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Anchor Free Object Detection Algorithm Based on Soft Label and Sample Weight Optimization
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2 Qinghai-WUT Industrial Technology Research Institute of Culture and Technology Integration, Haidong, Qinghai 810600, China

Abstract Similar to the Anchor Based object detection algorithm, the Anchor Free object detection algorithm based on feature
points also encounters the problem of ambiguous samples when dividing positive and negative samples. That is, the training sam-
ples are divided either positive or negative according to the specific threshold and the position of feature points,and when the
model trains samples whose feature point is near the borderline,it will incur great loss, which will make the model pay too much
attention to these ambiguous samples and reduce the performance of the model. In view of this situation, this paper proposes to
improve the Anchor Free object detection algorithm based on feature points from the three aspects of soft label,loss function and
weight optimization. By making full use of Center Ness, the impact of ambiguous samples on network performance is mitigated
and the accuracy of object detection is improved. To prove the effectiveness of the proposed method,the FCOS object detector is
employed in the comparative experiments on the classical Pascal VOC and MS COCO datasets, respectively. Finally, the mAP of
the detector on Pascal VOC dataset increases to 82. 16 % (an increase of 1. 31%) and the AP;,4; on MS COCO dataset increases
to 35.8% C(an increase of 1. 3%).

Keywords Object detection, Ambiguous samples, Anchor Free,Center Ness,Sample weight optimization
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cnw 11 JINASCHR AR 5] B R 1 [0 051 00 28 1 0 2 11 38, 78 3 1) 4%
B WS S5 [R] B 36 O % T G A v O X 3BURE AR 19 2 A T
JTt S RO RE A A b B AR B S T A e 2% 2 4 NMIS #: AR #
il o TAE a1 U 95 2% o AN S C10) BT

A
Loss,., =RegLoss(R,R) X cnw (10)

Horfr, R 2 [0 5 R 45 14 Eﬁﬁﬁﬁ&@ﬂﬂ@%ﬂ@?ﬁ%ﬂﬂmi,
RegLoss 371 8 F B 31 4E 0] I9 458 2% pR AL, S2 804 CIoU Loss
AT

=

4 XUy

4.1 ZWHIESIEHIER

Pascal VOC Hil MS COCO J& H 47 A6 I 45 388 5% % F 04w
MNERUERHE 4L . Pascal VOC (48 £ £1 7% Pascal VOC 2012 F
Pascal VOC 2007 WA~ WA , 75 B4 20 FiAS [W] 24000 /9 H bR
MS COCO ## 4 2 & MS COCO 2014 il MS COCO 2017
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PIAS A T ZE R TN 80 b AN 6] 28 5 19 A A%, A% SCHE Pascal
VOC Fl MS COCO WA $ 4 4 1 4x B #E 4T T X% L 5086 78
Pascal VOC £ 4 % I, & K Pascal VOC 2007 Fil Pascal
VOC 2012 I 5 4 & I J5 347 I 25, JF i ] Pascal VOC
2007 MM AR 90 U5 PR AR . I R B L& 21 667 TR A, )
R E 4952 A H . 76 MS COCO $de 4 b, A SC B #48
H MS COCO 2017 Il g4 #4725, i FH MS COCO 2017
B I AR B SR AL U R A 0 118 287 BRIl J, i 42
£8 5000 3K & -,

8 I 555 3 5 ST 349 #E 1 % (Average Precision,
AP b5 X 4 Ik SRR AT AL R A, BOAE 5 R
SEHEZ (8] ToU K ¢ ) 7900 AE 4 40 FLBH MR RE A (TP,
ToU /N ¢ 1 THOIAE Bl A A 18 PH AR AS CFP) L U K A 20 52 AE
PR R I PEREAS (FND . H AR A, A %8 (Precision, P)
FA 13 (Recall, R) AR A DR (12D s

