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Improved lightweight YOLOV4 for electronic components detection
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Abstract: Aiming at the problem of low accuracy and slow speed of electronic components detection by manufacturing robots in the

electronics industry, an electronic component detection method based on improved YOLOv4 is proposed. The network structure was

improved by using depth-separable convolution instead of the traditional convolution in PAN networks to improve the detection speed. An

inverse residual structure with a linear bottleneck was used instead of the CSP darknet53 backbone network to reduce the model

parameters and further improve the detection efficiency. An attention mechanism was added before the YOLO head of the detection

network to improve the detection accuracy. A data set of electronic components was established to simulate the industrial environment

with conveyor belt and the data was enhanced. Compared with the original algorithm, the accuracy (mAP) is increased by 1.31%, the

speed is increased by 16. 34 fps, and the weight size is reduced from 245 to 41. 20 MB. The research can provide technical reference for

the development of manufacturing robots in the electronics industry.
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Fig. 1 YOLOv4 network principle
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Fig.2 Improvement of backbone feature extraction network
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Fig.3  Attention module

AR JZ FTAR TR 0 1 3 B 7 3 S i
XA KNG WxHXN BFFAEIE 8 oA 2 /-7 3243t
XS REAT e, =X (5) Fros

W H

ZN=F_W(UN)=W%HZ > U(iy) (5)

i=1 i=1

K, Uy FoR5 NAIER RN R W x H BHFE X 5
AT RS N7 Y A R R R AT 4 )R E Ak, T A E)
KR T x 1 x C B, XN A EE A2 RER .

SRIG TS PR AR A5 4% 38 18 =[] 1) AH S, n=X
(6) Frs,

Sy=F.(Z,W)=0(W,6(W,Z)) (6)
A W, W, 5 3RS — AR IRAE Ok S A
SRR EPS ROBR S, o FI1 & 435 2R Sigmoid #1 Relu %
THEREL, XHE A T AW IEZ MR ACE S, 5 A
FRIERE U MRS 3 e K i s X, B amE A m=(7)
Ji7s .

Xy = F o (Uy,$,) = S, x Uy (1)

3 LWESH

3.1 HIE&EMEI

H A1 1 TG 3N 768 A TR Fooes R BR 48, TR
BRAULE -l 1 Tl PR 85 5 3 T B 7 19 T e A4
PR, BFHBH & AT 14 PR E T8
SR LT BSR4, L1538 T 6 326 TR EI&.
TR BE 25 21 B LTI = B DK 1) 340 RIS 50 kR A8
BRI ARG ks, R B BAR AR XA 55 2 T oo
I %) 4 5, AN T A AR 7 B Y AR Ak B SRR
e LN S A TR

SCHR[ 23 J48 0, P K B MR BE R AR T IR FE 2% )
TR AR, L, TE@ S T ea B T 4R T
— P A T T T AR RS I B AR B 1 5 vk, R T A
Pt i Alz ARe )y . BERg R IR W E 4 R,
TIE R LT T A A A A AR, AT T R 4(b) ~
(d) B Tt TN BRG0Pk 43 MG I T an &1 4
(e) Jir7m fo U e 75 ke 3 07 M 75 5 T, S T 181 4 () R
FAASER Ab A SE N 32 SRR 42 . )i, 5 R BN TR)
MREZRY S, HEA TR 4 (g) 4 (h) PR YOG BRBE AR 4, A
AP FEE 12 652 kK%,

" = 4
E >
> s “

(d) EFEEEE
(d) Upside down

(a) A

(a) Primal picture

(b) ZE¥%
(b) Left turn

(c) £i%%
(c) Right turn

N e “;\
OL () BEH (e) 5 (h) ZEg
(e) Noise (f) Obscure (g) Brighten (h) Darken

Kl 4 Blisgandr ik

Fig.4 Data enhancement method



- 20 - BT &S 2 i %35 %
3.2 TSE x1 EERBEL

JF R 25 BLRE 4 2 5 1 Intel Core i7-8700 CPU, Table 1 Algorithm accuracy comparison (%)
NVIDIA TITAN Xp GPU, 32 GB RAM ZHJi. ff FIft$idt: Jrik Precision _ Recall 1 mAP

