 2 RPN 25 F1 Il 2% Fast RCNN Py K
FERL,
RPN 28Il 2k 5B 4 ARAS U0

o (bbox a, bbox b):
f bbox a.shape[1] != 4 or bbox b.shape[1] !

print(bbox_a, bbox b)
e IndexError

= np.maximum(bb
br = np.minimum(b
area_i = np.prod(br - tl1, axi (tl < br
area_a = np.prod(bbox a[:, - bbox a[:, ]
area_b = np.prod(bbox b[:, ] - bbox bf:, :2],
return area i / (area af:, ] + area b - area i)

oc (src_bbox, dst bbox):
width = src bbox[:, 2] - src bbo
height = src_bbox[: ] - src_bbox[:, 1]
ctr_x = src_bbox[:, ¢ 8.5 * width

ctr y = src_bbox[:, 1] + 8.5 * height

base width = dst_bbox[:, 2] - dst_bbox]
base_height = dst_bbox| ] - dst_bbox[:, 1]
base ctr x = dst bbox + @ base width
base ctr_y = dst bbox[:, 1] + 0.5 * base_height

eps = np.finfo(height.dtype).eps
width = np.maximum(width, eps)
height = np.maximum(height, eps)

{3 B RPNEF AT 1)
P& 5

IR
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dx = (base ctr x - ctr x) / width

dy = (base ctr y - ctr y) / height
dw = np.log(base width / width)

dh = np.log(base height / height)

loc = np.vstack((dx, dy, dw, dh)).transpose()
return loc

class AnchorTargetCreator(object)
def it (self, n_sample=256, pos_iou thresh=0.7, neg iou thresh=0.3, pos ratio=0.5)
self.n_sample = n_sample
self.pos iou thresh = pos iou thresh
self.neg iou thresh = neg iou thresh

self.pos ratio = pos_ratio

; (self, bbox, anchor):
argmax ious, label = self. create label(anchor, bbox)
if (label > @).any():
loc = bbox2loc(anchor, bbox[argmax ious])
return loc, label
else:
return np.zeros_like(anchor), label

lc ious(self, anchor, bbox):

ious = bbox_iou(anchor, bbox)

if len(bbox)==0:

return np.zeros(len(anchor), np.int32), np.zeros(len(anchor)), np.zeros(len(bbox))

argmax_ious = ious.argmax(axis=1

gt_argmax_ious = ious.argmax(axis=e

for i in range(len(gt argmax ious)):
argmax_lous|[gt_argmax ious[i]]
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return argmax_ious, max_ious, gt argmax ious

ibel(self, anchor, bbox):

label = np
label.fill(-1)

= self. calc ious(anchor, bbox)

argmax_ious, max ious, gt argmax ious

el [max ious < self.neg i
‘max_ious >= self.pos iou thresh]
1(gt_argmax_ious

label[gt argmax ious]

int(self.pos_ratio * self.

n_pos =
pos index = np.where(label == 1
if len(pos_index) > n_pos:
: 1

disable_index = np.random.choice(pos_index,

label[disable index] = -1

en(pos_index) - n_pos), replace=False)

n_neg = self.n _sample - np.sum(label == 1)

neg index = np.where(label == 8)[0

if len(neg_index) > n_neg:
disable_index = np.random.choice(neg_index, size=(len(neg_index) - n_neg), replace=False

label[disable index] = -1

"n argmax ious, label

Fast RCNN &8 (I 2R3 /AR A R -



ProposalTargetCreat

(self, n sample= , pos_iou thresh=0.5, neg iou thresh high=e.5, neg iou thresh low-
self.n sample = n _sample
self.pos_ratio = pos_ratio
self.pos roi per image = np.round(self.n sample * self.pos ratio)
self.pos_iou thresh = pos_iou_ thresh
self.neg iou thresh high = neg iou thresh high
self.neg_iou thresh low = neg iou_thresh_low

W oo~ vk wNPR

[y
(]

