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Abstract

Abstract

Tiny Object Detection(TOD) has a wide range of application prospects and
scientific research value. Tiny Object Detection is not only a supplement to the
research of general object detection in tiny-scale object, but also has been applied to
many fields, such as security monitoring, fast sea rescue, automatic driving, and so on.
For Tiny Object Detection, the framework of general object detection is usually used,
but this is not the optimal solution. Detectors based on Feature Pyramid Network
(FPN) have achieved good results in general object detection. For example, they have
achieved excellent performance on datasets such as MS COCO and PASCAL VOC.
However, these detectors do not perform well in scenarios of Tiny Object Detection,
because the general object detection framework does not make adaptive
improvements to tiny targets.

In this study, we found that the top-down connection between adjacent layers in
FPN is the key to the detection performance of tiny targets. In order to verify this
finding, experiments were carried out on five different datasets. The experimental
results show that the cross-layer link in FPN not only determines the ratio of the
fusion of different feature layers, but also determines the degree to which deep-level
tasks participate in shallow-level tasks related to tiny object. The main work of this
paper is as follows:

1.Propose a new concept, fusion factor, which is used to describe the amount of
information transmitted from the deep layers to the shallow layers and analyze the
double-sided influence of the fusion factor during feature fusion. And the paper also
studied how to set effective fusion factor, compared five different fusion factor setting
methods, analyzed from two aspects of practicability and performance improvement,
and got the best statistical-based fusion factor setting. The method can be embedded
into the network without increasing the parameters of the network, so that the FPN set

based on the statistical method can be adapted to the detection of tiny targets.
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2.Explored the mechanism of the fusion factor. In terms of the implicit learning
of the fusion factor, from the FPN-related convolution parameter initialization
method and the amount of data, the factors affecting the implicit learning of the
fusion factor were analyzed. And explored the influence of the method based on the
fusion factor on the performance of the multi-scale dataset, and also analyzed the
influence of the fusion factor in the network gradient backpropagation and explained
it.

3.In terms of experiments, the statistical-based fusion factor setting method has
achieved a consistent improvement in performance under different datasets, different
detectors, and different backbone networks, which verifies the effectiveness of the
method. And we conducted a comparison experiment with the performance of
different general detectors, the experimental results show that the adaptive change to
FPN is beneficial for tiny object detection. Among them, the combination of scale
matching and statistics-based fusion factor setting methods has achieved further
performance improvement on TinyPerson, which proves that the fusion factor is

compatible with other methods and shows the scalability of the method.

Key Words: Tiny Object Detection, Feature Pyramid Network, Fusion factor
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Figure 1.1 Sample of tiny object detection scene
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Figure 1.3 Schematic diagram of feature pyramid structure
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INFILEAN RSB0 26 AF T O VEREERIAS 1 48T o Sy AMEAR R EE S BB IRE | U7k
RIRTHE 1, S /4R T ARE AN FE AR Y SR A5 L . SEER BT 5 TH N 4% 2%
2 Re xR E A R B R 3 B i 1 Rila B e 2 RO Bl 4 B ROSREL,
DAL NI 5 456 52 ) A £ 4 P PR 7 i 5 XL ke 1 R D TR A

BhHEAGWERE, 04T 2T 8, IR SCET R BN T
BEAE A I AR AR RE T AKRKIO AR
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F28 BERAMMENTEHNRRIRSES

FEVRPE 22 2] B AT, TSN IE BT 55 32 202 DL B 1 55 R AE TR
NEMEGES . om. KW HA). BoEsessE. WG, STERma
2% () BB AR B RO 3L, AN g T BT RS D, R oy
Ko BAil. stoEl. HARRERESE,

AT WA SR AR I S35 A Fe T U e i I3 SR B SRt AT /e A S L L
XF, SRJE I AN BARASL I SV B H S AT T XS R AL B - B L BEAT AR

2.1 BirENEENEZR

H ARSI 2 AU S KA R [ — AN SRR 5%, 1TSS AE R 5T
H S AU H ARSI AR 55— e SO eE E Ik R, I I R AR L
SCHIZE A S, A7 U 3R [ 2 30 R 2 ) 1) B /N AN BE R T (R Ak A, 2 R 2
I SAT ST R, X R i AL 345 SR N MR SO0 B A S 2000 . 7 2012
AT, H ARSI 7520 2 AP BN T REE S iR, BLHE SIFT,
HOGP!, DPM", HOG-LBPUI%%, X I fig (1) b B o] AL R — By X dEie 45,
FRESREL, 2R EH=00, BORE — 2]l S T AP MR, (B2 HA A
MECAAL BRI . — R XM PRk R 22, THE SRR, BT 3l i 1 Sems 75 2L
BATR R B THE, 1Kt 3 BUR D BCR AR, M BB = R 2R K,
WSEN TR 2 REBCE A FK T L, tHEE XK, o)
ISP . R A TN LR R SR IBOZ A BE JIAN G, 8] — A J5 A A [ £
i ERIZEFFTRER K. Krizhevsky!ISE7E 2012 St 1 H T B v 0 KBRS
AR N 2%, brdidg B ARSI A I 2 N R B 2 ST AR

W22 5, R A IR AL SR B or S8 BT LA NPl — @AMV H
DX IR B B B Cone stage) Bi%, ffa gt Fik B T HRE B 4%
ST MR RRE s R T X BT B (two stage) i, XREEE P44
B TCR N ZE S TSP X IR, AR R X kAT 73 AN [N
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TEWBY B L, Ross Girshick 7F 2013 R $EH 752 E K X 86 A 4
2% (RCNND U1, 3x R AR w20 9 2 35— R T HARAS AT 55, 5 2210 L
VEFEAHBAG T H B B A FE LG . RONN & S8 3 T3 3h 3 1RSIk
SOHTE T LARGE RIS — AN Do se e RS 72, (EARSR T R &R
SR, B R TR ITAR, RONN fEH] 7 —A 8 K U777k (Selective search),
Je e UL X IR I, BRARAE BOCARFERE, M miillgse, 280 75
P2 SEH T H FRRHIERE S 1 AR G SR HURHIE B R AN (R IX AN SR A F
ZAR, B, HIIGRZMEBN, BOVEBRFER; IR, BT7E s % %
WX b s F AT RE SR, AR RIS (GPU T AR5k &l 40 76, 640x480
%) U,

e BILE 2014 42 H 1 SPP Net!"™li#t— 2 X0t 7 RCNN: 132 1 &R0t
B PR AR A DX I W, 2 T AR S AR R i DX P A R B 1 T VR AT SR TE I 3
XA KB E G, R R ARE, e AR v Bt T Lod s — ok
R RS 755K 242 H 72 A5 lfb |2 (Spatial Pyramid Pooling) ]
REEMAL 7770, BT AR R IR, 20 IR AL BT 5 FRARRAE L6 20 A 3 A AH
[F] RN A BN B A1 2, 10000 B SR I 5 N D0 8% (1 BB 22 48— B AR IR ) R
S RN TEAFERANA A, — B R BT B 48 T B AR TE IR Ry
DAt sR I E AR T, MR R 4R, T A (A G 3 AL 2 SR VR ANAS TR RS
I SN P8 , ABAE AR SERT W] LA RN R EIH — B[R — Kb, 4T
W NI RS L A — X — TR