TP

Precision= W (1D
TP
RetallfT7P+FN 12

R o i 2 A 73 ] R 2 6 PR 4k, - W HET R AP B
2 PR 25 A b3 22 8] 0 THT AR

Pascal VOC $¢4i8 48 53 5 1 55 20 SRR 28500 B ARy AP
(B CGEIE BH ¢ 24 0. 5) 88 J5 BT B {6 (mAP) AR Jy I 4 19 1T
fli8 41, MS COCO $ #8 4 43 5 31 53 4] & B {8 ¢ 7€ 0. 5,
0.55,++,0.95 FATAZKA BRI mAP {H .98 5 X 28 mAP
(B P S (EAE R B 2 T A H8 AR (APsoos) o BEAN R T T4
FEPAR I 2% B PR fE L MS COCO Bud 4 B MRS F8 AR B 45 10 T
FIEBIME ¢} 0.5 I mAP {6 (AP, H & B AE K 0. 75 (1
mAP A (AP;;) /N B A CH B T LU F32°) 19 APsoos 18
(APs) . " H 5 CH b5 1l BLUAE 32° ~ 96° Z []) B APso; {8
(AP\) R HARCHBRE R K T 96°) Y APso o5 fH (AP,
4.2 THEBEBSLWRHE

AR B A FCOS™T Kl 25 ) 36 fif 1 3JF A7, 32 31 55 %%
A PR, A< SO A BT 9 R /I Batch Size 5588 2 17
THAEW RIS TR 5258 18 S 8058 & — B0 BRI
RSN A SCHAD B 5 5 FCOS® 3 — 2., #0885 A
T B9 F /NS 896 X 896 (&1 Fr 45 L {91 448 7ok » %52 21 100 i A T AL
PR €0 R AT S 70, kS 0] T AT B A T e R DD AR 4
SR AR AL G 0 A2 A B B Bk sh s i B, K AR
B 3= 1 4 iF 45 B 4% 38 JH 76 TmageNet b #4542 B9 Res-
Net50 , HEfF Bl 2 (25 2% F FPN. X1 T 45 35 5 A B9 1 Fr L 46
FAG S 16709 ASRRAE AUE B AT 4 28 I T #R A

B FCOS ) 5% BB B T 2 5 I 5 Y 1E R A Bt
CK B FR 20 ] 2 /IS i moes I 08 3R 47 SR B I BEAS B0 i K
) S ECEROPR 8 T 1 B AR 4 1 IE SRR AR 5 JE T B L B AR
SCH5 i AH H FoveaBox Y 7.0 R A (Center Sample, CS) LI,
L SRR XA B {E S 0.7,

W0 265 ) DN 2k B E S B BE A A . A — W B RS T
HERAE B B 48 1Y 280, U1 45 25 4~ Epoch(MS COCO |3k 5 4

Epoch) , Batch Size A 16, {fi Fi 4% 3% 3R k 2% 3] % 5 Wl 55 1 %
2R IX10 B AW 1X107, § B Ak ET
FEAE 3R B 45 19 2 50, Y 45 50 4~ Epoch(MS COCO k4 18
A~ Epoch) s Batch Size 2 8, A 3% 1R Kk % 2] 332 Wl 5 4%
S RE 5X10 "B FEWE] 1107,

RIS W LR R T CPU E5-2673 B IR %5 #% FiEAT, 1
fE £ 4: 9 Ubuntu 18. 04, 4i #2155 Python 3. 7. 7, 2
HEZL S pytorch 1. 5. 0, Il 45 B {f A 5 B 12 GB % NVIDIA
1080Ti GPU, X hif i) CUDA Jiz4< 2} 10. 2,

4.3 PLEEI

A3 43 i AR G2 I 25 05 2 R AR ST 25 7 ¥ E Pascal
VOC 4G4 A MS COCO 4k 4 Ll 2k FCOS 8l &% .
FARITEE T FCOS B R AL, Ay b R AR LI B 28
A X 52 86 5 T 5 BT 70 43 0F W A S0 vk B A RO L AR SCTR
JT FCOS £ 0 SR AR RN T A 52 36 5 3R S X R,

FCOS # il %8 7 Pascal VOC $di 4 A2 3645 Ban 3k 1
Fiol ., Fe b —4T MR FCOS 1R BE 7 2 F4% g Il 4k 7 i
B 45 5 5 AT S 8 O SRR U R0 4% 2 I 25y T AR
B (25 58 = AT R A b SRR R T G A SN O vk A
PR, TTLLEMFEER T PO RS, FCOS 1
mAP TRET 0.71% LRI A S AT ISR G . mAP
BRI TRAI LB E SO RINGNS R, LEMNE, A
SCTT R AR AR I 5 5 DR 22 02 i B G 0 80 SR R A BT
T w40 mAP WRESCHT %0 FCOS &7 T 1.31% , Ut
HH A S 1% 3 o O/ RSO R A B T L AR v TR I R 1 o
R AEIA T A SR R RO

