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Rapid evaluation method of polished surface quality based on YOLOvS
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[ Abstract] Aiming at the problems of low automation, low detection accuracy, and low evaluation efficiency in the detection of
surface quality defects of mobile phone cases, this paper proposes a rapid evaluation method for polished surface quality based on
YOLOVS. First, the YOLOv5 model is improved to enhance the feature extraction ability, and an attention mechanism is introduced
to weigh the different channels of the feature map, which further improves the recognition accuracy of smaller features.The improved
YOLOVS model is used to identify the features, and the number of features per unit area of the workpiece surface is calculated as the
surface quality evaluation method, and the surface quality of the machined workpiece under different grinding parameters is
evaluated. The results show that the improved YOLOVS improves the recognition accuracy of features, the accuracy of vibration
pattern is increased by 19.2% . to 79.5%, and the accuracy of the plaque is increased by 14.2% . to 85.4%.Experiments show that
the evaluation method only needs 700 ms to determine whether the surface quality of the workpiece meets the standard.

[ Key words] YOLOv5 model; attention mechanism; quality evaluation

G N A B e, A Y B T AL

0 51 & AR I THL5E 46 T BB R I 0 073, S B T 7

TETF-HLTe BEEE A 2 X FHLe R AT IT
TV o ELH RO WA T AL e s i AR | 7 T A
i T LR BR R R AN 2], 7 E i S 208
THT PR o DRI T B I 0, 7 X A T ) S
AT, PN HOE B AT S MR bR, LGk
R P i 0 HOVE IR HR S HEA Tl AR AG A
TR ) 07 3 22 32 B F 2207 T A il 24 FR
il , il RE s BRI A A 15 00 , O L IR T At 2
i N BRI 57 , T BORKE R B WG, o T

E£WmE . KETAHESTIEH (19ZXZNGX00100)

AR IE Y A BRI O SEELTFLANTE R IR )
FLAR I, SCAE P45 N I 4 T Lo 3 1 ik
B SEALIN ZR G, B THILE IHI AR 3% 1T ) LR R B
AVRLI 5K 55 AN BT T 3T R A I P CCD
TELAEIN R G IS T RIEFRIBCR (BN 2R
SERTHOL T AT, BEXE T AL SR MIT B A A ik
AR U MEREU) 9 i) L, )T 4 N 4 R 3
FBOGER I3 I B 15 % (AR AL e 3 AR 19 07 1%
N2 b M 2 B PR 3R T R B A AT 55 343 T —

EFE N | E(1995-) , B WL IF AR, R 07 W ATE T HLEE A RAEP(1994-) 55 L0 5e A, RIS 1) 3 H AL |
Bt WACH: (1973-) 55 1k 30 1 AL S, RO 1) . T HLas AL AE S22 RG] HEPE A 55 B F B S it i
T PTREVE S BT BELE ARIANE AR o B AR SEE R AR R AR S TR

WIWEE . W
Y Fs HEA: 2022-03-15

Email ; taoyourui@ hebut.edu.cn

PV Y ENREERN o714 4l L5 & A




248 B o /5 M5 MM

12 %

Fh LT 2 (025 1] ) i R SEL 3, BB BER FHAR 22 2]
)BTRS B AR I FHAE R 5 AR R 50 LA
TREMAHSCHESE, 7Tz N ORI 4 2
DO, TR AR ) Bk EE AL RS R-CNNY
Faster R—CNN'® _Fast R—CNN""' 1 YOLO""*' 2546 1l
Bk YOLO BT B X s i FoRk B bs, HA K
TSP, 15 SR RAR AR 1 AR SR
T —Fh3ET YOLOVS #84  EHGR A 7 ik, 52
YR A2 T o e ke B ARG IR A1), T X 3R T
JT RS A A PR S TR 1 PEA

1 fIERERETNTE

1.1 T HREGREE

BLAF ATEIN Tt A b A7 2% S 80m 1T T4 3R 1
Hefih , AT 2552 2 R T FIEERE J7 , TR HLAR A
FEARNINBE 3 AL a8 NP T8 PR B0, 76 B H ok 7
APRBI TR IR Kt &= A IRad ™ IR ™
A S T AR T I AR R SRR TS
SLIMTRERCR , H UL 2 PRS2 N T2 i 1Y
rEAIE 1 R,

(a) B @ (b) BB b

E1 REE
Fig. 1 Defects map

M1 RRTAE L L (a) PR SRS I T AF
MRS E 1 (b) By RN T A i B, 25
S M RS P B 1(b) BT T
PFICEEAT IR TAE . A G i %X 2 Rl i
ST, DTS B0 A 1w B = VA i EH
1.2 RERKREENFEEIT

