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Adaptive shrinkage non-maximum suppression for occluded pedestrian
detection

LI Xiang"%3, HE Miao'?, LUO Hai-bo"*'

(1. Key Laboratory of Opto-Electronic Information Processing, Shenyang Institute of Automation, Chinese Academy
of Sciences, Shenyang 110016, China; 2. Institutes for Robotics and Intelligent Manufacturing, Chinese Academy of
Sciences, Shenyang 110169, China; 3. University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract: Vision-based pedestrian detection is an important research field in object detection. The outputs of current
main-stream anchor-based detectors are redundancy, and the non-maximum suppression (NMS) is necessary before output
predictions. Therefore, the effectiveness of NMS will influence detectors performance directly. The biggest challenge
in pedestrian detection is the occlusion issue. Heavily overlapping objects make it difficult for NMS to balance between
high recall rate and low false positive rate. An adaptive shrinkage NMS (AS-NMYS) is proposed to reduce the overlapping
degree of occluded objects’ boxes by adaptively shrinking the corresponding prediction boxes. Implementing NMS to
the shrunken prediction boxes can avoid the impact of occlusion issue. In addition, ambiguous prediction boxes will
have negative impact toward AS-NMS, and a center point repulsion loss (CPR loss) is proposed to reduce the numbers of
ambiguous boxes hovering between two objects by implement a repulsion force between the center points of overlapping
boxes. The experimental results demonstrate that the proposed algorithm can significantly boost the performance of
anchor-based detectors towards occluded pedestrian detection.

Keywords: non-maximum suppression; occluded pedestrian detection; object detection; deep learning; computer vision;

machine learning
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N TR AT R AT ORI TR REERT B A5,
S T P 2 T A PR D R L 11S) S AR R AR ] A
ISR HEHE. BT — > H AR AT BEVL AT 2 A, AR
Y )t 2 SR AR ORI T AR U AL, PR Ut 7R
BN iy 45 SR AT SRR AE A (non-maximum
suppress, NMS) & 4b 2. NMS (19 1E F A& M B 700 25
ST TU AR TR0, A A RS B FR DR B — A i o & T
. DL B 5 73 Faster-RCNNUO) g 451, 3 3 3o
[X 35k 2 1 /X 4% (region proposal networks, RPN) =42 K
R UHE, FEAE LAl I8 JEOGER X I8t AL (region
of interest pooling, Rol pooling) >k $& H{ SZ {5 4# 1E. 48
M, A H bR TTHE 2 AN B WUHE, AT P-4 RE B E
() TU AR THOIIARE, BT A NMS Ji5 Ak 22 1) 2550 SR 46 00 Aol 4%
B R = A E BRI A% 58 NMIS J7 VA AR 3 Ul AE 2
V) FA) L 7 5 R S % FOUMIAE A2 45 U5 &8 T [R] — H A, B
HE KT BRE R E N8 T [F— B s, & A E A
J&TAE H b5, fEF B H bRkl BT H bR [84R
N EESP G, G NMS vk 224 R T R
BR.ARMAEAT N7 5 b AT N H bR ORI H.
BEHLEE 20, 47 N 2 8] B AH £ H S I S AE 1S B A5
A TR AE 2 8] B R v 1) B8 2. AE AL 58 NMS I 2
200 & TP b ) TN HE Y = S KT A
IS, 7553 B %) TOUIU A 22 % 5 = 4 1, 3 B A el 26
R, G SRR 1 DR B e B 2 1) TN ALE 1T £ = NMIS R 4,
7] J& T —~ BRI TR TINHEAS B8 78 4 i 3 5 ik —
B, B v PR NS 5 {2 {58 15 A P o 00 A A 4 12 R
B, & R A BT (R, A% 48 NMIS 7 325 T %) H A
H S st B )R T H ok R R & B 2 5
e A 2 (A HRAG A o0 L3k ) 2, Gahlert 50 TTA
Huang 250181 73 511 4% H VG-NMS #1 PBM. At 417 ft) JE A<
JEAE A X 2 TR E B 0 T IR 43, R R L 4>
TRIHERLFH T NMS. 117 W LA S =S, 7]
DL3EE 4, H A 2 068 NMS 7 SR (1 4. Xu S50 52 HY
LA E bR AT WL 23 HE 5 4 S5 HE R A2 B beta 43 A oK
1% B bR, IF1E beta 73 A7 75 18] A 58 SR T AR T 1)
). bR T RS TR EE OBV A AT 038 23 BRI AE,
X HAE BEARE LR 5. Lin ROV H — b B 3 N E )
KAEPNHIF 7L Adaptive NMS. iZH AR H AR EH
B 2 P R BN AS BT B I NMS BIAE, DA# = S
s T A 8 i 0% 400 o) ) I . 207 VA R i H bR
JE£ 388 I A ) 4% T VA A 41 ) A A TR 8 R T
DT B bR AR B R N NMS BRIE, BT DA%
7 V5 (R R K TN 5 5 R T ARE B £ (PR ¥ b

UK.

