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i OE ATREFIVBAAEMNAREILERAENARBFHT AR SEA 2V HEATI LN ZT P E—FF
R, XPAZLEMNGRTPEARXEMLEETLH T A B LS, 5 RetinaNet k#4577 40 F 83 D FINE A RIZIBR
B RN T RKREMEETL AHAN TR MSEH AN Y m;2) Xt T AER LA RFERR . B L EHRTFLZH A
ABNRAAHERATRAEAN%;3) WA T RetinaNet #9 5 £F W&, AL T B A Bk G o & R, EA 6 PCB 8 & L&
BEA B EN LED 8% %E L AL RetinaNet £k KB BH T 2L 2R LRI T 14. 1% 1.8%. . £ #HE Ly
FRAT 3.6% 0. 4% . AARBEHFERIFRAL-FF T AAFLMNKRT,

K88 . EE F I ;RetinaNet; iE B K4 2 —F F

FEZESEES TP391

Study on Single Background Object Detection Oriented Improved-RetinaNet Model and Its
Application

ZHOU Bo,JIANG Peifeng, DUAN Chang and LUO Yuetong
School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China

Engineering Research Center of Safety Critical Industrial Measurement and Control Technology, Ministry of Education, Hefei 230009, China

Abstract Object detection algorithms based on deep learning have been fully promoted and applied in the field of industrial defect
detection, but few algorithms are suitable for single background in industrial detection scenarios. This paper takes the industrial
detection scene with a large number of simple repeated backgrounds as the starting point,and makes the following improvements
to the RetinaNet algorithm:1)introduce the difficult negative sample mining strategy to reduce the impact of a large number of
simple repeated negative samples on the model fitting positive samples; 2) an adaptive ignoring sample selection strategy is de-
signed to avoid mixing samples with high intersection ratios of positive samples into negative samples to confuse model training;
3) the classification sub-network of RetinaNet is simplified,and the risk of overfitting after model improvement is reduced. Com-
pared with the RetinaNet algorithm, the improved method improves the recall rate by 14.1% and 1. 8% ,and the precision rate by
3.6% and 0.4 % respectively on the public PCB missing hole dataset and the self-built LED bubble dataset, indicating that the
improved method can significantly improve the level of object detection in a single background.

Keywords Deep learning,RetinaNet, Adaptive sampling, Single background

| oas A H0 A 7T A T T S SR R A A A TR X T SRR AR A UL

AR BOBE Y G I P RE S B T BRI S IA  BXAE BR

UL AR R L AT R B 2 S HOR B 2 i L 2R TR EE 22 ST B E A 4 Tl G I R X AR 52 B . 2T R IR AR AR R s — g

A B8 R A T AR AR T, AR B SR ol BB A JL2EH MR A4 D Rt a2 T B AR A I3 05 98

MG RN ER S Ay T B, h T GIER PASCAL VOC #4a4: .COCO Hudfa 4k . ix — K8 b

FRBERRE Tl 7™ i L AR 7 L 3B B 09 7 i 22 T P A e B SR A e 278 AL BAR A B Tl 4G IR 5 R

5 I S — B AR T — B R TR B A S B F R AR AR X B — *ﬁur’r&mﬂﬁ%uﬂ AL A A LA Rk B A A
SRR T AR AR O 5 U R A AL ) B AR S B0 A o TR L RSB SE FH T CM A  BRE  B 0

B3 B 97:2022-05-07 3R 48 H ). 2022-10-14

HETH R ARRA RS (61602146) ; [ 5 AU AL AT 70 KR BT (2017 YFB1402200) 5 2 B0 B 4 B K 35 (1604d0802009)

This work was supported by the National Natural Science Foundation of China (61602146 ), National Basic Research Program of China
(2017YFB1402200) and Key Science and Technology Program of Anhui Province, China(1604d0802009).

