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Abstract

Abstract

Pedestrian detection is a key problem in computer vision, which aims to identify
pedestrians from images or videos and outputs location and classification confidence.
After nearly two decades of research and development, pedestrian detection
technology has been initially used in unmanned driving systems, intelligent
monitoring systems, and traffic assistance systems.

Although the research on pedestrian detection has obtained great development, it
is still not enough reliability and stability. Especially in traffic scenes, there are too
many occlusions. In order to solve these occlusion problems, classifier integration
methods and part models are often used, but these methods are inefficient and require
a large number of computing resources. Detection accuracy is also difficult to meet
the requirements. The main reason for this is that a fixed feature extraction method is
difficult to adapt to occluded and dense pedestrians. In addition, the previous
pedestrian detection methods all assign positive and negative examples through
spatial alignment. When the most discriminative region deviates from the object
center, the assignment criterion will limit the representative ability of learned features.

To solve above problems, this paper proposes several adaptive feature
enhancement methods for pedestrian and general object detection from three
perspectives: network structure, feature calibration and feature optimization. The main
research contents and contributions of this paper are as follows:

(1) Propose a novel network structure for adaptive feature enhancement, referred
to as CircleNet, to achieve feature adaptation by mimicking the process humans
looking at low resolution and occluded objects: focusing on it again, at a finer scale, if
the object can not be identified clearly for the first time. CircleNet is implemented as
a set of feature pyramids and uses weight sharing path augmentation for better feature
fusion. It targets at reciprocating feature adaptation and iterative object detection
using multiple top-down and bottom-up pathways. To take full advantage of the
feature adaptation capability in CircleNet, we design an instance decomposition
training strategy to focus on detecting pedestrian instances of various resolutions and
different occlusion levels in each cycle. Experiments show that CircleNet improves
the performance of occluded and low-resolution pedestrians.

(2) Design a feature enhancement method to solve the occlusion pedestrian
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detection, which is called the Feature Calibration (FC) module. First, the concept of
pedestrian activation pattern is proposed, which is the local features of pedestrians
learned by each channel of the deep convolution feature. Pedestrian activation maps
can be obtained by aggregating all activation patterns, and then the activation maps
are used to enhance image-level features and perform pixel-wise feature calibration.
Pixel-wise feature calibration highlights the visible parts and suppresses the occluded
parts of pedestrians. This is the key to solving the problem of occlusion pedestrian
detection. After extracting object-level features, we use region calibration to enchance
object features. It fuses adaptive context information and learns the concurrence
information of background and pedestrians. Our method can adaptively strengthen or
weaken the features according to the occlusion conditions, and detect occluded
pedestrians robustly.

(3) Propose a feature enhancement algorithm based on multiple instance learning,
referred to as multiple anchor learning (MAL). Traditional object detection algorithms
generally use direct object-feature matching for model learning. However, for some
tilted or occluded objects, the contribution of different anchors in training can not be
viewed differently. The proposed algorithm introduces an anchor bag, and changes the
anchor selection from static to dynamic. It achieves the object-feature optimal
matching. Our approach selects the most representative anchors from each bag. Such
an iterative selection process is potentially NP-hard to optimize. To address this issue,
we solve MAL by repetitively depressing the confidence of selected anchors by
perturbing their corresponding features. In an adversarial selection-depression manner,
MAL not only pursues optimal solutions but also fully leverages multiple
anchors/features to learn a detection model.

The research in this paper provides some new ideas for the representation of
visual pedestrian, and these methods are useful guides for general object detection.
The adaptive feature enhancement research in this paper opens up a promising

direction for deep learning.

Key Words: Pedestrian Detection, Object Detection, CircleNet, Pedestrian Activation

Map, Feature Calibration, Multiple Instance Learning
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N T fE (Artificial Intelligence, AD) FRGHE & & IE7E 08 AR AR 76 T5 Ko
AN LR R R I B R a8, M N R Re R RIS, IR i
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MRIEL N TR BRI CE oy bR AR 2 (1) 56 4 I AR L B o 51 AR
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Wl o SRR 22 N T BRI B AR N T IS AR 0 o, B et T AT ARV T
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FE 4 RAZ AU O 28 78 A0 AT SI2 b B F A AR =R B il R . B R R 2 S 1O
(Deep Learning, DL) J7 A HIS,  BEURAIARA 15 S 3k BUE FE 1EAE ART P R
AHEEARR T B4, TR AL 7 BRI i BR 5T 5 B ) 2]
RIS T E s EE 2 AU R 2k 2, & IR WEEE AR
HIBE LA e . TAETH NS FTSUR T, A — A 2R S Tk A5V E )
A58, AT AR

AT NAS I 2 T SREATLAR 0 B — A S B ] gt L AIOSIOINTT - v — e 4 A\ A 0 P 2
FH oS AR 37 o B AR A BRI I o A7 NG T 3R A2 T BT T N 1 AR AT A3 )
Wi R A EATN, RO ST, E AT AN B AR AL bR B B AR
N NHUAZ B30 v g 32 B A RSB 735 DR e R R B Nt e IR AR 2 vh B
HAWE M B AAES 2 — A7 AR 2 AT NERERISL 47 AR L,
AT R TR0 By iR 2 USE [) RE  BEt, TRDES E PE AT AR VS R T 2 B
HiEEE) T ERHIER] .

1.2.2 IREAY R A Gk

TR EAER e MU R G EAH B RGN RIEANRFEL
U TZ R . B SR BB SRR AR S RGP, A B R G A
HREHLA AN RGP OB

BRI R 5

I R T R TR Y BROR R 2 ARG Sk B AE T A LI P, R TE
B BRAT FRASCEARA X 5 . YA R 5 R B AR, —H%
SRR N AR, EER M AN TR, RSB AR AR
S B BRI RS RGN AR O B B AT AREINENE, T AR R AR 5
M TAER, Bk T A SO AR S S, seilb— Dt i R g
JEFIAE R T

2. RZEH BN S

R4 B KGR EEER, i 1.1 iR, 2015 £ 2017 F58 10 H Wt
TAECZRER N, Horb 2017 B HEHAE T AR THIE 63772 N THAZESGE
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Bk B 248 (Advanced Driver Assistance Systems, ADAS) Flf7 AR R4
(Pedestrian Protection Systems, PPSs) [N F n] AYE— & F2 /b 22 18 H i)
KA, WERANRT-RI P 8. ADAS Fl PPSs 7] LIAT Rt A ER BRAT N,
H AR BLDE R TR, B R AE RS, I H AT DR AN ] 38 G i AR
FRU LT BRI ™ o BEE AR B D . N L REAI TSR 5 1 A
UL KA SR SIS S, XL RGN i K
63,085.98
50,538.08
55,090.18
50,642.28

46,194.38

4174648

201448 ' 20154 ' 20164 ' 20174

B 1.1 ZEEHSE T AH ST

Figure 1.1 Statistics of fatalities in traffic accidents

3. BHEHLAEA

BB BT IERE RO ARTE, ERPLER N SHINLES A Ll N Sk
RS 3 L EH AR AT AR oo e ATTAT AR KA Bt — Be It it iR 5%, (6454205
SRR o XL RENL S N2 LUIRST A%, IR TET 2
PO BE o I I AT NI A ARG, P38 I AT 9 70 i B V8 5 A8 . 58 B 4
FINIE, LSRR 1R SS H .

AT NRLIGEA T 2 R 5, B SO AR s A2 05 S0 B B TR )
REI-A R

>

1.3 EASMARIK
HET, VF 2 321 E bR 2R S WRUBUB S BB ET 547 NS I 4 1) 5 2
FR AN HFRME T %118, @: International Conference on CVPR

(Computer Vision and Pattern Recognition). ICCV (International Conference on
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Computer Vision). ECCV  (European Conference on Computer Vision). ACCV
(Asian Conference on Computer Vision). IJCV (International Journal of Computer
Vision). PAMI (IEEE Transaction on Pattern Analysis and Machine Intelligence )
TITS (IEEE Transactions on Intelligent Transportation Systems). TIP (IEEE
Transaction on Image Processing) 44T NGB A N F N2 —, %Ik
I FE N LRt 1 B 2 RSS2

[ Py 1 B R AU A B A PR T BT SRR B BT R iE Ty
FHLE = T AT R E BRI 5B (Institute fo Deep Learning, IDL) .
WP 2L A RN TR 2 2 R = T AT B AR R K & o Forh IDL
MEBRARE B BT OAAMHANRER, AENEERBMHENS T
2019 FAERKDHTIIRIRIZE , 22250 = FrAig /R s LA B e 22 B s h B 4
XTI o A R

[ 41 I FEA LR 3 AL S . 28K (Google ) 15 (Facebook)+ £ (Apple)
MRS A X SRR SERARF T AR AR A B B B B, AT AR
& BB R AR — BHAAF L RRIRAFE] S Felih A w5 FH = A 7 4
REESRK) L1-L2 K EZSWRECETT IR R E ™, JF BT Al R4
(Pedestrian Detection System, PDS) MIAZ] | H )2 5 R4,

A W AR AT AAS IR € ) AT NI 5325 2 it F AT NS U AN 44T
NBLPEASER 7, B SCIRATRGET XS IZ A 5 T 73 | BEAT 4

1.3.1 BAMIT AN 7%

TR C R KRR T84, FAE 2003 4, Viola 1 Jones £EAT Al
Sttt T VI R EE PO AT AR, Bl VIR B R T AT
ML ARNALRIbRE . VI KNS TR RE R, FN{EH AdaBoost
WAL — T HE 52588 . 2005 4E, Dalal Al Triggs 51\ 7 F A5 ELFEM &
X ) HOG (Histograms of Oriented Gradient) il #5131, %46 2% J5 5k i Ay m] A%
TR (DPMD B E ZA 535 . 2014 4F P. Dollar 25 A\ B3I A4y i@ 38
R4 (Integral Channel Feature, ICF), oK F R A TAT KL A1, SRE6R B ph
SRR T 1) 7 ) B BE AT A R AR AT AR IR B2, M RE B AR T W AT
AR IEE . 2015 2 07, AT N Jy i 25k A #0848 FH A% 40 F T80 vH B RRAE
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OB, - 3 B 25 & Yo S J7 ik . ARG AT NARFIESE IO A AT AR 45 F 70 3 0
e 750 ) B A AR S B0 SR AT v, IXRERR i T AREAE IR 5 ST e
S, PREES SRR IR TE mE R R . 2012 4R, MMEREZRE K
i) Hinton #4% ¢ H 742 Alex fif I 5 A #1429 2% ( Convolutional Neural Networks,
CNN) 7E ImageNet B REHR 4L FRIVHIIE R AL TR =4, Bk
R4 R 5 RIEHTIRFH 26% K E 16%, HITG 7 IRES% I HEBY. %
N AT BR T F L TR AE SRR b (0 A T, R 2 B FAA%
H 3 R AT RIE S 2] o RSCEAT ARTIDT 52 4 28, il R AR 4T L
fE RS 2JFFE. B SO RS BRlE A1 G SAE (Anchor-Free) J7i%. T
T FRAT DO AR 77 32 43 T AT A 2
FGF THRHEAT AR5 AL ST TR BT — M SRR . SCHEE A
B AIA 5505 B . FIARZ U7 AR )5 72 32 BEOCTE R 4R L, BLFE AR
(Templates) Harr®RiE 112577 171 B 77 ER#EP®) (Edge Orientation Histograms
Features, EOH) . £ /5 J5 [f] B 5 FEI4F4ER (Histogram of Oriented Gradients Features,
HOG). Shapelet ##1E J&53 —HALKFAERT (Local Binary Pattern Features, LBP).
F G5 AR ER® (Dominant Orientation Template Features, DOT). JLHIAFAE
(Co-Occurrence Features) PN 7 ZHFAEY) (Covariance Features) 5.
TR % SIRMEAT MR ¥R 2012 4F, Krizhevsky 25 NP4 H I 25 AR
2 M4 (Deep Convolutional Neural Network, DCNN), F HAR$EAE & 1K) 44 74T
fr 4, FRZN AlexNeto DCNN EKHUAAL G IR Pk % (F55 (Large Scale Visual
Recognition Challenge, ILSRVC) [ 73R4T 55 FEUS T Rkt RE . Bl S 4k
AL T IRBE S ST R, (R BARKE I LGN, FBEREZAMES T, A&
2RI SRR S A o AT NS 777 1) 10 B R LR R 1 20 B4 VR FEARFALE IR 7
e 2015 47 Jan S NP A FH R BEAG RR N 25 SR AR EUAT NARAE, 183 T FfE S
T LARHEARRIOCTS (LR . [RINER 2007 1 % 25 R i . S 8ORII ZREE 1Y)
SN . Tiant 24 N ACF il 85037 AR g X 4k, SR 3 F — /MR BE I 45 2
T NEERg SR, REBARAE U SIAT AT S . 2 )5, RE
7o UK T L3RR AR AR FERRAESS &1 07 e AL AH RPN+BF*
(Region Proposal Network and Boosted Forests), ‘& fJf 7% | Fast/Faster R-CNN[43143]
AW HEBEAEAT NS rh A7 5 1R o 2, 4 HE SR ) 8 T P32 SRR AUE PR 40 0 SR AL /N RS

5



BT B IERRHER SR 4T N B bR A I i

TN, R854 20K Boost Forest 238 X R GIFE A . ZhanglO155 22 5d — R %1 F
BOK JR UG K Faster RCNN 2y Adaptive Faster RCNN,  F: 5 ] #1147 A6 AE 5%
o Hrp R BT AREARMA T IR A B AVRE ;. EREAL T RPN
B SHER R AT N i vp 2R X Sy A B s A SRR I B PR
s BJEK SGD KRR S el Adam IR AERS . TAE) 28 FH 1 Caltecht T
AT B EARAS T AL AP RE .

e BT X RESRE BRE& AT AR 73 : PCNU! (Part and Context
Network) A& — MR LR SCMIZ% . EBHE THAN D SC /%, 2 BIRIH T Bk
A VE SRR S BRI IIAT N o fE SRR 52, BARERAE IS SUE B
0] DL A 2 A5 ATVl s 78 BN S0 30, SR T RERSE LI R
G BN SORPEMIE SR . IR ERAEFI IR )2 REAE Al A 1) 75 v oI008 T
INSRFFAERI I, TSI T 7N B AR R 6e .

T FORE BT AR 73 - AR AT AR 7k 2 B T sl o 1 I vk AT
PREAT NG DX I, SR Seils J LA B 5 TR FE A 22 I 2 1 e 700 i 8 i, {9 A
2 W 28 BRI E AR5 IE DX vk iR e, AN Hi ) RPNIS! (Region Proposals
Network). RPN AJ LA sl ot B (I AE, VUK T AR RIEEh & 17k, HE
TX L TR FEEARFAE (1410 14 [X 38 AE R A T4 mUHE (Anchor) BIRIERLL, AT
KR AU s NE I S 4R BT 8E , BT DA — U85 50 AOHE 1 7 VR AR
TLL™! (somatic topological line localization) #&—FhiK{ASRINE B A7 1%, IR
K AT NI I R A Ay 288 43 10, A ) 4 5 R X 2% 2 AT N IR IEE, ¢ 5 )
5 /R RBENLY (Markov Random Field, MRF) 1 4y J Ab T2 35 B SR B 8 44 15
BRI E P, . 55T Faster R-CNN (15 R EE AR M AAES B HE , 5 CSPRY
(Center and Scale Prediction) ] F —™ ] B (R HESE B H AT i 2 18 SURFIE 2
WU, Z 7 VA B R AR Do) % ARG Do 6%, H G0 D 28 S TR A o i A AR
TUATH bR R . CSP ffjfk 7 34T Faster R-CNN AMEZL4T NG vk, Zed
TR RRAT A3 DX 3Pl A HE T 7 o 30K 2 T B8 UAE (I U 7 VR AR 2 A
HRELAF 5T

1.3.2 EFEIT AN 55X
E B E R, AIRZAT NG EMmAT RIS, BT DAEAEIR 22 1383
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)RR T M CROX SR () B, — b ] ER R R A 2 R AR B T, RN
T VPR, B0 — P A — AN B 43 SR AR AT AL B . Xy
BERCRAG, THEER. HAM PR S50 HRIEAT N 7 O R R 43, A
T R IE AR AL B, Rl 22 SHERIRREAE 55 R R & 5 IR REAE JEAT 050, 3
PO IR 2 N BB . oy HUBE R (B R AN RE 7 v B — AR 1 L, VA E
7% BB PR M I 4G . B Sy, R UL SR A . 54y
PAERUAN G (¥ 72, VE R IHLET AT CASE IR 32 I RFE DAL, A 75 2R F 2 R,
PIEAE T BTy Bial . DR S A A GRix 2 05 7

43 KBS R HIAT AN 3% Franken-classifiers® W12k T ¥4 22 45 72 MER4 4 5
for 2%, TEBERSAT AR B T PERERIEE T . PDOE+RPNEXE i [Fl i [a] I3
AT N4 5 6 B ANAT N AT I 7367 B 5K 56 BT NS U AR RS FE BE (KAl 11, Btz
HMIETERT T IEGIREAS R HUAE I, R AR5 XA BR i A A 1) o 28 TR R bR T
F T W, DX g 1 2 25 10 R[] B il 2 K T 15 IR

S BER AT AR 7. OR-CNNE?! (Occlusion-aware R-CNN) & —Fifri
YR R-CNN,  A] F SRR AT AR el f . 205 2:80h T — ARk
B4 (Aggregation Loss, AggLloss), 5HIH HARGEGE XA B AL, H HEEM
SELLBIA R B bR o BRUEZ AN, ARIE AN HR, TN N S AN, &
ANFRAY G — AR AT B . I A DX S Y, R A 3 B T B OZ R 1
i, S &A% F BT A B Rl B REAEAE D9 AR RRAIE

B AHLHE BAT AR . SDS-RCNNB (Simultaneous Detection and
Segmentation R-CNND R 43BN M4, TG I EBHE X FIAAT AR T 5% . 18
RN L FEEE R, E51 % 1R RHFERIS . SSA-CNNP2I(Semantic
Self-Attention CNN) fE SDS-RCNN F&fifi b, Bl LB B Y RBZ 2, &
Ja ¥ 2 ROBE J2 A8 SO R D045 B 45 G 3136 B 22 ) 2% v DL S AT R Tl
Faster-RCNN+ATTP®) (FasterRCNN+Attention) Al = Fhit: 7 S ML R w47 A
R4 b B, P R A M4 AT LR R R R 4%,
J& T R I 2% A AR AN BR RT DL X s HE 4E S AT N AR S B RS S . GDFLPT!
(Graininess-aware Deep Feature Learning) #& — FhJUkL 5 BRI FERFAE 24 2] T3,
TR ARLEE 115 RN ERURFIE T, 15 I 280 547 N B A o BRI
AR —FAT NEE AU, TR A X3S, b STt
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FCAd 5 AR LG T3 ARSI, A7 ARSI i) R i s B A H AR 3
FER RAB HH (Non-Maximum Suppression, NMS ) &l 5378 I 1) J5 Ab#D 3R
HHET EHETUARMES RS HIRNE R . Adaptive-NMSPHIEHE i H Tk
ARAR AR A0 ] B (L SR ) L, AR — A N 22 2 AR 0y, FRRIEAT
NEE, ShAHIH%E NMS [ BI{E . Repulsion LossP I 7 — AN (1A U AE =119
PRI BRI, T AN % R H ARG 0 25 SRR A oz EARIR 51, I ELAT R B A
HbrHHEF

X EE TR R HIAHES]) AT NS A £ AT A A I 77 16) PR BT, SR T IX 877
R T —ANEE RHESEEOE, e RS . B ERAT N B ARIEAT H G
I, AT X A7 NG 3271 I 2% T 0 A0 S 2 A A5 5P s

