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Polished Surface Defect Detection Based on Intelligent Surface Analysis
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Abstract Surface quality of the workpiece is critical for part reliability, quality and service life. Although various vision-
based target detection frameworks have been widely applied to industrial surface defect detection scenarios, surface defect
detection of ultra-precise machining workpieces is still challenging due to the influence of face shape and the confounding
nature between defects. Therefore, we propose a frequency-embedded two-branch parametric prediction network to
predict the filtering parameters and filter out the profile information to make the defect features more significant. After pre-
processing based on intelligent type surface analysis, a cascaded regional neural network-based perceptual field
enhancement defect detection network is proposed. It replaces the deformable convolution intervals into the convolution
module of the EfficientNet, which effectively improves the feature extraction capability of the backbone network. Then,
the feature map is reselected to form a new feature pyramid network to improve the efficiency and further improve the
network performance. In addition, the filter parameter dataset ultra precision polishing (UPP-CLS) with filter parameter
labelling information and the defect detection dataset UPP-DET with defect category and location are constructed. The
model achieves 85.36% accuracy on UPP-CLS, which is 3 to 5 percentage points higher than that of the existing
networks, and 0. 862 average precision on UPP-DET, which is 5. 3% —7.8% higher than that of the existing networks.
The overall performance of the model is better than the mainstream network architecture. The source code and dataset will
be available at https://gitee. com/zihaodl/detect_app.
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Fig. 2 Overall defect detection scheme based on surface analysis
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Table 1 Basic parameters of the experiment
Parameter UPP-CLS UPP-DET
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Table 2 Module performance analysis in the FIFE Block

Vector ordering

0 R SC SE Accuracy /%
- - - - 75.18
NG - - - 74.39
- N - - 78.07
- NG NG - 78. 24
N NG NG 79. 47

Note: “Vector ordering” indicates the way of vector combination,

where  “L”  means the vectors are combined in the length

direction, “C” means the vectors are combined in the channel

direction. “SC” is skip connection, which means jump connection

is added to the network.
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3 KA A FIFEALHT H 247
Table 3 Comparative analysis of each model embedded in FIFE block

Image branch backbone FIFE Accuracy /% Sensitivity /% FNR /% TNR /% Specificity /%
o - 70.47 68.83 31.17 73.17 26.83
InceptionV3
NG 74.44 71.23 28.77 77.70 22.30
(1) - 75.18 73. 64 26. 36 77.88 22.12
ResNet-50"
N 79.47 76.12 23. 88 76.27 23.73
) - 78.63 76.03 23.97 80. 00 20. 00
ResNet-101""
NG 83.98 79.68 20. 32 83.21 16.79
. , - 70.09 72.11 27.89 71.67 28.33
MobileNetV 3"
NG 75.69 72.99 27.01 76.35 23.65
. - 78. 87 77.69 22.31 80. 04 19.96
ResNext-50""
NG 82.21 77.15 22.85 84.76 15.24
. (o) - 80.41 78.25 21.75 82. 67 17.33
EfficientNet-b2
NG 84.86 80. 89 19.11 86. 38 13.62
. o) - 82.11 79.97 20.03 84. 64 15. 36
EfficientNet-b4
N 85.36 81.49 18. 51 87.72 12.28

filter para: 40, 91.15% filter para: 80, 93.36%

filter para: 80, 99.80% filter para: 120, 95.66% filter para: 200, 94.66%

(filter para of label: 40) (filter para of label: 80) (filter para of label: 80) (filter para of label: 120) (filter para of label: 200)
. - -

¥

before
filtering

B9 FETNHRE
Fig. 9 Results of FETN intelligent profile analysis and filtering

4.3 HREBKNIHER

i FH 42 1 19 UPP-DET #4048 947 52 56 1% 5048
B & R bR R 442 9k Bk BB W o BER
640 pixel X 480 pixel. A 1 BT 4f b ¥ Ak 46 I 45 (4 M B
g R R B R R R S A S
StyleGan2 [ £ X} %48 4 #EAT 9719, A= 1 1 200 5K 4 &
EHE , 5 2 UPP-DET $¥8 S0 & 642 9k K% . 7F
FHEDG T W5 G AT $0 08 R 5 5, AR 8 UG K BB 43
SOl IR R M B P A Al 25 A T T O v e AT A
T, UPP-DET #Y £ B AL P B 43, — A~ A2 B A~ Bl A 11
N, — AR B I B 1 301 FAE A AR A B

WG A X T — A A AT 45 ok ik W |2, B
Rk AR AR M D B R AR B O HLAE— e R
LR ORGP 10 AR P 1 A RO 4 L S it
TARIEAE Y 5 FE LU AE B L 10 T a] L A T AE Y
1o B LR Ay #R 4 A 7E 6 Z A0, Hoh s K 28 A 1 2
ZHT, R 6 HE (0 ) bR A L ) o R =
[0.25, 0.50, 1.00, 2.00, 3.00, 5.00].