£ 2015 4F Ross Girshick 332 H T Fast RCNNUOIE RCNN ()&l | 7850
7 SPP Net FIML AT, PHFF T BABIIZR SVM KK 8817, FF HoK o 288
& FFAT v, ORI T TSR B o [FARARD R T B g 2 g A P B
BRI 25 Faster RCNNU31, 9 i B G500k v 5 — B B AR RSP TG DX 3P ol 2 B4 ok
SE T EE B IIRBOR, AR DT R 1 DX SR FH A B R S R, i SRAE R
(MBI X IR 2 G T B IUAR, R KD X iwk, i AR T E A2 H
GPU ScHLI, 108 &k REESEAE CPU SZHL, XBRRIK 158K, 4 Faster
RCNN B X H T RPN (Region Proposal Networks), 5 $2HU{5 % [X 35k F 2 £ k1
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L, KK TR AFESR IR, IF HEIREINT Anchor CH£HE) (1)
WS, I B A ) Anchor S B IX 8 75 AT AR A B bsfi ik (X 35,
N JE RIS T4 5 HE 5 V29T R ORSEE Rl . (T TEBASE 2017 45 3R H T Mask
RCNNEY, 5 ROI Pooling H i il FIHRFAEAS X 55 M $E H T ROI Align fi ik, FF
H¥ B AR B AR 738 5 N [F—HEZR h B BB 52 T T Re. X EHIRZ &
SHX LT T — b8 2 A IS, Ll RefineDet?!, Cascade RCNNI?2), Grid
RCNN®I,  Libra RCNNPHHTEAG | ANEE I 1 REHE T«

—BBRERA R T B BRE Rk AR U R R, ELRAE A
FURIUARRAE FREAT 32 EA, Gl fo b3 5 7= A A I 45 SR R B BOAS I 512k
FALG, BRI T PEREAT BT B B HAR R TE 7R, Al DA 2 S P R R
REHILEH YOLOPIZ%, SSDESI, RetinaNetl?1%,

YOLO (You Only Look Once) 5122 —AN—F BAG IS YL, H Joseph Al
Girshick %8 ATE 2015 42 . Sk H M B K R G — B 2 K/AMEA M2 1)
BN, Gl — RIVGRUT G AR 2 HRM R mls R . JFH YOLO H
B SHME (Anchor) FIMES, SINT grid KM X skt Rl ik Bl o i i 2 (1 H
ffy, AERFIX (grid) AR RIS 3 YOLO R 5 £ /N E bR, F:8UR
J5 R IIAS FEAN A 5 B A KR BE 2 v 1 At IR B, i BRI Y BB AR AE GPU
IR 45 WUAD, PUEARACHEEE Y 155 WA (640x480 53D L,

Wei Liu 25 AT 2015 4E42 H SSDPY, SSD % 4E YOLO i# JZHR A1 Faster
RCNN F2EAL F A 7 —2D okt . FEETTIRE =l LIE—Fr Bl kg g ik
51N T 4 RUHE CAnchor) MRS s 2.SEI0 T FEA ) RUBEFNIR FE AROARFAIE 1] A8OR-
X AEAS A K/ BTG A BRFAEJZ EAORE I, B TR s 3R T A
ARAZYE () HEWE — B AR LE o 7 — B BRI B35 o ) T B A i A T4 ]
M, 7E VOC2007 HUS T 2L Faster RCNN IR (mAP=72%), [FII{REF
THRARIAT IR (58 Wi/FP, 640x480 535

7E Tsung-Yi Lin $2& 1 RetinaNet® 2 fif, L BAG I 4% BARTE A B AT
7y B 0 s L2 1 e — BT [R) ST A XS Bkl 4% .- Tsung-Yi Lin 28 A 704 1)
PRI A T B B SRk VA I I AE AR HUIX AN R, WA 2 I 125 0 a4 PR R AR 42
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25 373 JEAN B AE 55 b 3 BUE SUBIREA ELIAST A, BN L R AS AR A
FRIBE RERL/IN, (B T80 EORAE BB R it 1 3 S Ay 45 X 28 2 2 At SR A7 TR
N T EGIZAN A, RetinaNet 132 H 1 Focal Loss, I P> 2 £ R i1 1K 9
LN R A fa] B AR REAS (1 2 ST, A R B i TR A 152 ), R T
AN BASL I #8 SAA 1 i

22 ATHRNNEESE

HARAS IR T SRS P IR BRI AT 45 = B AR e 1 2 1 v i) B b 402 5 4
bRENE o HARRIINAE SEBR R A & & 55, S0 AN R I 5t j R SR A
B E DR R k. RSB FZA LN 1@ B Ask il an
PASCAL VOC!!, MS cocoM, LvISP&E; 2. AfAs il WiderFacel®; 347
NKGE G Caltech USABY,  CityPerson!'?l; 4.55/N H Fp#&I 40 TinyPersonl®, - Fif
A MRE K. B 2.1 AARRFRMEGE RN A 5oR8 ] (@) 550N
AR A Ml ——Tinyperson; (b)47 Afailll——Citypersons; (c)iti H H Frf il ——MS
COCO; (d) Aftuill——WiderFace.

(d)

B 2.1 AFEEHEER SR E S

Figure 2.1 Typical illustrations of different datasets
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3 E AR I T AR B 52 PASCAL VOC! 5 4 (fRiifk vOC) &
VOC 2007 Al VOC 2012 P RRAS, 723 E28Ip i) A0 H Anar i 5e i) & g
B TR HIHESIAE F - B8 £ 23k 4309 4 /N KK vehicle, household, animal, person,
3t 20 AN, ISRV ZRFNEGIE SR 73 S A 16551 K 40058 AR
R, WA 16492 5K B F1 39482 ANMARIEAE, Eih 33043 5K Kl 71 79540
AMPRVE

TR B BAAE 2014 24T T MS COCOMH 4 FR /& Microsoft Common Objects
in Context, X/&— M REHIEE. Kb EE o5, WRUHKRET HiR
ROl SCHE AR 1 B TR TS . MS COCO Hudfs 5 Hh ity €5 4y
ANGR. BWIEAIRAE . BT E RS AR, 38 2R s RS
&3 H AR b B e RS . i BR SR AE 33 TREE. 150 1
Hbrsfl. 80 N EARF. 91 MUK 25 77 HFr KB s, MHET VOC, MS
COCO A & LANFE IR 5, 56 2 bs o A R REEE 75, 2 H vkl
A H R SR T AR R

FAIR JF 1 LVISP®,  — AR gRR: B /b ic Bl &, B8 T 164k
BM%, FREP R 1000 B90RHE(T T £ 200 JIA R RSB bR, BT
AU 73 b, i LLIX A B SR AR S B0R B RN K B et O
M RMNIEER S, B PRECRE R D WL B AR 1 SE Ry
55t RNk 28 A5 80 I NFEAR A2 =, 3 6 R 2542 Hh SR A Bk
o 2019 4, W ARFSTREARAT 178K AL B brke IEHE S Objects3658Y, &4
A H 600,000 MNEMR, 365 NSEAIAEEIE 1000 54N m B EILFHE, PR
T+ T EARE N AR, XS T H RIS FE .

AT NATILE SE BRI S N T2, — B TSR B 00 A U R F 5 [
BEETTFLRNAN, BRATERMA R BFEE W5 e R AT Al s 5
gk R FH Ok, W INRIAPL, ETHP?., Daimler’®, Caltech USAPY, KITTIPR
1 CityPersons!', [F] I3 A T %2 Ak g 77 T8 1 1 B AN T v 1 R REFRTIE 3K
Caltech USA & I B T Bt AT AT AR AR £, Sk B AESR T BR 4 v IR 4T
B ZE AT RS AR DI I, RRARUR 24 250,000 M (137 b i A7), 3Eit
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350,000 MERVEMEFT 2300 MHARERIIALAT N SKIIMAE CityscapesPO%iE4E I
ST T CityPersons 244, £ 5000 5K B4 EARIE T 35000 M7 A, 13000 > 7Z.
W X3, RN IR AT TARGFRIARVE, 1 B EGEAN R 21 R AR TR [E
27 ANAFERIETT, RIE T BB E R

WIDER FACE {4 £ @& A sl i) — ™ benchmark (448, & #EH UK
FEEET 61 NFAIN, LA E 32203 BIHR, LA 393,703 MR AR, HA,
158,989 MrvE AKGAL T ZREE, 39,496 M TIAELE, AT ¥/ N Easy,
Medium, Harde WIDER FACE W5t , Wk T ARAEANRKMRE, Z&, ot
R, RAE, AR, ER AR RE L.