1.3.3 fF1EHBIRR

--------------- Occlusion Ratio============>»

MEREN) (WHENE (REMEN
T

[ ] [ ] [ ]
I

1.2 CityPersons H#EE F AT AL

uonnjosNY

=== = - - - - - - —-

Figure 1.2 Pedestrian samples in the CityPersons dataset

AR SCE B A A2 TR AT AR i) R, BIVPE 25 5 S AN AR
B, far AT N B EA R B AR A B A . TEILSE s rh, AT AR TR 2
IR, LB AT 5. SR . MRS ARSI AE. Bt
b, FEAT AR R 3 5k, Bl anaiam s 4 R F Zh 2 3 5, AT NG SRR
FE—RIF BAHEERYS, Bk R MRS Y ARy . il 1.2 s, A1
7~ T RHE  CityPersonst VAR 5 (1 AN [R]85 0 FAS R 43 22 1) — L8547 AFEAR
TEAFHARLE CityPersons WIIIEEAH, SIL 3157 MTAREAR, H 48.8%
(AT NAFAEAH LAY ) fRO%, T ] A5 AT AR SR 7 B KRB IR . T8
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RS AR FE R AT NS 2 AT NS ) — A

1.4 AXHMRATSFERm#E

4 | g

ETERHEER T G EFHIRUESIEETAGN | BTSN HHERAHT A

| ] § i 2 4 2

B 1.3 A TXAE

Figure 1.3 Research content of this article

AR FTAFME 1.3 Fras, W87 AR, A E T2t
AT NFFAEI 5 A0 Bt AR VC I S AR = AN 7, 20 ) ke 1 344 T A\ AGr I b A7 A 1Y
ITNZ R BT NS, RS R R ONE VL FO A7 AE 22 57 55 ) el . FRATTHR
HIFOIRIG A WA 28 S B T FHRRAE  RRAEAR R (IR R R E RS HEAT H ARk IX
AP IR R ) ANEE T 22 75 ) 5 21 BBl ROHE = S IR, B AE SR T BHER R A H
PRRFIE RN BE T, R I SRR T N B4 47 A o T 98 A A AL 2 BAS JLAN 7 T

(1) 2 —FRE 222 ET ML, FRNIIRTEIA LS (CircleNet) o 1% W 2% 18
W RRHIE & TR N S50, BEIN— S IR ZZNRZ @R, ¥k )= 2R )= 1
AR 2 13 2 B 19 2 s A 5 A RROAVIR 54, 38 B St =2 7T LR B FRIR
TEIAPILE o 1% 0 2830 AT R U R G T, SR BUCEAT AR MERAT NRHIE, 4R
FEPRFF = 70 P i[RI B B 9 015 S5 8 . AAELSGES AN/ H AR i, 43
A7 B2 RHEAT TR0 o« JRATTHR H BOPIRAE 24 I 258 R AE B0 A o B AT A
BEAT 2 R o [RIE 25547 NS0 43 i DI 25K mE R PRRIE IR N 2% 01038 71453 1
BE—B KA, AE— AT N ST N ARSI 7RI i AR 1

(2) FRH— A RS AT AN A I AR IN SR TT V%, PR RHIERSHE (Feature
Calibration, FC) i, & JadAIig AT NBOEA ML S, AR IR BB R Rr
TERRANIEIE 2= 2 1947 N R ERFE, LLanfss . RIS . BHREIrE s
i BRI 24T A0S B AR5 8 FZ B0 B s BB ZOn R AIE, TR R
RFEARSHE o 1R 3R IR AEAAE FT LU SR AT AN AT WS4 RRAE, I HAMHIoR H 2
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P2 X AR ) I 0 o X AR ORI A AT ARG N ) PR SR B o AE SR H AR R
FAVE A B ARG, 2R & H G B SUE R, AT 1 54T
NEFLAEAE R o FRATHITT IR AT LG S AR B4 15 0N 5 B S5 R ik, A AN
AR AN T AT LS HE AT AT A

(3) $T HIRF AL 3% 3 - H0 A (0 RF A 4G 5 S0VE . AR 2 B R AE 2 2] (Multiple
Anchor Learning, MAL) . %5352k + 2 /- )27 51 Tk 5 N ri B 5% T SRS, K
FAERUIZR S EONaEs, I HEEE RS A& RS S U R 545
PRI RONE 52 2] S0, B A I e B 7 2 i IR 2% 8 ) RE AT VA 22 8] (R 22 IR L
HRT e BUE R BIAOY IEBIINGRAE A, F BAEUIZRIERE o IE SOe A i) 70 i A gR
BAAA A SR T A BT BT 22 AN A8 OHELE I R B DR B I %
e AR, BT T SR BOE A A FEAS - BATTHR M R o AR RS L 1 ke A
ROV ESIE, SIS RBEORRST, FFHSREZ 705 5 7 3 AT K g .
Rtz Ab, BATHE A B A R H0 -G 5 7 XU ZRsRms, el Lg%k
FERAEACAL B ROHE IR B3N 21 JR) A B 0 A 1 DL o

1.5 ARICHILARLEH

B, @ik EEWRAT NGRS SR, B4 T EN
HMT NI RIRIE FEILAR, VA9 1 AT NI i £ 2 Tk, e T ILRE
SRERSAT NS AR TT 58, b 1 24T AL OME AU R, B 1 A S
FT I H A AR, S T ARSI DTk

B, MRIAESEOR. BAend V@M st s, SR BH Ax
A 2% A LB B E A I & o VEARAT 41 T 5 A SCH S AU BE A Al 2 1 321
W 255 i 3 DX IR H R 4% RO R X St A S & SR el T — FRPEAT A A
JHEMESSAT NS AR S TT % o a4 1 LA R 2 AT N A St S A AT
NI S P AR R o

B, SRR SR AT NI . B, AN T AR AR & T
PEMZANEATI SR I 2%, SR IRTEIAM LS o SRJ5, FHREPOIRIEIR R 45 () 45 F A
112 A RFAEE N BE FJREAT 704 o 25 3 AT N I 2R SR AAT A 77 X35
RN T 5. BJa#AT SERIAE . SHORFANR IS5 R AT LA .

FVUE, EETRIERHE SRR M AT NI . FATER L TR IEAHE N 25 24 5
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NP IR, 8 TAT NBAE ARG I G T NS B AR
13T EHRGU0 BGR R R IR HE RN FE T H ARG i DXCIRFAE AR TR o 3 J 5
I RLREAT T S5 70 A AL .

B, FETRAELIE R - B 0m AL B AR . E oG, BRATRH 124
RHESE IR, ARJE IRl T RetinaNet WAl S HER 2 2 77 e LR T 248 A
HESA SRR BR AR “ -4 -1 0 7 X HTUAL I SRR . 5 Jm A28 F I AAsill
Hade Bt AT 1 SRIRIE, JFH BT 178 AN E 70 XA 25 HE K52

FONE, BAS SR A T AU AL, IR AROR I TAR#EAT 7R,
EARVY 1 T3t — 25 B AT AL P 88 A 1 AT A P S PR R AT A
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$28 HEXITESHER

I+ U R A B, AT M ISRERR B TR R R . Rl R AR TR 5 5
BRI 5, — 247 NI EALE R 7 TV 7 A3 8 7 9Ib M A K 2.1
FATFIH T 2012 £ LR EFAAT NI T35, HAH @i 4R R s LA
TN RS . AT S, BATE SN TR B st s, SR B H
AN 5 AT EL B B H AR AN 95 o VEAS 21 -5 AR SO S B 00T B H AsAs il 28 1) 2T
W% (Backbone). {5k [X I HY /] 22 AR 0 X It AL S5 2. RS A4l 1 —
AT NS BT FE 7 AR AT NI ST a1 LS T2 /94T
NS I K B ANAT NAI S PP FE AR

KITTI LDCE SRR CrowdHuman
P SD5-RCNT L CSP
Rendtl S CompACT ) e
T ran en+c Assuler Deep|Parts RPN+BF Adaptived FasterRCNN GQIFL SSAIXCNN
[ ]
) w t ) Ao a W& S
Caltech i L X k E k ]
Crosstalk TLL
. ACF Deep Parts Multiresolution PCN Adaptive NMS

ADDM CityPersons RepLoss

B 2.1 IEEEAT ARG EL R

Figure 2.1 Overview of recent major pedestrian detection methods

2.1 @A BN E

i H A I 2 AT DA 32 5 Sy XU B B A A U 25 A0 BB B B AR A 8 S
XUR B B Al 28 14 e ey, E B B AR 5 DX 2 S AL AT L TR, HETOK
AKX AN T7 1] & 3 TAE T A 41

2.1.1 WP ez B ARG 75 0%

Faster R-CNNFSLZ XU B H b il &5 1) & 88 TAE. &2 7E Fast R-CNNM!
(Fast Region-based Convolutional Neural Networks) &t & JE ki), @it
i e X 4 FE B kA 2% (Region Proposal Network, RPN B4 T Rk () B i 18 [X
AR %, bl Selective Searchl®9, EdgeBoxes®Al MCG®24 , Selective Search
HEFER K, 72 CPU LI 0.5 Wi B AT fr, I H B ABERENF Fast
R-CNN 25, Rl EEMHESTC IS i B3 (111247 . Faster R-CNN ) [ 25 £ # 41
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K 2.2 frone BT ML RIGXIEIRIUN S BRI IMILE . SRR .
GrRT AT PR o AT TR 3K B ) SR BB AR G0 T HEAT A48

__________

, 253714;_?—,» gz b A |

___________ I
__________ ) parm ol x|
D bl xrmn bl wem [l mvmmmswe of s Pl 2see {

__________

)37 R —)[ Efffrf\ii]

& 2.2 Faster R-CNN 2 E

Figure 2.2 The framework of Faster R-CNN

2.1.1.1 ETFMILE

VGGNetB: Faster R-CNN [ 55— MR H—MR)Z & B MEERNE
TM4%, Bl VGG16. VGGNet ¥4 7F ILSVRC2014 | 3R1F5E N L3RR — G A1 5y
KHIE 4. BIEE BI—ALEH VGGL9, BT VGG16 L5 N, S5
AN, B LA T A o e RUG K VGGL6 [ 4 E AR G — M L2,
FUAEH] Convl-Convs 1N E+HM%%, FTH T ERIFHMEIRI. VGG16 H 13 1
BRUZ. 5 ML EA . VGG16 MM 4k nm FinK 2.3 Fior, EHkEA
FH RIRRAE > e G AUE 8 SCh— 4, — 38 5 4. BRI ZE FIRHIE S 2] 2 2
gUE R, EINGTREERZ LS R TIREFMIIZR, FrLAE Faster R-CNN
R RE R, FEALEE Convi-Conv2 IS, A#HATHLE, Rilgh)a ¥

i

ok

128128

&l 2.3 VGG16 MK EHrEE

Figure 2.3 Illustration of VGG16 architecture
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GoogLeNetl®3l. ‘& J& 2014 4F Christian Szegedy & H i — i 457 VAR E % =)
ik, FF HAE ILSVRC2014 73 JLEFEHH3R1G 2 — 44 . GoogLeNet 1 i A% i Bk
& Inception AR, Ul 2.4 FioR . BEAN 2500t 42 B 24> Inception AR R AL B .
Inception A5k i) 3= E T B AL [F) — Z A8 A R RIE R S MR B 2 5
AR S, FIR L x TS IREAT THRELE, XD TS SHE, 15
RAETHA .

Filter
concatenation

_—7

3x3 convolutions 5x5 convolutions 1x1 convolutions

1x1 convolutions [) [} [}

Qtons 1x1 convolutions 3x3 max pooling

Previous layer

& 2.4 Inception FEHRI63]

Figure 2.4 Inception module

ResNet%: %16 30124 1k Ca A it 5 /751 &, 2 A CNN
A 2 —, [FINESRAG 7 vk E LA A R ) <2 (Computer Vision and
Pattern Recognition, CVPR) 2016 )£ . 7E ResNet it CH, 1EFHINA
W 255 () g — R AN L1257 ) BEANRPE 25 8] AR 3, 7 BN T — R R ZE AT IR 1
BIRT, SXREAR AT A RO 2550 R 2 i i 25 185) 5@ i ResNet @ BURAFME B A
BRIZALRE ), 76 ILSVRC2015 Kl FlE 7 Eb F8H, ZM 43RG T % . % 5E
B R 2% R 1, FRATHE J5 1 78 5 2 2 L ResNet50 1F AL i 32+ )
%,

identity

& 2.5 FRzEap(6d]

Figure 2.5 Residual learning
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2.1.1.2 fRi%E X B PILE

i 1 [X ek R B % (Region Proposal Network, RPN) 7] L4532 4T & R ~F i B
BAEHIN . Bt — AT B bk X, JF HoPlsE—AN X80 H bR i) fE
P BERT LB AR R — SRR S B Y, JF Hoe rf 2 =02, AR X
7y AR AT SR 5o N T AR E bRk X, R )a 3= G AR Z f th 5
FARMIE B BB B) — AN 2% o XA T 2O B ARRFE B noxon 28 (8] &
FHEAAN . BENIE BN & AL 31— MRUR4E R HFIE (VGG Jy 512 48) , 1
JEFE ReLU WOE R # o IXAMRFIERIE N A>T W28, 73352 73 381 48 40 [e] )5 1
W2k, IR n =3, XAMRHMEARGEE B2 LECR, B VGG
N, B 228 MEFR . HT/NTFME LIS E N1 igqT, Bk 4z
ERAE A A E 3 AT LUR KRR nx n BPERZEFHA
F 1x1 HBRZ ORHATREIAMSE) 2B, MKLEMUE 2.6 B,

l 2k scores | | 4k coordinates ‘ <mm  /anchor boxes

cls layer \ ’ reg layer .

| 256-d |

intermediate layer

t

sliding window

conv feature map

Bl 2.6 fEi% X IR B oY 25145

Figure 2.6 Region Proposal Network

i HE CAnchor) « FEEEME SN & HALE, 12 A F0 22 A H Ak X 3,
BT B A B K AT RE A0 DX SR R 7R Dok BRI [0 U J2 06 R4 A
Bt 4 ANAEbeWEZ R, P ASEE 4k, T2 JEE W e AT SR AT SR,
I 2008 I IR L I BT A THEEAMB X skt H AR B S ARER
R T4 RHE (Anchor) X kAN H AR L XI(HEAT T 28tk B AR T
MBS & D E e, JFSHAIAKSEEHESS, wmiE 2.7, BRAELT, ] 3
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ANEEBIAN 3 ANGEEL, ERE MRS B Ak = 9 RHE. X T RN W x H
GHE¥EZIN 24000 FIERRFIEE], ST WHRAS 8RR HAR S e 10 28 plid
FRUNE 2.6 Fros .

~
i

I E R
B 2.7 8RR SRR B

Figure 2.7 Anchor sliding process

7E RPN Ik, E#E JydE— M RE B — > AEARSS . Al R HE 2
SPEEFNEHIFRZS: (LA H FRFREHE (ground-truth ) 45 2 5% K 1928 I E Cintersection
Over Union, loU) M4 sHE: (2 FUERTHFRFREREA KT 0.7 1 loU 14 5
HE . — NS H bR T BEVLAC 2 A IR 8 fhE o s, 28 AN % A2 DA & 1481
FEAS o ATHRR A S — A S R TR R AE AP B LT, 88 ANk AT BESR AN S IE
BIREAS . a0 S A5 ASHE S B A FRIEAERY loU EIMIET 0.3, PR AAE A S
FEA . FEPIAN L2 [ i R e A2 5t R, RIVE 20 14 SHE . 4
Kl 2.7 v, R (U TEHE D) T DU LA TE 451 R A

2.1.13 BMBXtLE

LR X AL 2 (Rol Pooling Layer) & —MFAERFEE, E A E
FRFE RN — 20 B AR X3 (Proposal) , "X ARE B Ak X 35k 47 B M B A 1
RROE_EREAT KA, B 5E B A RO X IBRFE R o H 2 W B B AR R 22
XN BRI RS ER . BRME W2 T AT 5 R, B4 R~
MR . i N BRI RS AN R BRI, 75 208 1 3 BY B 4 I S RO AT A8
e, (HRXEERAE G A HARHY LT R AN R ERR, SOR AR R HOAG E
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T S MRS ARG SR AT N H ARAS I 75

JEGBR DX St AL SR AT RS AR ORI N, 7 A R BE PR AR () B, 3 1 v
B T ZE RN BRI RS ER, AR fg v 7iX — 8. s 2.8 feoR 1B
R X it A JZ A A AR AR AR, Rk B8 T B s i e A 1) RF ik
BE, SRJE X2 XA T RACREE, XA 174 < 480K . AEEAS RIS
IR & G BURHIEE oK I EL/E v e, fJefth TN 16 (4 x 4) [10%F
ML, R AR A TR B AR IRFIE

% HHRHE

HIEE
] 2.8 RSB X AL B

Figure 2.8 Rol pooling operation

2.1.2 BB ER BFREINI T %

BRI BRI 2% DRR FH e A9 AT B PRI 4 45 440, BT LA B XU B ARG T 38 5 540 75
PRSI T, ER AN R B 00U BOAS I 28 A MDA P52 o SR B E AAS I 8% 1) 28 g
fRFH SSDIL, YOLOE 1 RetinaNet(®8l, FA'14% T k2 /- 44 %] SSD 1 RetinaNet

H— LB

2.1.2.1 SSD
SSDI®! (Single Shot MultiBox Detector) & FLRf B H Ao il 28 1 28 8 T4,

AT RA K B AR RIS o B ANRFAL SO R — 2 OHE, SSD R A
A AERDE T ALE WA I HAm i T 2R A5 0. BRILZ SN, SSD LG 1A
RFALJZ 22 B O TII 25 2R, 3T AARER AR 0 22 RUBE Tl Lo " 10 190 2% 8 g A L i o
SEATHR 1 AgE XA BT BRI AL HRAE BT B K T A TSR — > B — (1
P25

f£2.1.1.2 TP 328 RPN W] LUE 12— Rl fil 5L 00 BB B s, 2 i T
RPN ] 7 5 R FORFAEREAT TN, T ABCH ARG il vk 2 ROBESE 1R L. SSD ]
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T2 REEFESATRI, FARSS M E s 2.9 Pos. HZRHERA Sk 4 )
RO, PR BT B AR E AL AN B AR BRI R S AR AT B K 1 J 2 B A
SAE R, AT RARR 2 S B v P AN 5 B K H AR BRI o b R AR R R AL A 2R
AT RHE T8, 3 A RAR T AT BB S N 7RG R &
524, SSD BUA M convb_3 HURFAL, 112 FH B fRIRFAIE conva_3 AN I 4%
%A (Dilated Convolution) ©) conv7 ¥ AEHEAT R .