# 1 Pascal VOC B84 L il 4R 45 %

Table 1 Training results on Pascal VOC dataset
AL )
FCOS £ X ¥ #* FCOS & X7 #%
-thods FCOS hods FCOS
methods (CS) (CS) methods («cS) (CS)
Plane  88.85 90.18 92.47 Table 71.23 73.75 74.02
Bicycle 86.90 84.82 87.04 Dog 91.33 90.90 91.91
Bird 85.62 84.97 87.02 Horse 85.06 83.69 85.33

Boat 69.04 70.78 72.30
Bottle 70.24 69.08 70. 49

Motorbike 85.86 81.60 86.39
Person 86.20 85.30 85.61

Bus 87.31 85.89 90. 66 Plant 54.79 54.28 57.20
Car 90.21 90.07 90.58 Sheep 86.58 85.73 88.10
Cat 93.16 93.98 94.00 Sofa 69.71 70.19 73.59
Chair  58.06 56.64 57.37 Train 88.90 86.98 89.64
Cow  86.71 84.89 89.09 Tv 81.12 86.98 80. 33

mAP 80.85 80.14 82. 16

B 2 4t T FCOS 7E Pascal VOC $# 5 £ VI 45 4 1o 72
o R IR ERR R AR 2. FTRVE L ARG E TN
TN B B G 25 A~ Epoch) o A8 SC 5 % AT LA 75 ) 4% T pRe i
S, EEFE A JEFI A Center Ness SR AT E M ALSE , i
X B AT 3 T 2 0 56, LUBOMI AR A T Pt i AT G
L B 2 ol 33X 3 0 A A T R A L (A S A0 T
UM HE £ NMS 52 4E P A5 DL AR B S5 28 00 R I 4% 72 w9
B TG RN R, R TS Z S (JF 50 4
Epoch) , 28 3CT7 1 fix 4 B s AE — A T84 i A I 25 2R 1, &
B DR AR S B AE U R s WG R Re 0 R I R B R
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PRAFAE Pl XCBUREAS |, 78 I 25 B B 4 38 By B [ B ol /b
TG X RE A R T30 R B4R i T AR 0 R A AR
R

&
g 601 [/
< {
Seof ff
]
w01 | —- FCOS
! --- ECOS(CS)
i — AXH#(CS)
30
0 10 20 30 40 5 60 70

epoch

Bl 2 K2 mAP (974810 il 26
Fig. 2 Change curve of mAP of detector

FCOS Kl #5746 MS COCO %4 % Ll grgh Lk 2
Jigl, ATLAE M T O SR BRI S L FCOS () APsos
TRET 0.4% ARRTER G A SC I AT INLR)G » APsows 3K 13
THRT I BT 1 3% B IRIE Bl S Pascal VOC ¥t
B BRI FEIE B T A SO kI A ROPE g IR 2k B
AT R REHE (i FCOS 7E A [m) B4 4 b Ay dor il 0OR 3145 — 2K
=7t

# 2 MS COCO BHR4E I il Zr4h 7
Table 2 Training results on MS COCO dataset

AL 20)
FCOS FCOS (CS) &KX F#(CS)
APy g5 34.5 34,1 35.8
AP, 54.6 53.6 55.3
AP 36.2 35.9 38.4
APg 18.5 16. 8 19.2
APy 38.4 38.6 40.5
APy 45.4 45.1 48. 1

BEAN AR SO ) APs B8FREETHT 0. 7% s AP 8 5 2
FT 2.2% YA SCH AL R H € BE T 0948 05 38 F $2
Tt HAEBCH A% G Fe 07 L 3R RCR B R, JOR B A
S 0 I 4% T D S T R DXOIRE A T 3 B A P A
4 T ALE K 22 5k v R O I 2 i 0 A B RS BE AR B T
—E T,

ARITTIEN AP TR AR T+ T 0. 7%, APy HE b5 42+ T
2. 1% AP IR R R T T 2. 7%, RIAA SO B AE AN LB H
B BRI - ORI AR T, FL R A E bR 4R T AR
oA ERE X TN B AR A RO R TR 2. HEEER
JE TP SRR AR AN FRR I A TR 57 3 52 L AR U8 B AR S0
05 1 E A e R AR A A