YOLOv4 84. 44 71.70 78.07 88.25

Ay . é ‘X S Ay A}
AGEH Wufoin, % V3R 35 09 tensorflowl. 13. 1 LA & YOLOv4 Tiny  72.05 79.71 75. 88 81.29
keras2. 1.5 VR4 > IRET A3 82.18 85. 63 83.91 89. 56

BB A o B 5K 50— e 4 (608, 608 ,3) ,
RR AL ORI IR T R E R I xe ™, i
REWEET R R x e, BB RITHERRT, KRS E
THEBUFE)ZINZR 50 A8, X R IR K/ 16, S8
JE BB SR 50 A, xSRI IR R /N A 8, S T BE BEALY)
AR A LS AT B A RS L P e A R 4R
AT T Kmeans++RI50Mr , e A A5 BN TR S AHE R (10,
14) . (23,27).(37,58) .(81,82) .(135,169) . (344,
319) . YOLOv4 451 BREL 1 70 26400 0% | B0 BE R G
P A =R R, 250 R A A 4 2K pR AR
3.3 FMiEtR

SR H FR A H ] B #E B % (precision ) | A [1] 3
(recall) A5 {5 F0 A [0l 5804 98 F1 7 B4 F1 P YR B2
(mean average precision, mAP) (BRI K] F £ i ¥4y
B 5

R A A B 2R A T
sion =~ (8)
precision = TP + FP
recall = L (9)
TP + FN

FH . TP (true positive ) 1 FEAR BT Ay 1EREA H 5L FR TR
DIEH ; FP(false positive ) fCRARIFI A 71 A A< H A
W FN(false negative ) 145 B S5 Sy £ AE A HL A6z
FE, BRIIL, R R AR AR A A I i) T A LA AR I
TIOINER) EeAA 3 T 23R A 3 S B I AR A v S TR ARG U 1 A
TSR 78

G BRI O HERA 2R 5 4 [l M AR T AR A
AT, F1 RSN HER AT [0 3R 0 U8 A58, a5
wmr.

Fl =2 x precision X recall

precision + recall (10)
3.4 ER55H
FETHe 7 5 YOLOv4 53k 5 YOLOv4 Bk i
HALMUAR YOLOvVE Tiny 76 H FIoa 5 4 kAT TR
FEXTIG, A5 R Geit gk 1 Fis, R 1 Al g, ek S
YOLOv4 i L HER R % T 2. 26% , 10 A PR FETHEK
HET 13.93%, LT YOLOv4 75 F1 Fl mAP 43 542
FT 5.84% Fl 1.31%, S ARMERE S 47, 11 YOLOv4 1)
Tiny MUAKE T FEIA L, mAP TR T 6.94%.,
SRR AR KNSRI 3R B AN 26 2 Bis . AR 2

ATE W IR A SR 2 R R SR 176, B K/
245 Ji/0 | 41. 20 MB, N BL B A BRI HE -, M 24. 86
BT 41.20 fps, 1M YOLOv4 B Tiny RAS iy T R %
FOARG T, S 80 A /N /N, FPS A F T H 58 vk
i 3,86, (HHKGE TR W, LI AN E A oo e
PR 55

R2 HERTHEMEILL

Table 2 Algorithm calculation efficiency comparison

ViRis Parameters Weight/MB U/ fps
YOLOv4 64,429,405 245 24. 86
YOLOv4 Tiny 6,943,389 22.6 45.06
AL 10,872,893 40.9 41.20

T BN ] ety gk A A, SR AT T D4
RS, IR R G E R 3 b, ATLAE W 2 AR
ORI MR A A X 3 T M 2 0B A TR0k, 7 mAP A
1. 68% T RERIENLT , B 24. 86 #2131 T 30. 45 fps,
PR TR, WA 3 I, SHRRAE A R 2%
ALy BB RURE A B, A 30. 45 273 42. 21 fps, 7F
JUEH S5 v B2 fe v, (EURG B2 A 88. 25% T B3] 84. 20%

