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Abstract: Aiming at the problem of missed detection and repeated detection in the single-threshold-non-maximum
suppression algorithm , this paper proposes a dual-threshold Non-Maximum Suppression algorithm using GIoU ( Generalized
Intersection over Union). Using dual thresholds to improve the NMS algorithm and the soft-NMS algorithm , suppressing re-
dundant detection boxes,not only balances the relationship between the object missed detection problem and the object false
detection problem caused by the single threshold algorithm, but also reduces the occurrence of the soft-NMS algorithm.
Based on the above,using GloU instead of IoU to calculate the similarity between objects,so that the positioning of the ob-
ject is more accurate ; the non-linear function is used to give different weights to the proposal boxes, which makes the propos-
al boxes’ scores change non-linearly with distance,and the target discrimination is higher, which is more conducive to sup-
pressing the proposal boxes. The detection accuracy of the improved algorithm on PASCAL VOC and MSCOCO is 74. 8%
and 25. 9% ,respectively. At the same time,the algorithm in this paper has a fast detection speed.

Key words: double threshold ; non-maximum suppression algorithm ;repeated detection ;post processing

1 3= [ RIS 0, 2647 AR I SC A i) e -
= AT B T TS X B T 2 ST R
HFRRG I > R LS SR BT R T (R I % A I v AR T AR K S, —

ek H 1:2020-01-20 3 {6 1] H 39 :2020-07-06 5 5 4T St - 5%
ST H R [ ARk IES (No. 61703423, No. 61473309, No. 62072370)



o4 M

PG A GloU St AR A ELA il Fr) H ARSI 330k 697

J 53 SRy — B9 BRI 3 R R B B I AR Frp, — By
Bk L YOLO #4171 (SSD' ™ R4 45513k
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i3 NMS ( Non-Maximum Suppression ) X A6 ] 4 i
A0 B A, HOR B — 43 G I A AR Shy e 24 1 H bR
frE, Bt NMS S Sy —Fh i 22 19 5 Ab B, X H
P I () VE BE A A TR K A 52 . AL 5817 NMS B3 7E 417
LG U AE B R FH 50 0 SRR FE SR AR B X T
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FYS 0, BRIV 2035 09 I 5 9 4% J ok, Hosang J 25 A
BHEA TG M2 10 7 2R NMS B354 ks
MIAE. [l & G FF i 42 W 2% ( Recurrent Neural Network ,
RNN) F) % J&8 , Stewart R 25 A2 8 i ff i S T 12 1
2% ( Long Short-Term Memory, LSTM ) 3 X% NMS 5 &=,
XL AR NMS Bk kAT 1 — & ek (A1 T
T BRI A B ARSI B2, ¥ 4 BRI i 1Y O
EVL AL T NMS S35, soft-NMS B3 5% i A E 4%
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B A B AR, GloU i 5T 47 by S5z ket 4 > AE
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Hl, FARRYAUBE B, 4 ToU MYMEARES BT HinZ
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M S e R R P00 57 R BE. PR, (] GloU A Dy B2 4
FIARAHBLEE BOHE B3 , RE 8 PRAES R B T Ok AR IAE A9 2
LSRR , A ITT S G-t B S0 A A DU 1 .
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AR, HICIEAE T ToU R0 WA A 00 A B 45 30 L S s, GloU(M,b,) <N,
I, GloU FA{E AT LA SE S by e 00 5 B g O DU AE. s, x (1 =log(GloU(M,b,) +1)), N, <GloU(M b,) <N,
0, GloU(M ,b,) =N,
A1 2 42 . (7)
K (6)FN(T) b, RE i AFRREIAE, s, B C 1R LGRS
538, K b, WG AR50, M BE B AT 43 B e 14 4G T AEE
. B B ‘ GloU(M,b,) % b. 1 M 19 GloU {f,N, FI N, g b f.
XFF—AKGMAE b, , 40 & f M (1) GloU {H4bF 4
5 BN, TN, Z 1), B AT E R T 0 R4S n iR

(a) 10U=0.33 GloU=0.24 (b) 1oU=0.33 GloU=0.35
P5  ToUfEATIRMER GLoUTELAN [l B P ZELAS I ATE F) o 5 175 20 LA

Kt fif FH GIoU ¢4k ToU A7 Ay £ Sk 19 A4 A 00 AFE AH
UL 4845 AT LASS AL ToU i 55, AN REAS ) FH 1S I i)
L Z ] A AE 22 8] 4 B S T EL AT AR A 1 B
PN (1) H B T L
3.3 FREMEREEN

