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B4R 0 K T RIEE A A B ML B AR 69 2 A AR B AR AR A 69 mAP 18470 92.9%, Ak B 22.11ls, i
AN R, AR,

KR B AR, FEEY, RAIET K, EEANE, S LENE

REES S TP301
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Object Detection Model for Examination Classroom Based on Cascade Attention and Point
Supervision M echanism

TIAN Zhuo-Yu!, MA Miao**3 YANG Kai-Fang*

(School of Computer Science, Shaanxi Normal University, Xi’an 710119, China)
2(Key Laboratory of Modern Teaching Technology of Ministry of Education (Shaanxi Normal University), Xi’an 710062, China)
3(National Engineering Laboratory for Integrated Aero-Space-Ground-Ocean Big Data Application Technology, Xi’an 710129, China)

Abstract: Smart examination classroom is an important part of smart campus, and accurately and quickly detecting students in the
examination classroom is a basic task of building a smart classroom. However, due to the dense distribution and imaging difference of the
examinees in an examination classroom, most of the existing object detection methods can not precisely detect all the examinees in
real-time. Moreover, most of the object detection methods rely on predefined anchor boxes, which are lack of portability. Aiming at the
above problems, this study proposes an efficient one-stage object detection model based on fully convolutional network, which is

« EETH: MR ARFEH 4 (61877038, 61801282, U2001205); Bk P Uiy K24 0T 57 A= €135 B1 BL 35 H i 151 (TD2020044Y); 45K
b — A Ak DK Hid I8 FH AR B 5K TR S = T TS A (20200201)
WK IN ) 2020-05-08; 14 K5I [ : 2020-08-08, 2020-12-03; % H I ] : 2020-12-03
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anchor-free, with a prediction on the input image in pixel-level. In this model, a feature enhancement module is firstly designed based on
cascade attention, which can effectively enhance the discriminability of the feature map by gradually refining and modifying the features.
Secondly, in order to enable the network to distinguish overlapping objects in the examination classroom, a point supervision mechanism
is proposed. Finally, this study verifies the above model on the special dataset of standardized examination classroom. With the cascade
attention module and point supervision mechanism, the proposed model achieves 92.9% in mAP at the speed of 22.1 f/s, and is superior to
most the state-of-the-art detection models. Especially, for object detection in new classroom environments, the proposed model achieves
the best results.

Key words: object detection; smart examination classroom; anchor-free method; attention mechanism; point supervision mechanism

AR L A F MV FIRE ) 0 E 2R, O T a2 AR AT . e ST, 495K
BIAF RN IE, FE H a5 2R A A G BB g5 A 7, RIS Bk 7 5 i A 3 1) 7 s AT I
Z. R, TG RERBNEIRERER, IRKELE 2, HAFHRERZTBEMR, WHEALAEESH
T 57 55 8 KT S BN IE 57, O VR RAE X 22 A 3 W 4 i 11 AT o I, AT A DR IR 2R B S AT N
R, ] g B 25 1, ds R SR TE T SIS B AR IR 25 T IRAT IR 2 2825 0K, SR AR AT 0 I R Ak s 42,
TR N LR T B IR RRAE 5 A P B A s

% W H bR AL I HE AR AR e fb Mn 4525 AR 1wl R R FEE AR . AR, H AT AR OG5 3 A e Ak R
RGBSR . 201045, Lu % NVER ST 2% 37 Py (03508 43 BE 04 A5 5 4l )0, B2 41 T 3 1 i 2 AR R AT 5% 1) %
PESERAT I T V5. 2007 4E, SRAR 5 A PRI 5 22 400k 5 W 2 1R 45 4 1A R 3 M LA 2 v 1)
AT R, SEISREAT A B A SRR RTIUR 42 E X e 5 i34 SR P A 5 1) PR AR A B ARG S A T, A7
TEAUER AR W ER, BB A ) B, JEIAH 2 52 RS E I 75 5Kk

H 2012 4F Hinton £ AP v 5 35 810 25 1% 4% (deep convolutional neural networks, DCNN) AlexNet 3
73 ImageNet #k ik 26 7 DOk, AR YERE SR T IR WA, R T RV TE RSN %
(convolutional neural networks, CNNY (¥ I H AR K I 5530, 3485530 T B0 S 19 i BoA: i 570 5 0 i B
w\j%{é[&lZ]'

P9 A BB 9 A 2 XK ) 2 B B 2y AN D B, AR TR HE: 2014 4F, Girshick 25 AR T
RCNN (region-based convolutional neural networks)f %4, i F i £ P53 22 28 i e X 8k, 2 ) T8 ok 46 A i 45
28 PRI X S R E, 4R J5 T SVM (support vector machine) s ik X 2k 47402, WKAE, Rtk — 2D AR 151
5745, Girshick % NSCHEH T Fast R-CNN BEA, Sk 4k 5 45 AR AE R RTR 4 X 1503t 4 2 (region of
interest pooling, Rol-pooling) K42 I # X BUAFE; 2017 47, Ren % AN T Faster R-CNIN, IR X Jsl i 2k 159
##%(region proposal network, RPN)A= a3 DX 38, M S B 21 sy R0 AL, 4 v 77 RS0 T8 18 F0ORG 55, 4R, P
BESTVEAT N B30 0 ST I 28 N T ) 3 35