R T VRANSCR R A R RS B TR B IR B, RS 4 4
SES AR AR AT T G, B TR S B AR R
FE 42.21 TN 41,20 fps, (RS BEHE & 32 T 89. 56%
IRF TR ARG LA, X S5 RS A AT AL
EEI NV RN ST 1 GRS oalil N

R3 HBMXEER

Table 3 Results of ablation experiments

NET CSP darknet53 PANet YOLO Head mAP/% &/ fps
X X 88.25 24.86

86. 57 30. 45

84.20 42.21

X
X
VvV 89. 56 41.20

<L L x

1
2 X
3 vV
4 Vv

AT BRIk A A, S A e R S
et YOLOv4 Bkt A7 T X b, &5 SRk 4 s, M
F 4T LIFE I, Faster RCNN 25 X0 B G205 1 45 i3, A
T SSD300 A5 BE it T 4. 98% ., H ALY BB i Ak %
HALFPS UK 5. 52, Tk L SCi i . & 4 ]
PIE H, YOLOv4 HEZE BT 3E & i T oo ARk, BT $2 550



5510 3]

U AL YOLOvA HI T HL F- a6 - 21 -

AR T A S HE 55 AR BE R AR 11
FHFRB, SCHK[ 11 ] B4R J7 ik A 30 35 B B 5 o a8 17 5
PEAERS BT R B T BRI DR S R A
HEA TWREETE T L AOUEOR R, KRS B e
pE— A, SCHRL 12 ) B8 75 1 £ v 1 on f 1R K dle 42
EORUE TORS B RGN A T o — A, SCRRL 13 ] B
PETTIEACAI R E b R T — s 4R T A RS B 4T3 7 AR
AR L AUESs 2 — 2, ML BRIk A SOk
D7 AR BT TT A PR AG DA 55 L S8 T R RORS L B4
iy, SIS T AT LA AR SE AT 55

F4 HSHMEHREEIILER

Table 4 Compare results with other advanced algorithms

ik mAP/ % B/ fps
Faster RCNN 81.54 5.52
SSD300 74.52 14. 56
RefineDet 79.35 16.78
EffientDet-DO 85. 69 21.56
Centernet 82.45 11.24
k[ 11] 85.35 46.35
k[ 12] 88.34 26.59
SCHk[13] 84. 59 28.25
AL 89. 56 41.20

JT RAE TR A A A, AE BRI E & AT
COCO %#idE Ltk 7 T, COCO %dn 48 72 M mr v
H AP e 9 5 e 4 el S mRIE, A28 80
AN A T 11 TR K TR Ak AR
BILATE COCO02017 Y25 4E it AT 1%, K 10U 1
Hi&H 0.5, MIEFLHAEANAZIHIT T LK, 7
COCO2017 PMiak4E L b7k, 25 R ane 5 im, MK 5
ATLAE 2T 0038 FBIR AR b e i AT ke 3] 1 sk
NS R R ARLRCR AR ] . AU RN 247 b 3
T 43.2 MB,# M 20. 39 $2 5 5] T 40.59 fps, (HZAH
L T8 FH -0 A A B0 45 | 1 3 0 WL 9 4 A sk
55 KA 4. 15% 09 R,

*5 7 COCO HiE&E LrXTLE
Table 5 Comparison on the COCO dataset

YIRS Weight/MB mAP/ % T/ fps
YOLOv4 247 70.5 20. 39
AL 43.2 66. 35 40. 59

DR P AR A I AR AN 5 BT 7R, AR SO f 5
TEAEIZ BIAER] P S 2 A Ak SR R BRI T
JCaA U TR B

K5 DRIl

Fig. 5 The test set tests the results

4 %&£ it

ARSCHIH YOLOv4 Fk ARG GE Sk SE L 1 i 547

ML AR L ARG, E s 5 AREE AT o B

AN QR A A TR s N N - £ 7 T

RO, AEETREIEINT 1x1 28R 00 TR0 4 i

L 3x3 TR N 73 e B B A BB i — 2

> T B A A AT AL A g T

O, SRS RO SR BORS BE T I, S BHORG J3E 13 2

BRSPS 0T L R I, AR L TR TR T AR

PR EIRAT T EALTE AR, BIFSERT A L 74T

WHLE BB B RS TE R St Rt —

ARERI R BREO TR BE B9S2 | 3 — 20 B e A )

ROR

5 %30

[ 1] HAGI H, IWAHORI Y, FUKUI S, et al. Defect
classification of electronic circuit board using SVM based
on random sampling [ J]. Procedia Computer Science,
2014, 35. 1210-1218.