ATSLER XL S8 NMS Jvk A& FH T H br e B =
SIS B MEL R 500X — ) 3, 38— Fh e T
3 S 4 TR FE AR AR A 1] (AS-NMS) J7 ¥ AR T7 %
AR RO X B H Ar 5 Fopt B AR 1) B BE H & R
TE — MRS AL 72 NMS 2 R, B X 7 P AE $2 i 1%
FRAOHAT WA W s 5 B FROINHE 22 8] ) S P A i
ZIN, v L 2 TN KE B % A e i PN HE . Itk B T Wi 4
S B FRUMIARE 25 AT FEAR A A, T LAGZ A H s 2 S0t
AER AR IE T L.

W6 AR, E TS IIASE Bt FIOAE I AN Be AR 3 52 4
B AE S S H AR 18] 23 T RCHR R A B i ) A5
B TR, 3 LSRN T AE |73 FA HR, 25 55 4 NMS i
FR TG, TV R0 R Tl 2 Pl e 4 Wi 4 i, 4% HE 22 [
1) 7 S B i — 2D B A 0, Fn BTN AE B8 45 5 T 1 R
B, Dy 73— BRI & AR T H e H bR
(I F ) A, 8 S ASOR T % T~ NMS I 2 1 T3, A5
P —Fh A0 s HE R4 2K B X (center-point repulsion
loss, CPR loss), LA$ Ft = B 51 B FHUMIAE A0 s 2 TR] P
(X 73 B2, 26 s i /1N i P 00 AE 5 7] 12 AN B 08 ) D) 2
SR AE S 4 J5 R A b T ) ) R

1 NMSAHERES H IR I3 R T

& 48 NMS J7 VA A S 40 T - 1 S, AR Tl HE
BAF FEAR 50X BT A T 24T HE 7, IR 158 0 B
() PN AEE £ Sy O B HE, FEARAE IR HE. 42 T R, AR
% 34 TR0 AEE 5 £ B3 AE 2 7] 1) 82 5 & (intersection over
union, IoU) 3K 3 & 5 1% HE 5 OR B AE 2 15 )8 T 17— H
B 5 ToU KT+ BRI, WK 5E R B AE 5 24 1i7 g 126 4E &
T [F] — H AR, g de A 40 1 2 ToU /T BIE, W 8
P & T A F B s, R IEHE T LAR . 4T A S5
HE B B 5 KT BB (s e ME AT B 3ot 5, 4 4 i PR B
HECRAF, - B BT AT 1 () TOMAE (AN B4 B — D)
T BAME) 18 HUE A5 FE 3 B0 v 43 T AR A A 37 1)
PREAME, SR G R LR RE AR, 2780 4 T0UIU AR 5 5 2 ]
ToU ¥/ T~ BB I 45 1 AR AR ) 3 7, ORAF 1 T3
DUREE DU Sy e 28 25 SR gl i o

1 G NMS J7 12 0 1 [5) i Ak FRRR 5 H A 5 v B
B H AR S R AE T AR 2 [F] Il B T4 H Ar 5
A HARINMS BE ¢ 41 1(a) s, B gt
J T HE N Faster-RCNN [ 2 4 th (1) A< 28 B AR R (B4
i B P HE. mT LA B, TR 2 Ao N 8 B 3 e i 2
N L 37 55, W9 2 D B H bR R S T 0 AR 1 Tt
HE. ST 7 I8, K B 1(a) d3EAT a1 AL, 150 HR 7 38 H
H53 TUIAE, B 1(b) .
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(a) TURTIMIHE (b) #543 TRMHE
B 1 EE2ERSHEBRTNEREE