i, BEFLN B T YOLO (you only look once)® 41 SSD (single shot multibox detector)™ 45 i i B 54
R B SRR FH A R 22 00 29 S0 s BRI AR IR AE, JF BT (513 H bR 128 S5 60 &L i, YOLO ¥
G515 g 22 AN WA, I 4 T 45 A Ak o A 10 288 Sl Ry 87190 SSD R A Faster R-CNINH [0 216 56 i HE
eI FEAE 2 AN RO R AE B S RS I H AR, 7 R IR I, S8 T 55 Faster RCNNUVAH 2 (45 i
AR v R BUEE AR IIRE B, 2017 4, RetinaNet #5528 i (1) 43 28451 2K M 51 Focal Loss A 2 ok T 1E SiREAR
ANY 1), TR T R SR, LL SR 2 SR HE T S B0 B HE (anchon) O BEAR, AR B T #
THEBINHHES S, 07 B85 G 20 RSB I 23 A0 45 50 I &2 2.

AR, AR T V8 % JCHIHE (anchor-free) (K H ARG N &35, 8k G T T3 v 85 A, 3 FT T 460 0 3 A1 %% 4R
SRR 22 F 8K B A, G2 TR () L A D B9 T 20 A9 X ARG R o ARG 2K o O AR 2K
ik, 2018 4, Law 25 NI¥IHR () CornerNet 4 3 iek 00 £ FBIHE 1) 2= 1 RUA R A0 A A1 5 R0 HL b, R 4R
T BE S G- v A 4, FELHE A 5K A B AL JZ (corner pooling). 2019 4F, Zhou %5 A 4% i ) CenterNet #5595 H b
WA —AS 1, Sl (0] )45 20 20 H bR E v, B R ~F. 3D frE . 7, HEAM [, Zhou 5 AR
ExtremeNet £ 200 & TR H AR B R AT 4 MRAE SR ic H bs, 208k % 7 9 AT (50 F 4 AR L [ ) 1 iy >k
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fy 1 RS T AR T S B A ARG 92 0 VI I TR, T AR B R T 3 A S R E R X A R
WS, Huang 55 A 7E 2015 4E4E H 1) DenseBox 5% 12 4 ] 4= 45 1 19 4% (fully convolutional network, FCN) -5 4]
15 4 7 M SRS, EA TN AN (R RBE 1 D b B HE i £ 312, 2019 4, Koong 2% A4 Hi 1) FoveaBox #5714 3 it i
T2 30 M6 PR PR 7 H RRAE A AORE R, AR5 (0 A5 7T REA7 78 H AR IR B A 155 28 3 6 6 1 4 FEARE D,
[A]4E, Tian S8 A$EH T 3EF FCN 214 % H i A FCOS, K H H 0 (center-ness) >k 1 il 4 I 21 i i
A, R AL,

g5 Bt BIERIE G M 2% A H AR - A A % A, FLIR 5 ARl A B S AR A% Tl ) B
FEBUGR T 2 7R, ARG TR 1 B e DO JCRE AT RE WA, b 2R TGl A (R I BV S A T 5 )
H A A

BRI, AR SCEE N BLSE B 88 57 R 5 3 H AR A I R A7 AR ¥ ), 38 T —FPEE T FCOS ML HES 1) H A5
R MR ——BE TR B 0 5 AU B LI 00 SR R g H AR R IR, /2 s v, FAi14E FCOS [ 3Eal
BV T R I R i B (cascade attention module, CAM)SK I S5 SUERAE, [F I HR T —Fh B WL
(point supervision mechanism, PSM)&f##k FCOS JLikAb M zE & H AR 1 m) 8, LAAT R B2 T FER I pe, ol 2
S 19 v T 3 H bR A U AR 5K

1 £ERBHERBIRENERE

FCOS (fully convolutional one-stage object detection)™® i —fii 5 T- FCN [f13 1% 2% H AR IR, & 56 x4
N MR EAT R EFL L, SR 5 DARR HE 1 P 45 A5 3 20 TR0 idb AT H b 20 285 A BIHE (RT3 R ) 13 A i H Ak
Mk, 78 FCOSMB kb s i b, o208 F 791 20 s SC R HE B (0 i X sk, A3 s /b TS 2%, Ik
4b, FCOS AR I B AZ 2 T ) 75 3K, A8 2 38 FF H b 25 48 23 A I (R A ) ) .