VEFAE RS 5 ME T 55/ B hsk AR E I £E TinyPerson'®, TinyPerson
RET 2019 4, it 1610 5k E A, 72651 MRiEAE, B HEANAETIEE
A T8, BRI i H AR R SRR Zax RS ANIZANRE L B A2 1 B
PRI KN A 18 ME R, XA TG/ H AR 1 e KR o B B X b
FERAHAT TSRSy, AT R BN, A B AFURE E A
XA, R AN RS IR

TinyNetl3313 J2 3 f238 I HARKE I . VisDronel® 135 4 th T ANLREE T H
14 DMARFEIRTT AR T8 X, FRIE T 3R 2 Rt . A KR4 L35 288
BB 261908 MiiAT 10209 5K &R, 3Lt 260 2 754 S0 HIARIEARE .

MR 1) B AR KN KT, 12 B R AT A U 5 55 /0 B FR Al AH
T, AHSRAEH A S T AAEE £ 5. L Wider Face |, Wider Face % 4E H #x
RN 32.8 B E, HEE T 85/ BARBIFRER 20 B3, E2 NI B bR
K 5 L [ sz 17 LN RS ASE I 1) 850 ] AR B SCf5 IR 3 R ARG B, (B X 40
MEFE, BEEEN, KEWRA M/ AANEIESE, XE B MR .
PRI H AR A RBE TR T 59 /0N HARRI , (F R 22 B B8 1) B bR 2 s
KHLEE Hbr, BAREE I BE LU B A SRR L, X SR AN T 550 B bR
My o 3 2.1 & Al SRR A 1 GoiHRRAEXT LG, 3o I 6705 irid o R
P38, TR R bR 2%

14
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®21 ABHEEGTHRIE

Table 2.1 Statistical characteristics of typical datasets

Hida sk 2P PN RPN Kot

TinyPerson 18.0£17.4 0.012%0.010 0.676+0.416
COCO 99.5+107.5 0.190£0.203 1.214+1.339
Wider face 32.8+52.7 0.036+0.052 0.8010.168
Citypersons 79.8+67.5 0.055+0.046 0.41040.008

2.3 BRG]

H T A A0/ B ARR U R 70 2] Aoy A R R — . BEXT s Rk
M N HAR, £ COCO [T AR E b2 I R COMA TR AR 5 5 45 2 A0MED
PR R/NX T EAT R 73, [0,32) 83 /M RUEZ HARIXTE], [32,96)% & A R
FEEPRIXIE], [96,+e )G RN HFRIX[E], COCO #t2— M A MR 1 %
it RUEE H bR s ROBE O B o 4B 78 E b it ROBE B B ), Al o RUEE B AR
MEFEEART/INRE, S TR VE RESCBEAE T 42T/ N R B ARk I PERE, it th
BEXT /N B AR FEWEAE 2 [F) Iy EEORAE Ho A R B ARTEREANBE N R = £FxF 55/ B bR
£, TinyBenchmark[S15 H X-[0,32) )] X 18] AT LAREAT 58 4ok B2 1 1435 [2,20)
RGN REEXE, [20,32) 0/ REEX 8], P REENT 2 AME R IR — A 2
Z5M g%k, X5 5K RZ COCO Fifb REE/ANT 20 &R HbR, X—#4H
T 0 e P B K B 5 L V4 5 6 o TinyBenchmark [F]H 42 HY F 8570 H AR o5
F F RS TinyPerosn, $EFHPERE R 75BN 55/ H AR I SIS AN E % &
FoAt R H bR 1t e A4k
231 EHTZRER/NBEFEN

Bl St ROBE RN (/0N H AR R 22 B0 U0 N T SRBUR EE AR M, 8
/NEFRPEREARZE, PN/ HARHEAT A0 BE, BRI 26 K 2 4006 T/ H AR B A 70
TR/ HARA I Dy 3 ) H AR o — > B s B 1 R BE T B T . R V227

15
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20 /N AR BRI AR 3R 4T T2 A 9T - SNIPE AT SNIPER PSR B4 4 - 5 [F)
IS A5 RUBE TE DU A S SR ORAIE A IR R /INE — AN B E Y L, /0 B ARTBOR BT
RrIIRSFE . SNIPER SR H XSl i) 77 vk — PR m IR

/N B BRI RS B2 LU RIS B DR 2/ B AR B & RN, (58D, s
EAEZ . #7083 (Super Resolution) # FH Tk K #ER BinEE, FHM
251 1R ) B BN R HFRBRZ AT RHE, $em i piR, ik — % TS
2R I NE/N BFRREI A . Noh JUONA g/ HARK IFE ROT FFIESE UL AR H 25
Gy RE, PRIHR I T — MR Y S P B AR N W BHE T B o HE R T
I FH A G 5 2 48 9 4% 2 ST IR OR RUBE B b 51 /N RUBE BRI 2% 2, IF BLAE /N RS
H s EEAS T PERESE T Chenl* 55 A 7304 7 COCO AR RUEE B AR P o 451 2% 1
LCE, RIS BARTTRR IR IFA L 2L 2 ), DRt 1 — i St aR 3l i)
B IR AL, RS KA E A B AN B, FIHSURGITHE Bok-F
/N BRI 451 2K

= XERMZ% (TridentNet) W23t 7 sEmake U 25 PERE I =AM R 3R 2%
FE WL T RIS 2B RN, g Mk gkt 2,212, gk ORI SZ
BHPAT 2003, IR TSR BFN 0N BFRRHME, RN R AR 2 3t =5
B IMERARS R, I AL E /NG B ARIE BT A [\ 12 B 4y 302 2, 42
= TN BARETI P PERE . IPG-Net I HH T R RFAIE & 75 2% (BT 4H 15 R AiE (H 2 fik
DRGSR, IREAESUE BAEER D ZS RHE, X FE BAE 2 S
RESRTHI IR A o RIBEAE R T BB e 51 2%, il R & 3E B AL
B AN MG G R & 5 PR PR PUE B AP ) N8R 1/ B ARRFHIE )
BRER. X8 FRTVEE—E R Bitm 7/ Bkt vEge, AR 1 H
R BE I PEREARAY,  CRAE T A 2872 %5 RUBE B bR RIS B
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A

B 22 =XEBM%KEHRRE

Figure 2.2 Schematic diagram of TridentNet structure

232 ETBERER/NBEREN

F T R /N B AR R g5 /s HAS ki, KA g5 /0y B bR 20 4R ik RUE
IIATHF RN T 20 R B A, RERBER AR B — /N RUZ RS, BRI
BTSRRI 25 FE S TH /N B AR RIS 2RI AT

I RFHE T8 (EFPND PIRGIEE /N REE B AR Al RUEE B Ar i se b T
FPN R EHRAE S, X8/ B ARR AR, B5] e R R 4 9% 2 1 JE AR A 3 13—
ANEAGHE Z U AREE, AP 2.30%, 3@ i RRAE SRR B RS B IE A
H AR RFAE 7870 il JRaE— PR ok B SR 28 W 2% B RRAE A B 4 i
A/ FARAS I R RFAE 2 o

& i
z '
),
\ <
\ g
‘e =
) 200 =
% =
o]
Z
2
|((
|
Eq. () : ! |
Supervision --=-1--=-----------! v

[ Detector ]