Extra Feature Layers
VGG-16 A

f
Classifier : Conv: 3x3x(4x(Classes+4))

Classifier : Conv: 3x3x(6x(Classes+4))

74.3mAP
59FPS

Conv: 3x3x(4x(Classes+4)) (%}

Deteclions:8732 per Class |
| Non-Maximum Suppression |

5
Conv 3x3x1024 Conv 1x1x1024 Conv: 1x1x256  Conv: 1x1x128  Conwv: 1x1x128 Conv: 1x1x128
Conv: 3x3x512-s2 Conv: 3x3x256-s2 Conv: 3x3x256-s1 Conv: 3x3x256-51

& 2.9 SSD P4 Z R [ 1661
Figure 2.9 Illustration of SSD architecture

2.1.2.2 RetinaNet
RetinaNet[®81& Hp BUS I 25 A0 A5 HARER, B B AR I 2 BE AN AR PR A A

TP, E& R ) Focal Loss S AR PAE A5 AT 140 e) T, 12245 2% bR B P
KT T AEAR )22 SRR, BET ML MEREA R )IZR, LABH LA 28 52 21 K &
a7 B 1 R I REAS I B2 . Focal Loss & X UIA T 2.1 fffs:

FL(py) = —o(1 — py)¥log(py) (2.
Hrhp € [0, 0N MBS TR . A T, & Xp A= 2.2,

Pe = {179_ p ol{h);rj/ilse 22
RetinaNet /X £ 45 #4 7F ResNet 25 1) A1 FRFAIE 4 5 55 I 25 101 (Featrue Pyramid
Network, FPN) {EAET ML, Ll NFEER. ZRENGRESE 7. &
TE 4B -3 P 2% Je o e e A 1 I 2%, Horh — A i 2 T kAT AN OHE 2028,
AT A AR AT AL E . 2R 2.10 Hr, ATARAL 1B 48 4
f4. RetinaNet #1158 51, 454 Focal Loss J& YH R 1 5 XU B I 45 RS 1 22 5
[FJ I 3 AT SR
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class+box
subne

class+box
subnets

subnet
WxH WixH
4
class+box /
subnets \
WxH 1 ..o || WxH
box x256 | x4 || x256
\ subnet

(a) ResNet (b) feature pyramid net (c) class subnet (top) (d) box subnet (bottom)

& 2.10 RetinaNet P& 45 H7~ 2 [&] 1681

Figure 2.10 Illustration of RetinaNet architecture

22 ITAKMAENR

AT AN 2 I PR B A 0 A7 N BAR AL &, RV AT N B AR FR
THENUL AT 55 o AT NI — MR 4 D08 R RRAE B A, 3 X S p Y,
X 3 AHFAE 772 (Object Proposal) FAGIN & LA . F3H, (it X$EE 77k
T T A RS AR AR AL &, R ) IZ (MR T3 3 P74 (Sliding
Windows) FffiFH ACF il 350330 A (gt X dek o il 5 VR P2 27 ST H R Iyt — P T
T TG DX IR ) 72 g 1) IR B 2 2] (R 7 B

R AREL R4 I A 5 5 B RS
2.11 T ARNRESEE

T

Figure 2.11 The framework of pedestrian detection

SO, RATAL T Faster R-CNN I ZRHEZE, A Hod S AT A I il 5
FAMEH ResNet50 F#e 7 VGG16 1EJyAT Nl )3+ M%% . ResNet50 b
VGG16 HHE DS HE, BATEREZER. M ResNetl01 ML, ResNet50
AEGERIRZE, BaEaT NIRRT BRbz 4h, At fsathe s (O
BAL T ARE R, BHEARREMIT AN (2) ZIEIIZRH 5L
WEAFEA, WRATIIAN BB NFREREFIFERA . HiXEHARILE E
FEAR, BEAFAEIEGIFEA WA TMURBIFEA; (3 A EREERAERRA,
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RIHGIREE:  (4) BUHERG —ZiLE, DUERS 5o SRR EAET A B
PR REEAmNTE LT, VR RA Em R

2.3 BT AN EAR

Occlusion-aware RCNNP3 (OR-CNND & —FjifE 4 /& A1 R-CNN, 1X/2&—Ff
FAR P AT ARSI 0] J ) 7V . iR T — R AR R (Aggregation
Loss, Aggloss) , 5HiE H bk X3 B AT, J H % 1 e AL 2 AH N H A5
BRULZAh, MRIE ARSI AR, ERRARD 5 AR, SRS 2 AFREL 5 AN EE )
HIRFAE, o (8 T T A B 20 Rl & R VR Dy HARRFAE . EARYE N AR G544 1) S 56
AT DASRASEEA IR SR AR, P4 & 2 R R MO BR A, 5 5 4 i 6 R AIE
BEAT SR SN EIH o AT Bt X MOInA 7 AR H B, A SR — b b P
FROTRIEAT IOAL,  Z B S & — N2l sigmoid PRES B, BWRE1ZAT
NI POESS IR, il 2.12 FioR. WS XIS, R AT e b
WZ IR IRFAE o R A0 BE L T — A 40 R IR, ] US98 B 45 1l
%.

ROI Pooling
ROI Pooling Occlusion o
process unit oo
; Occlusion
ROI Pooling process unit 25
Eltw sum p=—
- %
ROI Pooling Occlusion |~
process unit
.<<'D-
v o
ROI Pooling Occlusion
process unit
i osF
RO Pooling Ocalusion Ak
process unit
A& 2.12 OR-CNN 17 ARHAEHREL 53

Figure 2.12 Part Occlusion-aware Rol pooling unit

B R EE RS 4T N, Zhang®82 Y Faster-RCNN+ATT [)753%, LLRIHE
BN 2 ) B RN RIE « 7626 FR W 2% H % B i 5 7] _E (channel-wise)
(R 75 )R 2% STHE RS AT N ARE, FasterRCNN+ATT AR AE E i & 2.13 s o

21



T S MRS ARG SR AT N H ARAS I 75

VGG16

Input image : % Classification
g net
Channel-wise
reweighted
conv features

& 2.13 FasterRCNN+ATT 47 AAG M 28 7 72 & 1561

Figure 2.13 Flowchart of attention guided FasterRCNN pedestrian detector

___________________ -

- - N
[ Self attention net Y I'f Part attention net \
: global : : |
poolin FC § FC conv FC | FC !
I |
| 'ﬂ %C'? =N, =) |
I I
1 Conv features I : :
I |
I I : Part :
N Qnheatmaps g,
(a) Self attention net (b) Part attention net
/ “Visible-box attention net g Y
! conv FC FC | —> loss(occl) :
i ‘ =) =4 [=3 tF—Ci> LF_c> i
] [ = ' ]
: Conv features occlusion conv :
. pattern 1
] ]
l\ Q l'

(c) Visible-box attention net

B 2.14 =FAN A B9 AP 451561
Figure 2.14 Three different attention nets use different attention guidances

2.14 iR TARE S I =FER NS R MR . B EER
IR . A R T AT A] IAEE R I 4%, JE PR RS 1 34 R L X
BAEE B A EE . B 214 () ABEERTIMNG, MR SCR
FRIRFAE IS HE I 28 5 AR 9%, (E1% B R T IR T s A 1 RF R AT A2 1) 2%
Fo MNP FIRFAERAER 25, 2 —Fp iR BT . & 2.14 (b) e
PHER /1M %5 (Part Attention Net) fEH] 747 AR B E . RIFEVIZRIN 7 2240
SN NAR R BE s s 5., I HEARIN 28 51z M 28 52 20 B Bolll 25, RIS RERR &1 25
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K 2.14 (o) Fpyn] WARTE R AR TAT AT AR B, XA Mg gty s
ZANGREMEERLE, BT Mg S8 HME2RIREa, fad
Je i AR R A A 1 2 S, BRI R T e BR — M EEEE

24 ITARMBIRSE

A7 NASI 17 850 L 22 45 2 ATTAF 9 T3 20 4. %07 R V2 KI5 4,
Hrh ER AT A A YE 44 Caltech. CityPersons. KITTI A1 CrowdHuman.

(1) #¥4E: Caltech

Caltecht2VH{4f 42 0,75 10 AN/ (R A, B 240 b 1R B B S35k TR 4R
XN R IR B R R L R B R AR ) 47 AREAS . L rp A set00 |
set05 HRAFE Y 42782 TEEMGH T ISR, M set06 F| setl0 &4 RFEM 4024
i P45 FH T

(2) #HfEse: CityPersons

CityPersonlel5 s 4 /& i ST 7EE L I B4 Cityscapest™ (1. 1Z% i 4E
A EER 18 MR =AM RB ISR RGN . S35 5000 fFEG, H
1 2975 MRS T8, 500 MEEHEH T-5AE, RN 1525 g EEH Tl &
FYIRmE R EG, BA2014 x 20480 8% . XA EHREA S H Z 1
e, [T BT 2 7 B R AT AR

(3) Hdltk: KITTI

KITTI 4 4 e 7481 1B I ZR K& A 7518 TR IR G 4L, B KL% 8 Ji
ANAZE AT ANIIAT NIARE . KITTAEH =4 PASCAL XU IR Br Al ~F- 3
FEWHE (MAP) « B, FPEERIRIE . PRI ORI AT A = Y 2 0 s A
THHLXI S o

(4) #HE%E: CrowdHuman

CrowdHumant"& — A LLEOH I A AR 4R 42, B Shao {1 150 />4
FA1E Google B % 51 B h T RGBT/ . ZEARIUESIN A EE T4
Bk 40 ZAAFEIT, S I SAERES), FlanR e RITAAT . 125
AR A Z ML, BB ARUK A%, N T PEEdE, S0y
B ) B K HTUR 500 M R . i 8 4R S 3L 5 2 2.5 JifREIME, Hirh 15000 i &
BNNZREE, 4370 MR R NI UIESE, 5000 i EHE AL .
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AL EAE H & $L[1) Caltech 17 NSRS FH B¢ 7Z 1) CityPersons (4 4E .

2.5 T AR MEREITN

AR —AHE (BBt F1—MRiEHE (BBgt) [ 52 AR A2 — € BU1H
ML EAT SN RHEER ILAC AT AT 2% 7 PASCALY APl b3k
H B T AT 50%, NI X AMa IAHEVL BC 21 1 FRiEAE -

area(BBqtNBByt)
area(BB4tUBBg;)

a, = > 0.5 (2.1

Britbz 4h, T B BBdt Al BBgt i % HAEILHL— k. lid—/
ARBERBATUCED, PART 1L BT S . B2, B RG I 4h AR B 15 P ot
TR AR, B R BT T AOAS I 25 SR UL T s G 2R — MRS IUAE UL RS 2 1 FRidAl,
W BA B R E S AR LA 2 IR o D BRSNS, XA ACEE R AR
AR, BlanamEt a5, AR IXANFVELE SERR A2 B T BV REN . A ILIT
FI| ) BBdt S AE 1R IE 4 (False Positives, FP) , 45 ULHC 3] BBgt +2& 1 [ 45 (False
Negatives, FN) .

R 21 HREFBRERERE

Table 2.1 Classification result confusion matrix.

FRIE AL Mg R
T A5
EHI TP (HEIEFD FN (D
R#1 FP (fIEH]D TN (E&HD

A FE R R AL A TR 2K (False Positives Per Images, FPPI)
&5 it ok LA [R) AT AASI 73k B 1 B » IX Sedibront T — LR 48 Bh R G0 AN
H 2 S BAEAR55 R G R, DRI H X ST 55 2 SR 45 8 F i 8 v i 22 1 B IR,
I HESRPFIFRHE ST N ETC R . 1 OB E RIS DL, T4 A X #er24)
FER# (Log-average Miss Rate, MR2) SRR & M RE, & 70X H s [a)
102 3| 1005 N 9 A FPPI 19 V3418, fai#kA MR.

FEVFIN I TAR S B AR wr I, B 5 45 g J LA 7 R AIRRISIIOT 45 il oy
All. Reasonable. Partial. Heavy. None. X%l 4: 5 {58 W 52 E AN ] 43 %
BN FERFEEE L PERE . Caltech BB IR E SR 2.2 Fiox, 1M
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CityPersons ZHH4E Ik 1 LUk 2.3 FlTzR . 5 By = 2041 Partial 24 1
& LN

% 2.2 Caltech HRE TR
Table 2.2 Caltech dataset subset division.
T QRS
All [20%, +oo]
Reasonable [65%, +oo]
Partial [65%, 100%]
Heavy [20%, 65%]
None [+00, +0]

# 2.3 CityPersons HIFETER 2

Table 2.3 CityPersons dataset subset division.

TR CIPES
All [20%, +oo]
Reasonable [65%, +o0]
Partial [65%, 90%]
Heavy [20%, 65%]
None [+00, +0o0]

2.6 RENG
REFEHH R 1A H AR IS . AT KIS AR 4T ARSI 4%

AEAET M B BRI RS, B XU BRI 28 A1 B BRI 2% o XU B AR
ML Faster R-CNN, FLBY B A IAR A SSD 1 RetinaNet. ik 1 JLFP&
B R IBERS AT NG ) R R A T LR B E .
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O3 T RIMEAEIE SR AT AR

E3FE ETRMFFMEERAT AR

N T FERSBERS BN B bR RBEAT NRFIE SRR B, A SCHR Y 7 — b H 3 R ARFAE
BEGR IR E 2%, FRZNIIRIEIA ML o Ay T B8 G b R S FRCIR G 3A R9 285 (1 £ 35
WANGEEAT N o R, AT NI B T 1 — P 4T . FRRTEERIN
2% HAARHIEERCRE /7, PR AT N BB RS AR BRI RS, B Bl A vt B 1) 3 B ARR
fiE o AT N 73 B SRS A 5 e v 1 IR AT NRPAE AN RS 4 4T N ARRAE 2 [A) 22 57 1) ) AL
AP R AE T IORTEAN B IR 11, B 3.1 JBaR THRFIE & 75 M 4% (Feature
Pyramid Network, FPN) Z5 4 2R IRIEIF I 45 (CircleNet) 54 17484 . K] 3.1 ()
FERHE S T IE M4, TR RA LR (Rl F3G I T — 5% IR = B2 i g,
12 B8 XS BT PAEME A2 B 3.1 (b) & PANet!’® (Path Aggregation
Network) 48454, E1E FPN AL 8N T —4 BRI _ LRI 552, xfd
R JEAE EAT DL B A I R BIA TR s 3.1 (o) SRS R IR TEIA N
%, B UMM AR EAE BTN A5, BRI S IR R AR KR
fiE, I BARBERZ AR Z R BAE B A H o SRR ARG P15 I 2% B8 LA RRAE & T
HIRE ST, PTEEXAN R SR BOREAAE R AT B PR RIE R R

3.1 RTBIAN L

X TR HARER S, AT BB ER — IR AR S sk, iR Es
KM EEH L T BRI R E XS ZUbR K, AR T — PR fiE 5 o) HEZE
CircleNet, #IE 3.1 (¢) Frm. ZHELE 3845 =R

(1) EEREHRHIE. CircleNet 18I 807 N FSAE M GRS ZNEESS 194
PRI A0S RICTE IR R AR, ST 2 UG 7 % R T 3OIRTEIA G514
RSCHURAE BOE R, FORE5HH B BTN 092 3O B R 2 SCRI R, EATTA
E 177 BERFE, X EE &M AT NEAR R il ab 22 . T4 B
T2 ) HIE AR ER R -

(2) $RFHESFUR D FE R BARIIRFER RS o 05 NZRE v T BUG RS 2 XI5
{1474, CircleNet B2 AN E _Ei R AT T R B A R AR R SRR E &
VA E NI S K e ER I i =Y S R AN: S 11 AN L LV & g S e A il i
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GEE, BE2SHOTREF A, R 75 A X SR N 2 R R S R
o FRATTHE H T IX LG B R A PR EE L S SR, S SR S UE N A
6] b1 R R b AR AR IR N 2% S B T AT I, DAORIEREAY B D0 A2 AL e
Z JE] P

(3) Ik 5%, CircleNet J& —Fiil Fl P 2% & R 454 . FPN A1 PANet A A
FEAEAE CircleNet FIHRFH, AHEL T IX PRI N 2% CircleNet 5 B A 8 A M.

TEATATH, BATE A4 CircleNet 1R, K5 MRAFFIEER & .
B 5 4 AT NS o3 AR R SR FEEAT T I8 AR Ak, BB 5 BEAT T SE5R I PP

(@) FPN (b) PANet

- Weight Sharing -,
i h 4

.ss

Expansion F—see

il
()

A

A
““Weight Sharing -

(c) CircleNet

3.1 NFHMES FEMNL (FPN) ZFRORTEFFML (CircleNet) HIEFE. (a) $HEEFEMN
#%; (b) BRARILEML; (¢) AT KIS REIAML, BBl FANELREN—H
ST EHPTE .

Figure 3.1 From Feature Pyramid Network to CircleNet. (a) Feature Pyramid Network
(FPN). (b) Path Aggregation Network (PANet). (¢c) Our proposed CircleNet is implemented

as a set of feature pyramids using weight sharing path augmentation.

3.1.1 INRTEIRM 4R L1

SFE BN ER GBSO, BAIH o, RAREnMHIEE, XHEn =
1,..., Ny 0p gy Fle, 20 SRR AT H - e, 7766 T 5K H 2480 ERIE R, 3 Hopy
Wit TR AR E R R ZE S B M, XF 8 N br@Es (s
BT Hen 1 FREB (M + DMHERE, FF He, Moy 70 R AFIMEH o 0,14
fifil 1R B AT S B, e TP R8N RHIE . FIRT 2 A3 L FATE
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N 4 3RS DASEIE — AN BRI RFAIE 4 35 4% (Cascaded Feature Pyramid
Network) -

—————————
—————
’’’’’

CNN

02 % T Backbone e % €

‘.,
.,
......

== Feature M"lp . <= Even-to-odd Lateral Connection
+ Element-wise Addition ----> Qdd-to-even Lateral Connection

P 3.2 CircleNet M EHE . B LT T B2 S8 R RBOR ERHMEMSE T8 X E B
H I kR4 38 T REMZBOR B iR ERHFEE KT B2, FNEET LT XRER.

Figure 3.2 CircleNet architecture. A top-down branches enforce semantics by up-sampling
and concatenating deep-layer features. A bottom-up branches enlarge the receptive field and
incorporate context information by down-sampling and concatenating features from shallow

layers.

N T THPEX AR R 258 B — D IRTEIA LS, A TEA R Z A FE T

GBS, W 3.1 (o) fin. @XM, WAL EREISHEIE T

T RN [FJAT N BIAFAE o X AT A 75 257 31— 2 A He oy SO — 2 0y 3¢

HIBLEE{we, w3, ARGl BUEIL S, SRR GSS F 2 B PR X 25,

AR — AR B AR, AT R ) BAS A R R -

x; = F(xi—q,wé,w°) (3.1

Hrx, = {of,el}s wée={w} woe={Wwl}. n=1,...,N. t=1,...,T. ni&
FEERF S, tRIEAF S, FRRRESR R H .

3.1.2 E’E‘EE’JWEE‘EF_\Z

IR 25 p i i — i dt 2 AR 2 AN B B RS AN B R L R PR
J5 I T R R A R AESE B o A — NI B D& e Aok A = T EE 1
b B RFAE . &1 B BTN AR vk, FRATEAE FPN SEBlr . AR
—MEA LR, RS eAMEI R
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Ortl = Fn(en 0n+1 Wn)
= wtt x (W,f33 * en)+T 0%q

KEwE = {wit, w1 x TRI3 x 3G RS, Tl &R iE A ot . T3
AN ERFEERAE, I BRAE B Rl AR 4 (S

ML, el R+ D/ANE T LERRHE, g a ke 3 ik
R R0, I E BT — AN E R _EAFIEZef, a1F:

(3.2)

n+1 =K (en n+1 Wn+1) (3 3)
wptt x (w33 x of1)+L ef '
n+1 n+1 n+1 n

XEwS = {wt, OBS}/‘E]. X 113 x 3E R PER 45, H T A AR IEFIAE e,y q o
VIOR T RIERAE, 28 Ed— P08 2 193 x 3B,
TERTA AR, B b T s B bR o S R A R = 2 R R (R RRALE
Zim I RHE R H &R G B RE, s Z RO B AE BH 2 RA 5 TE L 28
R IR ERE, EHIOR B TR B E TR b R AR PRI R AR AR SR 5RAX SRy
fiE o BFAMEE F) FERENE BT T b FRDE AN B BT P38 B S I RO IR 7 ) RO PR R
AE o T b PR e d FEARARFAE 3 % SR (E 3 i L1 Sk — P Rl 1 RHE . [
AR B ) 73 FE ] DLy ORI B R R I L SO/ R 30 T Aar IMIC 73 1% 3 A g
BT N R L
AR~ 3.2 A 3.3, @i 2 KA B L T s B AT E T b s g,
CircleNet Sl AE S sUHIRFIERD &, AT [FII 3R 4L 1 Bof smils SOMLE T 3XE B
HIRHIE o

3.2 ITAEBISHR
T A R RS, X ANFRR L8 G B W 2 S E R IR I B ), i
SERFAE AT DUIE A R AR AT N o FATT S R0 IX LA R SR 4T N 2 L 2SR
TEFR T, At B AR R I RHER R A W /MR IOAT N BRIk, 3 R A
FIMERE AR O] LA FH 038 A RFHEREA T AR o 7RSI8 A, FRATT NI 217 J2 08 B4 5 i 0%
TEIERIAT NFEAS, SR AT S (U REAAE TR SR IR A i S84 . RItE, AR
T AT NS 53 SRS 5 2% SRS AR VI 25451 2 B IR 20 AT AR AR S0 A 2 AN ]
MEFRH . [N AR 73 B TAT AR R BN RARR R 2 B IR
D=gmﬁﬂnmﬁﬂi¢ (3.4)
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XHEDE =3, Do DUR—MT NELBIR T, XA A7 B R A
DD R—ANFRMTHE, EXNMEGTE S LD ML REA . X
PR ASTT DU R AT )B4 22 B I 5 2R R

FERE— MBI, WERRREZE TR, DX LA EAE ST
%, Wr:

Dt =U DL,DENDL, =0 (3.5)

XHDS o RAT NSEHI — T4, ERXRDTERPHEAN IR TDE. X
BRI T FPN HIBEA > i skns, AT s R A RNRE, [y
FCAR I HER R AR B R

--------------- Occlusion Ratio = == === == === =»
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n 1
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: : : &
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B 3.3 17 NS4l 70 g N 25 SRms o =

Figure 3.3 An illustration of instance decomposition during the training phase.