SR T T AR S A U R 43 ) D B Ak

AT 53 Bir 0 D 25 SR

400
350

i e e

1 234567801011121314151617181920
Anchor aspect ratio

FI10 AR EEHETE B 45 P s 98 L et
Fig. 10 Height-to-width ratio statistics of dimension box

in dataset

PR A i 2 3B B BE AT S

D) (R8s . o 7 R R e LA
3 1 2 1 i B3 E P (8 StyleGan2 #E4T B dis 9
FE, it 200 7 Az AR R A R UL BRSO L #E AT A
AR A A K gk B i — 0%
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2) Mixup FAbHE . hy 1 3 mAE i 2 #6072
2% (14 T3 AL B9 BE A P Mixup™ %5 418 19 58 B 1, % vk
W WA G 5 — 22 10 He B3R & A2 kT %, O Hob 2
A BT BEAG S B (R B AR 25 (B i B AR 5 2 5
VIS

3) AR ER ., h TEBRMEZE &M
JCAE [ 22 57 B X A ACRRAIE B R A5 oR AR 6 T IR PR
B HA AR R ST SRR, FEe X —F A
T I R A7 BRI A R o SRR R AR TR A AR A
F= 1 4ok B 4% I R AE R AR D R vk R A
B

206 Faster R-CNN #4704, 3= F W 2% i
ResNet-50, H ARSI S8 W & 1, % 4 P8 —17RF
AT o] A5 B, P B8 B (mAP) i 0.697; i
StyleGan2 " 84 %45 , B i mAP #2755 1 0. 024, 4k il %k
Pt 380 T B Y 2 R 7E I Mixup £8C4E 3 58 5
5, mAP XA E T 0. 008, W AMHS I T A 2 fE
1EET M4 i AT AR B, mAP BT
0. 011, AJ AT B BB i 1 0 28 FRAE R B PERE . 15K
B B T A5 AR X G 0 2 BB T A i

26 5 0 4 A AN [R] 1) 56 20 4G 0 68 2 A7 T il 5 56
BG5S 0] LA A — By BRI 28 P, Yolovs A6 I 7%

A4 B RS I AR B A e 1R BE o BT

Table 4 Performance analysis of each model embedded in

FIFE block

AD Mixup DC mAP

— — 0.697

N, — — 0.721

N v — 0.729

N v v 0.740
Note:  “AD” is “amplified data” , which means using
amplified data; “Mixup” means using this preprocessing
operation; “DC” is deformable convolution, which means

embedding deformable convolution in the network.

HA BT P fE (mAP 2 0.799) 5 75 Z B B (4 16 ) 2%
1, Faster R-CNN H A & Pt 19 3 & (28. 3 frame/s) ;
Cascade R-CNN 7 fifi il ResNet-50 1E &y 3=+ [ & I,
mAP H 0. 819, #1% T Faster R-CNN 2 # 0. 079, #
F T W 45 i 4t Jy EfficientNet-b4, I Ho¥ H rh MBConv
2.4 .6 8 H (1% 35 B 4 Ry T AR A B Sk AR AG T
PR AT T e BRI A T S R 2% (FPN) 45
4, 18] B $2 BURRAE 18], m AP 35 81 0. 854, M % F Cascade
R-CNN &7t 0. 035, LUKEBE B 2 H A , 5 AR K
22 W (1 ) B 22 i BEAG T 28 AR A5 T Be i i PR

F5 AR5 B R A 2 SR

Table 5 Comparison results between proposed model and other detection models

Stage Method Backbone MST Scratch Pit mAP FPS /(frame-s ")

SSD300"" VGG-16 - 0.363 0.335 0. 349 -
SSD512"" VGG-16 - 0. 581 0.593 0. 587 -
One-stage RetinaNet™ ResNet-50 - 0.775 0. 749 0.762 -
Yolov3"™ DarkNet-53 - 0.632 0.594 0.613 -
Yolovb DarkNet-53 - 0. 816 0.782 0.799 -

Faster R-CNN""” ResNet-50 v 0.729 0.751 0. 740 28.3

Dynamic R-CNN' ResNet-50 N/ 0. 816 0.798 0. 807 24.9

Two-stage . 1]
Cascade R-CNN ResNet-50 NG 0. 815 0.822 0.819 22.7
Proposed EfficientNet-b4 N 0. 867 0. 840 0. 854 21.1
Note: “MTS” is “multi-size test” , indicating the usage of multi-scale test; “Scratch” and “Pit” are the categories of detection;

“FPS” is “frames per second” , indicating the number of frames per second processed.