(2] Sk, dete. ST SIFT VLRCFEL Y PCB HLBb
WILT]. PP S, 2012, 20(9) :2328-2330.
ZHANG Y H, HUANG X H. PCB board defect detection
based on SIFT matching algorithm [ J ].
Measurement and Control, 2012, 20(9) :2328-2330.

[3] HBe FETHLELGEAY 5 84 it 1~ 0 a4 1 4 3 BRIt
FERLB D], AL Rt HUARL = B 58 & Be, 2016:
27-46.

WANG Y. Research and implementation of special-

Computer

shaped electronic component plug-in technology based on
machine vision [ D ]. Beijing: Central Academy of

Mechanical Sciences, 2016 27-46.



<22 - G R - C I T %35 %

[ 4] REDMON J, DIVVALA S, GIRSHICK R, et al. You GAO W, ZHOU CH, GUO M F. Research on insulator
only look once: Unified, real-time object detection[ C ]. defect identification based on improved YOLOV4 and SR-
Proceedings of the IEEE conference on Computer Vision GAN [J/0OL]. Journal of electrical and control; 1-11
and Pattern Recognition, 2016, 779-788. [ 2021-05-19 ]. http://kns. cnki. net/kcms/detail/

[ 5] LIUW, ANGUELOV D, ERHAN D, et al. Ssd: Single 23.1408. TM. 20210518. 1550. 014. html.
shot multibox detector [ C ]. European Conference on [15] AR BT B, AR BT B ARSI Y HL X B
Computer Vision,Springer, 2016 21-37. A S S AP RE RS [ J/0L . BRI 4% A . 1-9[ 2021-

[ 6] RENS, HE K, GIRSHICK R, et al. Faster R-CNN: 05-197]. https://doi. org/10. 13335/j. 1000-3673. pst.
Towords real-time object detection with region proposal 2021.0133.
networks[ J ]. TEEE Transactions on Pattern Analysis & QIU ZH B, ZHU X, LIAO C B, et al. Power grid based
Machine Intelligence, 2017, 39(6) . 1137-1149. on target detection wading bird fault related intelligent

[ 7] M, A&RT, 5B N, % LT Canny-YOLOV3 %] 4 recognition [ J/OL]. Grid technology: 1-9 [ 2021-05-

AN IS TG AT [ J]. T 02 5 AR 24, 2019, 19]. htips://doi. org/10.13335/j. 1000-3673. pst.
33(12) .25-30. 2021.0133.
HE J, YU HY, ZHANG CH F, et al. Detection of train [16] ZHANG S, WEN L, BIAN X, et al. Single-shot
wheel tread damage based on canny-Yolov3 [ J]. Journal refinement neural network for object detection[ C]. 2018
of Electronic Measurement and Instrumentation, 2019, IEEE/CVF Conference on Computer Vision and Pattern
33(12) :25-30. Recognition, 2018.

[ 8] iklb5e, Bede. 3L Tt SSD {2 4 g il 4Gl 7 [17] TAN M, PANG R, LE Q V. Efficientdet; Scalable and
)], BRI 2020,43(19) :80-84. efficient object detection[ C]. Proceedings of the IEEE/
ZHANG Y B, XU X L. A safety helmet wearing CVF Conference on Computer Vision and Pattern
detection method based on improved SSD[J]. Electronic Recognition, 2020; 10781-10790.

Measurement Technology, 2020, 43(19) :80-84. [18] DUAN K, BAI S, XIE L, et al. Centernet: Keypoint

[ 9] i, #RJRE, IME, 5. F T i Tiny-YOLOvV3 ¥ triplets for object detection [ C ]. Proceedings of the
2 N R S/ T Sy EAI 4\ oL R o o I R D [EEE/CVF International Conference on Computer Vision,
UM, 2020, 41(11) : 42-49. 2019: 6569-6578.