WIS TEEHLAS A=A 1Y 2 Fh R BE T
ST, B TR AT T B R O BRI AR
mE 2 Fiw,

AP 2 w2, 2 R ENE 1 (b) HBips ) B

SN T A T W2 | DAY aht 224 o T4 o o B e
L(b) BBk FE T, T2 HAEE TR TR A H
DL T(h) W BRBE B, 75 3153 B A7 T AR P B R L
B, 5 T A A AR N IR SCECER: m A T LR
KFmbt GBI /ANF misk, TARSERETEE T 7,
AT =,

PiN
AT o
[5G R AR A
YOLOvS #74 v
PURIRFIE DAY A SR 6
EERTm?
N
SR b ARFE?
AT T)F
v
T AR T Ak 2 4

B2 FRERETNREER
Fig. 2 Surface quality evaluation flowchart

PRELY 7 A 25 LA W) AT T Y - T R
JIT LA B TERR A AN LA 3R T R s 0 B e 4T
JE o 1 e AFSEHERR B AT
p=N/s (1)
H ) p A H T ARIRSOECE: s NV S A 3R T
PREUSH ;s N T AR m AR,

2 ETF YOLOv5 B3R EER a4

2.1 YOLOV5 /I 48

YOLO sz — 75 TR B2 A 22 9 26 1) %5 G2 3R 1] il
FENLIR S HA AR a7 B A R PR AN R v
%15, YOLOvS J2& H B YOLO 41 b e 19 2 i H
PR 7E4E R YOLOv4 S A 3 hy R st %o
FT ML AT T, B m /N B AR I HERR E . 7E
YOLOvS H A 4 Flde i) X 28 25 1 A A Y, 43 il o
YOLOvSs .YOLOvSm , YOLOvS] 1 YOLOvSx, % £ )
TR B L 52 Mo A 000 g1 %) A DR 5 R B 4 A AR
B 7 P BEINAZE SR BR ), YOLOvSs #A 5 HoA
3 PRI AR H , H A AR IR 5 /N R RS S PR AR AT A
AR SCBEH YOLOvSs #5%1
2.2 i YOLOvS Mg 25y

SR T XA A A () B R v A R R R
H Ghost Bottleneck BHARHT YOLOvS W24 28544
(1) Bottleneck " | FE LI 3, bk J— b B 46 B
AR i1 2 NHEZ K Ghost FEHZH BT, 18 1 —2H N
FE R e e R 555, R FH 7 SR ) 2 M AR b A= L TE 2 1
Ghost B BRI, 33 HE RIS AT LS8 434 B PN 78 1Y) Bk
FE PR S T AR T .



%118 T, . BT YOLOvS BYFTBE & i S AN ik 249

Add Add

BN
BN

Ghost module

Ghost module
BN

BN ReL.U DWConv Stride=2
Ghost module BN ReLU
Ghost module

Stride=1 bottleneck Stride=2 bottleneck

& 3 Ghost Bottleneck 51t
Fig. 3 Ghost Bottleneck module

ARSCHIFTE A FT I8 2 sk B B A AN B P01 | kB
ASR/NERE A, R T RIS 1 N R A

Input
" Ghost
Focus CBL Bottleneck CBL
Upsample CBL CSP2_1 Concat

Concat CBL

Concat

CSP2_1 CSP2_1
Conv Conv

76%76%255 38#38%255

BRBE , RIZERE RIS TR 5] AT CBAM Fidk, %45
Heoaxtiim ARG 2, 530 2547 38 18 T ) L] A
AR AL B, Herb i I LA G 52 3
FHRS BB SR | R AT 42 SRy - 2 A 4 )
FRAMAL, FEXE 2 NSRRIk 2 i A i 4 R AT
SRR N 2 AN Ab 3RS A S5 R AT AR I, T 38 i
sigmoid PR, ARATHH A G [ J2 45— 1> 1 38 1Y FLAH
FRUE R b atham A B b2 | e 45 B A W) L =
T A BRBE I 2 1) LA ) S R B
B2 0B — IR e 38 3 U KA AP 3418,
I8 2 AEERVEATHE S P — R IE RO 1 4
FRRHE S TE R, 235 Gl sigmoid PRAL, FRAS 55 A
B 2 AR TE AALAE KA (E ST | A
2, B A 3 i AN (] L R T ) B R, B
YOLOvS BAEEAG UK 4 Fis.