B 1(b) A & T (5] — H A 0 Tl U HE A AH [ 50 68 3%
. B 1) AR HEZ A ToUE A I, = 0.64,
PN HEZ A ToUME A I, = 0.85, 4L HE 5 iE
O HE [ 5 K IoUME I, = 0.7. X T 45 0 58 4 7% i
H AR TR AE, A S AT A AT A B A5 H 5 £ 50
F, BEEE A T A A — AN R B HE IR S —ME
R B T, NMS 3 B A e ] £ BR e A mT LA &%
SN0, BRI Ay 7 A 55 € FROIIARE 1) ToU {8, BV 48 CAE 11
NMS BE ¢, FIETEE A ¢, € [0,0.64). X T — K
B H bR, B H B ENMS B{Et = 0.5, I ESRE KT
0.5 IHE 22 B 40 5E v J& T [7] — B AR A S ). 1% T
S H bR S, 0 1(b) Fr A M4t 5 3 e bR
T H AR TR, T LE S0 TU AR 20 ERE 1) R B SREIR
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¢, FEEYEE Nt € [0.7,0.85). HILAT W, HFRHI
NMS BIAA ¢ 9 H AR v b PR 2 bl 00 AE 5 42 3 ok
SE (19,10 T BRI R 22 1 H br 5 A H AR 1) E S 52
FEYE. 4 )@ T [F— B b5 00 Tl AE Bk 55 72, 1 7 2 [H)
(1) ToU {ELER R BF, G ¢ PR EU(E T PR AT 1. AH IR, 24
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R 1, B MR ¢ A VE R R A . DL B,
LB H bR NMS [ E HUE TS FE 8 [0, 0.64), 20
15 B 2 H A 1 NMS BRI R Y LU A [0.7,0.85], & 2
() AN A7 AE 2S5, B R A A AFAE — A [ 5 [ E e [ i)
P SENER RS EANEN SR NN | N (K e
t < 0.64 1, W €0 HE 2 4 B R D, 38 A P11 R
Bt > 0.7HF, PR B HE AT 2 4 1R B8 1E it e,
BT 22— B R FRUIN, 184 0 O 45 SR ) e
OIER S EAERR KRB B A5 00 AE 5 2035 A2
AR E Z H bR TOIHE FTIE F 1 NMS [RE Y HUE S
Bl 2 A A S BB O, 845 1 Rl R 5 R R 2 ]
M DL A P47, 3% i 9 NMSS 77 15k b 73 25 42 3 44 H b
I 7 3 22 0] BT A

2 HIEMZENMS
2.1 FERIE

AR S0 WS AR [ A0 ST RT B R, K R
O 1o T A5 1R R0 TS AE 455 /08 A [ 1) B A8, P2 AE 2 180 11
ToUE AR K02, W& 2(a) fliw, AR FAHE H O
£, ToU 2 0.85. [f] 5 HH O 55K HE TEAE [F] B 45 71N 50 %,
45 /NG PN EETE ToU 1198 72 0.85. X F b i A EE
A AR AR, 4 B 2(b) FER, [ 52 A a5 955 12K [7]
I 45 /18 50 % 2 )5, B AT 2 18 ToU 15 R JER /9. 0.7 4
ANEE0.3. T IR R, AR SRR R S N e R
*&Nﬁﬁﬂﬂ%d J51%: AS-NMS.

IoU=10.85

(a) HLES (b) L A
B2 EREREIEEREEHUREE

— BB R, JE TR H AR TR 1l R
A 22 18] BE I FE A, 10 AN [5] H A U0 ARE ) 0 i 2 8]
U B Az 2 R b, 2 M AR A A A 42 IR RS — L A3 [
I 46 /N2, & T 7] H bs I TR b 2 1) 2 &
39N P2 /IS AN R] H s TN AE 2 1) 2 8 5 P ik
AN L. A 3 B, B AL HE S W ORE Sy IR T
AN E B H AR, 2 B T HE AR A% L 4 /)
50 % 2 J&, [F) € ([F)28) 4B FEAE 2 8] 1) B 2 AR AN
P NRIEARCRSE NEV 7 el O 6 =32 T K
FRA, AN E AR BB N, RR A L FUIAE NMS 3 {8
TRRE T 0. K, AL S I AR A D 2, E
114% H BINMS BB Y0 B P BRAH EL T AL 46 i Hs
AR B DR D[R] (R 25) ME AR 1 22 1) B 8 15 42
AR, BT EUABATT % 1 NMS B {858 B L BR A2 fk
HANK. B, WAe 46 2 J P B B AR NS IREL I
v B oK. TR EE, B R it H AR 22 5 4
/N B 2 T8 AR B AN TR, i AL NMS )]
18 ) BRI Y R AR A . AL, =2 P& o 0 HE 22 5
LB/ 5, m E S H AR BTN AE NMS ] {E HUE
Y0 B4 ¥ 58, W 8 A NS B 3 B D 28 A6 AN KR, 7
G H AR 5 HE & H AR NMS 8 14 U 6 Lk = A
ACEE. AT EE i HLY NMS A AT PAIR] I 3&
B3 T M g H b 5 s S H AR, SEBs B AR A
W45 ) T AE 32647 NMS 45 4E. H T 5 46 TR AE 5
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AT HE AL — 6 L, 7T LA FF AS-NMS 4 H T
HEZ 31 (B0 SR TR HE HEAT 2 51, 22 31 U HE B
R B,