RT3 — 2R AR S0 05 Tk AT ROHE S AR SCHE AR Sy Bl
YR FCOS 5 HA 3 09 B A5 K I &5 2547 T 86 ) X LG, S8 3%
AR 3 FrH . BRI B Ak, 2 rh BT A I g Y R 4% T
B R —E T TR IE S UM 2% O ResNet50 (YOLOv3 1y
FE T W% DarkNet53)  FEAEfLA M 4% FPN, £ 3 91 A5 4L
SR I e = o S [ v A= Ny = N A NI s R P €
Pascal VOC 8 45 I BUAS T dw A6 (9 46 0 2R, 72 MS CO-
CO ¥ 45 1 B T 5 00 19 &6 I 20028 SIE B T A SC O ik i
B

F 3 A0y R b o R DU 2 RO X
Table 3 Comparison between the proposed method and other

main stream detector

AL 20D

Algorithm Anchor Pascal VOC MS COCO

Free (mAP) (APs50-95)
Faster RCNN % 77.77 36.5
YOLOv3 % 80. 25 33.0
RetinaNet & 75.50 35.7
FoveaBox b 76.6 36.4
FCOS = 80. 85 34.5
R X & = 82. 16 35.8

Bl 3 4h 0 T 16 58 7 ik 4k i FCOS A S0 iU 41 1
FCOS *f 45 72 Bl 7 i 47 B s il a9 25 5%, Foep 55 1 s 3 47
R G BUGR)E R S5 R 58 2 88 4 47 R A S
SRJE R SE 5. TT LR, AR S0 vk T O % A RO R AR 1Y
T o A 0 Hb A TS WA U A 15 L ] T A U g
B 5 ARG BB — i B4R T

5

3 FCOS 543075 i WK I 25 L % 1
Fig. 3 Comparison of detection results between FCOS and the

proposed method

4.4 BEMPE—HHH

ST M R I AR SO Gk B S AR I RO 1k 22 ] B AR
JoT D505 A 3243 S e sk 1 A D vk FCOS H i A W #5 7E
Pascal VOC $UHfs 8 b oE 47 1 I 2k CRD A8 o5 25 3 1 90 45 B9 15 B
T UIZk 25 4 Epoch) , 88 J& £ F W0 25 1 I 2% X 46 52 [ F 3k
A7 EBRREIN 315 190 465 i 1 5 SR i 18 — AR Bk SR 4 SR
A o . PR A 2 0 R A I 1 Tl R e i S v I 5 T ik
A 10 4G U0 5 ARG T 5 R AT 0 0 AR 2R A P SR R R AR 8 R 15
—AbJE PR TN B AR R BRI, — AT
ST BN G 45 5 (mAP 2 72.19%) . 58 — 47 & i
ARSI EIN G S5 - (mAP R 74.82%)

B 4 F AR B4R FCOS /YA — 1k 2 4> i

Fig. 4 Normalized loss distribution of FCOS with different train

methods

T LA L 78 00 25 TN 2 B4 30T L P RR I 2R 5 145 B B9 A
0025 A0 B 8 AR 4 3 52 B F A A I AT 55 (H R 7E A5 48 1Y I 4
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T3 v A 28 AR A 2 IR A AR AR 7 A I A R O B T
TG A T B I e BRI RE A b, W EE BT 0 DI R A R 4
BT R I ZE 2R, 7oKk ak 8 4 sy e o i AE B A A SO
BEAT YNGR G o o0 ROIRE 2 57 A g 4 2R 75 9K K T i 2 IX 1Y
ORI REAS , 1 B 190 4% 19 Y11 0 0 AT AR DR 7 ol IR A AR A
b AT B D T BRI A A A I 5 o B X A I g Y T .