HAN H D, XU Y R, SUN B, et al. Research on active [19] HE K,ZHANG X,REN S, et al. Spatial pyramid pooling
infrared detection of solder joint defects in aerospace in deep convolutional networks for visual recognition[ J].
electronics based on improved Tiny-YOLOv3 network[ J]. IEEE Transactions on Pattern Analysis & Machine
Chinese Journal of Scientific Instrument, 2020, 41(11) . Intelligence, 2014, 37(9) ; 1904-1916.

42-49. [20] REDMON J, FARHADI A. YOLOv3: An incremental

[10] BOCHKOVSKIY A, WANG C Y, LIAO H. YOLOv4: improvement[ C]. IEEE Conf. on Computer Vision and
Optimal speed and accuracy of object detection [ J/OL]. Pattern Recognition (CVPR) , 2018 2767-2773.
[2020-04-24]. hitps://arxiv. org/abs/2004. 10934. [21] SANDLER M, HOWARD A, ZHU M, et al. MobileNetV2;

[11] YUZW, SHEN Y G, SHEN C H. A real-time detection Inverted residuals and linear hottlenecks[ C]. 2018 IEEE/
approach for bridge cracks based on YOLOv4-FPM[]]. CVF Conference on Computer Vision and Pattern
Automation in Construction, 2021, 122 103514. Recognition (CVPR), 2018 4510-4520.

[12] CHEN W, LU S, LIU B, et al. Detecting citrus in [22] HE KM, ZHANGX Y, REN S Q, et al. Deep residual
orchard environment by using improved YOLOv4[ J/OL]. learning for image recognition|[ J]. Computer Vision and
Scientific Programming: 1-13 [ 2020-11-25]. https:// Pattern Recognition, 2016 770-778.
www. hindawi. com/journals/sp/2020/8859237/. [23] LIU X, CHEN B M. An approach to synthesize diverse

[13] WU L, MA J, ZHAO Y, et al. Apple detection in underwater image dataset [ J]. Instrumentation, 2019,
complex scene using the improved YOLOv4 model [ ] ]. 6(3) :67-75.

Agronomy. 2021, 11(3): 476. [24] #5885 SRAIR. 2T 2E Y YOLOv4 H L 2k i /N H

[14]  wff, e, il % 2T 2k YOLOv4 K SR-GAN PREGIN )] AT B AR, 2021,40(2) :47-51.

Y T HHEFHRBT ST [ /0L ). Bl E il 24 . 1-11
[ 2021-05-19 ]. http://kns. net/kems/ detail/
23.1408. TM. 20210518. 1550. 014. html.

cnki.

XIEY T, ZHANG P ZH. Small target detection based on
improved YOLOv4 transmission line[ J |. Foreign Electronic

Measurement Technology, 2021, 40(2) . 47-51.



5510 3]

U AL YOLOvA HI T HL F- a6 - 23 -

EEE N

3K BA B, 1985 4F T b Tk K23k 1%
2t 2E A, 1988 AR T AL Ll K 2 3R A3 A
2R, 1997 AF T REREPAR A4,
BRI AE Tl R 2 B85, T 27 0] A AL
AL R AL AR
E-mail ; zhangml @ hebut. edu. cn

Zhang Minglu received his B. Sc. degree from Hebei
University of Technology in 1985, M. Sc. degree from Hebei
University of Technology in 1988, and Ph. D. degreefrom Tianjin
University in 1997. Now he is a professor at Hebei University of
Technology. His main research interests include machine vision

and special robotics.

BB (Gl {7 1E#) , 2004 45 T L T.
AP A ARAF 2 A2 A, 2007 AF TR AL Tl
FAFEARAF WA A, 2010 4E T L Tolk K
SR 2 0, AL Tl K2 P,
EBRIFTT B AL B REPLER A
E-mail : 1x1000418@ 163. com

Lv Xiaoling ( Corresponding author ) received her B. Sc.
degree from Hebei University of Technology in 2004, M. Sc.
degree from Hebei University of Technology in 2007, and Ph. D.
degree from Hebei University of Technology in 2010. Now she is
a lecturer at Hebei University of Technology. Her main
research interests include computer vision and intelligent

robotics.