L f

3 FAERgE R EE

25 FHTR, AS-NMS ik K PO HE $4 — i Eb 51l 4
JIN, BEAT A5 B A T0UI HE (1) 2 B B, AT 90 98 & B A
NMS {8 FF9 ERU{EL Y L, A6 75 5 225 H AR I NMS B
(1) AR V0 Bl 5 — e i A NMES 583 2 1 AR Vi L=
Az AR . TE 1228 B Hh g (B G AR S 1 T RE i3k
7 NMS &b B, 3] FH 4 H 1) 28 5B % 5] R AA TR AE,
EEb 2 ST
22 BiEMUWEEEEfl

e, Sy s A B, R USCAR LAy — R e
50 %. TESZ BRI Hh, A SCHE H AR H bR (10 S ok
38 BB Y e Lo . T B b, BT NMS 3
B B AR S B R R 22 3230054 0, WS4 s 5 L A ) T3
TUHE A BE 2k 252 A H NIMES AR B T B, 7 [+ 21 T
TUHE th 7R 58 42 2 vh s o5 35 4 10, IR el B ) i 4 38
] fi6 3 R [ RN B S T B, o (U Y
B BRI, TR Lot T 8 E A, WO 4 1) B A8 24 R AT
ZIN. TN i B H AR, 25 AR G /N, AN R E AR
T AR . [ 2 25 AR Ak AN K, £ 43 NMS BUE G FBLAS
REAS 2 R0 K. DRk, AR SCHR AR H AR I B S
3 S TR RS A LA, A ROl s, 13RI 5K
R

a2

vi=exp (- ). (1)
et ;g AR IR RS, S SR B b d b o
Bk oA B ATRAE 2 1A ToU 8, 367

d; = , max iou(b;, by). 2)

b; R~ H AR i BIAREAE, jou(x, y) THEAHE 2 5 HEy 2 [A]
M IoUH, G XA BARHERI A, B (1) T %1, B
P FRTSC A48 L 181 o 2 35 B P 398 IR B8/ X
R A N R L 7 A (14 AT A4 I KT A () W
WESE. 4 d; OB, R B AT HAb H x5 HAx i
B, 0El v = 1, EORE A ZHESAT AR, 24 d; 1R
T8 KR,y IR/, B 6 I HE 455 45 /08, A J8

FENMS B I BUEE L o 28U EES 5, T LS il
We i EL A5y, B2 FE s AR AR T AR AL IR L . 18] 4 Ji o
THEAF o T, W48 R 5y, B H AR L d; 122
2. Il AR, AEAR R BURE S 80 T, e 2 2K
i B H bR d; (8 KT BT s/, OF B o 1%
WG K, R IZ T T 2, BV AR By X B AR
JE d; A IR LSBT AR, 181 5 MR 1 R UR S
Mo = 0.5MF, AR HE B LA H R HENCAE AT S FOX LE
. AT LU 21, 2 HARHE 5 HoAt H ARHE R S5, H
BRI B9 0, BERF WS4 2R K0 1.0, REASRCAR. 24 H Fx
IR AR, F AR B KT 0, B Ui &R 4K
N 1.0, B BEROR, Wi e 22 Bt 23T 0.
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BI{H, o R BUIRSHL
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) F«+{}

2) while B # @ do

3) m < argmax S

4 M <+ by,

5 F+«FUM;B+~B-M

6) dy <+ dp

= (25

8)  M® <ML M #KEHE M % HAB g i
9) for (b;,d;) in (B, D) do
2

10)  =ew(~8)

11) b <= by #KGHE b, F LU, /s
12) ifiou(M*,b3) > N, then

13) B(-B-bﬁS(-S-SﬁD(-D-di
14) end if
15) end for

16) end while
23 bR HERIRK B CPR loss
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15 B %L CPR loss.
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B B bra RS B bs j f B AR 2 B ESKR, M
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3 fiRER
3.1 SCIOHR&E

A3 K H CrowdHuman!?Y 48 45 7147911 25 5 90
W AR S O ZRAE IR AE SE AN AE, 40 Sl A
150005k 43705K 5 5000 5K B Fr. A eI g gk
U gri A, fE 30 UE 4 b 34T K. 7F CrowdHuman
S 35 4 5K AR AL 22.64 AN 4T N B bR, P
BERKEGAERERS (54— KBz
IoU>0.5) FI4T A 2.4/, B A 45 B il 255 0
TR 28 B 0] DUR i b e /R A A0 T v B 8 H AR A
A RE.
3.2 SEIIFNIERR

ALK 3 AN VE R bR, Hoh AN AT A
W& VEAT T8 A, 20 ) 2 R B 35 M8 AP AT 35 %6 2
TR 2 MR 2. 55 — N2 R = 25 46 H bRl s
JIWIFEAR TR EL. AP [FR s e 7G2S 1 v A 26
(Precision) A1 74 [0 & (Recall). PL 7 [0] 5 A s AL g,
T 2 N AL bR, — 35 T% AR il 26 i P-R Ol 22, 1 it
24 55 AL A it BT 0, L DX 3 TRT AR B S APAEL W R Bz

AP = jol P(R)dR (8)

H: RAF I, P(R) NHER) 2 BE 7 [ AR R
B AP E R AR A W 28 PR BE R T 7 [ R 5 v A
AR TR

.. TP
Precision = TP*—FFP’ &)
Recall = TP , (10)
TP + FN
H A TP, FP. FNZ N EFH. B FH A B AR A