Backbone
Ghost CBL Ghost CBAM
Bottleneck Bottleneck model
Upsample CBL CSP2_1 SPP CBL
CBL
Concat
CSP2_1 Neck
Conv

19%19%255 Output

4 BUHEE YOLOvS B g5
Fig. 4 Improved YOLOvVS model structure

R T LRSI R B I 2545 TR 4, ZE 0 2R R A
B R ToU $8H5 > FEE T H ARAE 5 BUIAE {7
BEHRREL CloU_Loss,, T M FocalLoss T 8
Fy gt H b HE 55 T50I0 AE 28 50 B 2k A BE 45k
Focal_Loss ,CloU_Loss 151 % PR UNTF

CloU_Loss =1 — CloU =

1—2&&]—1%*22— i o ()
8 Dis_ C* (1 =1IoU) + vy
Hrr ) ToU Jy TOMAE 5 2 S HE 2 [] 1) 52 5

L s Dis_C Rt B Ar e/ NI MEHE TR X R 2 5 5
Dis_2 AN H bR HLSHE 5 F500AE o0 s IR
v AR TE L — B S

W5 He H, ToU 2 TN HE 5 BLSCHE 22 B8] (1) 28 I
L, loU B0 SCLANTT

IoU = ANB (3)
A+B-(ANB)
Horfr, A R TNHE , B S FHLSHE
XY o SR 58— B0 S8, A A




250 B o /5 M5 MM

12 %

SRW/U/ (1
43 w* w”§

= ;garetan e arctan e (4)

Horpr ) w® S EUSEHE SEE s he BLSHE S E 500" Oy
TOIHE BEJE 5 b7 Ay FOOIIAE 55 FE

SLIEE, BF I HE ) Focal_Loss 451 9% pRETT
BAKXIWWT .

Focal_Loss == (1 = p,)”log(p,) (5)

Horr, p, ATUMAEAMER  y S
2.3 EKWIEE

AR 24T BB . CPU 4 Intel (R) Core
(TM) i7-8650U, GPU A Intel (R) UHD Graphics
620, AFFH 16 G, #BAER SN Windows10, &1 7
A Python, Pytorch HE4E |

THL7E 2 o 2 A A R 1 R H] B 2 4 T AL
i AN 5 A 1w s 45, VE 4 YOLOVS Y
AV ZREm AFIAS I E AR, I ZREES243E 300 sk A,
R 2 Bl W AT I AR sk b,
S PR BB

IMSREAY Rz AL RE T, (AR R AR B 5 22 )
FROESRFE (R S, 70506 B fO JL a1 X0 Bl 21797
T I EIR BRI T BAR e XL AR Y
7% # 300 FKE N TFHLre R m IS A9 #1500
SAVEAIIZRSE . F labellmg X PFARTE RS BLEE , K
PR OB FATBEE B a , BREFBR A BEE I b, H 5 2 58
AR ARAT I xml A% 2 A S, P-4 Ho A A 21311 24
BRI AT 2

TRV L Z2 KW Epoch W ZRiEAT8 4 122,
1150 1> Epoch J& B ¥ F-1a , ZEUI 2o B i s A Al
Precision f£RUNE 5 fin, KB 5 , Precision E N i
JE, B 0 RS R iy S R et i T i £k
Z LB 5(a) , T i 26 72 1 ZRi5 3 25 4 Epoch B}
28 SR T 5% W8N, 76 150 > Epoch ik 3
VAR RRETE 2% . BRI w2 2 LI 5
(b) , ToU th 2 BA W He et i i B TR R W] IR AE
150 > Epoch ik B FAR F2ETE 79% . W LA 0, B
HE I BRI RS B0 B4

ARSCHARTE YOLOVS FE A1 A AG JBE | XA RS 47
TRk WGS9 YOLOVS FEHE B 5 T X &] 1 (a)
HA I ARG TR FEE 3 5 1 19.2% , 3K 79.5% , it iy
HAMRN 56.1% , BOEIFRTE T 7.1% ;1 1(b) Gtk
(REIIDRG BE4R 2 T 14.2% , 3K 85.4% , U T A e %
H70.8% , IS HE T T 5.4% , AR T AL
K IR)E PRt A S e el YOLOvS o 25 55 75

v

A DLBR AR I A 5, Bk B YOLOvS vk Rir e ik
REXTLL, AR 1,

0.8

0.8
0.6

- 0.6
.2 =
€ 04 3

K < 04
<

0.2 02

0 0

0 100 0 100
(a) Blabmyr (b) BttE

B 5 Bt YOLOvS Bi/fExftt
Fig. 5 YOLOVS model results comparison before and after the
improvement
R 1 YOLOvS ikt ar/aERexttt
Tab. 1 Performance comparison before and after the improvement

of the YOLOVS algorithm

GRS BB TR KRS % FIER/ %
YOLOvS a 60.3 56.1
b 71.2 65.4
Ytk YOLOVS a 79.5 63.2
b 85.4 70.8
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