B 23 ¥RBESTESHREE

Figure 2.3 Schematic diagram of extended feature pyramid structure
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f£ TinyBenchmark ®Ie, $EH} 1 — M58 T Zr Bt 56 1K RUBE 73041 1) H A
Pt i) R AR A 75 IR 3R T R, MBS S TR R IR £ B D 85 /0y H AR il
ROt T —FET I B o AFE ARSI ORI, I S BB AT AR AL A TR 25
Wl B AN A A5 I 2510 B AR B 5 2 18] A9 RUEE A1 (AN UL C 2 5946 2% 114
FFE S BE F AN ARG TN S ARG 12 o DRI, VRSB 3R M 1 — iy S i A RA g R
VCHECTTVE, KA Bl S 2 18] B R 0 A X 55, AE TR ZRIN IR Lk 2% 272 2] 3
H AR 5 10 RO ARV AAR SSJRAR ASRAG XA A 559/ HARRHIER IR BE ST -
S8 45 RAUE I3 RO VL FC 10 SR A AN R (e I 24 S 25 PR RS vy LRI AR
1~ R

f ize (5: E)
I iy : P Bt !
‘ m',' : Scale Match :
! I

i {
- ‘

) _> - - ) ;/ T: Pyize(s; T(E)) = Pyize (5: D) |
( /‘ P Diratn) | : Evaluation
|- /{ll |

y e ] - Madel

| | .
i - : ; Train ‘
\ / Policy

24 RELESEERESRES

Figure 2.4 Schematic diagram of scale matching algorithm

24 FHEEFHE

T A E AN R 22 RUBE 0], — A A R G - S AN SRR 7
PEWANTE o BB - B TR 2N Py BEAT AN ) RUBE L IR, ) e — ANk 4 )
FRSEEESE, B /N BIRHEAR ) “ i REs ), HEMRIL B RNMET
—ANEEYER L LRI K B AR/ REEE R, Ak JFAR I /N HARTE KRR
B BRI, A% T/EA SNIPPT, SNIPERPS, {44715 i W 32T 7/
H ARSI A PERE , A H T AN R RUBE 0 IR R 5] X R R ZE M 4 1 H B, ok 17
VHEIUAR, [RGB B2 s g o s, alv ok TUTE T . [
PEARAE 42 715 759 (FPN, Feature Pyramid Network) #4217 HioK, 1F& K [ &
§#%EHEM%HﬁKEM&KEﬁ¢%%EE%W&%,me“é?%”



%2 & EAMAERIURIN K RIS E S

REE AT, FIRBIN THRHER A LR, (2NN SR R R, Ak T 2 R
P F R AR T

7 O L@ 2N @ LECEEEEPe -0 7 O—0O0—0 # O shorteut :O P7 O_‘ ‘O—-O
ps O O ps Oreoreeeeeees O s O—0—0 O} SO we O {0—0
bs O O 15 O—0—0 1 O—0—Q wO- A =00 0O F0-0
pa O O P4 O'—'o—>o P4 O—'O—’Q P4 O O P4 O_ "vO—'O
PO O » O—O0—0 » O—0—0 =0 0 »O-A0-0%0-0
(a) Pyramid convolution (b) FPN (c) PA-Net (d) Libra R-CNN (e) HR-Net

B 2.5 AERRHAERE & 77 28
Figure 2.5 Different feature fusion methods

AL R 7 i QA A [ AR DN S UG 1 PR RE L i $ T PIRAais],

B 2 I TR A B A M 2845 BB BT A AL 2 R R IR R 2 B> s
B, RUZHBCRHARE 138 SR LA 4R sk b s 50 XE R, &6/ Ex
KL SS o R RRIEE SRR, KRR ILEL2S KERER, &5 MERm
e R U ROE & K BRI SS . B EF2E T JURAN R B R E RS & 77 2. FPNP
(18 2.5 19 b0 KA 7 B T A R R IR IR & 07 30, Rl R
RIZFFELAERIN TR ZRAE, DHARHE G 75 . AL Ja Il 1 — 28t
FPN HTAE, SEENRIT LA AW R |IET SO RE S 75, iy M
LXREERHTINGS 38R, LER IR AR R RRAE e 70l s 2.2 T S8 SO R AL
e, BN 2 RO R G S 2 TE A R IR IS .

241 BETEMBUHFESFE

PANet* (& 2.5 [¥) 1) 7 FPN [ 5&fli 3G 17— Bk m EE RS
W, AR R E AT RE R SR A R R R E AR R, RN R T
WRIZFHE SR BRI BRI, $2E 1 4% 27 S % . Niel*IE SSD iy 5at
5INT MSCF U T $2H 2 RE I BN SCRFE R & B T SR H R 1
FROE, IR T AL B R T B R IE 2 K 23 SR AN R4 55
HRNet! ! (18] 2.5 (] *D) 8900 1 w2 PeR BUR A PR RE T, JF B DOIRT
BT R 2 PR T W, il H R A MO AT B AT 2 RO RHIE b 38

FHRHAE 78 A 3G SRR AERIA o Nas-FPNMWIAR 7 FPN AN THI 2 M 45507
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o R T AutoML 745 € 2 [0 N T4k B — R RAERL & i A & 75 1%

. Residual Feature
Augmentation

Cs lt: / convixl Al CONBXS sy o o e
- L_/ predict bl

— Msii Ly P

C — - S—, 0 4 7

e Wl

4 Mq y LI (" Adaptive )

G > L4 /| Spatial Fusnon

M; et [

predict . 4 3
: ==

& 2.6 AugFPN &R EEST (£) M CL-FPN &R E (F) 15

Cross-layer Feature Aggregation

Cross-layer Feature Distribution

Figure 2.6 AugFPNstructure diagram (left) and CL-FPN structure diagram (right)

242 ETREBUEFEEFE

Libra RCNNP (| 2.5 /) d**) $2 tH I8 2 FPN i PANet #5827 1& [ AH
WO PERZHRAERD &, B BRFAE 2 O RAAERD & 220 AR AH 48 = (015 U5 BB,
PSR T PR G 238 (BFPND, A — A BT FR1IE 2 2 5 I RRIE -1 )2
FAM KR 2 RS RS 3 P RAE R I . ASFRUINUR 1AL G e AH
IMBRFERE S 7720 SO TR U] & S AT RAE RS, 1X3] T A2
REREHR

SEPCU8! (5] 2.5 1) a*8D) $2 1 T & B AR RAZ I P AR QBRFAE 2 2 R
(RORICTE, DLBR AR AT RRAE 2 I RHIE R A 2% . Tan>O42 H 7 BiFPNAH# T FPN
WO T SRR ETE, B0 T 2 REERHMIERL G, EIAE NAS-FPN CEAA1E T 5
JEREEER, HRAEREIAR R R T BRI & . BIFPN 840 /R ERL &
IS (R AT 27 SIAEE, o T ARG IR RS T, % B AT 5 ST A A RHE
JE B R A

AugFPNUEY (] 2.6 2D it 3 in— S B, 8> 7 A ) 43 e iR AL
JEZ BT X7 S, FEARFAE G 2 v R FH R 22 R AL 1Y i P 7 V242 1 LU A9l 5

IR ERAEE RS AR TR 2R, JF HiCE i fEAN R RHE R B
B ROIFFAEGE £ 77 XN Ja Bk AT 55 2 (1 BE 47 i) ROT H#4E. CL-FPNP? (& 2.6
A N2 REERE Rl A 2 520 22V B AR IR OCsE, $2H TK FPN AN[F]
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JE BRI SE TR Ja 70 OB, LEASTR] R 20 3% 23 R R 8 I 2R S LR 7 20 5 07 (8
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Figure 3.1 The influence of fusion factor on the performance of different datasets
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Figure 3.2 The influence of a on the performance of Citypersons with different scales
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Figure 3.3 The influence of a on the performance of COCO with different scales
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Figure 3.4 Convergence of single learnable a (left) and three learnable a (right)
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Figure 3.5 Schematic diagram of fusion factors based on attention mechanism

ke 3.5 Fiuw, B P,y (P E ERHESS FoRBE G TR S A A RFAED
5¢] (€] 9% M backbone 1 FLIZEUF HIFFIEC, 425 FPN H BRI /Ny 1x1 1Y
finmer G HUCFLEIEIEHCN 256 MIFHER) BHATRHMEE FIARINERAE, ShE 13211
FHE IR AT AFRoR  CxWxH, C AIEIEHCN 256, W A H J9RHIE B KA1
B, AT LB AR (batch) 4EF. ZJEREE P 333 I flayer A
THE, 3 EITBMRN IxWxH IFHIE, 2T GAP iH5E (25 F1itifl, Global
Average Pooling) #3%|—4 1x1 =41, &t sigmoid 115 J5 MAEAE xS N AL B
o] 2 PR