TE soft-NMS Z2 i v, K IAE A 45 73 AR 4l ToU {H A5 3
2 ME HU B A AT 0. SO % IR, 5 FH 4P B A9 A o X A
TAE A T4, S BE S0 4 X 43 H Aw. BRI, FEAS S
BAVER e R log BREC A IAE 1553 s, #E4THE
LAEMAUERET, BRI (6) 520(T7).

i) GloU(M ,b,) <N,

EHE MOBGE, IR M BN [ — A H AR A A
ARG, 7570 R 38 A/, L AR IR i MR AR R P L 491 i
AN USREBE R M OBGE IR 2 e M MO8 R — A~ H s
14 T RE PBR , DR IR AT R, LA [ 7 4%
HRARZENE FEGIHE . OAE B 2 M AR A AGIAE b, A
B M AR RIREINNE b, X M H R A H AR, BT
PR AR AL, FARIX 23 BE o, £ B R A G
HESEHER. 7ESCHR125 | oy i T ALY 258,

TEIEAT BB B 4% 1) S 36 v, FRATT i B 1 Ao g a5
TEARRES TS N PERE , (ELE T log RRBCHEA T BACHE ) 55
LR RE B by — 4.

BN, =0.4,N,=0.9 W, BIFREE 1 2246 0 4
AR EN R . BT A R, FRATT L log R B0t 1
BEANER, 4 B E R PR A, Nk 1 . Rk

sp= o x (1= e N <GROUCMLL) <Ny gt BT B 7 B 1 N,
0, CloU(M,b,) =N, SN, L N, BUEM 0.2 TFI, = = 367 A LA Y
©) W
*1 AEAREAE THEENEREITLL
NI
N, 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
0.2 73.50 - - - - - - - -
0.3 73. 61 73.10 - - - - - - -
0.4 74. 30 73.33 73.51 - - - - - -
0.5 74.51 74.53 73.56 74. 50 - - - - -
0.6 74.55 74. 69 73.49 74. 51 73.17 - - - -
0.7 74.51 74.73 74.53 74.57 74. 50 68. 61 - - -
0.8 74. 60 74.78 74.75 T74. 66 74.72 69. 53 62.70 - -
0.9 74. 67 74. 81 74.79 74. 86 74.79 69. 90 62.73 50. 20 -
1.0 74. 63 74.79 74. 81 74. 54 73.20 69. 64 62. 66 50. 20 33.3

4 IS

AR HEES H Intel (R) Core 5 8400CPU F
GTX1080GPU fiT35HL Fia4T, UL Faster R-CNN 35 :4F

SHESIAEZE. 43 B AE PASCAL VOC F1 MSCOCO ¥k £
PEAT I, B39 4 FH O 25 W ff i ( mean Average Preci-
sion, mAP) FIAG I 3 B2 4y Pk RE VI FE B
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4.1 FEESH

R B R A SR 1A A BB o A S o s
573 37E PASCAL VOC F1 MSCOCO %idfa 5 A R 45 R
15 NMS F3% , soft-NMS S0k ORI 25 R 2EAT LR, 7EAS
SCH DU G AR AE 1 45 R AT 7R th 1 6 AT

person 0.935

- - -
(¢)soft-NMSH. =

TR S B AEAE 2 A H AR, A8 SCHE H P
O SAE S HE NMS 395 I soft-NMS B33 B 4 — 86 .
AHIED T b T A R A 1R, S A B O T
AL AN [+ AL

|-
n:‘
P

(d)ours(e*) o

El6  ASCE S HAWEEAEPASCAL VOC |- A SEER 45 SR 1

()NMSﬁ?ﬁ 7
E7 AR S HAWE R AEMSCOCO L Y SE 50 25 - X L

(a)Ground Truth

4.2 TFEEHH
4.2.1 XtBFRESKENE &5 H

H s A 3 52 4 00 i) R 2 B 422 5 ) e 2% ) A U o
5, AR T S R D IR B 2, S 5 3O R IE BT
P14 T A0 30, i 2 G W) A A 23 s AR . HL 3k I
IO AR B TR UL, AR SR T R R R I R N R A
DB H AR o A i s de b, DASE 4 oo H br 8 52
o 0 o) R AT VE A S A A 0 3 R 4 A 1O a0 =X
(8) Fzk(9).