3.3 WML

B 3.4 17T NIER S X0 HIbE

Figure 3.4 Pedestrian attention segmentation annotation
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N T AE RIS BN SGTEEAT N D8, BN AT NI 284500 17— A0 H190 5
B FH 2 T 55 W B AT AR IE U FITINZR07 % AT NARR T B i RS,
FE R RBERHIE 2 b e RO G IR AL TR0, iy ABRA PR AR TEAE R AL
SIPRIERI D IR, W 3.4 Fos. BIRRZEREVIEEER, Mg &
Or3Ze T B LN R IEEL R 7R BIER)Z R TS SUE R, BATHR LA
T =AM EIBURAER BRI iEEg b @il SIS RIR, SRR AT
NI, IF Bk B R2R 5 BN S GIFEA.

| » Forward
Ll £ <€ - - -Backward
| RPN | Predictor | RPN | Predictor |
» »*
[ ] vl Wi
iy L eew
L4 A A T Y Ml smmm TN ¥
} P L | T = [ |
| R RN A < < i
I » [, [T hH—ese P !
v e v A v |
[ > } > [ t
< o€ [-- | < v - | < |
T > l—sen P
¥V ‘e e - o A Y R - v

& 3.5 CircleNet W4T FE. E2ETIEFEH, CircleNet LRIATFHIZERE CirgikHIsLLR)
FFERBMAETN,; RAEE CGEEELREL) BATHE~EE.

Figure 3.3 CircleNet optimization process. During the learning procedure, forward
connections (solid lines with arrows) along the CircleNet are for feature extraction and
object score prediction. Backward connections (dashed lines with arrows) are for gradient
propagation.

FATET £ > RPN FIF 2% (Predictor) [AII AL AL 23 ZA0 [\ JF4E 45 K I ZRiX
AN o 28 R R BB 42 9311 %%, mooth, R BB T REES . B
SRERHUE LT

£=35L8 =% (ZnLopncist, + Lrpn reg’, + Latsty + Lreg' ) + Lseg'  (3.6)

Lypn c1s M Legs T O0AK B 5 fiz 1 [X 3850 A fe 28 K6 M HE ) 70 2, 81 43 2%
Lrpnrog M FHAL B ARG X SRR EERE 2 DI BARES . Lyop FI TR ALK 45
RABREAEZ [ I B WA o Lo e TR 72 R o WK BT AL AN SR i A2 40
Kl 3.5 Fiirn, BN TRHIEREE AT DIV E IR AL 18 . Lo M2 (2 X
Rt e g, AR a3 3.7 k.

Las = —[y;-logp + (1 —y;) - log(1 — p)] (3.7)
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X Byt HARKISERIIRAS, p s AT B AIMEER o Lgeq R B ZE XS
TR RE, ARG Ty R B REIbR2E, pAAERXH MR R B T o
Lo T smoothy, 515k & ¥, BARIEA AN 3.8 fios:
Lyeg(t,v) = Yicxywnsmooth,;(t; — v;) (3.8)
Horbv = (v, vy, vy, v ) WARTERE, ¢ = (b, £, by, tr) 9L TR ARG DUAE . 3 B
1 FH 3 i) smooth, 5 2% AL E LU -

0.5x?2 if x| < 0.5

smooth;; (x) = {le — 0.5 otherwise

(3.9)

Lypn s ERALy AR, ¥R ZAHZE IFIRERE: Lypn reg MITE AN
Lyeg M, YK Hsmoothy, 157 2% bR £ .

M ERT, CircleNet SEEL 7 —MURpIR I 70 KRR B X T2 M
B ERZARHER, ATEZ0RE, B0 REBA5TT NELFIR— T4,
FEIRFE 22 SIMESE AR, MEREA B R RN, XEWE EAIE S A
ARORHIBUE, X SEPr bR — Rt ST Sns . RIS By, (8 2 A7)
AT ANAE AT NSEB, Bl o3 P A 2 . RN By, ko280
VIR R i 5 e 9 TRl EE 8

M B TREAE R R RS R, FRATTSER AT DLRG s AE AN [R] 7-4R b2 3] ik
ARG A, G AEREAS_EIRAG I RRE R o] DUIE BB REAS . IXAMUCE R T47
AT, 17 HAEVR B2 SIHER s R 1 — Rl i B BT 72

3.4 KWERG T

N T BEA T PR PRI 25 (A 1, A ST ResNet50 45k
6 B FERE P 2%, FERE AW Y Caltech £ CityPersons 2i#E &t 17 A &1 H 1)
D% BATHEAT I RS20 LLIGAE CircleNet 785 2% 94283 5 th T NG I &
ROV o S5 T LA N TR 53 5l A 4 S8 BEE S50 73T DA SRR 26 7 72 1R 45 SRXT EE

3.4.1 KWIRTE

AL G FPN 258491 ResNet50 1E T M. 145 HoAt 7572 AT (%
L, ¥4 Caltech £ #E 4 Hh B EUR 4 2 - RAEH900 % 1200, 7 HAEH CityPersons
BAREHATINZR . 7E CityPersons Z#a4E LyFIRy, AT 1 [46]0% €, L
SRAE UG HE2 R R A6 0 2 1 1.3 i, I HAE ] ImageNet TIZR 0 E T .
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FAVE 1 B K80 GPU HEAT M4 1) illl 2. Xf T Caltech Hi#n i, BB S ILIIZR T
35k kAR o HIGA 2 2 R E N 0.002, 7E 25k IRYIZRIEARIG, % 21 R 320 10 fi5,
I BLA# I BENUER 5 T M5  (Stochastic Gradient Descent, SGD) #ATAL,
AN GPU Ef/MIEEAE 2 RENER . BCEEREE A 0.0001, SHEREHN 0.9, Xt
T CityPersons Zf 45, B ILILR T 80k IEAR, WIGh S 21 K E N 0.0025,
FE 50k RNZREARE, 3L 10 5, B4 GPU _LR/MIEEAE 1 1EE1R.
PRI AR5 6 Caltech 34E4ER CityPersons $dli4E, VEAINAN 2.4 5.
PRIUFRAEAE X BOP I Bk (MR, FHAAA N, 2.5 1,

3.4.2 IRBEIAEREINR BURFE XL
% 3.1 FPN M CircleNet 7E Caltech WREE L FHEREXT Y (Height > 50). MR /ERTFRITE
W S BUBRIRARF R .

Table 3.1 Detection performance of FPN and CircleNet on the Caltech test set (Height >

50) . MRZis used to compare the performance. Lower score indicates better performance.

Model Description All None Partial Heavy Reasonable
FPN!"0I Baseline 32.21 12.72 37.40 82.96 15.79
CirCleNet-1/2 | PANet structure | 30.02 12.76 37.82 79.20 15.80
CirCleNet-1 | One circle (T=1) | 28.74 10.85 34.28 79.87 13.75
CirCleNet-2 | One circle (T=2) | 28.12 11.58 36.49 75.08 14.63
CirCleNet-3 | One circle (T=3) | 28.69 11.66 36.32 75.01 14.72
FPN+ Baseline 25.88 12.58 32.03 64.01 14.85
CirCleNet-2+ Two circles 24.14 12.84 28.74 54.66 15.02

# 3.2 FPN M CircleNet 7£ Caltech JUR4E L FIHREXT L (Height > 20)

Table 3.2 FPN and CircleNet detection performance on the Caltech test set (Height > 20) .

Model Description All None Partial Heavy
FPNU70I Baseline 59.85 48.39 69.41 89.71
CirCleNet-1/2 PANet structure 57.26 45.48 68.98 88.72
CirCleNet-1 One circle (T=1) 57.00 45.21 68.29 88.86
CirCleNet-2 One circle (T=2) 57.25 45.62 69.27 88.19
CirCleNet-3 One circle (T=3) 58.71 48.89 68.18 88.65
FPN+ Baseline 57.02 48.51 64.33 79.33
CirCleNet-2+ Two circles 55.36 46.97 65.77 75.05

HeAToE SUE Bl — K R 1A _EE g A

OB T E O — IR . X B

148 FPN /E N 3EHEM 2% . CircleNet-1/2 & EAMEIR G, ©in—4% KR
FIE S, B FPN 4 &N PANet!8l, 75 1 ¥R\ 2 URFN 3 IR G A 45 #5256 7 40 )
#E0Y 44 CircleNet-1. CircleNet-2 1 CircleNet-3 . 45 5% 8 | CircleNet-3 .4 0] LA
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BTN R AAT N S FIERE A B (08 R RHIE 2 AR RN, DGR SRS i
iSRG EAUEEINY €88
% 3.1 5% 3.2 735 NHeight > 50f1Height > 20FEARE S HPENMERE. M

ot 3.1 (Height > 50) FJLLEH, TE“AI"4EA L, CircleNet-1 A5 RAL
F FPN Al CircleNet-1/2, [Fl} CircleNet-2 MAET CircleNet-1 P45 0.62%.
CircleNet-3 F4EREREAR T CircleNet-2, X 7] G A& H T B8 INEIR R B2 18 0 ) 2%
N ZRAERE B 2« 7ERHE 3.2 (Height > 20) 1, 2 IARBIR S, FE<Al”
& E, CircleNet-2 H1 CircleNet-1 P REINAHZE 0.25%. fEHeight = 50 HJ“All”
fil“Reasonable” 7-4E I, CircleNet-2 FIX} £ % K5 4F+ FPN 777 3.09%

(28.12% vs. 31.21%) 1 1.16% (14.63% vs. 15.79%) . fEHeight = 50 f*None”
A“Partial” 424 T-4E I, CircleNet-2 T FEL T FPN J7i% 1.14%(11.58% vs. 12.72%)
F10.91% (36.49% vs. 37.40%) . fEHeight > 50f“Heavy” 4 F4E I, CircleNet
fItERE S T FPN 77k 7.84% (75.08% vs. 82.96%). MFE 3.2 A[LLEH, 1E
Height > 201/)“All” 74 E, CircleNet-2 £ F FPN % 2.60% (57.25% vs.
59.85%), FfHALT PANet (CircleNet-1/2) J77% 1.9% (28.12% vs. 30.02%). A
TR EE, F T ECECH PANet AT {8 G B 1 RFAE AL )2 (Adaptive Feature
Pooling), FATHZLLEETRMLEM. Wk 3.1 MEK 3.2 MREMTHIR, 4
i FH ™ EE P RE AR RN 451 (FRZ N FPN+A CirCleNet-2+), CircleNet 1554
RTHAE 5, FRlEs TR HER AR

- FPN 0601 == FPN
= CircleNet-2

= (CircleNet-2

o
-
—_—
——
-

0.50

Recall
Recall at loU Threshold 0.80

I;CJ ThreshDon ” B # Prolgosals
(a) AN[F ToU BIHE T # A o] 2 (b) AN [Fi i DX AR ) 7 [ml

& 3.6 FRTEALERTT RPN FIF2W

Figure 3.6 Evaluation of the effect of CircleNet for region proposal network (RPN). (a)
Recall rates under different IoU thresholds. (b) Recall rates under different numbers of

region proposals.
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[FIRT 42 H (Y CircleNet tHE& R T 6% X ISR UM 4% (RPND [PERE. FRATIAE
JH 7 e DX 3P B A A8 A EAT DRI 35— AR AR AN IR ToU I8 R 1A
[, 5 AN AR AR A A R 1 e X 3R A IR AR A . ] 3.6 Bs, 1
XPANERR T, CircleNet BRI THHE T VE FPN. JeHZAEE 3.6 (b)
[ B AR R IR AR, REA 0.8 I FIRAG B BARTE . X U B IR
PR IRE8 AXRT CASR TR I 45 5L, o] Mk 39 DX S H IR 24t A AR AR PR s i

# 3.3 7E Caltech $3EE L CircleNet fAI3 B 4t L

Table 3.3 Comparison of the detection speeds on Caltech dataset.

Method FPN CircleNet-1 CircleNet-2 CircleNet-3

Inference Time (ms/image) 51 61 74 87

E 3.3 v, BATELE T FPN Ml CircleNet IR F . AP —1F & A, FPN
75 % 51ms, CirleNet-1. CircleNet-2 1 CirleNet-3 437 75 £ 61ms. 74ms 1 87ms.
X LW CircleNet B T-H400 1 VHELHFE, AMDEEA —& F . HXFTHEFE
RO S &0 A I AR TR IR, sk 3.1 M3k 3.2 FoR. T7E R Ll e 3 5
B, AT N BERER S ORERAT N 2 B 53N 5 22 4, RS TR A AT B L
Pl FEZREAEH EATIIRG FEALSAT I P2 J5, FRATTESE CircleNet-2 1E
NG SR SEEGHEE . CircleNet-2 7E Tesla 1080TI GPU ~“F& LW 47# E A
13.5FPS, 5E4x A LA 2 — e 5 fr (1 B 75 3K

3.43 (TABEXS RIS HTSLEE

Iterations

(a) IEfEEA (b) &1§IJ$$ZIK
B 3.7 ISR PITARNGRIGE RN, EFERRRHERR TR, mWREIFEARRE
HEARE] T

Figure 3.7 With segmentation loss, the feature representation for the positive examples are
enforced while that for the negative examples are depressed.
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FE 3.3 7, BATGE A 85 B A9AT NTE o BIREAE i Bh B . @i 1%
HiBh o EAR, WoE 1 CircleNet 47 NILSE ERIHFIE. B 3.7 (a) &Rttt 17X T
IEBIREAS, AR RE S, Bod AR X I W TE A AR I FAHE, X ] DALk R4
BEINRETAT AR E3.7 () W5 2 Fl/R 7 — MEERAT N, EREm
XEARGFIIOR A T BN B B X0 S5k, 559108 147 N X FIEAER R
PRAESS, WAHBITIHR A ERT SR AFEAR. WE 3.7 (b) Fros, 21510
TH KRG 2 B AR A PR 0 DX 3 AT AR T 4 1

K 3.8 Hon 1 6 M@ i B 0 B 70 SCR B 28 tH A5 R, X St Hh ARk

i 7 Sigmoid PR, J3EIMIZE 5L AT AKX, S TS BNk 24T A X
s, HIH TR RIS KRR B 1 AT AN B TR SO B Xk

B 3.8 FHUIEAT AE N HIGR

Figure 3.8 Weakly supervised pedestrian semantic segmentation results

3.4.4 1T A5 RIS IESKLG
% 3.4 CircleNet 1T A\ LB 4 A0 53 BB R MEEEXT L ( Height > 50)

Table 3.4 Detection performance of CircleNet with instance decomposition and segmentation

loss on the Caltech test set ( Height > 50) .

Model Description All None Partial | Heavy | Reasonable
CirCleNet w/o 24.14 12.84 28.74 54.66 15.02
CirCleNet+ID1 None 22.86 12.33 27.68 50.40 14.54
CirCleNet+ID2 By loss (OHEM) 22.37 12.92 28.45 48.35 14.83
CirCleNet+ID3 All-to-hard 23.84 12.25 28.00 55.19 14.48
CirCleNet+ID4 Easy-to-hard 21.62 11.83 26.45 48.70 13.78
CirCleNet+Seg Segmentation 21.57 12.44 27.50 45.47 14.38
CirCleNet+ ID4+Seg 18.05 8.42 20.27 44.53 10.21
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K 3.5 CircleNet 17 \ 3240 43 iR 23 B4 R A REXT . (Height > 20)

Table 3.5 Detection performance of CircleNet with instance decomposition and segmentation

loss on the Caltech test set ( Height > 20) .

Model Description All None Partial Heavy
CirCleNet w/0 55.36 46.97 65.77 75.05
CirCleNet+ID1 None 54.54 47.42 66.11 69.42
CirCleNet+ID2 By loss (OHEM) 55.55 47.15 65.31 72.25
CirCleNet+ID3 All-to-hard 55.05 46.40 65.65 76.48
CirCleNet+ID4 Easy-to-hard 52.69 44.29 64.83 73.09
CirCleNet+Seg Segmentation 54.62 47.12 66.29 71.55
CirCleNet+ ID4+Seg 46.42 37.48 59.26 66.28

ESrR, AL T ZFAT NSO RGN . (65 34 FIF 35 o, S
T XL T HORERE . “None™ 3R B MTHE M 4R, fERFIIEHA R, B
AHHEAET: “By loss™ 306 I K R MU BUE AT 408 4 R BRI R A
HINBIRR IR NG, R AN B AR R IS5, A1 BAROX Lt
AR MRRAL )[R G . R BRI ST w =
Q- +a; XE | RIGHEARTRM, RIEKMELEEa=07,
“All-to-hard”F R 4 HREA S HHGE NI EARFR R ISR, I ™ S (O R A
ONERJZ K 1| s “Easy-to-hard ™42 75 K AES R RE A Rl — SRR 1 B A SIS N 1%
EARFR RIS, T4 B A2 0 B AR AR R 085 %5 “Segmentation™ 275
{6 P 55 M AT RS SO SRR A AA I 155 8 o 7 BA b S AR FH, “Easy-to-hard”
S T I TERE (52.69%). KRENESHAGEELIHMMEE, K
NBRREEA A, MR % 5 ERARIEE, 3 BRI T R E 20k
RSO B P EERS AT N < 7E“Easy-to-hard” SRl EAE I HRBNIE X4 EIHR R )
i, Bl 14 %9 CircleNet+, T LU HUEAL (6 i SO SIREREA 3] 132547t
TE“AIER A EFRERE 46.42%.