WEEE 2 H # (ytluo@hfut. edu. cn)



138

Computer Science FHEHLFI2:  Vol. 50,No. 7, July 2023

R TR B 2 3T A I SRR T 4 S LR LR D BBy
B I B, I 2 Y Faster R-CNNU, R-FCNE 5 2) 8y BE
B 5 k. i YOLO R 8151k H # YOLO V4™ [ YOLO
V55 YOLOX™, DL R 4 i () SSD™ 8 7% | RetinaNET! 8
¥ 3) JCF N ME AY B 3%, 1 CornerNet™, CenterNet™,
FCOS" %8, 55 hh, b %5 Transformer £ R & B HiifE T
Swin Transformer ™V 8%, 76 B9 [ BOK I 5 1% b, B — B B
P DX 3 A A e 2R B — 2 A 1 0 38 b X, TR JE — B B
FEXTEATIRAT U — 2 43 25 0 0 T 5 8 20 B BOAG W 883k P, 7 48
BRI RRAE ST 0k %% 45 M SR RE AT B SR A SR T SR AT 4 2
AALE RUE . — MR B F 195 B B A I 35 % v A A X Ja 2
PUSEHL, O 2 X SRR A B0 04T T A 20 1 ST O A DU A 3 %
B B R B v AL — PR BB B AR AR PR DA A
PR T % R T B AR A T Bk i AR R — A RS AT Y I
P4 RONSH] 6 BURRAE 09 E A5 26 56 20 3Ok 250
N B B A 0 18 2% 2 ) 5 SSD i U f B AR 32 4 SR e T L X 47
FEARBUREBETFHET SRR - E BN AEAS S
S I A 4 L R4 W E SORE A H S 10 35 ATSS™ AR 48 # AE 5
B A AE 38 I b 9 58 T RRAE S B A B AR i 8 Bh S 38 I H B
{45 RE D B2 21438 19 I 2k IE AR AR ; RetinaNet™) 51k A3 i

P7 »  head
L. K
At 0.5xdown
conv
P6 »  head
bottom-up 3x3
ResNet s 0.5xdown
Conv5(C5) R R
Stride 32 g g
4 2xup
0.5xdown ’—'
Conv4(C4) 1x1 y
Stride 16 conv 1% »|| bead
[ 2>up
0.5xdown ,—>
2(C2 1x1
Conv3(C3) " N
Stride 8 conv P3 »  head
)
7Y
0.5xdown top-down
FPN
pm—
Conv2(C2)
Stride 4
7Y
0.5xdown
—
Convl(C1)
Stride 2
A
0.5xdown
Image

TV A T S8 U AL 2 R fife pke 1 B AR AR S 34 ) B, B T IR
SR A FE AR AL 5 G vp Y AR

A1+ RetinaNet 5 4 b 35 7 7 46 0 78 B F0ORG B2, BLA 4%
el 1) S B 8 A8, E A8 Tl A I A5 30 T 72 AT A SO
TF RetinaNet 533 19 ZE il b #F 4753 1 B iff . RetinaNet 53
SR BE R T SR AR T T R b B — W R A R ER
i RORE A R R R RO = AR ST T AHE B R AR A
0 20 7 B SRR AR 2 5 e o o) A 22 W R A 1) 2 R R e
WERRAAS B I8 I, T 38 3 257 I 4% DL R AR 0 4% 3 0 &
B JRUIE 5 DA TFT S 37 T A 0 347 e v 3 A T AR B 4R T

2 AKXFE

ARATE SN A T RetinaNet 53 19 53, 4K 7R M Mk 671 4%
ASFEA | 2 AR (Y S PR R L 40 28 I 4% 1 R R 3 LA Bl
RPET T R,

2.1 RetinaNet f&] 9%

RetinaNet & f B T’ 2% ResNet!"™ $& B AE , F FH 457 4E
4 5P (Feature Pyramid Networks, FPN)M Sz 3 Z2 R B AF
PRH, B J5 AT S 4 % FR (Fully Convolutional Networks,
FCNDP 7 [ 45 (UL 1) 43 51 6 3¢ 25 5910 4 U 45 o7 8 [l 19,

class subnet

ea. (3 Jwe L

conv conv b

WxHxAx(C

P5 —
WxHx*256 box subnet

Ly 4 « N —» deltas

conv conv R

WxHx4A4

l

f— element-wise 3x3
dition conv

¥ 1 RetinaNet it 45 #)