(self, roi, bbox, label, loc_normalize_std=(

=
[y

np.concatenate(

[ = S
u s W

bbox_iou(roi, bbox

[
N o

if len(bbox

A
(=:]

gt_assignment = np.z roi), np.int32)

[y
w

max_iou = np.zeros(len(roi

)
L)

gt_roi_label = np.zeros(len(roi))

"SI ST T N
A wWwNPRP

N
i

gt_assignment = iou.argmax(axis=1)

N
[4)]

max_iou = iou.max(axis=1)

pos_index = np.where(max iou »>= self.pos iou thresh)[e]
pos roi per this image = int(min(self.pos roi per image, pos index.size))
if pos_index.size >
pos_index = np.random.choice(pos index, size=pos roi per this image, replace

neg_index = np.where((max iou < self.neg iou thresh high) & (max iou >= self.neg iou thresh low))
neg roi per this image = self.n sample - pos roi per this image

neg roi per this image = int(min(neg roi per this image, neg index.size))

it neg_index.s

, size=neg roi per this image, replace
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keep_index = np.append(pos_index, neg index)
sample roi = roi[keep index]
if len(bbox)==0:

return sample roi, np.zeros like(sample roi), gt roi label[keep index|

gt roi loc = bbox2loc(sample roi, bbox[gt assignment|keep index]])

gt roi loc = (gt roi loc / np.array(loc normalize std, np.float32))

gt roi label = gt roi label|[keep index]

gt roi_label[pos roi per this image:] = @

return sample roi, gt roi loc, gt roi_label

4.3 KWITHESH

FESEYR VG, RV H bR BIER] positive MG negative FiZs, AL
Yy x B, 1ER] positive & AW x, Gifl negative ZBR AW x LAMEILMAY), H
SRR

True postives(tp) : A¥) x (1) B R 4 IE B U B x;

True negatives (tn) : FAAMIEI B RPN x, R GEIERHIA RO R
RS LPNO] D

False positives (fp) : HeAt A4 B R B 55 1R B U0 B x5

False negatives(fn) : A#) x BJBI 7 RHEORD A A x, RGUEE R I OLAL
NI Fe

RNV N, FEAFEAERIZE P (precision) . HFIZE R(recall) . ZIL
lou (intersection over union) o

(1) IEFEARERZ Precision, MiafEiRnl M Ans, RN AY x K&
ARG AR 2 B, BRI A b SRR A0 25 i IE B8 5 BT 1) R 91 5
2, R RAAY) x I, FERE RGO A x BB R SR RO A x 1
b, #ERR AU :Precision=tp/ (tp+fp)

(2) IEFEARH)H 12 Recall, Bt WA A o sk bR IR AR AR 30 T B e A 2
te, BREERI NI x B 2/ D8 B RENA AN x, B EE, HEfhER
ik, AFEFEAXUF :Recall=tp/ (tp+fn)



2&$“¥ﬂkﬁﬁ*ﬁ“%4%(%ﬁi) Bo21 pi k26 W
(3) AR IFEE ToU F810AZ Lt ToU MAERI R AR 1CHE 2 (7] [ B8 2 B, 3t A2 TN HE
MFARCHEE S SR G2 2 .

4.4 EMFMBLRSH

SCBGIREL T 450 SRARZGT N R R 50 FRAN R A N, AP x, XS
ffi% Precision M [A|% Recall FAT 74T, 2 H L ToU I BIMEFENLES % > i T
[X 53 IEW] positive FH1 4l negative, I HEWBIME, W NIES positive, TMiRZ
WA 545 negativeo ARG ML BUAN[R] 0 BB X HE B % A0 4 (AL BEAT St

AR % B A A G R ] 4. 2:

] AR R0, 5B HERR =979, 33%

0.9
0.8
0.7

1106

=05

#£04
0.3
0.2
0.1

i {EL

Pl 4.2 HERS R BE BE A0 K
Bl R B B (AR e T 1 4. 3:

i {8 0. 5 7] #2483, 51%
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Kl 4.3 #1815 58 B AL A K