323 ETHEEEMNRERET

FEV] 2 ) Bl G R B 7 N2 AMEHET TR A WS BT % ) il B
FRE L. WK 3.6 iR, TERLGIIBRHEIA T FRM (Fuse Ration
Modular) L, FRERREMEEF a. RN (b, ¢ w, h) FIHRHEF e,
RN (b, ¢ wy h) HIFFAE Fgnauow TN FRM BEERIGHIN, b AREHEK S,
c FRAFEIEHL, w F1 h 73 HARRAFFAE BRI SE AT, 20 4 A 3x3 BREHUS, Fuign
FIEREEAE S (b, 1, w, h), FZIL—1 Global Average Pooling Ji5 Fy;zp FITEAR
KAES (b, 1, 1, D, it sigmoid WiF BHUG B RIRLE B T o SXRERETT LA
AR 24 T RO R AIE P R S0 % L ) R R, ok B & B SO & i 72, 45 31T 5E
F AR/ EARRI REAE o TR P MBS R R IR T [ e i

29



T PPN BE T 5/ HARK DI 52

Cs & b PS
(Zxu
label > FRM
o
C ) d L
*
label > FRM
k)
©, { g
=)
1x1 conv C3
= 3x3 conv
label ? FRM
"7 “dataset X | > l Pz
=>®— —

[f

1

o &

: i ','1‘"1«’ Cz
\ /

___________

B36 FRENTEIMSHET EE

Figure 3.6 Schematic diagram of supervised learnable fusion factors

324 ETHitemEREF

XA BEET it G B 75 E 5, BT g TR S-a, MR 4 FPN
HAH AR JE Z ) HARE I E o a0 F PR A TR, THE SRR A
BRI R . AT AT LUN S SE B Bee A 5159/ B skl
BT R EAE AT/ B AR, SECFPN 1% 24052 31/ Hbreli 55/0 H
PREOSYZEFAENA, T H T g5/ B PRI S5 A SR, 55 FPN 15— )2
HAE DL 2] BA AR PERAIAT SR, TN 72 Z 81564 . FPN (145
— JE A OIS HOT DL 5] B H AR RO AT 55 (0 A @ R AR R e 7« SR
FELL BRI RE L AR 2 B DU GRREAR, I T 3E R L= S50, XLz
HOB6 R AR AL 2 P AE BB LA LU AN AL T . BRI, 24N, PEE/INER
Ny, LEECRI (N, A% T St Rl & B 7 g ot E R0 v Ew i sceE, gt
FUU AT IR 30, ZAVERE AN o LU/ B Py 2 A BRI 45 77 2

FER P PP AR B, MR, X R R g AR = R AR A 55 AR T
¥ B, 55/ HARS AR ST 2% S ReRAG LR T i R

30



53 % WHRNR KT

7 o~ .
‘l" ‘\“
/ \
i Cs ] Ps)\

0|0 s Np,
ay=—x
0/1|1 Ne,
~
\\
~ + P
0/0|0 S~ Cs
N 2Xxup
L - s Mo,
_ZP.fromp ZE]EP."{E_E) a3‘~
/ P3
- ’
- . ’
! ) ’ ®
= 8 ’
uf ofofo]o]o]o]o]o , Cs ‘Z(!El
¥ olofofofofo]o]o ’ N P
y s 3 P3
- o[@f T ofofo]o]o ,a2=N—x
i "
olofofofofo]o]0 ’ Py
- .
: olo[ofofo]o]o]0o ’ dataset X ~,
B o ofofofofe]o]o]0 1 :
iR ,'5_'_:;' oflo|ofofofo|o]|o : ! : e ’@ Py
. 1-1-1%T- ofofo]ofe]e]o]e 131 L ! ]
D, == Ixlconv ° P /
e Np, = Z.ng omp Loep, (=) |} o L ;G S
. forpinX 4 == 3x3conv ST - -

B 3.7 ETHITRRERETRHELER

Figure 3.7 Calculation process chart of fusion factor based on statistics
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Table 3.1 Statistical algorithm steps
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Table 3.2 Statistical results of algorithm step 3
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Figure 3.8 Function location map of feature supplement module
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T-45 58 ToU BME N AULEL R (TP), FHXHM [ ground truth A 2% 555
SEURCRLRE, SR B BN N FP, EEILEFE, Ha/h T4 ERn
E(HZ KT 455 ToU BUE MRS IS FUA FN. 45 — A5 5 BE Bt T LA 21—
A~ Recall Fl—A> Precision, 83N W (14 1% 1F S5 B R A K145 43 BB B A 7] 1)
Recall Fl Precision, /G238 —2% PR #izk. %} PR HiZkf mihit 5 5% 1.
K BEALBRIY Recall SRAE 11 M550 11, SNEH 11 A543 SO0 RLF) Precision 115
FIEAR S MAP; 2.5 PR 2 T TIAAKAR 73453 2 MAP. 58 M7k ik
(K] MAP SEJ9REH, (H 225 8 30 A [F) 8 2 i B0 22 e v S A R e, — ik
K —FhJ:, RGBT SRAE 11 ANSERIE S0 75 AT LK PR TR T R TS
2 AP, X TRANRAELSTHEAZE—A AP, XTFrf 1200 AP tHHFME
HURT LA BIFAT TR H B F AR R MAP.

TEN 7 — M RedEbR, ATEA LIRS Recall AHXT R MR (Miss Rate,
TR HEATVRI, MR 48 2 B A e I S 1E A7) SRR A o5 e A IR H ARbR

FERER LA
FN
R =
TP+ FN
MR 1E B AR THHEE 8T MR- FPPI (Miss rate against false positives per

(4.5)
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image), FPPI Yk FP 4R, W18 —BHETE LT FP Ao 50 M K
TP A1 FN, R Ml A 5 R [ MR, —A MR gt & X N —A> FPPI A, — ki, 4>
HBE R, FPPL 2B ik MR w2 s, BEEANFE RIS BORE L n] LIS 21—
‘4 MR- FPPI{H, M43 %] MR- FPPI fiZk. 7F HLEA R B2 s P il S P g
I — i FPPL B8 A —MECH B SCHE A 1, 10, 100 K45 23S MAF MR

42 XWEE

AASFET Tinybenmark. U1FBAFFAT B, PIZEHIUEFLEL 1L FF ImageNet
TRUNGRI B T 28 AL . Ror I 5256 3 22 FH (M 4045 44 TinyPerson, TinyPerson H!
HARISF I a0 K/ 18 ME R, {HJ2 TinyPerson H H AR 58 LB LAR K
if H 2% FE R HEAT A B R 3, AR M 2 R SN %, 345 A A 5% 5 m [
Mo TinyPerson FIYIZREEFIMIALE 7> 7 615 794 5K 1 816 5K &% . TinyPerson H
R ZHEG I RSFEIR K. BN GPU RAFMIR R, EAANE & BHEE NN
AN, BdEgrtinsg 4.1, RABxTH 7 UI#EE A4 S5 1) Tinyperson
(TinyPerson-Cut) 1 CityPersons, fE£## & | TinyPerson-Cut KT Cityperson,
Pk, RGP R, AR UG 2031 il 2 1 1 BB VR I 2% B AR
1T TinyPerson H {1 — e UG H 200 2 AB4EHT B bR, HiE$E T 200 LU
H AR AR EAT I ZRANINA . ERGR IG5, Seserh FORH Tk T #%% .