IR, 5 AP L, DL 5K ] (B BH 28 (false positive
per image, FPPI) Jy#i 24 b5, 2 2% % (miss rate, MR) Jy
DNALFR, TTIZ TR 1) 1 25 5 A bl ] DX 3k i AR gk o2
MR~2. £RKF MR = 1 — Recall, K1l MR 2 [ i s ik
ol &5 SR 1) 4 [ 26 5 B (R 50) 6. MR 2 % i 4 2
UK, HAB BRI A I 28 B . JT U
Mg R INHESE & 5 JEER G M E SRR, Ak
A E A DU 1R T R 00, AR AR B b il
HAHE B W R FoR:

~PI+IGI - PNGI
Horp: PATNESE S, G N HERESE G, |2| NS 2
7GR TR AR M R AT
33 XWRE

AR F i A FPNP2 ) Faster-RCNN A6l 23 7
N SIS SR IR T B SR (A R, IR, B B
AR ECE N 16, B TE I 4 FiER 3045 R
FH Bl ML FE R BR AR 1L 28 SGD, Wl UR 2= I R I B R
0.02, 43 I {E 25 24 56 5 55 27 $e i 3 L 0.1 5 0.01. L
H N B 5 0.000 1, 3 &2 % 8 0.9. Y12k -5 M,
P 5 % 6 300 1 I B8 800 15 2. i A5 s2 6 o kT
Pytorch1.7.1 HE4E, K F 4 5k NVIDIA RTX3090Ti GPU.
34 LIWLERSH

T 1A T AR I T Faster-RCNN #4 1] 2% Y
TH Rl SIS, NMS BIE %N 0.5, AS-NMS H i B o =
2.5,CPR loss H I E f = 0.4.

%1 E T Faster-RCNN B5H 50016

CPR Adaptive

NMS AS-NMS AP MR™? i)
loss NMS
v 87.27 44.60 79.21
v v 87.97 4432 80.27
v v 88.18 44.69 80.09
v v 88.45 4438 80.59

5 1 45 5 mT DL H, 18 [R)FE A8 FH NMS 1155
T, 2% Fl CPR #5125 bR 501 2 1 5 284 00 48 45 S A4 b
T AL FE AP BT T 0.70 %, fEJT E4ET T
1.06 %, [F] i} £ MR | FEAIK T 0.28 %. J1 38 I & vk
BRSO T NBER v Ese 70 A B 8@ 7+, 00l T B e 17 %
B[] e R 38 T X 2 R CPR 0K s 08 i 1
e £ 7 TIUATE 1) 8 1) 2, T LA 4 — 8 00 A £l T
I F SR AT A AR H AR T NMS IR A R ] [
TOUWIAE F5 7] P4 T SR BR)ASER Yo = 1 gk L, mT
PLA 2 FEAR i % R, MR 2 B 2 F#IK. AH LE T NMS,
ARICHEH I AS-NMS i3 — D45 AP T T 0.45 %, %
JUHRTE0.32 %, [A] B 5 MR 2 JL-F AN = AR fL . X 3%
B AS-NMS 7E A~ 38 i BH 28 (1) [F) i) 4 7 1 B0 2 %)
H bR 89 A [ B8 75 8 W0RS FE. 4 iy B S T AR B
A /N2 J5, S R R AR, AT S NMS [ 15 78 [ 4%
FH K. 2 Sz SE FH A NMS BB 0.5 1F 3 4 £, 5 7
¥ & J5 1) NMS [ 5 Y BBl P B, Ji A 2 Ak 4 % 400 1)
(1) = BB 2 AE G K A3 AR B, AT A A ] A5 F
PRIt SRAT AT T B 2R BB, R S AT R SR
APFETF T 1.18 %, # JIH& T 1 1.38 %, il ¥ MR 2 [%
X 7 0.32%. IAh, N AS-NMS 5 Adaptive NMS )%}



%7 #1 & HE B e RIS AN GG 8 i S A A KB R ik 2183

Eb 46 S a] DA Y, AS-NMS Ab 3 i) 45 5748 AP J5 T B
Adaptive NMS X 0.37 %. [F]I5f, Adaptive NMS X} MR
HUIL S = A 7 AT R i, RIASE MR 2 38K 1 0.37 %,
i TLUE /D 1 0.18 %. X 2 [K y Adaptive NMS H. K
P E AR 55 BE AR 9 NMS R, 5o T 00 A f 1% 78
JEE S AR, 2 TR HE A 2R T AN B AR, Adaptive
NMS 4 77 A2 55 K 5% 22, M 52 1) A B2 ) 25 SR AS-
NMS i b 45 33 K NMS (018 14 B S B S F0
HE ) s PP B U (M S 25 B
F 245 KB R T CPR loss H 33 f %0 K W 1 g
DRI, o 4 B SR I NMS 5 i b FRAS 2. 7T LU
Y f = 040, BEARHUG T Sl 2 & Ve Re, BNTE
AP 5 MR2 WIS 5 F IR, AR f = 0450
JEAM,BEHEMGRFMR2E f = 045 % 0.43 %,
RGAT S f = 0.4 A TERETE L. 24 KT 0.4
I, Bk CPR loss /EMICE 21 H A A2 8]t n 1
He R 71, 1% 2 o de AL R F & H bR R
B fRT0.410F, 34> CPR loss 24} ™ & #H S 1]
TOUINHE 1t 0 HE S5 7, 8453508 4 v S A e W, 36
CPR loss 2 9. 55.