HEMR A 1S, EBME Y 0.5 I, SEIHERISE )y 79. 33%, H[R1%y 83.51%, &
Q5 FE R UL T HERR 20 0] 2R A R E SR JE ), A2 [ 1 e AN 2 [
BEAG. SEORULRATE BIME A 0.5 IF, SO 0 vHE A 6 A A [m] SR AT 5
4.5 BFREMHR

N AU, LA SRR 2 S Fabr I Ar, ASEIAE ) mAP KPP
it BEARR AR, wAP ft/2~F34 AP (8, Z¥ 2 AEEEEN AP [ER H-FAE S, £
B H bR A I %R W O 48 AR o AP (Average—p) S 18 OV ¥R I EE ., X PR
(Precision-Recall) HiZk BHIMERZFRFIAME . AP (Hllm 7y AR AT .

FARA VR SZ56 mAP B 40 R & 4. 4:

mAP=82.71%

mAaP

] 657
chair | 0.69

bottle ] 073
sheep |
sofa |
5| 0.85
cow | 0.85
N 25
bicyle ] =86
dog ] i
x 3
aeropl... =
i j] 09
horse | i
5l =9

car | 0.53
0 0.2 DA 0.6 0.8 1

B 4.4 A RS mAP {8

FH B BT7R A S 56 1 mAP (B 82. T1%. 3X A X —IRIGIUE T Faster R-CNN HiLA#E
JE B R — R A
4.6 FEING

KR NE I Faster R-CNN (LR, SEBGEE Sy, HEAT T HERG SR A [ 235041 DL K
H bR s oW, AR50 B AR S IE RN, MBS AE, (HE rpn W%
BRI Faster R-CNN B2 HRE B RIGN, 7E K= AT, S2U e BRI UR
B, FEARFTE IR TR A R
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HRIB

ARSI Faster R-CNN Ay 3 R B 1 J5 N & —— & R IF I R H brte
DA F AL P I o BRI B L — A8 N TEIR AR R K 7R Y Bl Se B
THREFEERRZ LT, RPN PR 2 X 7 e AR R H At SRk i ki 2 ik . R H
PRI SRE AR GE I A AR I v — 20— Bk, eg b e 1 ihdr. (H2wm4
MR 2 S SR RAFAEE SR EAE B AL, BIInASC I E AR R Faster R-CNN, &
SR BUR 4R T 1 B& H A RS 5, (E2 R OB B, 5 20 FIAHE FF)
AW, EEEHE RS, FEBRINEERRE A MR L b WREE 2
N LR REME S drs 0N R RENR NS ) R el i o FRAR 5 B 1 (5 e ) 5
RIS L, AR, TR R SR 2 A TR L
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B

=5 H, BRI AT, AR R Z2 AR el i ) 1
T 25— BRI A AR TT o FEARIRSCTE A, H T X TR B 2 3] U R R (1 B
Z, WENTTF, RIATIMZWNE ML T BB SR BORANVE 2 483wk a2k
A, FENTIPAN IR 2 P IRAFITEEAE IR Z A, HRIEG RSP B, 2
ZIMAMER BN DT A2, AR B IRATIR A 7 R ™ I th k3 A
7RSO R L, SR E R, R DL R E N TR

R FIRYTE AL R IATE TIRSL, xRSOt Ao 7R 2. B
BEEE “AMU IR R EERL, U E RN 7 B, SO USRI
LA e (R AR TR ) BEARERR

B BRI RO RIS T AAREEIN, WIRRAVERS, O, 1k
BT 7 o IR DUEE RN, B FE RNV TR, 1k i 58 2 ) Ji it LA
AW RO T RNE WS —REE —— AZNILEIR, ZRH TS AL, Al
feEE . Bk, —F “Hh” BaIZEs I

HELARXBOF PR A NS 522 ARTE S SR At 3 B g NZRom ik !
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