#+ 4.1 TinyPerson-Cut 5 CityPersons Xf Lt

Table 4.1 Comparison of TinyPerson-Cut and CityPersons

TinyPerson-Cut CityPersons
Ry HcE 25949 3457
PSR 72651 19683
B R S AR 14853692 5032337

SEIG A e R T AN RS I B AEO BES286,  AE — B BY ALY A ik £ RetinaNet
VERRRE, Bk $ 7 Faster RCNN-FPN {E %K, F 42 f1FK 43 %
BT AL SR W B AR .
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% 4.2 RetinaNet LI E

Table 4.2 RetinaNet experimental setting

4% 40 (&
RETINANET ON True
BACKBONE R-50-FPN
RETINA.ANCHOR_SIZES (8, 16, 32, 64, 128)
RETINA.ASPECT RATIOS 0.5,1.,2)
BASE LR 0.005
MAX_ITER 19236

STEPS (9618, 16030)
IMS PER BATCH 2

NUM_GPU 1

TEST ITER 1603

# 4.3 Faster RCNN-FPN L% 8

Table 4.3 Faster RCNN-FPN experimental setting

BE= fa

RETINANET ON False

BACKBONE R-50-FPN

RPN.ANCHOR SIZES (8.31, 12.5, 18.55, 30.23, 60.41)
RPN.ASPECT_RATIOS (0.5,1.3,2)

BASE_LR 0.01

MAX ITER 19236

STEPS (9618, 16030)
IMS_PER_BATCH 2

NUM_GPU 1

TEST _ITER 1603
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43 SKIEER
AR T RE ST EARE LIS as R, s fl gt s 12
JRH, 3% 19236 (RIS, & 1603 JOEAGHA— X PERE, UL — I 2R H
PO Hh P B e i 1 45 SRAE NN ZR I 45 SR
43.1 AEEMHERERE I
K44 AR o HSEIT RHERREER

Table 4.4 Performance comparison of different o implementations

Jiik APstiny MR 'Y
baseline 46.56 88.31
one-o 46.86 88.31
three-o 47.66 87.98
atten-a 47.88 87.80
sup-a 47.89 87.66
bf-a 48.33 87.94
S-a 48.34 87.73

bR, RGN E SEIL T A AE TinyPerson LTRSS, JEHESLER
T o BRINIE N 1. one-a Al three-a 73 733 7 i FH — DA =AN AT 52 ST ) 24
(one-a RFWK =AFEFE T3 of v g W ENFE—ATTH IS4, three-o 14 =
MG T RER=DAFRAEIZHD . atten-a fURIET attention [{I5ZHLT
o a-bf Foriid B HAUE, sup-o REAMEWRMEEH T, S-o REHET
Gk pIRt & BT, ERAHIPEREASE LA RetinaNet 1E Y SBIEHEZEIRIGHT . BUIRHY
MR (ERZE) mWRA B HITERE.
WX EREARBILLT SR, o, BAMREKD TRt o, HE, E
EOURTEE, M H =l 7 B S AR FE AN R, G Rk 2 R 17 ik,
AT SRR Z 2 6 1y HA T A R I RIS T R N AR K
KPR TZITVERRIE N . 5=, FrAAEEER o WE AR TR Ak
(baseline), HA1 o BEA 1, WS HLIE IR T R ERE. £
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FANISESS ORI, A ) SO B TR TR R I AL T A T s PR RE, (HANTE
BRI E— ARG I 7 AT 2R v 5. 55 =, RAETHRITNTTEA R
AT F TR AT RE .

432 S-o LIHER

432.1 S-o 7E TinyPersons EHJZER

# 4.5 S-a 7E TinyPerson F45 3R

Table 4.5 The results of S-o. on TinyPerson

(RlUKCAFS Backbone APstiny MR gty
RetinaNet ResNet-50 46.56 88.31
Faster RCNN ResNet-50 47.34 87.57
RetinaNet with S-a ResNet-50 48.34 87.73
Faster RCNN with S-a, ResNet-50 48.39 87.29

CREHE NIRRT R T AR R E %, @K S-a, R
Adaptive-RetinaNet(J5 25550 25 AR AR 3, R H 1) RetinaNet ¥8%
Adaptive-RetinaNet) 1 Faster RCNN (a5 %A Kk, 5ty Faster RCNN-FPN
HIfRIE RS HIBEHESZIG RV T S-a 7 ikt tt, Edli4E N TinyPerson,
RetinaNet J5A A FH M H T 4% EL 2l ResNet-50 FRHREUH SRIC;, Cyr CsEN FPN
I, SRJE B N REEH AR, P,y HIZRME BRI HSEIP;, Py Pyo 1M
Adaptive-Retina JlJ# Fi] ResNet-50 FF 25 2 4™ stage #%5 5 4 stage B C,-Cs1E N E T
WL, ARG R P2 1 N RFEARZIR, oAt FPN 23952 B2t 1
FAGHRE, M4 THEAR RetinaNet 1B TG BARTIRE, XA LT b RALE
TR LASER TN HARRril, AN H AR E 2 248 FPN iR)=, REESEZ
A5 S, HARULE S R 2 MR R E 8. 7T LURIILE RetinaNet |
APso"™ HUAS T 1.78%42 F+, MRso"™ HUf 1 0.58%1)4 2, 7£ Faster RCNN |
APs™ HUAF T 1.0S%IMHETH, MRso™ HUS T 0.44% 1082, BB T 7 iRAEA A
% b A Rk
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Table 4.6 The results of S-a in different backbones

o I B Backbone APstny MR 5ty
RetinaNet ResNet-50 46.56 88.31
RetinaNet ResNet-101 46.99 88.16
RetinaNet with S-a ResNet-50 48.34 87.73
RetinaNet with S-a ResNet-101 47.99 87.81

ERRHEA G RRLE TAEA F T R A R R R, XA

P54 TinyPerson, Fuilll#% 4 Adaptive-Retina.

R UERERM: T Gk R & R T st BT IEAEAF B TR T T
HAS 7 VERE EERTE, 1E ResNet-50, APso™ U3 1 1.78%1#&Ft, MRso"™ Hif3

1 0.58%[e Tt (MR NE KA MRS 1B ITERE), £ ResNet-101,

APs"™ EUIE T 1.00% 32T+, MRso'™ BU45 T 0.35%H188F. LTSt mh &
“F7F ResNet-50 32 F K T-76 ResNet-101 _F3EFHJE K AT ge4E T, BEAR—EIA N

SEUR B WY 2% N3RS BRI PERE ST, (ERXS T 55/ A ARR X ME S5 11

H

PR 2325 A0 B I3 AL /& 7E FPN 7 Z451E /2, ResNet-101 #H%% T ResNet-50 £ H}
(1 51 2L EA T5 T %% ResNet 55 4 NITEL, XLt 8% FPN [
RIZ AT RAE AR 2N, 15 X288 2 38 I T S AN BE 235 ok Bh 55/ B AR v

RESRTT
4322 S-o SEMEMEEIIEL

£ 4.7 AFFEALE TinyPerson L] AP P88

Table 4.7 AP performance of different methods on TinyPerson

*ﬁ{}r‘[uﬁ{i APSOtiny APSOsmaII APZStiny AP75tiny
FCOSH3! 17.90 40.54 41.95 1.50
RetinaNet 127! 33.53 48.26 61.51 2.28
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B3k
R/ IKZ RS APsotinY APsosma! AP5tiny APty
FreeAnchor># 4141 59.61 63.38 4.58
Libra RCNN[4] 44.68 62.65 64.77 6.26
RetinaNet[?7] 46.56 59.97 69.6 4.49
Grid RCNNI23I 47.14 62.48 68.89 6.38
Faster RCNN-FPNI!3] 47.35 63.18 68.43 5.83
RetinaNet-SM 48.48 63.01 69.41 5.83
RetinaNet-MSM 49.56 63.38 71.24 6.16
Faster RCNN-FPN-SM 51.33 66.96 71.55 6.46
Faster RCNN-FPN-MSM 50.89 65.76 71.28 6.66
RetinaNet with S-a 48.34 61.73 71.18 5.34
Faster RCNN-FPN with S-a 48.39 65.15 69.32 5.78
RetinaNet-SM with S-a 52.56 65.69 73.09 6.64
RetinaNet-MSM with S-a 51.60 64.39 72.60 6.43
Faster RCNN-FPN-SM with S-o 51.76 66.81 72.19 6.81
Faster RCNN-FPN-MSM with S-a 51.41 65.97 72.25 6.69