N T I HUERAEIRIR ISR P 44 I (T4 T+ TR U RS, JRATKE CircleNet 14
MEHEAT 1 RTAAL, APl 3.9 Bros  BRATHE BV A 2 IRPE A [ CircleNet-2 #E4T 2047 o
HR 1 SRR IR, TR ARG R R 7 AR AN, BT LA
{108 B P S A AT T ROR AR o 5 2 SUMI N HOR R B0 AP . 265 3 51
R UARFRR AL HORRE, 55 4 BUR S 2 UARFF PR IR . A 3.9 28 1
TFHRATBAR th, A 2 AT AFRHEITAT, 220047 BT L, 043 UAT A
R YOERAHOAT AR 1| YRR o8 RAF (R, SATTOAE 56 2 AR rio
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LA 2] T BIRNsE. 7228 2 DMREBIT, JATRIAFEIEA S, AT UL A
SNRIFEA . Ze MBI IFEAAE S 1 SR AR RGR, A s AT A
FE5R 2 AR R B9, 2XR] AT B FRATIHE (R MAIR R A0 0 2% HAT R . i
1o B 3ATHE A&, 25 1 IRIEA T, S RIERGE 1S X 1
552 MNRAEA A, SESVRF AR S G 1 AT NI

e

3.9 EANEEF PAHMEER ML 1 FREEEE; 52 ARIHANE L ;
553 BRI 4 54 H& Circle-1 A Circle-2 [4HERT AL o

Figure 3.9 Visualization of feature adaptation. The first column shows the original image. A
cropped patch with a pedestrian is presented in the second column. The visualization of the
feature map that from Circle-1 can be seen in the third column and the fourth column shows

the Circle-2.

[P

TIIPID

Bottom Layer  ==r===s=eees feature pyramid levels =======x===== » Top Layer

& 3.10 EAFERERE R AEE RS T fR 4k

Original Image

Figure 3.10 Visualization of feature adaptation across circles.

3.10 #—P /R T CircleNet-2 R Be A 2. EIH A MES 147740
T CircleNet-2 25 1 RAEH A RER], AT Circle-1; 5 2 /7RI AL T
CircleNet-2 55 2 XIEI = AERIRHIEI,  AUf Circle-2. ML R4 JEIR TAER—1
PEFA T, HRZE R G E R, BURHIE S35 RHIE . )2 RE BB 0 /)
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HAx, T2 AT LB s K H . X TIPS HI4T N, Circle-2 Ui T 58 2 47
NG5 4 Cirele-2 F5 3 FUB0E I b, SELF 0S4 MR 240 B 4 (147

TEMERI B, AT R BENLIEEL T 2792 MTAFEA, F HARYE R,
# (None. Partial fl Heavy) £l 7 A gE it 45 5, & 3.11 Fos. ATLAEH
Circle-1 1 Circle-2 7E None I Partial 4 A £ EAHIL, {H7E Heavy T4
_F Circle-2 6 %0E 1 & & T Circle-1. Circle-2 #ill 3] T 512 AN™ B4 1947
N, T Circle-1 RAIE] T 128 Ao X BB INPEIA REL, ] LI S E T M 45 2
PR RS AS A e

1035 .
1000- 954 M Circle-1
[ Circle-2
800-
600- 12
400 -

200- 111 128
0

None Partial Heavy

3.11 CircleNet % R 41T, “None” F1 “Partial” 4 _E Circle-1 F Circle-2 1 J%
B, & Circle-2 \TLAMGEIFE LK “Heavy” BEHER R

Figure 3.11 Detection result statistics. Circle-1 and Circle-2 detect a comparable number of
objects with occlusion ratio None and Partial, but Circle-2 detects significantly more Heavy

occlusion objects.
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& 3.12 FREHRHMEFEIER -SNETSIE L. (a) SRAARRBEFRPITNEHRE, (b) BF
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Figure 3.12 The t-SNE!"7178 yisualization of different feature embedding. (a) Instances from

different circles. (b) Instances with different resolution.

FAVEF -SNEUVTITSIAT AL, T X B84 NFEARFAE RN [F) &, 201 3.12 FiiRs
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Figure 3.13 Performance comparison on the Caltech dataset. Lower curves indicate better

performance.
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£ 3.13 1, 415 DeepParts®'1,RPN+BF*, SDS-RCNNEI MS-CNNI#21|
AdaptFasterRCNNOTFI FasterRCNN+ATTEOE JLFhAT AAGIN 7153047 1 6 e . 78
Caltech XiF4E |, Height > 50f1Height > 20/ #4544, FEJF M FPPI i £k
RN TN T HABURN 7 % JEHER T ANREARAT N B R, S—THRCR I,
Wl 3.13 (o) FIE 3.13 (f) fEHeight > 2044 ETEREHIZE.

B T ERA TN, FRATHAM T — e T SRR . WK 3.14 FR, A
EEF LAl 5 MG 28 (FasterRCNN + ATTEOURT MS-CNNB2D), CircleNet 42 7 AJ
FERRTINSE R, T FAR B b 77 80 B T IR AT AR L o T A 25 A % P
BERREA T H SRR E W& o F BoO TR R0 B AR, A TR 4 RAE 2
fir b LGS 53 AP 7 3k S I A A

.

(c) CirIeNet
B 3.14 CircleNet FIHEANTT TR Lo SIS FREFE FPPI=0.1 M4 T iATHI AT
M. FEEFRIRERE; LEERTRMER.

Figure 3.14 Qualitative detection results of cropped image patches at FPPI=0.1 on the
Caltech test set. The green solid boxes indicate ground truth; the red boxes denote detection

results.
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% 3.6 fE Caltech MALE E CircleNet A1 Ath kit gexT He

Table 3.6 Comparison of CircleNet with other state-of-the-art methods on the Caltech test

set.

Method Height > 50 Height > 20
All None  Partial Heavy  Reasonable All None  Partial Heavy
DeepParts 2279  10.64  19.93 60.42 11.89 64.78 5843 7039 81.81
MS-CNN 2153 8.15 19.24 59.94 9.95 60.95 53.67 67.16 79.51
RPN+BF 24.01  7.68 2423 74.36 9.58 94.66 5638 7255 87.48
AdaptFaster RCNN | 20.03  7.01 26.55 57.58 9.18 60.11  52.67  68.50 79.58
SDS-RCNN 19.72 595 14.86 58.55 7.36 61.50 5445  66.46 78.78
FasterRCNN+ATT | 18.21 8.46 22.29 45.18 10.33 5451 4754 6447 71.02
CircleNet (Ours) 18.05 8.42 20.27 44.53 10.21 4642 3748 59.26 66.28

fE4 3.6 11, JAIAE Caltech 17 N LM _EXFEL T state-of-the-art 177
VLM CircleNet f7E#E. MS-CNN. RPN+BF. AdaptFaster-RCNN 1 SDS-RCNN
{E“Reasonable” £ & MOl TR MIPERE, (R TEIERIFE AR/ HART AFEA I
PERERUIC . TEMR R RIERL )37 5o, CircleNet IR AR F BT Xt HLit J7v%
£ Height > 50 HI“Al4E A ES2Hl 7 MR2=18.05 B &8, [F B CREF T 1E
“Reasonable”fE & [ 1 it . % T Height > 50 f#]“Partial” T-#&, CircleNet T
FastRCNN-ATT J5¥2: 2.02%(20.27% vs. 22.29%) . £ Height > 20[1“All” 74+,
CircleNet T BEfL T FasterRCNN-ATT J57% 8.09% (46.42% vs. 54.51%) . CircleNet
£ “Partial” fl“Heavy” M4 724, I E4FT FasterRCNN-ATT 777k, FATHIT7
P{E{EHeight > 20T 744, #IER] T HRAMAKT. BILERE, LT HAb
J7i%, CircleNet TEMERIFEAFN /N HART AREA L 7T AR SE 47 (R PE R

B4 Caltech 2 4b, RATELE CityPersons MiF&E & FEHEE T CircleNet A1t
BRTAT NI T iR AR 4 SR, 3 3.7 Fian. ATLAE Y, CircleNet B 2 AR T
#7111 OR-CNN FlI FasterRCNN+ATT £ 12 C[46][S31FI[SOI IR 45 R . ML T
Caltech #(#i4E, CityPersons #(¥i4&E A & HHAE BB WM E L5, HEG S
e i, RGP, KA T HARPIFE, CircleNet 5 A A SEFRM
FAMEA.
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Table 3.7 Comparison of CircleNet with other state-of-the-art methods on the CityPersons

validation set. (* denotes the experimental protocols used in [59].)

Method Reasonable Heavy* Partial* Bare*
Adapted Faster RCNN[46] 12.8 - - -
Repulsion Loss!>*] 11.6 55.3 14.8 7.0
OR-CNNI33 11.0 51.3 13.7 5.9
CircleNet (Ours) 11.7 50.2 12.2 7.1

T B HB PP FRATTHR H T VA A N 45 S . FRATTAN Caltech 1 CityPersons %
PEtR it — e Rty 5, JF HaTdlAe 1 sRA IR A R . £ 3.15
FATATHLAL T CircleNet ££ Caltech e LRI INEE R o JATEIIZ T IEAEA
PR ESHRAZR Jzm A )/ B ARAT AN B AT DA M AR5 4, TR0 T 38 4™ 5 R AR
MR AE T S, B 3.16 28 7 —L7E CityPersons F(#54E 4 H5 3% = AIK
PR ORI R FE5E 14758 2 41 BB 34758 1 AURIEE 4 17256 1 SR
H, BV AR HRRIAT N EH bR, 03RRI & JL P AR L. B
bz Ah, FE— S AR S, JATHRI S TAERIRGE, anil 3.16 HU5S 4
1751 5 EHE.

/& 3.15 CircleNet 7E Caltech ZHEE LN LRI, AADFERLERE 0.7 ZH4T
TR HIATN

Figure 3.15 Detection examples from the Caltech dataset. Red bounding boxes are predicted

pedestrians with threshold 0.7.
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[ E RN

Figure 3.16 Detection examples from the CityPersons dataset. Red bounding boxes are

predicted pedestrians with threshold 0.7.
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Figure 4.1 The framework of feature calibration network
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AL H AT AR IR IEAR HE I 28 (1 R G AR Qi B 4.1 Fos, Hoh F 204
AT NBOE L BUGRHERAE VAR H AR R HESE . OB IX IR FE (Rol
Pooling) ##AEZ A, W% (RRHEES & R R INHFFE, 2 J5 /2 B hRgIR-IE. Fir
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B AR T 2 R SR AR DR 2R, 3 0% 23 AT LA S RLAE 7 IO 2% 1)1 5 4 [ 44
TGy AR ) b BRI, FRATIE 23 SRR ) i 5 R AR AR O 2K
SEEE M, THE AT ANBOE ], il B H S AMERBSNI S A&
I T PR i — 25 126 1) FC ASEHR DA 5 Bl 55 o T 30 R T DX a1y 5 FRURRALE
K¢ SA FI FC A5 He b5 I8 A 0 10X 245 4 B AE — 62 (8 T B T AT 10 AR5 A0 A2 o o) 5%
(FC-Net). {ERFRZ 1M H, FC-Net A4 B Hi /0 A A E, X LRyl
AT FH DAk AR RS YRR AIE o A2 1 P DB SR AR R AT N B0 R D 7 2 SR 3 5
AT N AT IR 53 o BRREAIE - [R] B 0 h 4 EEP PR AT N X3 RARRATE o G 22 ORFAE AR
#E, FC-Net ] LALAMTHE [ 77 205 3] X 4347 NSRRI .

4.1 [BIRES AR
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W4 28 0P AT N AT L DX AR OGBS o L G A i/ Sk 284 Xl g e 7
Yoo TIORERX IR 7 3 ) HEAT IR

X T30 R 28047 N AT ILER 73 I oRVEEE . ZhouP2 2 i PDOE+RPN 5%,
I A B AT N4 B B RIAT RT3 67 B K 58 AT A G U R0 S 42 A
Ifti Tt Faster-RCNN+ATTRO7 vk o F 1 AT WAV 25 70 X 28 R A 2 R 5%
A 73 0l 27 20 W L IXCBOHE A B A A AR OGBS S B MGAN®! (Mask-Guided
Attention Network) & —F /5] 37 = 145, BT LARIH —>F MIAT A
A LB A

5K k2 I 75 T4 o ZhangBS342 HH7E OR-CININ 7925 45 FH 36 424 Ab 2 B0 70 K 37
IR A DX I AP AE o 12 4 A0 R B e Y BB T DU TR G, g B
2 H AR IRAIE 2 15 Rl S B X 4

AR ST H P RFEASHE N 4% (FC-Net) 1] [F] I fif v 47 N 533 FE AT 75 40X
PIANTELER, I H LG BaRJ7k, AR KT A TSN bREE B (BT

48



94 F EETRHERME SR AT A

N R WLER IR X480, (R AN 75 LI ISR A RN 28 2 8. e m] BLR PR IRl 21145
MRS, SRR U BT RE, AT DA 2038 SUE B AR 9 s 1

4.2 FHIEROEMLE

17 NEFIERE R 4% (Feature Calibration Network , FC-Net), H&5#nl& 4.2
Fis. BpRGE b as: —DETME. — D EHBEBR (SA). —/MRRER
B (FC) FI—/NTES . FC-Net LA—Fugi i) B e 5 s amAT A AT 038 /04
fiE, I HADHIT NERLI T IRFAE . SA BEHIE Ik 5 FH /) a8 B SR AR AT AN
WL, TR AR AR S H . PRI A 1 — A H T 29 B3 SRR AR S T
X [N FC AEH DL TA5 K 1075 sURIE T X 38 7 A HE AT A G AURAAE

ROI Pooling

Classifier

Background

Pedestrian

W

4.2 BHERHEMBEHREE. EH— MM, B BIE R R AL
Sd 5 WHRHERAE, FC-Net %2> BIRIRHE R DASThNml W5y, FIRSGISEEeps . £
W&+, GAP Ror&R itz .

Figure 4.2 The architecture of the feature calibration network (FC-Net), which is made up of
a deep detection network, a self-activation (SA) module, and a feature calibration (FC)
module. With multiple iterations of the feature calibration, FC-Net learns features which
highlight the visible parts and suppress the occluded regions of pedestrians. In the network,

GAP stands for global average pooling.

WAV 7 201 H AR IMESS Faster R-CNNMWEIRATHIFEHE 5. 78
EEER E, RAISEIRC [46]Mi 7 Lot ERHZOTERT DA RGEH TATA
Rl . 12, FRATRA ResNetS0 fENEATHIE FMZ, T EUGRHE 2
I, ResNet50 #HHL T VGGl6, AHE/DHZSE, I HEEHER. FRATER Conva
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PN 2 SO 1, SXFE AT USRI S i 20 M IOAT NRHE, AR T/ RSHT A
EARBIRIN . BRib 2 4, FAT0E BB B A T i i DX IR B 245 i HE (R 24, ik
K rER T2 RET AN . 45 b2 (Global Average Pooling, GAP) F
TRz ResNet 1 fEu, FHT¥ = 4eBBURHER Ao &, 7 (8 536 7y
AR AR

42.1 1T AEMHEE

2 B0 B4 (Class Activation Maps, CAM) KR K, FATRE 74T
N HBGE J72: (Self-activation, SA). CAM Z Ri#H HbREAAES, 1%7iE]
PR IAZ ) v S B s ) 6 B o FRATTHZ A e BRI I 28 v, I FLASEA9 1%
P TR AAN 5 B T2 S0l e 1 F iR R B, TS AR AR AR X I TR
O 7 R P AR RO ], BATIRRZ 94T NI ] (Pedestrian Activation Map).

Pedestrian Activation Maps

Visual Patterns
from Convolutional Feature Maps

B 4.3 BRFMERMIEEN. EEATABER, TEAMERK.

Figure 4.3 Pedestrian activation maps (upper) and visual patterns (lower).
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Figure 4.4 The self-activation (SA) module. It converts feature maps from multiple channels

to a pedestrian activation map by reusing the classifier weight vector.

FERLIN WY 2 rp (¥ B Ji5 — B ARZ B, BRIk X IR B AR AR I 42 = it
tJZ (Global Average Pooling) ZJ&, 4t —A> C 4Ef &, X B C RIRFHIE
I TE AR IR — N ) R I 4 E A Softmax #RAE, FIER R — AN E
5.

EBOE B LR I — AN 3, B 4.4 Fros. BEH T K BH0RE, W
Xf A T SRR AL HEAT INBCR AN J5 43 24T N0 B o AT AR i) i e — 732K
A, FrRAE R RS R E S WAS L, — 4 MAT N, Hhh—
LGN 5 FRATTE SO AT NI W = (wh, w2, ..., wE)T € R,
B HRA AT NBGEE . BA1E XY € RMNXCR IR N BUE G FRRE, X
B M AN BRI R FHE R 58 FE AR B AEAT NBOE B B — AN e 3R A o T
Ji A r

Am’n == g=1 WC * Y‘l’?l,n (4.1)

Horh m A n FORFHIEE B 2D BEFRALER, ¢ FORFHEEERFS, JFHA €
RMXNO

T MTNEIR, BB RRUER AR 2 E 0 A R AL A =T 22 T 1, Bt
AN A BRI IE TE AT NP RIS 73 BUK . %225 T Rol Pooling AN E AR HFfIE M 1E (1)
TP PR 2, e 0 8 P 2 ) I R A 1 AR AT 7 SRR A B [ B AV G 1%
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422 1BERIFERE

—% Pixel-wise Calibration

Calibrated Feature Maps

@ Element-wise product
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Pedestrian Activation Map
Bl 4.5 BERIFERLHE. EF AT ABIEBREMEIFER . BR iR AEEE X I _E A
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Figure 4.5 Pixel-wise feature calibration. It leverages the pedestrian activation map to
calibrate the feature maps. It targets suppressing the feature channels of high values on

occluded regions while aggregating those of high values on visible parts.
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FIAX = (XM X = (XY G RPFHEARMERRAER: 2 SN -
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Figure 4.6 The region-based calibration. It leverages the pedestrian activation map to guide

extracting contextual features of a pedestrian.
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43.1 LWIRE
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W, AT T8 E R R RS ER, [ ERATE AR 5 R E
900 x 1200, F HAf H CityPersons & & 47 Tl 2k . FAT 1A A 8 4> Nvidia V100
GPU 125 . %f T CityPersons £#adE, BALLILIIZR T 6k ik, HIUH2:>]
FEN 0.008, 7E Sk IRINZRIERIGT, IR0 10 15, A2 BN
JE R %53 (Stochastic Gradient Descent, SGD). 4> GPU ERI/MitEA S 1
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R, 7 A HARAT AU 7 53047 A PR LLEL, FATTAE CityPersons (#i4E I
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HAREHRATIIZ . Caltech IR CityPersons FIEEVEMNA N, 2.4 15, VT
DBRESE X ECTF I E KRR (MR2), PRI 2.5 75,
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Figure 4.7 Examples of pedestrians and pedestrian activation maps. Left: non-occluded

instances. Right: occluded instances.
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Figure 4.8 Pedestrian visual patterns.
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fER 41, BATDHERPHFERHE (Pixel-wise calibration) HlH brf X 15
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% 4.1 £ CityPersons KrilF4E FRHER AR RSO RRELER . B/ RS AP IO
HERE

Table 4.1 Ablation study of the proposed feature calibration (FC) module on the CityPersons

validation dataset with MR2. Smaller number indicates better performance.

Method Scale | Reasonable Heavy Reasonable+Heavy
Pixel-wise Region MR | AMR | MR | AMR MR AMR
calibration | calibration

x1 [1518 | - |51.05] - 31.05 -
N N X1 | 1393 |+1.25]46.79 | +426 | 29.64 | +1.41
FC-Net
x13[1321] - [4675] - 29.45 -
N x 1.3 | 12.43 | +0.78 | 43.60 | +3.15 | 27.80 | +1.65
N X 1.3 | 11.71 | +1.50 | 41.36 | +5.39 | 26.70 | +2.75
N N X 1.3 | 11.63 | +1.58 | 42.77 | +3.98 | 26.21 +3.24

B T SRR AR A R AT R, FRATTE I 1 A I g AR 2 S B i
ITHEL. £ 4.2 W, H4 FC-Net A 5 Faster R-CNN FEAEHEAT T HLEL,
FENAPT B — kI SA A FC FLB, IR 18] JEOR K 0.248s 3503 1 0.290s,
FEA BRI N 0.042 AP HJIZAT I ) 7T WG HIH SA A1 FC #E 8 HAfHE | FC-Net
IR/NHIBAT R, W RE RIS 2 1A B3R TT

& 4.2 £ CityPersons $#E4E AT L

Table 4.2 Comparison of detection speed on CityPersons.