(¢)soft-NMSH.7:

(d)ours(e")

Rdlolal
Rd, =——-x100% (8)
e pic-total
Ce"ol’ rate = Rd x 100 % ( 9 )

total

K (8) W, R, 2/ H PR PR 2 AGIN 14 54K, pic-to-
tal F2R AP R 5K R, O B DI R, (9)
C. 27 B bn W0 52 A0 I H B 23 2R AN [ 19 U8,
C oo e FN B AN HL H AR5 09 H AR 73,

%2 Y Rd, M Rdy 53 i 3 n e[ — HAr EER
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Rl 2 YR 3 Y r) B R A Hofh s 5 3 S5 30(8) X
(9) HHIF). H32 2 nl gl AL T soft-NMS 553k i ] Fast-
erR-CNN iy KA 28 14 P Ao 5 22 530 325 1) 45 2R 40 o 4 —

B, g F log PRI AT 2l 14 1 3 4 PASCAL VOC2007
T KR soft-NMS BEREAE T 2. 6% , FE
W H AR R BEAIRT 2.2%.

R2 ARLEFE soft-NMS BiE S EE M AR FE PASCAL VOC2007 HiRER &SR XL

Algorithm Rd Rd, Rd, Corror Rd.,. Corror rate
soft-NMS 592 543 49 64 11.9% 10. 8%
DT-NMS + IoU + e* 487 455 45 50 9.8% 10. 2%
DT-NMS + IoU + log 479 450 39 52 9. 7% 10. 8%
DT-NMS + GloU +e* 465 438 29 44 9.3% 9.4%
DT-NMS + GloU + log 461 433 28 40 9.3% 8.6%

4.2.2 ANHEZESEMMIFRKENHE LR
LA Fi] Faster R-CNN A Sy 6 I AE SR () b0t 3035 0
B, 3¢ 3 oo T ik Sk AU AR A AR 2Pk g NMS 2t
SE9EAE PASCAL VOC Hfii £ DAGINZS A% He. AR ¥R 3
A RLVE 8 log pRECHT e bR BRI FE A S 10 AE PAS-

CAL VOC2007 I (i A% B2 5 3 74. 8% . {fi ] log pRI%L
PEAT i B 1 30 P BE B 47— 26, [E Center-point NMS'™
B mAP 32 F) 5. 8% , [t Faster R-CNN 2435 (1) mAP
BT 1.6% , b i FA A8 B ACE™ ) NMS ) mAP
1.5% , [t soft-NMS 22311 mAP 271 0. 5%.

%3 PASCAL VOC #iE & EMMIZE Rt tE

Algorithm mAP(% ) bird boat bottle bus Car chair cow
Center-point NMS 69. 0 66. 6 54.7 55.1 75.6 80. 1 50.3 73.6
Faster R-CNN 73.2 70.9 65.5 52.1 83.1 84.7 52.0 81.9
soft-NMS 74.3 74.8 64.9 60.2 81.8 86.2 55.8 80.0
NMS-FE AL 73.3 73.7 63.7 56.9 79.6 83.9 56.5 80.7
OUR(e") 74.8 75.0 64.5 61.6 82. 1 86.7 55.8 81.7
OUR(log) 74.8 75.1 63.5 61.9 85. 1 87.8 54.6 78.6
Algorithm Table dog horse person plant sheep sofa train
Center-point NMS 68. 0 76.5 80.3 77.2 40.3 65.5 65.5 76. 1
Faster R-CNN 65.7 84.8 84.6 76.7 38.8 73.6 73.9 83.0
soft-NMS 67.5 82.8 82.3 81.0 43.4 77.1 71.7 79.8
NMS-F8HOnA L 69. 4 82.8 82.7 80. 8 48.0 70.5 66. 8 79.2
OUR(e") 67.9 85. 1 83.8 80.9 43.0 79.0 70. 4 81.2
OUR(log) 67.8 84.5 83.6 81.9 45.3 77.8 71.0 82.3

T3 50, S T R 5 B AR SCAR i i A B L
car bottle P& (145 U 45 55 o 4, 1] 8 (@) 25t T ASIH]
NMS B3 (6 I 1 g AP X L AR B B 8 (b) 25 i T
AE] NMS 59k 7E PASCAL VOC g4 ) mAP 74k
K. 4532 3 AT LR A 2, A SCRIETEZ 280
AR T HA SR, OF B, 75 PASCAL VOC % #i 4k I
) mAP {E 1 B AT — & AL 3
4.2.3 ANEHEZERHMEE

T — U M AS SOk 18 = A O3B 23 ) A
P, 24 L] Faster R-CNN A5 R HEZR (9 A SOk
i, s T S L A PASCAL VOC % dls 46 1 19 7H

DMER(6) el Bk A ) R R 4 955 4 ~ 6
A7 AT LIS -, G I 3G s 8 2 B AR R R A
P, B3 B9 mAP LY Faster R-CNN 55 3% 2 7
1. 1% W B, B S8 i ToU M5 it HARAHLEE, 5
Faster R-CNN 34 [A] ; ok, 7E 00 LAt b AU AE S
T ) pR SO AR L R R e, FEE ) mAP 4k 2 4R
T+0.2% ;)5 , Fi51 A GloU 4845, H. 75 1) mAP {F 15 F|
THE,NT4.81%.