* 4.8 AFJFELE TinyPerson ERI§5/NRER] AP HERE

Table 4.8 Tiny scale AP performance of different methods on TinyPerson

o v APsqtiny! APstiny? AP5tiny3
RetinaNet?7] 27.08 52.63 57.88
Faster RCNN-FPN!I!3!] 30.25 51.58 58.95
RetinaNet-SM 29.01 54.28 59.95
RetinaNet-MSM 31.63 56.01 60.78
Faster RCNN-FPN-SM 33.91 55.16 62.58
Faster RCNN-FPN-MSM 33.79 55.55 61.29
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B3k
R 5% APsptimy! APsny?2 APsiny3
RetinaNet with S-a 28.61 54.59 59.38
Faster RCNN-FPN with S-o 31.68 52.20 60.01
RetinaNet-SM with S-a 33.90 58.00 63.72
RetinaNet-MSM with S-a 33.21 56.88 62.86
Faster RCNN-FPN-SM with S-a 34.58 55.93 62.31
Faster RCNN-FPN-MSM with S-a 34.64 55.73 61.95

+ 4.9 AEHVELE TinyPerson L) MR g

Table 4.9 MR performance of different methods on TinyPerson

iRl =P MR 5ty MR spsmall MR stiny MR 75tiny
FCOSP3 96.28 84.16 90.34 99.56
RetinaNet 2] 92.66 82.84 81.95 99.13
FreeAnchor># 89.63 74.38 78.21 98.77
Libra RCNN[24 89.22 74.86 82.44 98.39
RetinaNet?7! 88.31 74.05 76.33 98.76
Grid RCNNI23I 87.96 73.16 78.27 98.21
Faster RCNN-FPNI!3I 87.57 72.56 76.59 98.39
RetinaNet-SM 88.87 71.82 77.88 98.57
RetinaNet-MSM 88.39 72.18 76.25 98.57
Faster RCNN-FPN-SM 86.22 68.59 74.16 98.28
Faster RCNN-FPN-MSM 85.86 68.76 74.33 98.23
RetinaNet with S-a 87.73 72.82 74.85 98.57
Faster RCNN-FPN with S-a 87.29 70.75 76.58 98.42
RetinaNet-SM with S-a 87.00 69.25 74.72 98.41
RetinaNet-MSM with S-a 87.07 70.35 75.38 98.41
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Bk
oy MR stiny MR sosmall MR stiny MR 75tiny
Faster RCNN-FPN-SM with S-a 85.96 69.35 73.92 98.30
Faster RCNN-FPN-MSM with S-a 86.18 69.28 73.90 98.24

£ 410 A[FJ5EFE TinyPerson 55/ R B MR EE

Table 4.10 Tiny scale MR performance of different methods on TinyPerson

iRl =P MR stiny! MR s5'iny? MR stiny3
RetinaNet!?’] 89.65 81.03 81.08
Faster RCNN-FPNI!3] 87.86 82.02 78.78
RetinaNet-SM 89.83 81.19 80.89
RetinaNet-MSM 87.8 79.23 79.77
Faster RCNN-FPN-SM 87.14 79.60 76.14
Faster RCNN-FPN-MSM 86.54 79.2 76.86
RetinaNet with S-a 89.51 81.11 79.49
Faster RCNN-FPN with S-a 87.69 81.76 78.57
RetinaNet-SM with S-a 87.62 79.47 77.39
RetinaNet-MSM with S-a 88.34 79.76 77.76
Faster RCNN-FPN-SM with S-a 86.57 79.14 77.22
Faster RCNN-FPN-MSM with S-a 86.51 79.05 77.08

1E TinyPerson, Z3 % bt 1 JHAh 55 S 3k ARG I SRV ANR N S-a I VERE . BT
HBRHREEN N CHER RN 18 58300, EIE A H AnAill bR ISR i e
MBLERMERE RS PR, WK 4.7 B3R 4.10 JER T H0BIEET/NRE LR
(FreeAnchor {fFP,, P3, P, Ps, Pgt4% FPN F£¥ anchor K/N % (8. 16,
32, 64. 128], RetinaNet Je¥WJaAARA ). HTTE TinyPerson I, EHIFEALL
BRI GG AR KR 10 B A AN~ 48 o AR A5 B 0™ B, XA () R A 3 B LI 1) 7
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A28 FIPEREL T — A 25 o 1% Faster RCNN-FPN with S-o 7F 72 75 B in X 4%
SHMEDL T, 20K APso™ F1 MRso™ (114 RESE 51 1 1.04% A1 0.28 % » SLHG 45
R X FPN B4 SOt P9 A il 28 A0 — B Boi M 28 &R 2 B ai ). 53 AR S is:
EBH FreeAnchor £l & K7 A B E W E 0.5 24F T, 1£ APso™ #2751 0.92% .
RetinaNet with S-a. [P REIL T4 A SM/MSM DUAMOHABRMZE. SM/
MSM 7 35E it R VLA 3 ME (Scale Matching) S35/ 518 JRRE UL it 55 W&
(Monotonous Scale Matching) B350 FH - 24 i)l 25 COCO A TinyPerson . [H]
AT RUEVCHL, SRS 7E TinyPerson FEATHROM, TIZRTR 2 LUK B TH AN B )
BiUR. T RetinaNet with S-o U F 48 A FF 1 ImageNet FRIFI SRR, Rt
AT UHOR, INGRARIN RRPEK. Wik 4.7 £ 4.10 iR, RetinaNet with S-a ¢
VS IR ) X 2 Z 4RI AT IR BRI R BE . SM/MSM (SOTA J7i%) 5 S-a [d]
I A P A DA e 305 B K19 25, R SM/ MSM A S-a 55 32 HAM T, SM
/ MSM 73 TN ZRE0E (¥ £ FE R I 28 32t T SE A I WTAa HUBLEE, S-a 10T H AR
AR S (1R U IR 28 S R 7 38 PR ESOCAE , BAN T7 7 A 1 25 1R AS [ BB e
BEFETE T /N HFRASI AP AE . RetinaNet with S-a+ SM SEZHL 7 ¥ i tEfg, I
H.5 RetinaNet + SM AHLL, 7E APso"™ F1 MRso™ 73 #2151 4.08% H1 1.87%

43.2.3 S-o 7£ Tiny Citypersons #1 Tiny COCO EHIZER

% 4.11 S-0 1E Tiny CityPerson E%553

Table 4.11 The results of S-a on Tiny CityPerson

o W B APsny MRstinY
RetinaNet 36.36 78.03
RetinaNet with bf-a 38.94 7591
RetinaNet with S-a 38.60 76.45

3R & RetinaNet 7E 75 —4~55/) H A3 2 #54E Tiny Cityperson I EESE R,
bf-o % 7711 B RGBS s RE, AT LUK I /2 7E Tiny Cityperson b1
BEMKIHEUAS T4 TF, APsot™ BUS T 2.24%[113 T, MRso™ HUE T 1.58%[K142 Tt
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# 412 S-a7E Tiny COCO E4 3

Table 4.12 The results of S-a on Tiny COCO

R/ IKZ RS AP APl
RetinaNet 14.60 27.96
RetinaNet with bf-a 14.68 28.09
RetinaNet with S-a 14.86 28.27

352 RetinaNet 7€ 53— 55/ H ¥Rl 4 Tiny COCO CH COCO Bl 4
NEI L g, BIAG—46/N 3] 100 155) ERPEREL R, S-o NR T E M
& AR RAEMERE, PRI TE Tiny COCO - PEREMK IRHAS T 427t
APse ' HUAR T 0.31% 152 T, AP HUE T 0.26% M7t . TSt s B FEAR
PR 55 /05 H AR RN Bs 48 AU I Re T, U T BRIz AR ), iG]
1A 55 /0N B Al e 4 o

433 4F{EAMFESEIGLER

R 413 FHEA TR SLREE R

Table 4.13 Experimental results of feature supplement module

SR APso'inY
RetinaNet 46.56
RetinaNet+FSM with No GN,o=1 46.63
RetinaNet+FSM with GN,o0=1 47.09
RetinaNet+FSM with GN,a=0.5 47.39
RetinaNet+FSM with GN,0=0.25 46.33