Method Inference Time (s/image)
Faster R-CNN 0.248
FC-Net with SA 0.283
FC-Net with FC 0.284
FC-Net with SA+FC 0.290

4.3.4 BOEERPESHAIEE

PR30S R 470 A2 R T 1 P O S 8 3o 7 T 9 2R e R I Xl ok
SEM . BRI N SR NEBEHER TE 4L R S50 (o) TERIFEL R kME. W
43 P, i AE[1.0, 2.0] VG A4 2, FATAT DO RIE S E 4 L %Rr = 1.8
AT IRAS LR AR o BT 58 BE Y E B Tl e 5 s FE I L GIAS [R], B AR A e v
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FELLBIRIRTIR &, FATTE— D SRR TR RO 1.0, Wk 4.4 Pros. fefd
T8 LA /N T I R R L EE R, L AT e R AEAT N M8 DX 45k i) JA] Bl Pl e A7 AE 7K T
Ji T B R HARAT N, X RTRE SR I & AR . (B, AR RS HE A AT A
ENUER, DISERIMEE ST 13 5t A 3
8 J5E 28 T LU R v P A T 2 DX AR ERR B R (I PN S 8. R 4.3 FIR 4.4
TRTE RS IR M, 3 B AR SUE B K R B S B R
DR AT e AT BT 17 _EAT AR St AR E 2 103 G -, T A
AVEE, BEEAT NATZEA0, (ERAT AR A RIS KT L
AZMT A, BN UE R R BT
£ 43 AEZEFT MR LE T MR2 LR . SRR SRR AR DX 4 Py e B2
B, Rt R0 108 DX SR P RS HERE T R BE LB, 3 FLILI [ 5 B8 BE AR EE A 1

Table 3.3 With the width ratio = 1, MR under different ratios for height between the outer
rectangle and the region proposal, and between the region proposal and the inner rectangle

(see Fig.4.6).

Ratio (Height) 1.0 1.4 1.6 1.8 2.0
Reasoanble 13.21 | 13.00 | 12.24 | 11.71 | 12.78
Heavy 46.75 | 43.34 | 42.10 | 41.36 | 42.09
Reasonable+Heavy | 29.45 | 27.75 | 27.13 | 26.70 | 27.11

# 4.4 AFZKFETT HZEBELET B MR PEEEELER . PE4a78 bR SR HERE AN (158 X 3 F) 58 B2
Pal, RIS th R i DX SN YRR HERE R SEBE BRI, I ELUL [ 8 R R 4B A LE 9 1.8
Table 3.3 With the height ratio = 1.8, MR? under different ratios for width between the outer

rectangle and the region proposal, and between the region proposal and the inner rectangle

(see Fig.4.6).

Ratio (Width) 1.0 1.4 1.6 1.8
Reasonable 11.71 | 12.09 | 12.90 | 12.87
Heavy 41.36 | 42.51 | 43.29 | 42.98
Reasonable+Heavy | 26.70 | 27.53 | 28.23 | 28.81

435 FEBRM ST
FEAT N7 T8 AT TR, RS T th — B PR R — > L2
2, N T RAE B ERFERAE AT DA A T 5T, BT R A 45 R AT
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B R BT B REIEE R 70%0L F, X B FPPI KR s S T 1 RE
R, ERGRRERAES R J5, WK BN, B RORER B,
£ FPPI=1.0 B, 5 52RERM 58%[%E] 48%, JfH TR TE FPPI=0.316 %I
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{REEe
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Figure 4.9 Analysis of background error. By applying the proposed feature calibration (FC)

module, the proportion of false positives caused by background is significantly reduced.

%% 4.5 7E CityPersons BF£E A1 FasterRCNN+ATT 55T . FasterRCNN+ATT & —Ff
ER S5 AL BB AT AT 5
Table 4.5 Comparison with the state-of-the-art FasterRCNN-+ATT on the CityPersons

validation set with MR2, which is an attention guided approach specified for occluded

pedestrian detection.

Method Reasonable | Heavy | Reasonable+Heavy
FasterRCNN+ATTL6! 15.96 56.66 38.23
FC-Net+ATT 14.82 49.02 31.01
FC-Net (Ours) 13.93 46.79 29.64
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T U A AT 7 A b LAl R ML R R A, AT T
FasterRCNN+ATTPO )52 o %77 2 — R a4 47 N RS R ey, eas &
7 SENet®lh i & JyHLi], fi ] — A7 W 48 A — AN AU AR 1 A 1 — MU,
P FH AN AU ANRFIE RS, 5 AL S RHIEZEAT H AR R IR E . T
AT 7B A 1) 2 — P S A 7 iR AT R AR T R AL, BB B AT i RE
PEo WIEER 4.5 ATTCLEH, AT 7IELE Heavy F1 Reasonable+Heavy T4
F, 4 RMR TR 4f FasterRCNN+ATT 751 9.87%7#11 8.59%. [F]IN #£ Reasoanble ¥
L, e AR RTERE . BATE FC-Net HEZ2H)3ERY_FSZH T FasterRCNN+ATT
Hh B HE R AL, FRATIM S FC-Net+ATT. i#id %} LAl LA HY, FC-Net
PRI 1 B BT B AT TS BN FC-Net+ATT, X 5 Uil 7 FRATHE 4T N B 7 92
T FasterRCNN+ATT 1 173 2 AL o

# 4.6 FC-Net fIFAh B SOERIMERERT L. AT AFHILE, FrARESRER T RRE
FHE.

Table 4.6 Comparison of context modules. For a fair comparison, all the methods use single

scale features.

Method Reasonable | Heavy | Reasonable+Heavy
MS-CNNI#2] 13.22 45.27 28.62
MultiPath®7! 12.19 44.04 27.42

FC-Net (Ours) 11.63 42.77 26.21

DX ARFALE R VRE R A W] DU AR & —Fh BE RY EF SCRHIER G R R T 5
TEZBEER R 3, FRAT L T — e R SCEAN U7k, HRFT MS-CNNE
A1 MultiPath®7, 7E5R 4.6 HATLAE H, FRATHE H Bt RR A T FAR B A 7 i
RN RATTI X SR AELEAT NS B R4 N, mT AR AT A 0 P 0 3 = A
P ERAIANER X 8. M/, MS-CNN A1 MultiPath o 48 7 i S X3, Atk
ToVEF= A HIE R AR

4.3.6 FZHET AN EISEE

FAI 2 HIAE CityPersons S UESEAMHASE EHEAT 1 PHN, Jf HATZHHTH) —Lt
fift PRI FS 1R AT NAS I vkt AT T A, HH A Adapted FasterRCNNIMOL
Repulsion Loss®”'. OR-CNNP3FI AEMS-RPN®, 3 4.7 f&/R T 7E CityPersons 3
UEEE EHUTERERSEL . E T 1.3 s A UG R RS54 T BEAT I, AT 07
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%53 ATE Heavy Fl Partial T-4E It i OR-CNN J7% 8.5% MR Al 1.8% MR [
I £ Reasonable T4 FAHLREE T — /N DMEZ I MERE AEME A 1 A5 R EIE
i}, 'Eff Heavy Ml Partial T-4£ I, Lk OR-CNN Ji/b 1 11.4%F0 1.8% T 145 %
ZR%E (MR,

# 4.7 FC-Net 7£ CityPersons W:iF4E F 1468

Table 4.7 Comparison with the state-of-the-art methods on the CityPersons validation set

with MR2,
Method Scale | Reasonable | Heavy | Partial

Adapted FasterRCNNM | x 1 15.4 - -
x 1.3 12.8 - -

Repulsion Loss>! X 1 13.2 56.9 16.8

X 1.3 11.6 55.3 14.8

OR-CNN©B3! X 1 12.8 55.7 15.3

x 1.3 11.0 51.3 13.7
AEMS-RPNIe8] x1 13.7 - -
X 1.3 12.2 - -

FC-Net (Ours) x1 13.5 44.3 14.0

x 1.3 11.3 42.8 11.9

& 4.8 FC-Net 7E CityPersons JUA4&E LHIMEREN . BRATHEME R H CityPersons FIfEH
BATHIVEAS, BRI ELERERKE CityPersons 1B J5 M55 191,
Table 4.8 Comparison with the state-of-the-art methods on the CityPersons test dataset with

MR2, The results of our approach are evaluated by the authors of CityPersons and the

compared results are from the official website of CityPersons.

Method Scale | A/l | Reasonable | Reasonable small | Heavy
Adapted FasterRCNNM0I | x 1.3 | 43.86 12.97 37.24 50.47
Repulsion LossP’ x 1.5 | 39.17 11.48 15.67 52.59
OR-CNNDB3 x 1.3 | 40.19 11.32 14.19 51.43
FC-Net (Ours) x 1.3 | 39.26 12.24 16.67 41.14

NT A TPHANAF I EFATRE LG, FATEEE RAIE R T, R JER USRI X
T Es R\ 3 4.8 7E CityPersons AR A FFARTE AJIIHAER I, FATR A AT VI,
%45 32 H CityPersons FI/E #EAT 1B 77 VAL, LU £ R4 K H CityPersons
e 7 s, WER AP RATAT LR H, fE Heavy T4E I, FC-Net FIPERELT
OR-CNN 7775 10.29% (41.14% vs. 51.43%). {E All XA R IAT N TFHE L,
EPEE T AR IPERE 39.26% 0 MR 2, A VT8 1.5 £33 B % ) Replusion
Loss J7iE72E 1) 39.17%MR 2, THRAMEH K2 1.3 KK F . TRk
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IR, BATEREATE 1.5 MR EUE F3 Ty, aniReE 1.5 SRR -
AT, KBS EF e, FE H AW E IS Replusion Loss J7%.
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4.10 Faster R-CNN F1 FC-Net 7EIE#IT A LR E R XTI . A EIAHERRIEFS N
BTN BERERTREM, SEERTIREE. (2) FC-Net PERD KRR, (b) FC-Net
Et Faster R-CNN K3l 2 £ BB KT A

Figure 4.10 Comparison of Faster R-CNN and FC-Net on occluded pedestrians. The red
bounding boxes indicate correctly detected pedestrians. The blue boxes indicate false
positives and the green boxes the ground-truth. (a) FC-Net produces fewer false positives. (b)

FC-Net detects more occluded pedestrians than Faster R-CNN.

T BRBATR B SA FI FC BB R AL LA 2, RAVBRTHZ
Kgt . 72K 4.10 1, FATELE T Faster R-CNN Ml FC-Net /£ CityPersons %
UESE BRI G SR, 2B A P AR KRB R RE L. WK 4.10 () ATRAE
i, 5 Faster R-CNN AHLL, FC-Net f=AEH /DA . X —#050 5 B2 TR &
PRFERAEZ BR TR A LS SR, 53— 300 J5 DR X SR A A AE I it 1 A7
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NIV AER TN, (S5 A 45 B0 s s . 76181 4.10 (b) 7, FC-Net #HLL T Faster
R-CNN, FC-Net #3752 PERT AAEAR . X FZ R HT17 NS BRI
Hohnsg 747 N A ISR R A, I8 HAREhHH] T ok B 8RS X e 7 3

4.11 FC-Net 7E CityPersons iEE FFENER. A, BAENSROUFED RS
MR, hIEBIFARERE.

Figure 4.11 Examples on the CityPersons dataset. The red, blue and green boxes indicate

correctly detected pedestrians, false positives, and ground-truth, respectively.

HALE CityPersons HdE Skl | —LL AR AR5, K& 1
R 2R 3047 T ATAL, i 401 Pos. RO ER iR, EHit
A FHEFR R (false negative), ZR (iU FHERIRAT ABRVEHE (ground-truth).
MR L, FC-Net AJ AT ROR e IS AOAT N, BIMEAE S ET I 5 T ik
PRI 45 RABARKG R o ERTIN AR, A — 28 DR R R AT NI 15
Dlo FATHBOR 1 XA SR fr, KB — A il T HdR EARE s K =
B W ARBERS IR UL HIN T AR SO, AT AL T B RA R D b . 1K
FEHRIN A5 R e ] DA A2 — 28 TN AT SR R, AT AR R 48
A2 I AR B R AV RERL AU 1507 55
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18.8% TA-CNN
80 | ~——— 12.9% DeepParts
64 e 10.5% TLL-TFA
so | 8.5% PCN
: 8.1% FasterRCNN+ATT+C
40 | - = =8.1% MS-CNN
7.5% SA-FastRCNN
7.3% RPN+BF
——— 6.7% F-DNN+SS
——— 6.4% SDS-RCNN
= = =5.1% AdaptFasterRCNN+C
e 4 4% FC-Net+C (Ours)
= = =4.1% OR-CNN+C
4.0% ReplLoss+C

230

.20 +

miss rate

A0 F

05 *

103 102 107! 10° 10!
false positives per image

K 4.12 Caltech FIEEMRE HEREXT L. “C” R CityPersons 33T LR F T
I

Figure 4.12 Comparison with state-of-the-art approaches on the Caltech dataset. “C”
indicates models pre-trained on CityPersons. FC-Net achieves 4.4% MR? and stays on the

performance leading board.

1E Caltech ##E 5 FEATINA . BT B4R Caltech HHE AL (1 bRiE A7 1L — LL g
P, BRI ERAT A 7 A& IR bR Y i & Caltech A, IR H MR
YENTEMEFR. FATE SCAE CityPersons FiE4E Fib T TR FNS:, SRIGTE
Caltech YIIZ5%E EdEAT 1750, B 4.12 XFEE T FC-Net 5 477 iR J7¥ELE Caltech
[¥] Reasonable 14 EVFIIZE K. tnE 7R, FC-Net L3 | 4.4%H) MR, {7 T
FLARSE KT, AU 5 RepLoss+C #HZ 0.4%ff] MR 2,

4.3.7 7Eif A BArt MR & i

B 7 RN FAT ARG 2 4b, FC-Net tA] F T8 H HARKEI . A7 iFX—
&, FRAITEE PASCAL VOC 20077 #54E EdkAT 1 t. XA EdEEaE 20 26
WH Hbr, Hh s BE AT UNE LRSEn, amRdE. 2584 A .
F AN S 725 FRA T3 9R 3%8 FH 4 FH] ResNeet-50 [¥) Faster R-CNN 1E A1 (1) 3k 7
%, [FIFFE TmageNet FdE 4 il 47 HUI%. SRJ57E PASCAL VOC HE &I 45
MR EHEATIOA, S5 ERNNASE BT sEl. K 4.9 HRTLUE H,
FHEE T Faster R-CNN $ATHI 75T T 1.3%0) mAP (73.3% vs. 74.6%), JfH.
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TEAR Z 2K IR E#SA T T, fE“aero”. “boats”. “sofa”fl“train” LM% |,
RTINS RIERTET 6.3%. 5.9% 5.9%F1 4.3%. X%t TIEH A PR M
FIE ] H AR S5 K, AR R 2 B3R T o 78 LA DB 280 PR RER A T B,
Bl tnbike”, I AT ILHOE BIBEAT T3 50, “bike”HIBEGE BIEA 2 <AL,
Kl 4.13 s, XARES FHEXS H AR T 5 X ERRE R R AT e, B
IS 7P RE .

& 4.9 FC-Net £ PASCAL VOC 2007 3@ B #rtERE VAL

Table 4.9 General object detection results evaluated on PASCAL VOC 2007.

Method aero bike bird boat bottle bus car
Faster R-CNN[43! 75.8 82.3 72.9 56.0 61.2 80.6 85.4
FC-Net 82.1 79.1 74.9 61.9 63.1 81.4 85.8
cat chair COW table dog horse mbike
Faster R-CNN[43] 83.7 55.2 82.7 63.2 82.0 84.0 80.9
FC-Net 85.7 551 78.9 65.6 82.0 85.6 81.0
person plant sheep sofa train tv mAP
Faster R-CNN[43] 82.6 46.5 73.5 66.8 75.8 74.2 73.3
FC-Net 82.8 46.4 75.0 72.7 80.1 73.4 74.6

B 4.13 BATERAIKIEIER

Figure 4.13 The activation maps of bikes.

4.4 KB

REF AR T HETAT NBOE B RHER 1 5 0 il 247 A sk, Horp
AT NI P — e B 2 SR R B B 47 AL SRR R S T TR B « 2R )5 JRAT 132
AR R PRFIEARAE R B bR X SRR AR 1, Al B A7 NS 35 7 47 A mT A
FO PR, A T R XIBRRAE, AT D ok S X T R )R
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PR B G N bR SCRFIE SRR X 8, SR HHH 1 94T NI K HARZURFAIE -
IS5 KW, RAERHE R 48 24T NAGIIAE 55 EVEREA P Tt JUHAT g7
A IO HAT R B AT e e 2l M B AR IIHESE , 1207 R OR A 2K
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SR ETHHEESE-HIHI-HEEAT A

FEART S, AW T RELF-H W RER 58772, E 9N T R
SJHEmE, IR EAR-RAEDLAC T LHR € O3S BIE R, S H AR-RAE AL
VCHD, FRATFRiZEENZH SHES%>] (Multiple Anchor Learning, MAL). MAL
JE T Z IR 2 3PP (Multiple-Instance Learning, MIL) 522 4% A0 AL 48 15
HE, I HOT o M M AT A A . (B2, FER M Z /B2 1 ik h, X
FERE AL BOT R AT R ME AL o 5 S8 BULE AR IR SR A 35645 43 B v 1Y) 5491
FIRES A AR IOAEDY, 4N 3 B & 43 249 0B SRAKE 50k FE ARSIl 45
TRATTHR T ARAE “IEHE-H0hI- 2 WAL X R — o I 2505 20,
EIE IS YL AN B e R Bl SHE R RFIE SR 2 IR PR AR B AS B, AT k255 I8 s £
PRV ASOHE 2 U0 B8 22 IR B A5 AR B IE B A B B2 5%,
MR R B LSO o XA B SR AR RRAT AR 277 A — N S AR AR Y .
TR B 77 SO ST R B ORE 27 2] B AR N 2 AN NE S 2], MAL A) BAFR 43 i
20 ROHE B AREAE SR I 225 B A A ARG 0 45

FRATT BT S0 2 iy ) A DT LRI 5 SR AT A 41, TR 43 Al AHE DT G AE
AR 0] R AP R o SRR HE R T 2 R 5 5T 1 2l OHE 2 ST AN R AR S
Hk, RTEERA S BFELHA B bR, AT ARER « L £e- 30k 1457
UIgraeng, JFHIEAN 28 T LB e BUGIRATIIE IR A S, RO 4
R, FR AT A4S

5.1 [BlRSH

i HEDLAC (Anchor Matching) #2 H ARl AR i — NP HR, AT R 2%
AT NRTIN 77 580 BAT R el R DL B A AR R R . 7218 5.1 v, JRANRE
R TAT NI E ISR ERERI P AL AE, 5.1 () BoR THmERENELS, H
HER (AT N SARTERE, B CONAT AW W bRiEME. &1 5.1 (b) fERLEEAL
WINT A HARMEEHE CIE AL G R IEAE D o FRATAT LA H 0 6 [ i Az m]
DA o B bR, TALCRRIEHE R o 7 IRE s, e AR A 24T NRFE,
JIT DAE (5 M HE B S A T 20 G A e e o (B AE AL Gt RHE DL R B, X
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T S MRS ARG SR AT N H ARAS I 75

Mg S HEH T /2 IEBIRE A bR, BIEATRIFRIENER) ToU #KT 50%, Firbd
AN S TEX IS A o

(a) FRIEAE (b) {RIEHERB

Bl 5.1 BEFOL T RREHETS. (a) IREEAE, REANTAEIREE, RENTATRL
ERIERE. (b) RIEHERE], WERMLELTFHEARMREE.