W 1 7R, FCOS M T- M4 . FRAE 4 7 B A HURI 445 U I Sk 3% 3 ¥ 40 ik, Herfr, “/s” (s=8,186,...,
128) 1R AL 20 T4 A BRI R RAER, S AR S) 1000x600. B+ 19 4438 7 R I ResNet ™ k474
TESREL, KF 4R U B 19— R SVREE B{ Ca,Ca, Ca} fi N S HFAE 42 T BER R BEAT 22 RO REIE L&, S804 AN T R
JE IR AE ] P3,Pa,Ps,Pe,P7} I\ Head #bk, 2E4T H 454325 5101,

8x5/128
16x10/64

32x19/32

f 9%
HxWxC

— .. ‘/

X4>m f Center-ness

I

1

1

1

1

1

1

63x38/16 !
HxWxl 1
1

1

1

1

1

1

1

1

1

125%75/8

2
—l| = —»( e

| HxWx4

1000x600 ;

HxWis Backbone Feature pyramid Classification+Center-ness+Regression

1 FCOS & 414 1

Head FEHAL 5 73 FERIANHPI K2 32, JLrb, 8 445 22 264370 B AT Center-ness #4081, Ja #5835 B B 45
SV B ARM, KRN HWKC 1 2 ROBEERFIE BN 70 2800 S, 48id 4 I IxL R e, 19382 2619
K55 Center-ness #4J El. 29 K30 G CANIIIE, ILrh, C R i i de b H AR AL. % B AE % 5 10l
DAFAESS I H AR IO, K BAR BB I S A A AE H b, AR ZRB BE, ANF) A B R 0 22401 o
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BB HE 5 LS HEDEAT 1oU (intersection over union) it SR G 2L IEAE AR, FCOS # 4 A BIHZ 1K) TG B = #A A |
SRREAR. F5 07 E (%) T AMTA BL3HE (ground truth bounding box), WA 4 e & — N IEREAR, #HZEBIPR1E kX
ANFCSEHER S, WA SAREAS. Center-ness #4J7 B BB A, 1, % & 47 03 TG0 & ACEE T IR H AR rboo S
PRE, JLrh, 2@, WEMITAEE MR 1, 0 KBTI R S 5E, Wk 2 s, EIIZRE B It B s br s
F AR (D) AR, FEE Hbr OB, FOE . R n] LU 2k 0 i o = [ AT -
m|n(I*,r*) « m|n(t*,b*) o
max(l ,r) max(t,b)

(R0 043 2 (0 e — A DO 3 0 3 S R, L3 3ok T30 — A 4D iy 8 v =(1, 8 0 ) R H AR L 2L
i, 10 R R %R 2 () B 4 A IAHERBE RS, W 2 iR, AR 3SR B AR B 2R

=x-x, ' =y-y,

center -nE$=\/

@)

Horp, OG0, y§ )R (X0, v )5 e s i I AE 2B f RAT T SR TR AL A

K 2 Center-ness 7% €1
2 ETFRHIENESEENHNEERBERBRENRE

AR SCI 3oL B A A B R AR FCOSI® e [y A SR I 2% 00 5 LN M BE 4 Sk v FCOSH ot % 47
RS R0 FRORS FE A, BRI G ) 3 Pfross. 06, A8 SO MR AR SR U 2% v, JRATTHE I T 3 3 0Bk v
R AT CAM,  LUIZ 20 40 4 18 53 B T 199 43¢ T S PR B RO 45 AL 1B1{ Cs,Ca, Cs} s LUK, A58 5005 1) Sk
DR AR AL\ AL G T I BEHGIEAT 2 RO &, 7920 2 RUZ IRHE IE1{ P3,Pa,Ps,Pe,P7} s )i, T
S b ARG IS SRR AIE JE rhonS B IR AS & H A, FRATIHE Head BEH 51N % 43 S PSM, - S # H bR 0 X
S 2], SRR E A R A A R R H AR, 58 IR H AR 23 28 5 [l AE 55

g<s/128 £ i1 LR/ Head | oL
7,
I,: S :
RN
16x10/64 % HxC |
7’ 1 T 1
1 1
1 PSM
32x19/32 1 > ﬂ Hxxl 1
v « !
\ - -
63x38/16 \ | HWx256  Hx256 Center-ness |
“ 1 HxWxl
v ! 1
v ! 2 o 1
1 s 1
125%75/8 Yo I, L I
\‘ : <4 HxWx4 :
v L 1
N_HAW256  HxWx256 H

1000x600

HxWis Backbone CAM Feature pyramid Classification+PSM+Center-nesst+Regression

B3 Bk 4 gk
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21 REEBRNRR

W AN A AR, A AL B R 45 (human visual system, HVS) A7 i #EHh Lt T
Pl 5 1) R N R X 3, 17 220 HU At A 20 2ot R o, T SEHLRE 13 75 WL (attention: module) [ 4k A B AR
S AR R R DG K R DX S (R AE, T 22 I b BB R R AR Hu 25 N PHER H ) SENet B i B LIS I
BB AL b, AFA AR % [ 2 3R R AE I3 1) AR, R AR B % T R R AR T A AR B R
UF 30T PO ST S8, ) I A T A SR T, DA T I PR fiE. Woo &5 AP 1y e e 1 v ey B T 55
NIHE & T HL# (channel attention module) FH 2% (A1 & 77 Wl il (spartial attention module), 15 35 v b 4H 4447 11k
B, AT B FHRFIE SR HUAE ). Vaswani 25 NP 1) 2 kit B ) (multi-head attenti on) B84 i 15 2 AMFE )
BUI 7 2, SR AS [ (R AR AE 205 ) o i A 109 2 2R A

h T A ORIR ROBE ISR AN AR B, BRI EAR R K, FRATTRFH 06 45 A 25 1) T g AL R O
RANGEAS A, BRI GEE EE CAM. WE 4 FioR, iZBHE 6 DoE T M 4 1 REAE AR N, i
25 () R LA BB A A8 RN B0 1) SRR AIE, AR5 B R AE 5 R i i N SRR AE B BHE IR AT P IR 1L 2 1
PR, 193] YR, AR, B U T IR S IR IR S NI B PR S RS B S GOR A R R, X
—RHEE . ORI . SRR REAT B AL G, FER RS S R AR N A8 R S AL, 0 T
HE— P TR AIE.