Fig. 1 Architecture of RetinaNet
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Table 1 Experimental results of network structure adjustment on

PCB dataset

- 2k FHE K Recall/ % Precision/ %
5 81.0 95.4
RetinaNet ! 81.7 9.3
3 82.4 95.3
2 82.8 94.3
5 94. 6 98. 4
RetinaNet+HNM-+ 4 94.6 98.9
AISS 3 94.7 98.9
2 95.1 99.0
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Fig. 4 Adjusted prediction network
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Precision f18 1% Recall W3HE R 3) PR .

Precision=TP/(TP+FP) (3)

Recall=TP/(TP+FN) (4)
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(False Positive) 2% 7 B #f 15¢ £ W > 1F %) (19 4~ 4k, FN (False
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GEREE 5 A . SEHG AR R PG 5 SR 3k 2 T,
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Table 2 Experimental results of PCB defect dataset

HH  HNM  AISS £ % F®WEH  Recall/% Precision/ %

1 X X 5 81.0 95. 4
2 J X 5 85.4 95.5
3 J N; 5 94.6 98. 4
4 N NG 2 95.1 99.0

3.2 LED aliERPEHIIRE EHIKH

N T T VAR R A BE L AR U5 58 (U RE P T 2 B 9
i SEBRARAE P K 151 D AREAR LR BERLRI 23 3 6y 40
51,5050 AREAS B AR [ 4500 i 4 B 320 SRR (KA
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FoAb I 43 1 o I 2R 46 19 77 50 AR R 3 LA 35 AN TR I R R AR
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# 3 LED A5 e b RO 46 19 S 0 45 2R

Table 3 Experimental results of LED dispensing defect dataset

@ HNM  AISS 2EFHEH Recall/% Precision/ %

1 X X 5 97.1 94.7
2 N; X 5 97.6 94.6
3 i J 5 98.7 94. 8
4 NG NG 2 98.9 95. 1

3.3 Wider Face AR M #EE FAXW

T AE TP AL B e, 48 T Wider Face $(#54E b Pa-
rade S 14 28 51 1 A B0 B 5 R J% R AR BUBEEE b Y
RO AU A F Parade 354435 51 (9 B4 . 52 bR 4 oo
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# 4 Wider Face Hla S (1 S B 221

Table 4 Experimental results of Wider Face dataset

B0 HNM  AISS 2 XFWE#HK  Recall/% Precision/%
1 X X 5 60.0 64.8
2 N X 5 61.1 62.7
3 J J 5 60. 4 63.2
4 N N 2 60. 2 61.0
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(D H—FF R E LSS5 5458

TETF I PCB B 48 F A 4 1 LED %#i 48 b, 4l i ek
PEA W HEAT T SRS, I UEZE B i S TR 2 R 3L
P 2 FEk 3 A 45 SR TT L S PR, 45 b g s S s T A 20 A
TG B 0 5 ) 2 AR — B B IR T AR I IR AT S S5

DX LB 1 RSB 2, 0 A i BEAS 42 48, X% T 50—
SR AT 55, A58 AL (4 3 [0] R A0 A 0 452 -, T A 2 1% 1 5 1)
A W A R R AR IE R R M R — B R T T LA
B O SR AR AN 59 A5 1 5 ) L E S 5 ) AR R G £ RE AR 2 )
B R B T IR S T B AR B 2 o R

2R WAF O 2 B B0 3, 76 B — 5 ST AR U AT 55 b, v
3 22 W A B R R S I S R T TR L Y [l R RS
UL H 3 R 22 WA AR S 5 O W T LA S s/ 5 O R AR
A 2 30T VR VB BE AR SR A TS (1 I AR AR

XK AL 3 FIAE AL 4, 76 B — 35 F AR AT 55 |, 24X
Ve B A S B OREA 2 5 YIgRET R R 22K Tk
HE— 5 P& A5 A 1) 7 1] 5 RORS 6 % L 130 B 7 8 B A 0 A 5 A
SEINGHEANEL T RZESRTREBH T NEZk