2 CPRloss FEH f IR MR KINLER

f AP MR 2 )1
baseline 87.97 44.60 79.21
0.30 87.86 44.93 80.11
0.35 87.95 4454 80.31
0.40 87.97 4432 80.27
0.45 87.89 4475 80.40
0.50 87.97 45.01 80.36

BEAR, AT B RH CPR loss X A5 75130 AE %1
BRI EE T, E AR5 ST T bt S S xR T
B b 25 25 K 5 b L A 2 1 0000 A 1
. A AN T [ Hh Oy 55 R i SR T A B bR R
H & BT UCHEC 16 B b, A4 1% T HE 7] DT U N 48 )
PEAS BB IR 00N R 3 BB (25 T = B & H b
(EE KT 0.45), K f = 0.41¥) CPR loss Aij J& A5 7
N HE g 5 AE FOUAE S K T B AR A L. BT A
F F|, CPR loss 45 BB FRINAE 5 LR FE T 0.55 %, 56
1lE 7 CPR loss % i [F] 4 A B (10 ASOR 0000 2L A5 4100 ]
1EH.

&3 CPRlossMEEEBRREMFUNIERERIFN

CPR loss AR T Kt/ T AR A K
23.01%
v 22.46%

ARS8 X 2K o KA I RE K R R EEAT TR

Fi. o F/IN, T GT I P ~ 7B /)N, 8 A S T 00 AE A 2 4 1)
e ek K. S8 &5 R I 3R 4 B, Hob baseline (FE 28
S NI CPRAK (F = 0.4) JFIIZR M 4, H
B A 5 SR NMIS 7 VR AL A HY L R b T NMES [RIE
$1280.5. R4 g5 RN, Y o BN, BT TRIAE
ol A A P Tk R, 3 S ) 288 U AE 22 T ) L 28 ik s
M 55 950K, LG ) NIMLS [ (1 BUAEL ¥ Bl B At K s 4
/N M NMS RAE R ZNF 0.5 B, R 0.5 1 NMS
BRI EK 7= A K R . 4n2k 4 BTz, MR 2 KiliE 1
Tt 2 o BUEZ T b T, TN ARE YSC 48 0 /N T i 2
U3 o ) e A A28 T 3 R R 4 rh g T ALAL,
w7 o, o 52 X IRER R A o R EUE X ). 72
Kl 7(a) 5 B 7(c) B 52 X 383 7R 1) X [a) 1, AP 5 01 53
VAT AL, A B MR —2 78 B X 8] o 8 P AL 4
o = 2.5, 3 THRAR IS5 A 1 BEAR X B

R4 AS-NMSHHURESH o SRR ML LER

o AP MR ™2 11
baseline 87.97 44.60 79.21
0.5 86.38 65.21 75.66
1.0 88.34 51.16 79.71
1.5 88.41 4591 80.41
2.0 88.53 44.69 80.58
2.5 88.45 44,38 80.59
3.0 88.39 4430 80.58
3.5 88.33 44.29 80.54
4.0 88.29 44.30 80.53
45 88.26 4430 80.49
5.0 88.24 4429 80.46

SRR TAAEA RN 2% E R AS-NMS (1)
SEEG g5 . Al LU B, 4% T Faster-RCNN, AS-NMS
T YOLOv323 1 % G 42 Ft 2 B hn & 3% 1. 5 NMS
FHEE, AS-NMS K5 YOLOV3 I AP 32T+ T 2.92 %, #4 JI
T T 3.05%, ¥ MR™2 [£1iX T 0.80%. 15 Adaptive
NMS #H b, AS-NMS xf 15 24 4 G 1 $2 7 [F) #F 52 5
e ER. B MR2 LT T 0.16%, {H 52 AP il
N2 B4R TH T 1.04% 1 1.13 %. 4R 11, AS-NMS Xf
RetinaNet 4 [{] £ F+ 20 /2 A BR 1), X 87 (1) MR 2 £ %2
HILT 1.68% It L TFF. X & By, R BT 51 1Y) 3 Fi ks
D25 Bt ) PO ARE S5 R e R AN TR 1. 1 8 g 7 (1)
A2 T 3PS I 25 | — 7k LR ) P 45 SR P
TROIAE 35 R AT AR OB A ). 7T DLW B 3], A B
F Faster-RCNN 5 YOLOV3, RetinaNet 1] Tl 45 5 =&
A3 AT ER B SR, X6 RA B TR AE 34T US4,
ENER S G A = SR g N Y A NN T g ' % 5
L FFb H 2 5 Adaptive NMS # Eb, AS-NMS 14 2R %