input
—

output

(R /Y RGN SWAL L B

2 TV T 0 WL T8 3 0 i N AR AIE B3EAT 2 RSP 5 sigmoid bR E0B0E 15 B A R BUE I, K RUE K]
5 RN R IEAR SR IF AT X1 R ARRAE S, 19 3G B B T — G . W R I HLE, AR
2R AT R AR 2 G, B35 JE R IR g N A 08 42 2 04T sigmoid RS, 15 BB TR AR M =,
FEAZREE ) i SN AE AR SR, EAT — IR 3x3 KGR Bl A& i, Bikwe Sh

F’ = SA(F)

F”=Conv(F @ F")

F”=Conv(F @ F”)
Fouput = CAFF®F " ®@F")
o F I NERIE ], 2, B, B3 3R — SRFAE . SRR EFN = Z0RFAE. SA I CA 43 5l 3R s 25 (a3 = J1 ML
TR TE B WL, A5 @R IR FHE I PFERAE, Conv KRR IX1 AT ERAE.

ZRENARR A K, CAM BYE IEFHRDURAE. —JURE 0 & 0 2 Al 19 iE X, MEEEHEIE,
FRAE R A TELF A AR R, Bl 3 DNYOIRHE, 1530105 A2 IR R AR B, R DUTE DR KR40 715 75 SCIY [F]
I, HESRARAE I FBIE. CAM KH] T ResNet™ i shorteut 1117735, # J5 6 5 N AEAE N S5 06 15 %% GG A0 34T
PrEE, AT G ) 4 1038 JAE IERAE I AR I IE SN S i 75 . % CAM B T 48 S5 HEE 4 T M 4% 2
R, AT DAASE AR AE 4 7 5 D0 0% 150 30 07 i 3 1 B S8 38 R IR, e Lo Jok 186 1) 77 2 52 B il 251 1 T 4 PRI R

(©)

© PEBEBPHIFST  hip:/www, jos. org. cn



2638 HAEFIR 2022 54 BEETH

T g S0,
22 SEEHE

fE FCOS™eh, bRy (AN ) F btk V7 1) 2L S AE J 385 I, 8 28 3 40T J 0L 8 () #15oH 2 A e ot 380 S5 ) o
AN FRR AT I ECSEAE, A7 B A D R B AR AT, PR, A A L SHE T B £ A DI R e s v L AR
B REAE FCOS R 2 NI T3 54— R B B 1%, (FX AR PR A7) 2 5 SR
e NFE. 54h, FCOS H i fi] Center-ness #IIE i W IBIME. R MAEAE M E T, HisoAiisE, K28
H bR AN LI, R 2 0 I0IRT Center-ness (177 ¥4 Xk LU e 0 FIHE IIA JF, A Dy I I AL O 7 54
AL PR AR HAR RIS H AR, FATEEH Tl sl BB AL PSM.

Wk 3Pz, ALGINT A5 Center-ness 7) SCHFHK I 7) 52 PSM 15 U 4% H A (1 00 sl D4y 38 4 1 7
FEARAEAiT 1) 8, ZE DN B, FRATT LA — 52 1B AR B2 P IR & H A 0 fUBRE 1) DA 112 H B 1 0 R
FATE S5 H AR BHE - R R IR0 i C IR, VRSB S H AR R I K e, 33— 1k
PR, BUZELE /N T (PRI BT AR Z8 BT 0 i DO K D i KB AR 2R BN 1, R IXKCE ) 0; i,
fii ] Binary Cross Entropy 41 2% B& $I BF I k1% 2 32, DLHESmAFAE I R K 4 H AR poLe m AR IR SGE R . Sl L 5
A% W HLE], RES A M A5l 2 H Ax i o0 fl LTI AE B diT FCOS S BMR 0 ok vl )
HE, DRI 3 i o o XSSP W 1, 098 S G M A 2 A JRE N B AR 0 25 I I P S R AR BRAT & 0 H b, R ks
WU 5T ArAS D006 LR 5] U A o 1 4 ) 7.

