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Abstract: The samples to be tested for metal surface defects are often characterized by low resolution, fuzzy defect
boundaries, dense defects, and small defect targets. At the same time, the construpted detection fﬁodel has a large number
of hyperparameters that need to be manually adjusted and lacks the adaptive parameter.adjustment ability. In this study, a
surface defect super-resolution detection algorithm based on Baye_sian optimization is proposed. Through the design of
fine layered structure, the receptive field of the’backbone network feature map is enriched; the extraction of high-low
frequency information is enhanced;the high-reselution image with clear edge texture is reconstructed. By constructing the
bottleneck residual dense structure, the shallow and deep features of the backbone feature extraction network are enriched,
and the classification ability and the localization ability of the model for small targets and dense targets are improved. The
key hyperparameters of the detection model are optimized adaptively by a Bayesian optimization algorithm with low time
cost. Experiments show that mA4P,, 5 for six types of metal surface defects in the NEU-DET dataset can reach 0.782, and
the detection speed can reach 102 f/s, which is superior to other detection algorithms.

Key words: defect detection; super-resolution; bottleneck residual dense block; Bayesian self-optimization strategy
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T PR BT, | RN BB B O R R R e
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batchsize 8 KT AR/, P73 75 /INRE A 42 J8 36 Tk B 40
P N 2 A, MRS E batchsize 7 4.

3 B TR YOLOVS. bR YOLOVS-
BRDB. YOLOVS5-BRDB+% JZ fili &5t 73 ¥ % H g 5 1Y
FE 6 KRR BRI T RS % (precision) Hl mAP, 5.
£ crazing SRR IH, YOLOVS-BRDB b YOLOVS
K 2RI T 30.74%, mAP, s $7F 33.77%, YOLOVS-
BRDB+Z JZ R & 7 R E @B A AH L YOLOVS-
BRDB F& i R T+ 13.64%, mAP, s # T+ 19.92%; 7F
inclusion R #, YOLOvVS-BRDB #lE YOLOVS

K R LT 20.94%, mAPy s #27F 2.59%, YOLOVS-
BRDB+% JZ fil & # 73 7 28 B @ AR A AH . YOLOVS-
BRDB it K32 T+ 1.46%, mAPy s 32T+ 2.64%; 1
patches SEEAI S, YOLOVS-BRDB it YOLOVS #%
TR 7.5%, mAP, s $#F+ 1.38%, YOLOvS-BRDB+
Z RGBS PR E @AM L YOLOVS-BRDB
R 1.08%, mAP, s $£F+ 2.05%; 7E pitted_surface
BREARI F, YOLOVS-BRDB AL YOLOVS # i %42
Tt 2.04%, mAP, s FF% 0.11%, YO 0v5-BRDB+z JE
BT PR R LA AR L YOLOVS-BRDB # i %4
F 1.41%, mAPys ?;Eﬂ‘ 1.49%; E rolled_in_scale [
iRl e YOLOVS-BRDB HIEL YOLOVS F i R 2 T+
12.19%, mAP, s #£7F 11.92%, YOLOv5-BRDB+% /2 filt

A5 PR B AI EL YOLOVS-BRDB & i K 42
T+ 3.23%, mAPy s $ T+ 3.11%; £ scratches &S A& 0 o,
YOLOv5-BRDB # Lt YOLOvS A5 R 42T+ 0.87%,
mAP, s 2T+ 5.49%, YOLOvVS-BRDB+% JZ @il & 8 50
R @B M EL YOLOVS-BRDB i 2232 71 2.1%,
mAPy s #F+ 1.17%. 256 UL B3 #r, 3iF 7 YOLOvS-
BRDB 1 YOLOvVS-BRDB+% JZ fill & #8435 5 g i
RIA 81

0.8
.
0.6
&: 0.4 —=— batchsize=4
S Y —— batchsize=8
\ —a— batchsize=16
02
El
0 1 1 1 1
0 100 200 300 400 500

Step
6 ANE batchsize K/NT mAP, 5 HZk
K3 RIS & BRSBTS BE AR (%)