2184 # # 5 x K %39%
s 01 T FHE AR 7, AS-NMS IR,
B // 35 ERER
5 87:0_ /- KO R T Se i e PE S R, Hodh B 9(a) R 3 £
cesl | S TRINAE 0 i1, B 9(b) HR AT EUAE g e NMS i %
26.0 : , FH A E B H AR TIHE. M 9(a) HRh 5 X 35k T DA
o2 . 34 i, B R IR R ES H bR TIAE A0 55
(a) AP PR A AN BB )15 50, CPR loss RN 8 0 7 &
65f B B THUIAE Hh o0y 552 T8) 1) B B, 2 1 T AR 1 §8 1)
Y . E9(b) W FE 7~ T AS-NMS 1 T NMS, 7] LLB 1
~.; 55l i 2 B b 1A T AE A 8 R
= 50 F il @ ogin :
45t B " N
o 1 2 3 4 5 = z
(b) MR = 5
80} gm% gl
2 o) s q
= 77t Eﬁ 5 "
er (a) CPRIFLHEITMME (b)) AS-NMS5NMS %
e Ly S5 [ PER T AR 2 AR 0
© 9 EMLERRR

7 BRI RERIRNT

F5 AS-NMSEAERMEE EHISLIRER

Adaptive y
model NMS AS-NMS AP MR JI
NMS

v 87.97 4432 80.27

Faster-RCNN v 88.18 44.69 80.09
v 88.45 4438 80.59

v 81.26 53.62 73.78

RetinaNet e 81.01 57.85 73.49
v 81.40 5530 73.73

v 85.01 5039 71.88

YOLOV3 v 86.89 49.43 73.80
v 87.93 49.59 74.93

Y

YOLOV3

RetinaNet Faster-RCNN

8 ARV AR 46 H FUMAE SRR B X EE

H T LRI SE . Adaptive NMS H 328 H % FE B 1E
N BRIAEL, A5 45 R FOUIIAE 2 HIORE B2 S hn Uk, 2 5 1
LEREW T M LT Adaptive NMS 1] 5, AS-NMS Xif
T VRO AE ) b HORE P B B G 1) B 2 L TR A 5 i

4 & ®

S A4 5 T W K AL 0 o) 7 &b T B A
WU HE IR S £ 0 o 7 [ 2 510G 5 o2 S £ 1) R,
SR Tl [ 38 SR AR ARLA0 ) 7 1 AS-
NMS. A4 FI0HE T 157 [ b 1025 2 Sk 1 3 37 Wi 45 9
VUHE, 35 80 96k /N 5000 HE 26 5 F38 M 6 55 2 NMIS 80 115
HAH 3 Bl ) 1 i, RIS, S 7 4R 7 B A T E £
[X 43 FE SR I, 35t — Al o0 5 HE R4 2% B 8 CPR
loss, 7E & T- A< 7] F A7 11 28 8 H b5 TOIAE 1 o 0o 15 2
[t 0 — A 77, DL A BRI TRUAE Fr . sei
G SR WY, A SC AR PR S T LU AR THEE R AT A
HACI R e, T R S A8 0 4 R g [ A 2 0
R S T A%

SE Tk (References)

(11 &b, M, HRE, & 2 Hiskaill 5 HE

75 BE A8 7% R 4 b W U HE R (D). 421 5 Uk,
2023, 38(4): 890-901.
(Jin S S, Long W, Hu L X, et al. Research progress
of detection and multi-object tracking algorithm in
intelligent traffic monitoring system[J]. Control and
Decision, 2023, 38(4): 890-901.)

[2] AEATHE, A 3RH, AL, 55, A3hE 53D H bkt
FELRIR [J]. $5 1 5 PR, 2023, 38(4): 865-889.

(Ren K'Y, GuM Y, Yuan Z Q, et al. 3D object detection



ETH ZF

e w e AAR N 6 B &4 AR RAB AP ) 7 ok

2185

(3]

(4]

(3]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

algorithms in autonomous driving: A review[J]. Control
and Decision, 2023, 38(4): 865-889.)

B, AL, HKP, 55 R ST AT VE SR
R [J]. HE E R ER AR, 2022(7): 2094-2111.

(Luo Y, Zhang C Y, Tian Y H, et al. An overview of
deep learning based pedestrian detection algorithms[J].
Journal of Image and Graphics, 2022(7): 2094-2111.)
RSO, 368, KPS OB R TETF5
BRI AL S AL ARSI 5 2245000 [J]. HLas A,
2022, 44(3): 299-3009.

(Zhu W B, Yuan J, Zhu S H, et al. Sequence-
enhancement-based human detection and posture
recognition of mobile robots in low illumination
scenes[J]. Robot, 2022, 44(3): 299-309.)