W5 Fros, AT £ B HLHIFI Center-ness (2 B 24 3U(1) %) B 5(&) ' H bs I £ AL B AT oF 5, 133
Kl 5(b). K 5(c), e, K 5(b)rF ¥ A X AR ZRIEREA LB 1 HeA X800 5 5 HAEh O; B () ¥
SO 2 B 1, 0 AT 0 (R fe, B ok, MRARMEEIT H st 721K 5@+, KL%
AR R HAR A s e . B H A X, HPZ X S AR &8 H bR A8 & L R LI 23, 3 A8 FBIHE ) i
ik, M Center-ness HURRENS7E — &t L _E AN TR A HAE, SR W1 & 5(c)Hh 24t il 2 ME BT 7 (¥ X I AT
DA, 75 H AR B AW WA AE B, P EUCIEX 0 B8 H bs. AN A SR K PSM 23305, B 5(b)
RIS H AR AT, B i vk T e ) A

(a) HEMRL X K (b) U BALEI I 2R (c) Center-ness [ Il 4535 hx
K5 XG55t r, g, oo 3K B8Rt
2.3 MKEH
A SCER L R s ) e P AR RIS, AR NSRBI B, SR R 2155 Bk B, 9E4T 1B N 2k
L:LCIS"'ﬂLReg 4
L, Lais F Lreg 73 2R 7R 43 B R AN (B A 91 2%, 2 B0 AR SR R AL [B] A 92 2% 1) 8 2Lk (30 P 4 A=1).
(1) 433k 1345 B4 2k (focal loss)™? . Center-ness 451 2 1R 4 W B 3% 3 B 4041 Rk, 58 XN
LCIS 3 _a(l_ pscore)y |0g( pscore) - lOQ( pcenlerne$) - loQ( ppoim) (5)

(e PN Centernessffi B

Herh, ok Focal Loss P4 iF fREAS ik B 113, 2k Focal Loss H 16 ik 5 R A AL B 102 A s 4t
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SR 0=0.25, 372.0; Pesore, Peenter-ness F11 Ppoint 73 il % 7 3 257343 8] . Center-ness #4477 Bl UL R i3 W& 43 3 &AM
TR
(2) A2k R 10U B3 0 [l 49 3047 B, B2 2k s 0 SO
| Ar €8 eqict M A€y o netruth |
| Aréa, e Y Ar€ay, o |
o, Areaedict 771 P 268 TN P 6 [ AE 3 7 X 38, Ar@agr oudtruth 75 75 5 55 H AR AE T 75 DX 3.

3 HiRERITMIER

S UG AE BT R AR (AT A, BRATTAE AR AL % 37 2% AR K I P AR SE AR UE AL % 3 2% AR T e R4 3
HEATVRAS.
31 LWHIEE

N TR I A SCRE R AE AR e AL 2% 3 MR 4% N 10 H AR RS U e, ATV SL T AR UEAL 5 3 5 AR R W O AR
EPD %474 (examinee position detection dataset)?®. EPD #4411 8145k [ 2016-2018 4 jii] 435 AN F7ifEfL %17
MR PR, LA dE 880 i 4%, Hirh, 700 i I T B2 Y1l 5, 180 1 A A 0 k.

EPD %4 82 % F b b 38 FH 1 AR U5 5 b o T H. Label Imgo %) 208 1 238 0% 5t UG AT A5 o, A 45 9
47 4 5 Pascal VOC™ i AR 7] ¥) XML b33 SCIE. Ay Bl A 55000 4 b 5 1050, 0 50 bad i, BRAT I v A
AT T — Wb G o T hr e Al %5 3 g B 5 32 B2 H b b 25 A R0 I 2% B0, Rt EPD %icdls £ v
1) H b5 AR 259 B A person” F1“ background” P12, # [ Labellmg T B BAAFR E I, — DFsyidE W dsic AR
— AN A H bR, KRR N AL ST DAL 2 A 4y BT R M BT R e N R EAE d S, MRS — AN IR
W5 BT AT B AR bR 2R A R R AR S, B 6 45 H T Labelimg TR bR 1) — AN IRt A

Ly =—10g

(6)

Reg

K6 M Labellmg T 2ARiER— DIIZRAEA RG]

TR P SR AT £ S ] R K2 AR RE g, FRATHT 2019 4F 228 A2 1 ) I ARSI bR HEAL % 1 9 78
R4 ETD 4R, ETD MR 05 710 R ER, 4 T H AR B 2 e a0 ik, W3 1.

xR 1S HHRLE
UEE I HUREE S ERIAE I
EPD % ¥4 700 180 2016, 2017, 2018 435
ETD ik 4E - 710 2019 228

3.2 e
AR SCAUIEHCF- 3RS & (mean average preci sion) FIREFD A 0y 45 (frames per second) fE 9 2537 H ARk I 17 V7
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Mr4atx, 43R mAP FT FPS (f/s).
N T LR VPO H AR A R R AE R P, B AR SCHR[27] %) VOC 2010 A 1 ¥1-F- 3545 2 mAP 112 P4
fabs, HEAXN

MAP = f P(R)dR @
0

o,
P= i x100%, R= ™
TP+FP TP+FN
TP, FP Fll FN 433l 2 7 FLFH A% (true positive) . i BH 14 (fal se positive) Fl 1k [9] 14 (fal se negative).
TER I B 7 1, FRATI R F AR RS MO B b A AR B AT 5 B ) MEEAN, A
FPS— FrameNl.Jm ®)
ElapsedTime
T BRI T ) BN A WL A A M DA A U R R XA B B B M e ) s, SR
HY 5 VS5 mAP (FREIME, I LI mAP [F B EmAP Fr il 25 FAE A I i FPS 75 A B i 1 it 2 B0 #r