R RRFEAN FAEAE RetinaNet HFEAHELLTE TinyPerson b [¥15256 45 1,
FSM A4 HE#M 784 (Feature Supplement Module) £#RI4EE, with GN /L%
LA A 49—k (Group Normalization), o fRFEERFAE b 78 bk b (il A 1 7,
JE T B g S 6 b B AR Rl A R (R A

IS HXT A AT LU, IR Ai RN TG GN ARFIEAb SRR, PEREAH T
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4= WSRO

FLESLIG VRS LT A A, (HR IR GN ALFLSS APso'™ #2711 0.53%,
IR RS E MRS T WAPERESE T a] LLEE— B3R 31 0.83%, W'E & HE %
AR R R AL 2 e 3 MG AR TS Jm A2 T AR B 21 55/ F ARAl, Ik
A3 S A s/ BRI RAE )= -

44 BAERTFHSTSER
441 MREETFRAFEINMAR

FE ST 9 A0k R DR (R 'R R 5 B G e 82 B — A R a5 A 1 20
RBEAT T WEIC, ARSI, TR RER I Al 52 S SN U Ak ] E il A T
7530, BRGNS R URERTE T HIK, B AR
] : A A B RS T R B B B30H 5 2 BI A ARG DT g R PERE ?
W2 T 1) S AR BAT 4 ST RE T (R AE 5 )i P SRR IR W 28 2 B0 B R i 5 A
TIRIERE 1A, e T B RN 48 22 1 21, NI FPN A%
GARMIAT UG AN B bn Kt 56 15 5 A 5 i 73 Sl 2 AT WF FE AN 34T

44.1.1 3f FPN HHXERVIRILAR

I 28 S5 46 ) S BB 23HT = FPN PRI N R D =T DX 28 PR A [i] R B B B B
fIECCy~Cs58C,~Cs, FPN Wit — Mo 5 )2, WA R ER 2 HC TR 4D,
BINFPN J&, AFEMFHEZEHES S HET —4H 1x1 PEH, XS E KL
¥ ok B AN R B A0 3E 18 55 AN [R] AR AE 5048 A 368 T H50HA 1R) RS CERIA A 256 4
WIED, RGN ERE RHEL T FORFE S AR E AR T4 3R
O RO SRR G, Z S5 AR R/ NERFIE X oaid — 20 3x3 B, i)z
BRUGIEAMFIEA 2E N FPN 14t . SRR S & BA %600, (HERK
SERLE R I AT, REEA SR ERK RS 2IRE BT IEe ), XR
TEARIE— IR T

TESHT T FPN IZ5H 5, BRI AT e A S BRI BI a6 4 2 80, A
TEMEE LRI ZRII 5, RN IR G R, SRS T A B ARMBIaE 6 X

6] o JEAR FPN S8 finner, 5 fiayer, B AR IR AL J5 IR kaiming_uniform #J45
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7 el K RS, SR 1 5 — A aa A0y 30 Ao RS T AT AG AL,
HARBCE AT B A7 SOREA TN & 5 S 00T R e R G G
XA, ST YI G R L R IRl & 7 o AEAN R Ia L 2 AF
BRI A R LA IR 4.14 PR

f layersg f layery f layers f layer;
t t t t
o3 o ? o1 o’
R R
f innersg f innery f innerz f inners;
t
0.3

t t t
o2 ol o°
O @ @
B 4.1 SHESTFEMERPIBHBEETTR

Figure 4.1 Initialization and modification of feature pyramid network

LR, B o ARSI TEHNAE, SERRGRRILE, #FkiHENR
FHIE & T3 A BT RO AR, SO ARG NS T RS E, finner, 5

fiayer,[REM PRI KRB, o REX AR KBS URTLEL
TR FPN Co= 1) 51, B firper, FIZHIRLL 02 I8 fiayer, IS HFR L 02

TR frnner» frayer, FIE IR BB T o=c. LRI, 78 BRI

RS R E IR T AT L R N AT (4.6) FIA (47, fE o=o
i, AR (4.6) A (4.7) BEIMLEEEMFR.

Py = fiayer, (finner, (Ca) + &4 * fupsampie (finners (Cs))) (4.6)

Py =07 * flayer, (6% * finner, (Ca) + 67 * fupsampie (finners (Cs))) ~ (4.7)

Rlt, A&4E) FPN HA Rl 16 2 o BIBFERE ). 1l SEEG i — B 72

AT B a0y er, S BUIAIIRC R R 1ZBE T o AT F B finner, M fiayer, 106

(EIE R B AT B R B e AT 5, Wil 4.1 B

48



Wk 4.14 Frox, ZWE 0.5-power + o=1 JCiEFRFFIEUESLIO M BE, 0.5-power
& 0=0.5. FATHE—BBATLES: K o WEN o, IHFREF frner, M fiayer, I LR

FIURHBCE (0.5-power + 0=0.5), HAERESALT DR IFIEAE S0 I HT A6 0 26 IFH LR
& 7B EE A 0.5 ITERE, 3R 4.14 YU T SRR BRI AR 4L X TR 77 =X
RS Save el e P R S SRR s i o S NI (VAT S

& 4.14 TinyPerson i o IR FHIELHIE R

Table 4.14 The result of initialization of 6 power on TinyPerson

7730 APs'iny MRty
baseline 46.56 88.31
0.5-power + o=1 46.94 87.98
0.5-power + a=0.5 48.17 87.17

4412 THIEEHRENR

FREE I 265 1 5 1 AR 2 A IR B 1, 8 2 (1 B4 2 mT DA ) 4 AR LA T
Pz AT RE, R 2 (AR B v DALk o 2 2% =) i ik 22 MR i s, 92 AE N
WA LIz AP REA 2 A5 T

FEAS I AT 5 H A AR SR 42 & COCO, —2&[H N COCO FhZ=EE (80
), & COCO HHEE R (+AHIEERIEF#E), /£ COCO LilZk#z
2 1 0 2 — e A g e B LU IV A1 RE o Tiny Cityperson #1 TinyPerson X
AFERE TR BURL, ENIMEdEEAL (THgEERE A s, hidEE
FhrEEE), M COCO HA R — Mk E .

FRIEAE COCO bt S it R g iiE K A = e B A 5 R (e £ FPN B =X =) il
ST EBFBEIERR . £ COCO100 (HI Tiny COCO, & 1E M 4 % NI 45—
WAL W E N 100 MEFR) EREAFRBE R T, S37EA RS E T
e, WSAE R EHIR ST T RS B RS2 & Re g LR

TEE 3.3 Hh, fafl A 7 108 3l 5| e 1 1 ARV E I 5= A 2 1)« BB TE COCO

(aYay

o
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XA HHREARE NI, M2 BERE e 4 e (b 21 BRG] 5 P 4 Rk fE 7115
RIPHCR - MBI A R, AR/ H bRl e an] LUE I i E
Rl R A R RS RE

—ll— COCO0100: all class
={— COCO0100: only clock
—@— COCO0100: only person

S20

0.5 1.0 1.5 2.0
a=fusion factor

A 42 COCO100 F RS EFXAFERIERE IR

Figure 4.2 The influence of fusion factors on different types of performance in COCO100

[ IS AW ST 55 /08 B A AL i) 2 2000 1) th 3k 4T 1 itk — 2B IR 7T COCO
e MRENZIONEIEE. Flan, ANEERr COCO FEbnEME S &N — 0
ARSI AR B o R, EAT 1 Rl D AN R A R AN R S0 1
SR R S5 5 0 o

W 4.2 Pron, FEFRIRSEIRIS AR 2RG00,  damh & D7 51 A g (L
RAEATFZER ERDIFARNR, X DFEARLEN clock FEEMIRIR, X ZHEALL
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Figure 4.3 Influence of fusion factor on the performance of coco100-human dataset
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