Girshick R, Donahue J, Darrell T, et al. Rich feature
hierarchies for accurate object detection and semantic
segmentation[C]. 2014 IEEE Conference on Computer
Vision and Pattern Recognition. Columbus, 2014:
580-587.

Girshick R. Fast R-CNNJ[C]. 2015 IEEE International
Conference on Computer Vision. 2016:
1440-1448.

Liu W, Anguelov D, Erhan D, et al. SSD: Single shot
multiBox detector[J/OL]. 2016, arXiv: 1512.02325.
Tian Z, Shen C H, Chen H, et al. FCOS: Fully
convolutional one-stage object detection[C]. 2019
IEEE/CVF International Conference on Computer
Vision. Seoul, 2020: 9626-9635.

FLIMy, ERRAY, Ehee. B TREZEIMEIREF T
FARRIN [1]. 42515 k3, 2022, 37(12): 3115-3121.
(Wang H M, Wang X G, Wang X Y. Target detection
under complex background based on deep learning[J].
Control and Decision, 2022, 37(12): 3115-3121.)

W ARTK, TR TR E X2 A R AT A 5T
L. A58 5141, 2020, 49(4): 404-413.

(Ji D F, Ding X M. Specific region decorrelation

Santiago,

feature channel on pedestrian detection[J]. Information
and Control, 2020, 49(4): 404-413.)

BB, BRLR, GE ke, % B T ResNet34 D it
YOLOv3 #AL AT NI 53 [0]. 4% 1 55 9k 3%, 2022,
37(7): 1713-1720.

(Qian H M, Chen W, Ma Y L, et al. Pedestrian detection
based on developed YOLOv3 with ResNet34 D[J].
Control and Decision, 2022, 37(7): 1713-1720.)

He K M, Gkioxari G, Dollar P, et al. Mask R-CNN[J/OL].
2017, arXiv: 1703.06870.

Chu X G, Zheng A L, Zhang X Y, et al. Detection in
crowded scenes: One proposal, multiple predictions[C].
2020 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Seattle, 2020: 12211-12220.
AREEG, B, & WM, S FE TR R AL
AT ARSI (7], a2k, 2021, 41(15): 1515001.

[15]

[16]

[17]

(18]

[19]

(20]

(21]

(22]

(23]

[24]

(Zou Z Y, Gai S Y, Da F P, et al. An algorithm for
detecting occluded pedestrians based on attention
mechanism[J]. 2021, 41(15):
1515001.)

AFH, T AR, B — I AT AR I 0 it
YOLOV3 5% [1]. Ye2#2%4k, 2022, 42(14): 1415003.
(Li X, He M, Luo H B. An improved YOLOV3 algorithm
for occlusion pedestrian detection[J]. Acta Optica Sinica,
2022, 42(14): 1415003.)

Ren S Q, He K M, Girshick R, et al. Faster R-CNN:
Towards real-time object detection with region proposal

Acta Optica Sinica,

networks[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2017, 39(6): 1137-1149.

Gihlert N, Hanselmann N, Franke U, et al. Visibility
guided NMS: Efficient boosting of amodal object
detection in crowded traffic scenes[J/OL]. 2020, arXiv:
2006.08547.

Huang X, Ge Z, Jie Z Q, et al. NMS by representative
region: Towards crowded pedestrian detection by
proposal pairing[C]. 2020 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Seattle, 2020:
10747-10756.

Xu Z X, Li B H, Yuan Y, et al. Beta R-CNN: Looking
into pedestrian detection from another perspective[J/OL].
2020, arXiv: 2210.12758.

Liu S T, Huang D, Wang Y H. Adaptive NMS: Refining
pedestrian detection in a crowd[C]. 2019 IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Long Beach, 2020: 6452-6461.

Shao S, Zhao Z J, Li B X, et al. CrowdHuman: A
benchmark for detecting human in a crowd[J/OL]. 2018,
arXiv: 1805.00123.

Lin T Y, Dollar P, Girshick R, et al. Feature pyramid
networks for object detection[C]. 2017 IEEE Conference
on Computer Vision and Pattern Recognition. Honolulu,
2017: 936-944.

Redmon J, Farhadi A. YOLOv3: An incremental
improvement[J/OL]. 2018, arXiv: 1804.02767.

Lin T'Y, Goyal P, Girshick R, et al. Focal loss for dense
object detection[C]. 2017 IEEE International Conference
on Computer Vision. Venice, 2017: 2999-3007.

EEBN

258 (1993—), J, H1E, NERG AT, R,
AT A

B AR A I 25 1 5T, E-mail:  lixiang184@mails.

ucas.ac.cn;

%k (1992—), 5, BIWET A, W4, WFEEAEE L IRE

2220, HAnke . H AR EREFSEHT FT, E-mail: hemiao@sia.cn;

TP (1967-), 5, WHFC 5, T G0, 4, sk

i G AL B3 BFRR . B3 B el et S H5oA
ZEE 9T, E-mail: luohb@psia.cn.