RAE.
4 KWEHER

NHEBATET T 3 LI, 4 B AE T B R R AP R L GG R B A A R s L
Rtk fEixsLsgh e (1) &5 4.0 1 LU H BRI R 2 S BRI SR BVR A B, E bR ARG 1 O AR K
HA A MO BT EERERT e, LA BT SSDIY, RetinaNet!'?, Faster-RCNNY, Cascade-RCNNZ 5 A Se i 74 2
)Pk G 22 55 (2) 58 4.2 715 LA B AL s AN IR] A0 rho 2 DX AR B NI %, Lo AT B4 JE AN W 1)
VS U A B L e R, (3) 3 4.3 7Y AR B S B H A B S AT nI WA AT, SRS &l
FERCI B SE BEg?, CBAM BEPRI 2 Sk By BB P HEAT Pk XS LU, S5 5 40 W 30 U AR SO o () 22 1k
TR R e 4 JLA AR Y 1 i) it

AT R A2 FAE Ubuntu 16.04 R 45, Pytorch HEZETNSEHL, MEAFIREEH GPU(NVIDIA GeForce GTX
1080Ti), M AF 64 GB. 26T Sie %t i) il ib ¥ Jx S 80 B F 2 A4S (1) ¥ EPD il & h iy B AE b far A 18
B, K/N%E S 1000x600; (2) HI ImageNet - 1 56 Il Z5 AU W) i Ak & T W 445 (3) I ZRI B R H SGD A 4y 5
TR AL 2%, (4) BRI 24831 epoch=48, batchsize=4, %] % ¥){i=0.01(3 36 #IEME, JLH T M 10 f%);
(5) TEVNZRIY B, AU FH B ALK - B0 4 1) B0 3 7 vk, Al LAt 52 2% iy 34 5 vk
4.1 BFREINER AR IRt AR

A S5 B4 SSDM, RetinaNet!'?, Faster-RCNN!, Cascade- RCNNZE L A 5 i 42 45 4 /2 EPD %ic4fi 42
ErrERezE S, af RN 2.

x100% .

2% 2 H AR AT B b 5 (EPD $d4E)

) &% 45570 RN MAP(%) o W JE (F/5) p i
Faster-RCNN! ResNet50 89.4+0.321 8.2 <<0.0001
Faster-RCNN-| 2 ResNet50 90.2+0.235 8.2 <<0.0001
Faster-RCNN-| 112 ResNet50+FPN 91.9+0.249 145 <<0.0001
Cascade RCNN!Z! ResNet50+FPN 92.5+0.141 6.3 0.0035

sspitt ResNet50+FPN 89.6+0.305 20.3 <<0.0001

RetinaNet!*? ResNet50+FPN 91.3+0.339 185 <<0.0001
FCOS!*® (baseline) ResNet50+FPN 91.1+0.205 22.4 <<0.0001
FCOS_with CAM ResNet50+FPN+CAM 91.7+0.358 221 0.0002
FCOS_with_PSM ResNet50+FPN 92.4+0.297 22.4 0.0064
FCOS with CAM_PSM ResNet50+FPN+CAM 92.9+0.195 22.1 -

9 T ARUE XS L S B 5 L R SR AP0k, AR SO SR ResNet50M ) y 45 07 ) - [ %, HLI 252 5L
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BB AR 3 58 7 258 AR D& T BB R v () S B0 B HE 2 50 L, A SCR A RetinaNet!™ v 216 36 4 AE 1) 1
BTV, B AT B rh %t v 3 KB E491{ 0.5,1,2) BL &% 3 Ff /N (20,23 223 BR A R ST I 9 AN 5B T A
HE. RS A ) (AR J2, 48 506 B0 B HE 2R DA R4 591 B i { 322,64%,128%,256%,5122%) . iy A BIL 4% AN A 8 27 i) 46 1)
FEREM AN = MR e, BAAER 2 Bf A4 THOIEAR T 50 p {4, DA CH#A FCOS_
with CAM_PSM 15 FLAbAS Y ) 19 W0l 25 2 5. ANHER I, Tt T RS0 45 91 p 34/ F 0.05, Ui AR SCAE AL
el 45 BAT B B S AR RS, S 3 00 H RS KL 25 B 7 R0, RIMELE H RS R R 25 N, AU
TR0 A, F 405 AR S b AS I R /NAR [ B 38 3 38 24 7% 2 1) A

7 BRI H bR 45 R

JFUUE Y] FCOS A5 8 7 B A7 % LU AR AL o AT T S AR KA T 5 22,4 f/s, (H LA DK FE A 91.1%, W] BA%
THB BV T A FCOS I NASC I i P A~ et S ig . 7E FCOS sl in 7 CAM J&, A
K RE B TH 4 91.7%; £E FCOS bt A fi B HLE] PSM J&, JHAS IS BE 1 T2 92.4%. 15 A e 2t 55 i 110 452 T
W3, HHAFRP BN, FE, 51N XIS g J5, FCOS IR I B IR 2 92.9%, HPR#FEE 22.1f/s
IR IS B, A 0o LU A 7R o R A A