2
Hi

gf

o

(DR FHT S BUR R LRSSl T 54518
MR A — 15 SR 4R L o S 86 o BT 5 458, T A i ik

AR SR AT 55 R B AR R S Y . B
BETT R S bR b R T B S A AT 55 v AR AR R B
FUREAS 3K — 7 1, B R TE U L T R AEH TR
ZeW ST S5 19 . R Tk — 25 50 UE ik Jy k3
AR SO SE BT BUHE D B A TF R A% T S Wider Face A
Fo R I Al AR LR S, ST A5 Rl SR T R 4. MRER 4
PR R L, TT A BT 458 .

DSBS 1 MAE 5L 2, 8 M R A S L X A A
SR IAT 55 , AR Y 1) 43 [ S T 2 T (ELASE A8 ) s 1 %6
A, 5 3 WA, 130 D X R A 4 0 SR S E B R 1Y R T AL AR D
HEME TR AR S 50 G, S FE 7 T 5 AR A R £ RE R 2 3T Y
BT B T AR S T R AR Y 2 ) RO

)% LS 2 AN U 3 T LA R BR L 7E B 24T S A0 R AT
55 1o 0 FH 2 R AR T R I A A 3 IR R AR T
0. 7Y% » T A6 TR0 (4 G B S MR F+ T 0. 5% . i W 1 38 17 22 ik B
A% T R O (T R R e R T AR Y R AR 4R T TR AL X R
FEAR

YN Ol 3 A4 O 4 T LA K B AR B 2R 1T S ARG AT
55 b YA B A E I AR S SN SR SR R R 48 26
T 4% B AI% T R AR B A T SRR W 2R L U A R T A2 AR AR AT
%5, B AR /D S I SRR A B A BT 75 AR T B R AE RE ) TE SR
WIZ KT W%,

25 1 AR SO i Y R A 42 4R SR S AN A R 2
e o A 3 5% O s (o A SR AT D i LB A 2 5 IR fukE A
H R T RetinaNet 76 51— 57 B AR AL I o ) 4% o 1F 57 FE
A TN 24 4655 5] B, 5] 6 187 4k RetinaNet 4326 7 0 4%, B A T #5578
T B YNGR AR T M LA KUK . HR7EE 24 15 5 A0 K AT
5 b AR SCUCHE T R U O A T R AR, 150 B HL S 1 B
— 5 HARK

HERIE ARSCTESHT B AR K 5 RetinaNet [ 3 A1 2
— 55 AR I A LR E L DR A — B O B
A GRS g R R AT R R AR IR R R 22 i R —
ST IR A S 35 Al 1] 80, 42 HH TR FH 1 3 0 228 WA A 1 48 O
W Of 3B G 5 Ak e B b AT Y SR A TR M A AL B s T
I3 25T 4 1 2450 T AR A i I R BE AR T 3 LA KU
TEAE 5T K% PCB B e FLEHE 42 F0 Al LED <O EHE 48 b i
1T S IR, SC g 25 AR I, 78 01— 39 5 B AR A DU AT 55 v
ME R AS 42 4 58 % RT LAB8 3 B T AT T X TE R AR 0 2 2] ROR
3 0 2 W A A 3 0 R A R A AR T 4 e 0 L R AR T £y
FEAS Ul D 43 2 F I 4 14 2 R0 AR ALAE /D s SR bE AR 175 3
TOER AW, DL SR SRR AR TR ELAE T 5 H AR
LoV YO a1l i\ N (SN G o (WU N i i S N o T
M A5 3 428 AR X IE B A [ LB B R R ORE AR, BT — sk
2 IR AR X G AR 2 3] L (0 SRR AR, TR L 3R Sk 19 T4
PRAR N o] T G e i 5 K R A 2 3] B G IR RE AL DA 3E
— G R ST Y B AR ARG B