Figure 5.1 Proposals in the case of occlusion. (a) Ground-truth, green bbox is for the whole
body of the pedestrian, and yellow one is for the visible part of the pedestrian. (b) Proposals,

blue and red bounding boxes are two proposals.

BEXRHXAS B, SCHR[S2]SE BT 1 IEBIRRAS I HUAE I, B IEGIREA (i 7%
LRI 3 A2 AN 26 o — AT NBRIEERE S5 ARy EHE K H B AR Y ToU 75 KT Bl fEas
T RAGGEHEABREE AT WAERT ToU F5 KT B0E BMER. 1% 5 R E 0 1T A A
SE T IEBIREAS IR HURI T 5. ARIM, XA TR E e i EAUMIAREE S, R
AR AL B, HRIZAN B — R E R T, SO e B ILRE TR >T,
SHRENTLIE

£ Anchor bag

T& Positive example

) Negative example

B 5.2 BETZRpI%I 5 R OWE

Figure 5.2 Anchor bag construction based on Multiple-Instance Learning.
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Bribz 4k, AT HREEFE I BIEHE, 1R 2 NEEBTURHE E AT L
AR AR SR, T BB B AR-REAEVCEC AT A 5] o X R A R A 1
S, IR EAA e RS m . ST B R o5 5 F R RIS R H AR,
X 5O A A U SR oG 2. A 3R M Al ASOHE 1 s mT LA SR i St 72
AT DGR 23 (P B . SR, 7E— 20T TR RO A R, IF ELACR 2 1)
SR CRIAE Y E AR5 8 SHE 2 18] (8 ToUD Ay 43 el w5 ME PR AR vEE AR IR 45 04k 23
AT BT RAT S« WFEA AL B AR 00 B B, WA R 2 A A
25 AR A BRI R B B, 32 B 5 s AEAR R AB A0 S i 4], 4o ]
5.3 (a) HHEF LR, £0HZ A, ToU-Net®fll FreeAnchor™ i Hi T —Lefig
P . RS2, FEYIGRIFE A ATy SR A B A S 1) 43 S0 58 7 B A5 £« FreeAnchor
AR 23 SR8 AL I RS IR B4 m e, (R H R RN B R IR, BT
RS (Maximum Likelihood Estimation, MLE) FIVGECIEFE F-AS 2 F i
¥,

NG, FRATTHRAE 2 R 2 o) AR AR SRR (Anchor Bag), 7E4rifl
HH AT DA ] 0 £ T A i A R AR S A7) s AT, G B 5.2 P o ZE A A DT L v v
A SR Bl SR A AL o XA 22 ) I RE K B bR-RRAEVC G B F 148
SN A HIERL, S E AR-RRAE R ITHED . [RIET, FRATESE H A3 XS
HURIEAT IR, XK= — AN B A A 45

5.2 RetinaNet [E] [

FRATHE H 1) 22 4 s HE 22 3] 7 VR IE L. RetinaNetSWE N IEHE VL, AT LAARTT R
IS 4H—F RetinaNet. RetinaNet & B A7 iyt MRS FE 1 i Boka il 2% 1) A0
B =TT AR, — N TFRAT ERSR, 5T MAET BERE.
RetinaNet = 2848 HIRFAE G 7 BE R 4% o ARIEAFAE I P R MIE R, 2>
&I AT LSRG SR Mt , 170 Bl Y37 X RT DA FH i OREAE 225 A B R T30 B AR
PrE . N TIREBER, WA TR AR IEE S ML S PR R R HIL . %
JE BRI SR AN AP, WS A SHE HARULAC S, IR AU A 2 2
HZE R, TFEXKM Focal Loss K5 LI ZRd 2 oK 525 55 (1 5 B RE A 45 2
TR A B R

x € XRMAEIR, y e YRREURRIIRE . HrhXo2illZBEgES, Yk
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AR S o & BRI R (AREAE, b; € BALE JHIFRZEb{S F1731H]
A7 B b{O¢ o 432 W28 ] U7 0 265 o 8 R HE @ 23 T T 2 114 79 28 A e af S FRASL
BHitHao o AR — g EG H RHER ToU FERARERE R ToU KT — 52 BE N
SWBCE N IEB B R a8 S R R a0 IR LA AER A T
B 2% 1) 5 2]
0* = arg max (fg (aj4, b%) — vfo(a;-, bfls)) (5.1)
fo(DRRr RIS, v 1S9 B mHE Bk AT R o [RJI, S A9 8 A
KA H bR & -
0* = arg max gg (aj4, b°°) (5.2)
ORI IIZHL,  go()E NN FHER) AN AE . A3 5.1 lid H/MME Focal
Loss (Lops(a;, bf™)) KL, A 5.2 i@id Smooth-L1 Loss (L, (aj, b{*€)) K
I
FE W 48 25 2 1], A 70 C ) Bl RONE BT A S 3 B E A 0 A0 A € 6 11 7
>, M 25 R A R NE_E B 7 SR E A2 75 A IX AT B85 BUE ARG A Y R AE
HABARK 7 2R BAS L, R4 RO AT BE 2 i H) AR OB A I AR ol 25 58

5.3 ¥FEiEZFESHIE

AT Y R AL 18 -1 A RFAIE 3G 5 535 2 4 RetinaNet W28 2544 F AT
SEHLANIGAE Y o 12 SR 0 1 0 73 A 58 AL AF 7 B VP A 48 21 B3 £ O i HE B AR
WEFA T Fr RetinaNeto b7, AR Z [ 1 )56 RetinaNet (17 H b5 70 AN
SEALHINLE . TR, FRATRVELHIE IR MAL AT id i vF0h B s e R i 20 280
SENL. e, BATPEH 7 —FRFAIE “ WO PP -2 a7 s, DLSR MAL (iR
LA

—

53.1 ZHWRIEFIHE

TR AR 2 E RR I 2 A T EARAL H A o 7R3 TS AR 22 0 45 1 G
ae i, XA H ARl e AL — L8 B HE B B ME B EAT AL, SREG B
W ZE M3 2K EAG B A E T HER )5 AR R BB A —E s, MaREEE
e KR RNE L B SO — 5 #ERA, R0 AR ME F 3 73 AN e AL AT IR & 10
to FATTIR B L4 S HE22 ] (Multiple Anchor Learning, MAL), RH—FZ£ /R
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19122 2) T3 R AT A ROHE T 5 AL AN 7> R MR AT R S AL . MAL Gl
AR, IR Pk R B AR B AR AT I g S AL . S R E I
R BR300 3, BB B R R SLRE AR ] i s A ) B
fERE,  LAMRIG 5 7 AR M Bk

FE MAL HJIZRB B, B 5eTHRE AHE S H AR FHEZ RS8R L, SR A 1%
B SR AT A SRR R B B AR R . MAL 38 455 H 0 RAE AL 20
HORVEA A P (0 IR B RHE . AERRRIIN RS, MAL 3 % 1) 1451 i
SAERIEAC N ZRIA I, 1A R foe i 15 20 I Bl i HE AV D e 4t o XA A5 = 20
FAG o Al e e € LA 73 IR B E ] AN R & A4k, dnlsl 5.3 (b))

» Score: 0.937 e Score: 0.984 -
. koU: 0,70 - ToU: 0.94

Before NMS

After NMS

(a) BHERE (b) MAL
B 5.3 FEAET RN RS MAL RN R L. ZMAZERETE, AW MAL. %117
RTE NMS BIEZ R, 2 2 T RBEANRNER. ZHRNRTTREEREFTRIESEI
MR A ERATE GRARUFE), REFERIRIBRKEARBERULME (L6
HRHE), X&EBINMS J5 HILKIR S B . MAL P24 8 4 B84 AT e Ar KA A,
Kl E7E NMS 2 J5 AT ERR B R I 45 2R

Figure 5.3 Detection outputs of the baseline detector (RetinaNet) and the Multiple Anchor
Learning (MAL), before and after NMS. The baseline detector may produce bounding boxes
with high localization IoU with a low classification score (the yellow bbox), or low
localization IoU with a high classification score (the red bbox), which lead to sub-optimal
results after NMS. MAL produces bounding boxes with high co-occurrence of top

classification and localization, leading to better detection results after NMS.
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5.3.2 i SIEE SIIRK R

Anchor Bag Multiple Anchor
Construction \ Learning (MAL)

Input Image Anchor Bags Selected Anchors Detected Objects

B 5.4 ZHRIESLIME. ERESTFE Y, AT BinbHR2HE REA4;. MAL 2B&
PR ARE D R B G RE, YPGB RORA T 9 GRS, HRe T

Figure 5.4 The main idea of MAL. In the feature pyramid network, an anchor bag A; is
constructed for each object b;. Together with the network parameter learning, i.e.,
back-propagation, MAL evaluates the joint classification and localization confidence of each
anchor in A;. Such confidence is used for anchor selection and indicates the importance of

anchors during network parameter evolution.

G AL e B bRkl 505 — o g B B AR-RRAE DT HEAT B 22 2] . AR
T B0 LR} BB 1) B AR, ARG AN RE 2 S MO 155 AN [F) A A ZE 1|
R TTIRRE T . 9 T R AN HE AL I B, FRATTA 2 14 5 (Anchor
Bag), JFH HFR-HHEVLAC T T4 € BUNBhaS Hid M, Sl H AR-4E L AL UL
Be, Wl 5.4 FiR. fERRRZE AR, MAL 7E4 S ik £33 4 m i S
PASERTRRAL . SRS, AN 2 DUBT I BLA5 TSPl A~ S2qp], A2 2 SR s AE %6
PR EAA B AR R 2

NTEBEAHAR, BATHEA Hix GRiEHE) WiE— M 4. Bk
TR S RTARENE R BT # S HEZ IR ToU, AR5 3R EURT e /8 pei HE R 2 46 p 0.
TEM 2B AR, MAL BTG A AN AUHE I BEE 2 R0 o B AE B
ZEAE ORISR, R T S I R iz R R AR .
BRI, A ORI ROHE B0 57 21 5 T S ) i s HE 1 2 S TR AR R A 3K 5.1
MAL FIHEAL H AR & 2t T -

{67, a;}=arg maxg q e, Fo (a), by)
=arg maxg,q ea,fo(a), bi ) + Bge(a;, bi°)

KB fo(IMge (gt 1 RAERRIAS 7, B IENALE T B 5N

(5.3)
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i BRI PR I IR SiEa;, BAUREEIMNEZSH07,
R 3 5.2 HE SO H AR B B ONBUR PR AL QR s

{9*9 a;}=arg min@,ajEAi[’det (ajl bl)

=arg mine,ajeAi['cls (aj' biClS) + ﬁ['reg (ajr bL;OC)

ﬁ%Lcls%quegﬁj\%U%ﬁj\%$n IEI UEI E‘JTJ’%% °

(5.4)

5.3.3 iEEE-HIHI-1E5R

A A0 5.2 A 5.4 24N, X AT R G SRR RIERE. N
T GRARAZ IR IR B A RE , FRATIHRE o 3 e AT A BRI K S 5B A1
VB B RHE Y BAS B X PR ST SRME, BN “bHR--E5R” PRAL, DS SRS
fERNEE T, X AR ALT XL 77 2R MAL il .

, == = = Anchor Depression = = = , == == Anchor Selection |= = ~

L4 Anchors !
@Q

-—— - - —— -,

B 5.5 2 REZEI L. SCHRERE OB RARE MBI AR UNV3HRR
FE 48 RORE 6 SRRE 2 AT AN B B ARRE . MAIM 43 R~ Z BT AN J5 o

Figure 5.5 MAL implementation. During training, it includes the additional anchor selection
and anchor depression modules added to RetinaNet. During test, it uses exactly the same
architecture as RetinaNet. U and V respectively denote convolutional feature maps before
and after depression. M and M respectively denote an activation map before and after

depression.

5.3.3.1 FHEEEF

W5 Fa (a;, b)) 5E S, AL G122 749 5 2] S0 1) T~ 6 845 73 o v PO B R
SRTT, TE HARKIM AT 55 b, NN B IR A5 2 do o (R R EA T £ AL
KRN AEH A, X — R DR S 2 om0 5 IR EPIRTIRAIE  LE I 2R B
RE AT 5.3 ik F45 5 fem (R RORE R SRS, S AN m e, AT T —
it “All-to-Top- 1" ¥ B FUREEPEHENE . % AR fEdr, FRAT T2 1 i/ f
F i ps HE PRI AN | A | B 10 FRATTSE XA = %ﬁ&%ﬁ@iﬁ@z, Hrp RN rp 2Tk
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IRBTIRAEL, T RIEAREL. R 5 5E L (W) R HEFF SEal i S AER 2= 51, JF A
AloM =141+ A=) + 1. &EAN 53 PEEK:
{6, aj} = arg max g jen; Ljep(n) Fo(a;, b;) (5.5)
ERIHNZRIE R, MAL FIFH 2 A sOERAE 2 IR A, JRAE IR
JE B BRI ST A A A B AR R4 A

5.3.3.2 $FEHDHI
T SO R RN, FRATT 75 2R 70 Lo B A B A R B T
SRR MR K, AT T AR R, G sl A
HERVRAIE, VARRRHEERE, i 5.5 Pon. 2 Ry 1R R E 6 mi e
B IMASINZRL R, T LA 0 25 5 8 4570 fc K 1A Bl ME B 10 FLAd i
RFERLTE R T AP A R o AR B RHEANE R B 7 Bl Fos UM, S
T M =Y, w U, HwRURERRCEM, RUREERS . K5, R7EE
R B IO T I R R A R B I HRE R M = (1 - 1p) + M, HH1
& 0-1 FaRiRl. PREBUEAE . sl i A AT RAER S
V=>0+M)U, (5.6)
XHLR ALHERE, oRIRIBICR M. EALESAUL NS, 2 Qb s R
5 R
V=(1+(1-1y0)*M)oU, (5.7)
XY Q)RR 2 DAME R FHEHEAT 0], 725 85200, TATIER T 3 M.

534 Lo

et vt 2 S 1D S 1 U B [ S W E AN Rl 2SS U S = v BV E 9
JI IR BIA5 7y e R ROAE , X el OE AR A TN 0 R AL L PR R R AR SR
R RS Sh P A S HE AR R, DR EATH BARRE, IR Rk 45 K18
SR RIE R “ IR0 E 5 SR AT A B A 2] SR MAL B B be eR 2
HFA. Gkl 5.6 B2 Z R, MAL G$F 7 SR FER N 1 3% ki
B Jry F dme IME T o AE 55 TR R, e Bl AR D B, B Al 2 O T,
DASUR MR s/MERE “HER”, ik MAL W RIGRSR R T — AN R ME. 4%
WSS, MAL WA B LFHINL Bk R A, i 20 5 4 1 A
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Loss function Selected anchor
(in red)

\lAnch or Selection

Anchor Depression

Anchor Selection

B 5.6 MPRMATIE. £ 1 FHLP, MAL G T RIS RAEFBARIBRME. 5
2 MR, HREMRI S INBIAE, Fit MAL S984MAA. X, MAL A EXKH
SRBIBAERIE

Figure 5.6 Optimization analysis. In the first curve, MAL selects a sub-optimal anchor and
gets stuck into a local minimum. In the second curve, anchor depression increases the loss so
that MAL continues the optimization. In this way, MAL has a greater chance to find optimal

solutions.

53.5 FiEHT

AL T H FPN 4584 1) RetinaNet Krill 23 1E i 770E, 7E T BEAE 58
BT MAL 535, HSHEf % B 5 RetinaNet BUEMF, HAE 9 M HHE %
B, Hob 3 R RUNE B R/ NGRIBCE 43 50 {20, 2173, 22/3Y, 3 Rl RHE A 5 L
{1:2,1: 1,2: 1} AEXHFIEEFIER L, HXTFRNEGR T, #SHEnT DLE &
M 32 F] 813 G &G

FEM SN ER AT FE T, AT B AR AR B A5 FE Fp (a, b)), A
BMEA 540 WRYEEEEE, EBEATRAHSHNE. SRS, 75T H SHER B T
RN SH . R REZ G, BT AR IR 72T — R, B
AT 5 RS 60 TR DL IE 35 e 19 20 ROl R

AT S RetinaNet SE4AH ], 38 b FH IR0 (0 9 28 K Tl
SO EORN HARIL FAE, SR 5 R g Rk B AR AL . BT MAL B0E
AU TR 25 I ZRad R, W] DA o3 S0 A AR MR IR ARFALE , 7R MU BT R AR [,
DAL AT 25 28] (RO ARSI 255 T ZE AN A A UH S5 B AS (15 10 T SE B e T
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54 XWERS 7

N T BRAEAS B TR R 22 Bl ROHE 2% ) VI 0, FATI 43 S AE ResNet-50.
ResNet-101 #1 ResNeXt-101P1 ] & b it 4T 1 925, JF/E@H B br £ 4k %
MS-COCO HHll 7 %7575 FATHAT 1 IH RIS AIGAIE MAL Hh il R e 3340
Bl HESD AR AT R o 5 LA NI 3 0 A SR B0 EE « SES43 d LRI 4 Bl
& [WARFRIA P e

54.1 LWIRTE

FAMEF T A FPN f ResNet-50.ResNet-101 1 ResNeXt-101 /43T
HAREIL)Z (Batch Normalization Layer) )2 $07E I 2RI BL [ 52« 64> GPU
AV 2 M8 A — AN, RIRTE 8 A GPU i AT 16 TR B A E AT 1 45
WILGS SR BN 0.01, TEIIZE ResNet50 IR, 75 E LR 135k ik 7E 90k
A 120k YNZREARTEIS 5 27 > 232 10 % - 1M AE Y25 ResNet-101 H1 ResNeXt-101
R, F5ZEUIZR 180k kAR, [FIRFAE 120k A1 135k YIZRak AR EL I iz i3t 47
) FIE IR o W EALAAT T [E] 22 BE WL 2 T B (Stochastic Gradient Descent, SGD)
k. BUE RSN 5 E N 0.0001 F1 0.9, £ERT 500 VISR, R2 1% H]
LEVETRAAHNS (Linear Warmup Strategy) #EAT7UI1Z5. FRATI F8 ) B bn D045
5 MS-COCO BEATTEI, B 80 M H ARSI . AL 11.8 Jiia EHEH T
IZR, S THR R BT 3000E, H .20 2 J5mE UG T- 0K 3 A P38 #Eif 22 (mAP)
PERARTTIVFINAR R . TEVHRSE T, FRATEH ResNet-50 1EyHEME, F HALH
COCO-minval LM T1HI, ZHEEH 5 TIEMKE .

5.4.2 $FHEIEIFIIESCLE
£ 5.1 #HRAEPARYESEEET RN

Table 5.1 Detection performance upon different anchor numbers k in each anchor bag.

Method AP APso  AP7s

MAL (k=40) | 38.27 56.67 40.81

MAL (k=50) | 38.39 56.81 41.14

MAL (k=60) | 38.08 56.11 40.18
B R AR AT HE T, B IGE G A HE I B i A R . 3R
AR S AEBEARRE k, FHEXEE TN R, Wk 5.1 . 24 k=40,
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50 F1 60 I5f, AP {EAAL FFE. 4 k=50 I, AP fEHHUISHRKME (38.39%). fEHEF
Skfpyseae e, FATIEE 50 M AHER TH@EM S, R 52 BR T AR SAE
R SRS I VERE . 0 A o5 0 I 255 M B AR R 4 RetinaNet (143 Bkl
RHERE TRIE Z J5, AP M 35.46%3& T 2] 38.14%, WK 5.2 H MALAS (al) 7.
{E RetinaNet 1, W —AMSHERL B HERf, (HREARERSM»EES, 1

TR SR AN 2o 0 W 2 1 S H08E O o TS R A s B0 I RS 2 5, TR 2%
IR FE T, X PR RRE 2 O — IMBTE ML, WA 24 eI fe H
AL SIS LI B3 — 4R T AP & 38.39%, BIAEYIZRIT 4G I B A% FH T A48 o5
HE 5 AEL 2 Bl o5 I ik A2 T ek A5 FH 8 A (R 280, sk 5.2 MALAS (all-topl)
B o IXIRUE TESLRATE MAL R 10E 2k, BIARZER B A SS.