5 I B B SSDIMAI RetinaNet!™ ™ A b, A< SCASE R Ky PI0RS 16 o, ELARG DBk J85 B bR 5 B B 5
AL, ASSCHERL RN 153 5148 T Faster-RCNNIBE AL, SR ] Rol-Align® ) Faster-RCNNE R (A S0 2
F71h) Faster-RCNN-1, 75 18 Ji5 42505 b 5236 72145)3.91%, 2.99%, Jf: H.i# ¥ j&: Faster-RCNNUEI R 1) 1.7 4. % T
[l I 4 ] FPN (feature pyramid networks)!*” 55 Rol-Align [ Faster-RCNN #5574 (4 304 2 % 75 4y Faster-RCNN-I1,
J7 A 5 B0 LG S 20K, AR SCRII AR TR IDKS B 1.09%, J1 HLB B i i IR B T 0.5 . RIS 5 4 ok
T 9E K51 1) Cascade-RCNNPER LL, A SR RRS Ji thm v, FLAGHIIGH B A i B R ) 2.5 1. 22 % RE R I
K B R RD R I U P AN b, A SOBERLAR T AR AR AL, NS A S 3 H RS IIAT 45 Ak, FRATT
FERY SR F TR AE (1 7%, TN 3wk e 3 Al AE (0 R /N RS, ELRE AR AN W] 1) 3% 55 B 3 B 1 3.

N T HE A I AR SORE TR (R R, BRATT T RRAL 6 b T AR SORE R B BB RetinaNet!™ DL P BE
57 Faster-RCNN-HZ R I 25 5, Wil 8 iz, o, 26 i i HE 267 A AN HE A (11X I, 20 5l 2R HE 0
A X I

8 W, AR SCRFH ¥ JCHEAE J7 v AT LU G Hh R R [ RSE I Ak, 53— 5 T, AR SCRE R e 1 i B oy
S5 G R 5 AR R T DL S A M X A M AT H AR, T SRS T, BRI R,

A6 TE AR SRR ot 4 2 g B o 1) RS I R, DA A (K72 A6 Bk 0y, BRATTH T EPD B0 45 I
SRIMALTLYE ETD WRZE F EH BT, 4550 IR 3.

3R], AR A AE 758 RIS B W AR T LAl LR RRR; Jt 3L Cascade-RCNINIPESE I Af L,
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R IURE BERRAL IS DU, AR SCRE IR FROAS: 00 3 P52 A2 2.5 1%

—

AR AR RetinaNet!*2 Faster-RCNN-111%)
8 gl xS Lk
K3 H AR AL LL A (ETD R 4E)

8] £ 5 Y CRNCE] mMAP (%)
Faster-RCNN!” ResNet50 81.5+0.402
Faster-RCNN-| 2% ResNet50 82.140.297
Faster-RCNN-12 ResNet50+FPN 85.0+0.288
Cascade-RCNN!Z ResNet50+FPN 86.6+0.187
sspitt ResNet50+FPN 81.4+0.327
RetinaNet!*d ResNet50+FPN 83.8+0.607
FCOS!*¥ (baseline) ResNet50+FPN 82.7+0.283

FCOS with CAM_PSM ResNet50+FPN+CAM 86.4+0.217

42 REEPLSXEMNEEENEREMERENFE

AT S A AN [ i M v o s DX B 0T 2% 3 H A G DB TR A BB M S ST e v 5 rp o i X
BRCEAR BN R BB B, s AR EPD SR K mAP BifE, ZR LK 4.

KA B R i DD T RO R R BE ) 5 Wi

Y 4 A A GRNGE] A mMAP (%)
FCOS PSM ResNet50+FPN 0.7 92.1+0.245
FCOS _PSM ResNet50+FPN 0.8 92.4+0.297
FCOS PSM ResNet50+FPN 0.9 91.8+0.288

R ARW, TIE L S X IE R ERE 0.9 %4 0.8 /5, A FIKLINRS B tH 91.8% 1 F+ 42 92.4%; 4R 1M
AR 0 AU A R AN 0.8 B2 0.7 J5, BERL AT MRS BE Sl N B 92.1%. X —ILG 2 T 4 & fE
JEBEE N 0.9 I, IEFEASS D S BN LRI 1E SR A NP4, Sem T At Re. B ERE N 0.7 I,
RS XK. RIME SR EY R T EMERE. HRHERLS, BMEX S MHIT R/ BAsim T M.
BRI, 10 AR ST 26 3 AR AR T, BT 18 v o DX 3k 754 B B 3 754 0.8,

43 REFE NIRP I ER T ERY 220

AT S SR I B B CAM I e B AT 00T, ARG X CAM BEAT AT RAL 23 A, IR I g
(7 B ) B H——SE B k(P CBAM K b(2A | % Skyis i b e (2 23 b AT PR BE X LE; )5, 7 Faster-RCNN-
1251 RetinaNet! 578 b 5] X CAM, L6 iiF 338 I 1.