£ % X W

[1] REN S,HE K,GIRSHICK R,et al. Faster r-cnn: Towards real-



142

Computer Science FHEHLFI2:  Vol. 50,No. 7, July 2023

2]

(3]

(4]

(5]

(6]

(7]

(8]

9]

[10]

[11]

[12]

[13]

time object detection with region proposal networks[ C]J / Ad-
vances in Neural Information Processing Systems. 2015:91-99.
DAT J, LI Y, HE K, et al. R-fen: Object detection via region-
based fully convolutional networks[J]. Advances in Neural In-
formation Processing Systems,2016,29:379-387.
BOCHKOVSKIY A,WANG C Y,LIAO H Y M. Yolov4: Opti-
mal speed and accuracy of object detection[ ] ]. arXiv: 2004.
10934,2020.

ZHU X,LYU S,WANG X,et al. TPH-YOLOV5:Improved
YOLOVS5 based on transformer prediction head for object detec-
tion on drone-captured scenarios[ C]// Proceedings of the IEEE/
CVF International Conference on Computer Vision. 2021:2778-
2788.

GE Z.LIU S, WANG F,et al. Yolox: Exceeding yolo series in
2021[J]. arXiv:2107. 08430,2021.

LIU W,ANGUELOV D,ERHAN D,et al. Ssd:Single shot
multibox detector[ C] // European Conference on Computer Vi-
sion. Cham: Springer,2016:21-37.

LIN T Y,GOYAL P,GIRSHICK R,et al. Focal loss for dense
object detection [ C]J // Proceedings of the IEEE International
Conference on Computer Vision. 2017:2980-2988.

LAW H.,DENG ]. Cornernet:Detecting objects as paired key-
points[ C] // Proceedings of the European Conference on Com-
puter Vision(ECCV). 2018:734-750.

DUAN K, BAI S,XIE L,et al. Centernet: Keypoint triplets for
object detection[ C] // Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision. 2019:6569-6578.

TIAN Z,SHEN C, CHEN H, et al. Fcos: Fully convolutional
one-stage object detection[ C] // Proceedings of the IEEE/CVF
International Conference on Computer Vision. 2019:9627-9636.
LIU Z,LIN Y.CAO Y,et al. Swin transformer: Hierarchical vi-
sion transformer using shifted windows[ C]// Proceedings of the
IEEE/CVF International Conference on Computer Vision. 2021 :
10012-10022.

ZHANG S,WEN L,BIAN X,et al. Single-shot refinement neu-
ral network for object detection[ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. 2018
4203-4212.

KONG T,SUN F,YAO A,et al. Ron: Reverse connection with

[14]

[15

[16]

[17]

[18]

[19]

]

objectness prior networks for object detection[ C]J// Proceedings
of the IEEE Conference on Computer Vision and Pattern Recog-
nition. 2017:5936-5944.

ZHANG S, CHI C, YAO Y, et al. Bridging the Gap Between
Anchor-based and Anchor-free Detection via Adaptive Training
Sample Selection[ J]. arXiv:1912. 02424,2019.

HE K,ZHANG X,REN S,et al. Deep residual learning for
image recognition[ C] // Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2016:770-778.

LIN T Y,DOLLAR P.GIRSHICK R,et al. Feature pyramid
networks for object detection[ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. 2017 ;
2117-2125.

LONG J, SHELHAMER E, DARRELL T. Fully convolutional
networks for semantic segmentation|[ C] // Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
2015:3431-3440.

ZHANG S,BENENSON R,SCHIELE B. Citypersons: A diverse
dataset for pedestrian detection[ C] // Proceedings of the IEEE
Conference on Computer Vision Andpattern Recognition. 2017 ;
3213-3221.

ZHUGE Y. The Quest for Machine Learning[ M. Beijing: Posts

and Telecommunications Press,2018.

ZHOU Bo,born in 1981, Ph.D, associate
professor. His main research interests
include digital terrain analysis and ob-

ject detection.

LUO Yuetong, born in 1978, Ph.D, pro-
fessor. His main research interests in-
clude image processing and scientific vi-

sualization.

(BT 2 3 - W 8D