R 5.2 HRAEIEFSRISIEREN L. “S” FRONIGBHERNE.

Table 5.2 Anchor selection strategy ¢(2). “S” denotes “Selection”

Method AP APsy APy

RetinaNet 3546 51.61 39.37

MALAS (all) 38.14 56.81 40.81

MALAS (all-topl) | 38.39 56.81 41.14

5.4.3 FFIEHANFIIIESE

a5 constant
step
0.4 symmetric step

03
=
=

0.2

[

0.0

0 HO00 2000 000 20000 100000
Training iteration

& 5.7 TR

Figure 5.7 Different indicator functions

FEX—H s, FRATBCKH IR BN N 2241 RetinaNet H1, SRR E|IA
X 5.7 FHE S EMTERREWQA) . FATEI T =M~k e % e s
BRI (constant). FMERTE/NEREL (step) AIXTERIMBEFE/REREL (symmetric step),
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B 5.7 Fm o 85 1A H B R R BRI AN I ZRId A2 h R R [ FR 40 ] L]
EIfEVER T b, FRATHIHIAT 50%M B RFFIE. HXANMERREZ G, APE
B T — 55, M 35.46%0 /0 %] 35.25%, 413 5.3 1 MAL+D (constant)fi7~. [%
R0 B R o] B R AE VISR IR B, W4 K S BUR BENLYIAR G0, FEIX P 2]
AR LB A AR 36 2 BB TE 2 R R R A R R AR AR A
B 0%F] 50% EHEARIG I, 1ZfRR R EO R PERERE KB T 35.88%, W1
5.3 1 MALA+D (step) 7R o 3% ARG A8 NAZTEVIIEIT BT AL, 285 %
WA FHADBIRE . 25 3 MR RBUR TR B R AL, B RN IR, IR
I A 0% N2 50%, SR 5 FEFFEAKE] 0%, W1l 5.8 F11#) symmetric step lizn. 7E
# 53 hAE[LIEF], MAL+D (symmetric step) 5] T 36.18% Fe 1 AE .

R 5.3 B AR SIS AERERT L. “D” RIS . HHATRE. AR R HAxT
PRI R 7 B B4k LA

Table 5.3 Depression strategy Y(1). “D” denotes “Depression”. The constant function, step

function, and symmetric step function are compared.

Method AP APso  APys

MALAD (constant) 3525 51.72 38.92

MALA+D (setp) 35.88 52.34 39.63

MALAD (symmetric step) | 36.18 52.66 39.88

5.4.4 JRPE-HH-1E5R RS S AT

B, BATERALEEE B EATAL 7 MAL [52m, aii 5.8 . 28
1 AT A% 3 472 RetinaNet [URFLE ATRLAL, 28 2 47 A1 4 4772 MAL HJER 7T
AR . X R T B R AE 10k 50k AT 90k IIZRiEARKEIN =4 . Jlit
PRI, MAL W] DAGE H s BRI 2 HR 5y, LLanss 1 g f A B 47 20 Bt (1
fr B . MAL tn] DU 5 eh (08 2 DX, LR an sl 2 i@ 8 Fr 2 A 5 H AR
R OFEIBIX I, XKW MAL it 74FAE, (XS8R E & T H AR RrilAE
55, ARSI 5 W] UL SE G A A
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& RetinaNet

RetinaNet

Kl 5.8 RetinaNet f1 MAL R A EXT . XEERSIERTE 10k 50k F1 90k YIZRiEART
FEAEI . WS 90k YKIERF L EME R, MAL 3RE T HIFKEEAE, N\HEET BT
ZRGFREZIS, FHH) TR EG R AHERE D

Figure 5.8 The activation map comparison between RetinaNet (the first and third rows) and
MAL (the second and fourth rows). The attention maps at the 10k, 50k and 90k iterations
are overlaid on input images. As highlighted by red boxes at the 90k th iteration, MAL gets
better attention maps which activate more parts in the bicycle image and suppress irrelevant

parts in the cat image.

60 -
HEl RetinaNet
55 - I MAL+D
B MAL+S
I MAL

52.7

50 -

AP APys APy

& 5.9 £ COCO-minval FHEE = MAL HEEXT AT R4k . TEFEHR AP, AP7sF1 AP L,
MAL B BAR TH AR EE (RetinaNet). “S” Fl “D” HIFRR “HBE” 1 R ” 40k,

Figure 5.9 Ablation studies of the anchor selection and depression modules on the
COCO-minval dataset. On the metrics AP, AP75s and APso, MAL outperforms the baseline
detector (RetinaNet) with significant margins. “S” and “D” respectively denote “Selection”

and “Detection”.

FER 5.9 . Bl GBS PANE (A RE. FA 1 b
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BT AP, APso Fl AP7siX 3 &/NabR. JRAAEEHETT VLI AP /2 35.5%, fE{EAHH
W2 J5, AP BEINE] 36.2%. R kBRI 5 AP #E— B INE] 38.4%.
S PR AN AR 2 TR RO B 1) 07 AT VI ZRIS , AP #E— 54 &3 39.2%,
LR 1A RetinaNet AHLE, MEAEIRE T 3.7% (35.5% vs. 39.2%). [AIHTE AP7s Fl
APso LRI T A AP AH R HE K

5.10 SR TN A RIRER RS . WTUEH, BEMEAMYIG T A
T CEEnAR B ) R PERE RIS . SEEMETVEALL, AT
T RERAL T X HAREN 2, W 5.10 HEE A (Loc). RIS
YA 28T A (Area Under Curve, AUC) M 15.7% (45.5% — 29.8%) P& Z|
11.6 (58.7% — 47.1%); X T IXZ, M 13.6% (63.3% — 49.7%) F&AILE] 10.6%

(74.8% — 64.2%)

1.0

0.8 0.8
c [16.0]C75 c [35.1]1C75
o o
oot [29.8]C50 i [47.1]1C50
S Bl [45.5]Loc S B [58. 7]Loc
Qo4 WM [45.9]Sim Qo4 WEN [59.1]Sim
o [ [59. 6]0th o [ [69.0]0th

0.2{ I [71.3]BG 0z{ M [84.2]BG

[ [100. O]FN [ [100. O]FN
0.0 St 0.0
0.0 0.2 0.4 3 . 1.0 0.0 0.2 0.4 3 . 1.0
recal | recal |
(a) BEHEFRE (ER=FR) (b) MAL (Z5I=2FRl)

1.0 1.0+

0.8 0.8
g [37.7]C75 g [50. 2]1C75
- 0.6 [49. 7]1C50 @ 0.64 [64.2]C50
S B [63.3]Loc > B [74.8]Loc
©o4 mmm [63.6]Sim ©o« mmm [752]Sim
Q [ [68.6]0th Q [ [78.2]10th

0.2{ WM [77.2]BG 0.2{ W [86.1]BG

o [100. OJFN [ [100. O]FN
OIC{‘)AO 0.2 0.4 0.6 0.8 1.0 0'%.0 0.2 0.4 0.6 0.8 1.0
recal | recal |
(c) EHERE (EH=-N%) (d) MAL (Z5HI=X.%)

B 5.10 MAL a4 RE 2t

Figure 5.10 Quantitative evaluation of detection performance. Top row: performance
comparison on toothbrush detection. Bottom row: performance summary for the kit

category.
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545 SHAMHEIREHITHER

FEVE R LR R S HABCE TR LS, JATHER 5.4 ELE T MAL Ak
1 RetinaNet J7VERITERE. 764 F ResNet-50 i, MAL X} LIk 575 M 35.5%E4
#539.2%, #IFT 3.7%. XFT ResNet-101 Al ResNeXt-101, 437l it 7 4.5%
M5.1%. XU 7 MAL fE & E M BTG T Al FERIR T

K 5.4 MAL 7E£ MS-COCO AL D MEMEFERE . MAL BERFA TR

Table 5.4 Performance comparison with the baseline method (single-scale results) on the

MS-COCO test-dev dataset. MAL improves the baseline with significant margins.

Method Backbone AP APsy AP35

RetinaNet ResNet-50 | 355 51.6 394
MAL (ours) | ResNet-50 | 39.2 58.0 42.3

RetinaNet ResNet-101 | 39.1 59.1 423
MAL (ours) | ResNet-101 | 43.6 62.8 47.1

RetinaNet | ResNeXt-101 | 40.8 61.1 44.1

MAL (ours) | ResNeXt-101 | 45.9 65.4 49.7

fE3 5.5 1, JATE MS COCO Hi#afk LB 1 MAL A5 Boker il % A
W Bl 2%, IF HA%H AP P 2T HES . v T AR, RATEE
GRAT IR PREI 0N 800 142, JF H K AREET 1333 4.

o T BRI A, FRATERE T T YOLOWIPT SSDIsSl, FCOSM8,
FreeAnchor™ 1 CenterNet™ 55 MAL #£47%f oo i FH ResNet-101 F=+#, MAL
A S RUEE 43.6 % 1 AP, L JCH s HE ) 7772 FCOS 15 2.1% (43.6% vs. 41.5% ).
fii [l ResNeXt-101 FFM, MAL &3] 7 RRJZH 459% K AP, H&ixH)
FreeAnchor #HLL, FISEHL 1.1% M (459 % vs. 44.8% ). BILLEHTH
CenterNet =i 1.0% /] AP (45.9% vs. 44.9% ). {Hj& CenterNet {if Fl {2
Hourglass-104U"OWE G F /2%, 1% E T M2 H A ResNeXt-101 2 K22
o BERRX P BB YRR S T, RATINECEBA T 2%
#. fEf8H ResNet-101 F1 ResNeXt101 HIIHHL T, 2 REENAAT MAL 1) AP 47
FAR R 45.0% 1 47.0% .

5.5 104 MAL 5 BAT AL X Boks I 5 2547 1 ELRL, A 4547 FPNUO!
[f] Faster-RCNN, Mask R-CNN[%U, ToU-Net!?/f1 Grid R-CNNI!'%2l, MAL fJ#&1]
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PEREAR TR 2 BB BRI S . REAE, ERAMEETHMBNT, ErEaett
BIEH) Grid R-CNN Al 238 5 H 2.7%  (45.9% vs. 43.2% ). R —Fh 4 My i
FPERIM BT S, MAL O& A T XU BRI 2% 1 B9

AT T MAL J7iEA BN — e g 5. wT LR H, BAT IR A
M T EZAKAER R B AR, EenE 5.1 58 1 AT AN SRS 3 4T A
IA)T o IR INEER S BT B, B R AL T BT i

(@) RetinaNet (b)MAL
B 5.11 £ MS-COCO K-E£E F RetinaNet Fl MAL 45 5T b . A EIHFERRATT
A BB T VA R TR I B/ E AR .

Figure 5.11 Comparison of the detection results between RetinaNet and MAL on the

MS-COCO val dataset. Left column: RetinaNet. Right column: MAL.
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£ 5.5 MAL 7E MS-COCO AL - F M4BT B8 7 =R RERT EL

Table 5.5 Performance comparison with the state-of-the-art methods on the MS-COCO

test-dev dataset.

Method Backbone AP APso | AP7s APs APum APL
Two-stage method
Faster R-CNN-+++64] ResNet-101 349 55.7 37.4 15.6 38.7 50.9
Faster R-CNN w FPNI" ResNet-101 36.2 59.1 39.0 18.2 39.0 48.2
Faster R-CNN w TDMI'%] | Inception-ResNet-v2-TDM | 36.8 577 | 39.2 162 | 39.8 52.1
Deformable R-FCNI1%4] Inception-ResNet-v2 37.5 58.0 40.8 19.4 40.1 52.5
Mask R-CNNU01 ResNeXt-101 39.8 62.3 43.4 22.1 43.2 51.2
ToU-Ne!®?1 ResNet-101 40.6 | 59.0 - - - -
Cascade RCNNI!03] ResNet-101 42.8 62.1 46.3 23.7 45.5 55.2
Grid R-CNN w/FPNI[102] ResNeXt-101 43.2 63.0 46.6 25.1 46.5 55.2
One-stage methods
YOLOv2[67] Darknet-19 21.6 44.0 19.2 5.0 224 355
SSD51316°] ResNet-101 31.2 50.4 333 10.2 345 49.8
YOLOvV3P7 Darknet-53 33.0 57.9 344 18.3 354 41.9
DSSD5131106] ResNet-101 33.2 53.3 35.2 13.0 354 51.1
GA-RetinaNet!'07] ResNet-50 37.1 56.9 40.0 20.1 40.1 48.0
MetaAnchor!!%8] ResNet-50 37.9 - - - - -
RetinaNet(®®] ResNet-101 39.1 59.1 423 21.8 42.7 50.2
CornerNet!!%] Hourglass-104 40.6 | 564 | 432 19.1 42.8 54.3
RetinaNet(®®] ResNeXt-101 40.8 61.1 44.1 24.1 44.2 51.2
FCOSP3! ResNet-101 41.5 60.7 45.0 24 .4 44.8 51.6
FoveaBox!!1% ResNeXt-101 42.1 619 | 452 | 249 | 46.8 55.6
AB+FSAF(! ResNeXt-101 429 63.8 46.3 26.6 46.2 52.7
FreeAnchor!®3] ResNeXt-101 44.8 64.3 48.4 27.0 479 56.0
CenterNet[®] Hourglass-104 449 | 624 | 481 256 | 474 | 574
Ours
MAL ResNet-101 43.6 62.8 47.1 25.0 46.9 55.8
MAL ResNeXt-101 45.9 65.4 49.7 27.8 49.1 57.8
MAL (multi-scale) ResNet-101 45.0 63.7 48.9 28.0 48.0 57.0
MAL (multi-scale) ResNeXt-101 47.0 66.1 51.2 30.2 50.1 58.9
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5.5 KRB

AR T — M U SEUI ST 1%, AR N2 A SHES: 2] (MAL). il
Tl RN SR BRI A DA A AR 1) 23 R0 AL, MAL K AR (1 F T4l
HE Sy BCHL I TH ORI 25 2] (0 H AR-# UhE” DUECHLA] . FRATIESR T —Fh i 5
() FE- 3] -5 SEIE SRR AR MAL B N ALK B o S . 5 35 v A 0
RetinaNet #HEE, MAL #2711 HARF IR . #£ MS-COCO #flatk |, 55
Bkl 7 s e kAR T iR e, IF BAR T VR 2 SOt I O Bk U 75 v . 3
PRI BSOS L T A I B EE IR B, T FLIE 5 B T A B B s R AR 2R T
FRATI AR 9l SR IR 2 S R4 T —ANBr 1] £ MS-COCO H Al it 5 -
[RIS2Be KM, MAL 72 AR [F 2R 2% %t b RetinaNet 847 53 3T, 3153 1 85T
ORI 45 3
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1 B AR GRS 7T 4 )

AR 1] AR AL BOAT AAE A B AR IR 55, 73 AR 2544 L RF Ak
FHES FFIEAL = A7 AT T AETS, R T B G RRAE Y 5 5 7. AT T2
WEFCALEE : SRRDEE R 28 F T B & SRR TR SR, FFAE AR B - M5 R A1k 1 5
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6.1 KX TIERLE
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A HARBIFFER N, I A S e R AT N AR LR o A ST 3 0 50 AR
RUTE

(1) $RH—F T E & SAFAE I 58 (1 9 25 4584, BEERARE R 4% ( CircleNet),
ST 7RSS AT AR AT NAS DU R HERR 12 o RFAIE 4 - B X 2802 — Rl U2 2R
FAAESRIUN 2%, (R BB DR Z AR ERAE AR LR G . ik, 32 HERRTE
2% (CircleNet)o 14T FRAFIE S T HE W2 2540, 19N — 2% iR = 2R 2
PRI, HRE T2 SR J2 10 T8 B AR 2 38 2 1 7 20 % A ) PR 45 ),
IR L 0T LR S AL N FRTE IR 4% o 129 238 5 1 B QAR & S, SR
A RIENERAT NFFIE, R IEAE ORI 5 23 R i[RI B SR 1 U5 S . S50
HIAIE 7 FRARIE IR A 2% 22 O0F MR b AT N BEAT R I AT R o [RIIN &5 5047 N 5K
153 RV RFEHE , AEAFPORIEIA N 2% (1975 7149 31 7 it — 0 R 3%, 7E— AT A AN
AT N B3R TE 7R A AR 1

(2) FRHERHERHE (FC) Bk, 8458 /AT AR AR, [RINHIH] ok B
A X I P o SR — PR R R AT AR BRI R TV, BT E
SCTAT NBOEAE S, 12 2 R B2 5 AR R BN 8 T 2 B AT N R R AIE
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EAnBED . MRS . AR5 A A BOR R, RIS 24T A BoE K.
T T A g R B RRFAE » BEAT A5 R SURFERHE o 7E SR H b JURFIE 2 e
FATHAE A A ARG X IR A HE RS ol R IE, 2R A & HAE N B RSB, W
LA 318 ST NI AEAS S8 o BRATTRITTVE Al DA N 1 1t AR 345 155 0 o o it
GORFAE, e A AR A o) DRI A R A RE B AAT N AEAS RIS R M5 D0 K #8
AT LS A IAT A

(3) $& HRFIE L -1 FRF ARG 9805 7%, PR A2 A RAEY > (MAL) &
e ARG AR S SR, IEGIE SRR A RS T mAE AT AR 2 1)
) ToU, BRI EAZAY HAR-FRAEVCACHEAT 52 20 o SR, A1 LB R B 45 )
HAw, ARGHT5 A GEZ R G A A B RO DI SR h O DTk e . AL, 3RATD
SeH 7T 2RI W 2 S HE SR 2 SR, I ENE SN RS S SRS, IR
H bR DL BC N H T 36 € SONBh A HaE R, SEIL A ARt AL I E . B
BEZ Ak, 9 1 HRE VLA B ArsE SR H A0 28, BATTHE HAE ARy Ak e 6 - 10 )1 54
IR DTN RSN, X ZEMF T AL B RAE I B B R S i LR 0L Seig T, 7
B 3 AN TR, MAL J532 LE i B ik 05 0545 21 1 PR e AR P s

6.2 RERILIERE

AT NS DUATI SR S — T 7008 T PR FEURAEE o A AR ST o e 1 LA S
A AT T — SRR RIS, IR T — Lo R . (2, 208 I RAT AR
AT IR — TR, KA BR BN T BN B I 5t%, N EiEAf
FE—LeBA R, ARETAMTEE. 856 A ATE R0 m 8, &T ARk
I CAESR H DA R 2.

(1) &35 B U8 Sk R 5L AR AOG PR AR AR 1 5 9 2% AR Al o 1
AT NAS[F) 53 2 R0 A4 5 HURFAE SR 1) 88, (BT SR T I 15 R U8 5 0 R 1) R AL
FEABAEA S B2 U0 L, 4561 1R BEUE Bk sm £ 58, ik
3 FRATG PR ARFAIE 18 548 D9 265 (1) B

(2) AT NFEE IR AE A i ARG 44T AR, 38 T 47
N B B AT NS BT AR ZRAT AN AT ILIX IS, L 0 4 HAT X 814 1) Ja i e
X ECAT N, FATR 2K 73— 20 B W2 AT AT R 23 v X3
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(3) eI Z=IEM B AR ASCHR IR CAHE 208 A B bl 1
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MEAHERATR, £S5 Fh AT O A8 H AR rh b AT TR R . il T3
o By i P R LAAS B A St I eh A S Ehn s Y B AR AR . AE RO
AR, FTRASE & W48 5 S RE 1R ) B A G2 S B AL, BT
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