(1) XF CAM "R ABE B AT HERE S HT, LLIRANR] CAM ZEOH 2% 3% B AR MR R RE oM. SE6 1
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THEHE CAM 20%0={1,2,3,4} I K ) 45 S (ORGP AN i, 45 S L3R 5.
5 A CAM ZeEUA I &5 P e L

) 2% 455 7Y CAM %1 ERRLES MAP (%) L3 (F/s)
FCOS_with CAM 1 ResNet50+FPN+CAM 92.2+0.327 22.6
FCOS_with CAM 2 ResNet50+FPN+CAM 92.7+0.228 222
FCOS with CAM 3 ResNet50+FPN+CAM 92.9+0.195 22.1
FCOS with CAM 4 ResNet50+FPN+CAM 93.0+0.365 20.3

F5ERW, FEE CAM LA, Kk GEZ e T, SR, CAM 8 K, 230 hn s ok i R xS
FEFEFHUREAS /N, FL SO 0T P o PR, DR, g % R MR, A SCR A = 4% CAM.

(2) FTHRAL M ELAE ] CAM ) FCOS_with. CAM_PSM 45 7 (i 48541 B FI A Jf CAM F FCOS with_PSM
BRI R AE . P9 45 T 40 HE AR B i 1) P 2R AIE T 1) P RLAR KT Ll &5 2

(@) AAEH CAM [ AT WAL A AE 1]

r?l g -31
e

B9 KT CAM A7 2k i rl AL X L S 36

Kl 9 784K, CAM REMSEE THAG AR TR [X 43 AHAR H A F0F0 50 75 1R BE a, A4 B b X a8 EL A BH S5 10 0 42k
(3) WIiF CAM AL ERYE, 2 5 3 P st iy 2 B P BIgE 47 0 b 928, Hivh, 23k i
Head 4~ #(=3, H.#% Head %1 Self-Attention [0, 45 JL L% 6.

® 6 CAM 5 WLEE SR PR RexT L

) 245 A Y ERNGES mAP (%) R (fs)
FCOS_with CAM_PSM ResNet50+FPN+CAM 92.9+0.195 22.1
FCOS with SE_PSM?Y ResNet50+FPN+SE 92.3+0.122 22.7

FCOS_with CBAM_PSm!? ResNet50+FPN+CBAM 92.4+0.230 22.3
FCOS_with_Multi-Head?*3! ResNet50+FPN+Multi-Head 92.7+0.329 15.0

F 6K, ACH I CAM % SEBib . CBAM BB 1 22 Sk i ) B L A0 RS 52 23 7l $2 7 T 0.6%, 0.5%
H10.20%. 3XHE H T CAM 78 g 194 2% 38 I 75 7 60 [R) I P 20k 2 4 b, il A o 22 JRUUA A% IR s e ik, 320
PEFTAIRCR. AR CAM 5 2 3k RO L, Al B2 B A7 85 AR 3.

(4) 3% CAM ¥l FI ¥4, 7F Faster-RCNN-11"2%, RetinaNet!* @7 |- 5] X CAM HEATPEfE ) L. 52 45 5
WFE 7 PioR.

27 XY, AEPIH BB Faster-RCNN-1HIZ L3 i1 CAM Ji, KBRS BE4R 8 T 0.97%, | A 0k J32 AV [ A%
T 16f/s; T 51N CAM [y BEEL V%L RetinaNet™, 65 3 FEA B0 BRAR, TR IR P 4R i T 1.3%. kAT
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P A ZOPE B O BEE B A RIE, REYE A RO A AR A &, T DU B A AT AR R DU v A
MRS

R T CAM X LLABAE A P BE 0 52 M0

RES % CRNCES MAP (%) A0 34 (F/5)
Faster-RCNN-1%¥ ResNet50+FPN 91.9+0.249 14.5
Faster-RCNN-112 ResNet50+FPN+CAM 92.8+0.232 12.9

RetinaNet!* ResNet50+FPN 91.3+0.339 185

RetinaNet!*4 ResNet50+FPN+CAM 92.5+0.305 17.4

5 & it

ASCVURRHEAL 25 37 1 1026 25 H AR A WE SR B, AETCHHE SRR IAHESE FCOS A, $ethh 1 6 T4t
B 5 G AL A 5 I AR R R B, R A R R BRI (1) RAICHME 7 3%, 8 e T
TR HIE, ARG T SRAE; (2) B IE T B HARK A e ik K B2k, R T HUBKER
BEPAIE JAE TETFHE SRR AL, (3) SIA G MUE HLE], A AR P T 285 2 H b AR HE ) EE. S256 5 B 23 #r
SRR, A SCHT R AEAT I 5 A FRR I, A 0 v A R AR U P RS, A8 T T R R LS A B
SN H RS A AE 55

FEARRI AR, BATR AR BARRIFNACA SRR, 20— 2D 3 2 R H AR MR PR RE, JF& G 1T N
BUNBEARIS 5 A B A BEAT 52547 0 o3 A, SEDLSR AT RVt A N, 450 N T8 e A 8 2% g A A e bl v
(K 13 ] 2R

=
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