[ AR R R 4 (955 7 ~ 9 4T 0] LIS Y -5l 3 1B 45
FIAASCR W = AN SGERR 4r,  F =C(7) my ket 55
P R M RE U AR R T X R R, mAP fH iR
%) 74.86%.
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AP/%

cp-NMS
7 NMS
soft-NMS
NMS-HE#AR
65 W our-$&#
our-3

bottle car
VOC#iiE Ea1457 2281

(@) RIFINMSFE I APXS ELAE AR A

AFRINMSE S HImAPTT L

our-fig 7481 our-fige 7486

mAP/%

NMs- iR T4z

(D)ANFINMSTIE I mAPXT T2k &

K8 AEINMSHE I RIRIIEREXS LL

%4 L Faster R-CNN A4 MAEZL R o0 & i 7€ PASCAL VOC ##7
& FHYERESLIS

Algorithm Training data | mAP/% | Speed(FPS)
Faster R-CNN + ToU 07 +12 73.20 15.3
soft-NMS + ToU 07 +12 74.31 15. 1
DT-NMS + IoU 07 +12 74.33 15.9
DT-NMS + ToU + & 07 +12 74.53 15.6
DT-NMS + GIoU + ¢* 07 +12 74. 81 15.6
DT-NMS + IoU 07 +12 74.33 15.9
DT-NMS + IoU + log 07 +12 74.55 15.6
DT-NMS + GIoU +log | 07 +12 74. 86 15.6

4.2.4 HEMEZEERESH

AR 5 FTLUE Y, S AR TR 28 4584 1 HA the-
state-of-art ARSI AH HE , ff i Faster R-CNN 4 A #6;
TUHEZL Y i i 530 4E PASCAL VOC Ftli 4E 1 1) mAP 2fy
74.8% , 15 T RON320™ & 4: 0. 6% , 5 T Yolov2 &k
1.1% , 75T SSD 5.9 0. 5% . ££ MSCOCO %44 | ii~F
YR K 25. 9% |, 5 T Faster R-CNN 2.9 1.5% , 5
T Yolov2 858 4. 3% , 15T SSD 83 2. 7% . [71 0, {8 Fil
SSD A Sy A 0 A 22 11 el i2E 3575 #E PASCAL VOC % 45
) mAP 8 77.4% , 5T Yolov2 584 3. 7% , & T SSD
Bk 0.4% . fE MSCOCO % 4f 48 b A9 1 X 46 T 2 2
24.8% & T SSD Bk 1. 6%.

x5 ANEFEMEMEETE PASCAL VOC F1 MSCOCO HEE E RN 45 R 3tk

PASCAL VOC MSCOCO
Algorithm Network
Training data mAP/% AP0.5:0.95/% AP@O.5/%
YoLov2 VGGI6 07 +12 73.7 21.6 44.0
SSD VGG16 07 +12 77.0 23.2 41.2
Faster R-CNN VGG16 07 +12 73.2 24.4 45.7
RON320 VGG16 07 +12 74.2 22.7 4.7
soft-NMS VGG16 07 +12 74.3 25.5 46.7
Faster R-CNN + OURS(e*) VGG16 07 +12 74.8 25.8 47.0
Faster R-CNN + OURS (log) VGG16 07 +12 74.8 25.9 47.1
SSD + OURS(e") VGGI6 07 +12 77.3 24.7 43.0
SSD + OURS(log) VGG16 07 +12 77.4 24.8 43.1
5 i 11 7R B SR EGUE , WG T AR ZS R, T — 2 TAE

ASCHE T —Fp AT GloU BCHE f I Al A {EL 410 1)
Bk TR e Ak BRI BEA RO AR T H s Jh A AR )
N T H AR PR S AT A R IR T T RIS Rk
BE. MR L 7E PASCAL VOC 1 MSCOCO %448 I it

H, FRA A3 3 (e P O T (7 0 45 25 44, 1 Res-Net'™ il
Dense-Net™ 8125 | 1) 455 5 4719 H A7 HE g
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