I 2% 2 366 114 3 AN A6 T 3k v i ToU (894 ( T, ) X A5
TR 5 MR A0 6 6 BT 7, G Al S 50 2 B0l B Ap 45 SR 1
SR 1 GRS I Sk 25 4 B 6% 20 RS Y b ] U A
DUAE , I FL 66 8% 50 AR 1 25 Al ik v 4 A 16 AE i = R
VT fy [e) . 32 6 88 — A7 2 Ml B 4, 7 ff D 4
ZRmE, R4 I 9 mAP R 0. 854, 1/ ToU B
I AN R A 2] 7 2 g 26 ATE F A T, PRIG5> A
Sk Z Tow, =[0.2,0.3,0. 41 M Two =0. 2714
DA, 76 1 2 F5 T A A 00 Sk Z 800 R 00 T, o0 28 A 0 1Y)
PEREREE Too, B EE M4, 7E T, = 0. 4By mAP i
#0.856, HkLEPHEE Ty, M Toow, I B HL, T BAE Ty =
[0.4,0.5,0.7 i3k 2 & 4F 19 8508 (mAP 25 0. 862) ,

F 6 BRI ALAG I Sk & B B ToU B9 43 BT 45
Table 6 ToU threshold analysis results at each stage of defect

detection model detection head

No. T mAP
Baseline [0.5,0.6,0.7] 0.854
1 [0.2,0.6,0.7] 0.841

2 [0.3,0.6,0.7] 0.853

3 [0.4,0.6,0.7] 0. 856

4 [0.4,0.5,0.6] 0.851

5 [0.4,0.5,0.7] 0. 862

6 [0.4,0.5,0.8] 0. 839

M FRELET T 0.9%, HE F Yolovs # T+ T
7.8% , M T Cascade R-CNNE:F T 5.3% .
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Pl 11 S Jiir 48 A 100 A 8 ) G A G 00 A5 A0 245 SR X L
L, 1B 11 Ca) S D00 A 5 R 85 R T, B A7 Sy R DN ) 250 40
FEAC S B 11 A 2 R A T A R B, 8 S B L) st AT LA
oAl SN NS AN /Y i sl RS A Ly | e o T
[ 11(b) R 1l 11 Ca) & 43 DX B0 K &L, mT LLE H, 4
J7 AR T Faster R-CNN £ Cascasde R-CNN # #h
T2 RE A% A I 1 A Ry A T ) SR B R AR o 7T Sk A T A 34
X F DX P A 1 34 VA AR R T T A )R R

L ZTAP _ - =

(a)

Jir #5207 5 L 0. 92 1 AR LR I 2 RIJR BB . Faster
R-CNN A5 7Y 413 R 8 4 35 Sk AR R A9 R AR I o IF
L G it 5 1) B AR BE i 2 7 3k AR Al E 1k B LA
XF i AH EE 22 AT RAUE B I 2 07 vk HAT B pO PERE

i 2o BT PR A AR B T — A e P R Y ol B A 5
P 12 2 A A Z AR I 4845 B A 25 21, B — A7 AR TR
BT TR — A7 2 X B AR A A5 2R

Faster R-CNN

Cascade R-CNN

FEITL 4R A I ASE 20 0 At == A M ASE B0 /E UPP-DET 80416 41 b A 245 Xt B o Ca) A L L 5 () JR 3 % L [l

Fig. 11 Comparison of the results between the proposed detection model and other mainstream detection models on the UPP-DET

dataset. (a) Overall comparison; (b) partial comparison

label

detection
result

e
e
LT

g
]

PR 12 o 30 A5 A 0 25 3R ]
Fig. 12 Test results of defect detection model
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P T PR BRI S AT T I ——FETN, %
AT DAL A B RGO T 2R v RS, DB B b R T
IR B 78 TR L, PR B R A R A S L DT 2 v S
KSR . i AT Dhyg bR A w5 B, T LU T
b PSRk EE 2 A il e T O R R
A B G 1 55 % A5 R S AR R 2%, 5] 5 W 4% 2
> S AN U8 B 2 80 =2 18] 9 S BK a3 I 4% A5 21 08 Dk
S X EGUE W T LU RuE B R A L 2 B
FEAE Y 0 PE o 7E BL R RE AL B R AL R T —
ol 5 - G K DX 455 X 245 ) J 7 BT 1 o a0 ARE AR
T W45 B ek = P BE BY EfficientNet, i T AR 1E H &
BCVE H B BT T FPN 45 44, v] A8 JE 3 BRI B ik A
EfficientNet i MBConv "' il % 52 B G 9% B 16 W A )
Wik P2 TR AR . LA T A B A
UPP-CLS A 1% 451 5K 45 1 K%, T % 6E 08 I b 22
UPP-DET 1% 642 5k briE R, 1 T HBE R . SC56
TEBA, T4 07 B £ UPP-CLS 528 T 85. 36 % 1Y HEfi
% UPP-DET 528 T 0. 862 19 mAP, HE# 1 T
AT 4

Z % x #
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