4.5 HRREL

AR 1 2 20 Rl S 5 43 00 i B 3k ) R BRORR 4
Soft Focal Loss FUACEE L 1k (1% 20 22 M, DL KA H G A 5 25 %
G325 IO £ 1 [l 01 9 2% 14 AL BB A SE A . SRR I AE FCOS H b e
T8 R B R 1 AT, B 56 7 Pascal VOC, SR FE#LI Ay 0
RAECREEX I 0. 7) WA 5 mAP,

&5 25 1Tl A AR 48 77 i N S AL IR bR 48 R A7 1 2%
{LER I Center Ness BCHE LAk 547 U 5 LA B[R] B FH b 25
Center Ness AL H AL Soft Focal Loss #E47 Yl 4k iy i #2 W,
O 5 9 23R 1 A8 Ak T 4R

mAP/%

B --- R EN%
30 ARG AR 4
—-- {Uf# FiCenter NessHlE L%
20 — MR E+SFL+Center Ness
RERAIIE

0 10 20 30 40 50 60 70
epoch

B 5 AR EIZ FCOS 15t FE Xt 1

Fig.5 Comparison of FCOS training process with different methods

AU FH bR 2 3R AT I 2 e A N g T 00 B e SIEE B RN
I HER R B T AL G 07 N SR i &5 2R (R 7 k) . %
D R R A8 T OB 48 S 5 4 25 Y 4% B T 1 O BT R B AL A 2
1255 i & —FE R Y [l 94 55 . B F o 2401 2k 9 B b
[r1) 2t A 2 A o ) kB g L R O R B 43 28 48 2R pRU B Focal
Loss AN P38 FH » e 28 3508 I 2 B 8 1A DU 1 B 2 05 1)

Y AAE ] Center Ness AT P AL 347 YN ZR B, 4600 25 1) 17
S0 e S5 B ] W P T R T i R o 5 T M A R A R
TrEMEMR AN, HIFEF 2 Center Ness BCE I 1k Al 15 W 4% 75
YII 25 1 401 B8 % 6 v B R T D IR AS 9D TS X
SRR A A 119 5 ) (ELR TR I 257 109 ORI A A R 77 2R TR
519 100 A8 B IR $E A AR L Focal Loss X R XERE A 43 it T 5 K 19
K #1453 Center Ness HIAAME DL A& #E 0 A AY SR .

2 [ B ol FH bR 28 L BCEE AR AL AN Soft Focal Loss i, &l
7 T U0 B4 AT SR R N e 2 R I SR AR TR A,
Ji PR 2 A SO I 5 7 7 B 4% {68 190 2% 7 DIl il B v I 8 G T
ol SRR AS . FEVIZRTT A, oo DO A fE 3 Rl SO 4
A B A R TR R 4 R R RO AR T SR G R I R S
9, 30 2 X BUBDRIAE AR A 2277 2 RO 2R, st A 25 T 30 i
A R AV RE L PR R 2 R I OR TE AT

# 4 B TH Center Ness AT AL 23 54 I T 43 25 ) %
0] 90 2% g S B 55 2R 3 7 R R X I 46 fE T A A
b, 7 FRAR R AZ W A AR Lk, 3 IAEM T Soft
Focal Loss Fil Center Ness 3Fr% 00 FCOS #6325 [ ¥E17, B =&
A fi JH Center Ness MIALHERAESD , H A & B (R 75—,

F AWML EEIL T A Center Ness B R ALEEAE 73 51
VRT3 25 0 25 R 1 U9 T80 2% 45 RE 7E — 5 A2 BE b 42 Tk A 00 4
FE » U8 AT D0 A 6 92 7T LA /N A M0 AR A 6T 3 6 9 46 R[] 1
P28 1K T 90 . BRI, 20 43 288 9 5% A ] )9 9 4 3 [ fdi T Center
Ness FCHE LA WE A0 &5 09 P RE 1 2 1 3 — L 27t

AU A A T 202 4 O 44 5 0 25 0 B
Table 4 Experimental results comparison of weight optimization

on classification network and regression network respectively

(BT %)
VNS ERERCES W 5 4 R LESFS
% % 72.10 80. 96
b % 73. 44 81.55
S & 73.26 81.23
= z 74.82 82.16

Ak ¥ Center Ness AT ff Ak 45 4E B A FH T 2 28 R 2%
Fb o JFE B R R IS I 4% 3R AT T R A A2 L a3k R R AR
TR A ALE TR0 )3 9 % v ST 670 57 D20 RO R A 1Y T AR L T HE 43
5 0 2% v 5 B 5 A IE SRR AR B AR L X B0 B T AL TR 4k
it 43 25 0 245 of U T A

LERIE AT FIH Center Ness S5, 16 o br 25
K PR ECFALFE AL 3 A5 1 X 3 T 4R AE £ 89 Anchor Free H
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1 Pascal VOC $4R 4 I, A ST Y255 i Af1 45 FCOS it
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