YOLOvS-
BRDB+% JZ il
YOLOv5-BRDB R
T

Precision mAPys Precision mAPys Precision mAP s
crazing 48.8 37.9 63.8 50.7 72.5 60.8
inclusion 67.8 81.1 82.0 83.2 83.2 85.4
patches 77.2 87.2 83.0 88.4 83.9 90.2
pitted_surface  83.5 87.3 85.2 87.2 86.4 88.5
rolled_in_scale 60.7 60.4 68.1 67.6 70.3 69.7
scratches 80.2 89.2 80.9 94.1 82.6 95.2

AT YOLOvV5
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7 /& YOLOV5-BRDB 7E 5 E4E FilllZk 500 ik
TMAERR 2. 2Kk, B EEIR R M2k, 3 240k ih
™, YOLOvS5-BRDB #H Lt YOLOvVS B, &%
SEGF. FRINAESS 2 A0 B AS 41 2k #i Zk b, YOLOv5-BRDB
FHEL YOLOVS 458 2R AE FEAIK, Ut BH F500HE R AR 3 4 58 42
AT, WIS B R b Ay S O it BRI A UK R Ji DR )
M 8 YOLOVS-BRDB+Z )2 il £ 3 3 2 1 i AR 7Y
BV B FE FE 43 #T, crazing. inclusion. pitted surface.
rolled_in_scale iX 4 ZEHkEE 5 SAHIT, 58 R0
s, WU AR i R B RO

0.040
—A— YOLOVS
—6— YOLOV5-BRDB
0.035 |
]
-
0.030 |
0.025 | . ,
0 100 200 300 400 500
Step
(a) RIS 2K B 5L
-3
¢ *10
5 -\\
£ 4 2
—
3 —&— YOLOVS
—6— YOLOV5-BRDB
5 , , . . , -
0 100 200 300 400 500
Step \ -~
OFir SO
. kS
0.022 - -
0.020 A —A— YOLOVS
a\ —6— YOLOV5-BRDB
0.018 \
» 0016
&
= 0.014 |
0.012
0.010
0.008 . : 4
0 100 200 300 400 500
Step
(c) BAEEEIR AL

K7 TNHE. 7336, BEGFREEMRME

200 #fHARH % Software TechniquesAlgorithm

&l 8 & YOLOVS-BRDB+£}E'EEAEﬁ\%?%EL
FERY (VR VA R B, 7K Pl 7R LS Bk 2R 00,
Tl 2 7 TR AR R B 2503, CR 3R crazing, IN EoR
inclusion, PA 37K patches, PS 7R pitted surface,
RI %7K rolled in_scale, SC 3 7x scratches, BG /N1
SO A 2R IR 7 R B, AT R R EE R
4@@%%%3’37‘3%%5’] e, A 2 2 s A R S
FONERIE RG], B 8 R E K 4T CR. INL PS.
RIMEHEUK, KR 4 PR 52 7'7\5 IR

AMIEES] CR. IN, PA. PS. RL SC iR, 23
jh%%ﬁﬁj\ﬁﬁ 6\%@@%5513’] He e K 437 2t F NEU-

BT R HERRIMRE BN K22, U 575 S
555#

' 0.9
CR 0 0.03
0.8
IN 0 1039 0.7
PA 0 0.8 0.6
=
2 0.5
£ PS 0 0.06
& 0.4
RI 0 021 03

SC 0 0 0 0 0 .0.13 0.2
0.1

BG .0.19 0.1 025 031 0.08 0
—0

CR IN PA PS RI\SQ BG
True -

K 8 YOLst BRDB+% = mﬁ%;i/%«%%éﬁfﬁ
%
\i% 4 5P T YOLOvV5-BRDB 5 Faster RCNN!Y,

Y010v3[2°], YOLOV5 #2022 - #¢# YOLOv7-tiny™"!
7 NEU-DET #44E 25 & KM fE. YOLOVS-
BRDB b YOLOv7-tiny Z ¥ & K, (72 mAP, s
B YOLOVS #27TF 4.55%, mAP, 5.0.95 B YOLOVS $27F
2.42%, FPS % YOLOVS #& 7t 22.51%; mAP, s ¥
YOLOV7-tiny $2£F+ 2.62%, mAP, 5.9 95 1 YOLOV7-tiny
2Tt 2.42%, FPS # YOLOv7-tiny &7} 132.76%, % ilF
YOLOVS5-BRDB A5 5 5 I kS F2£ FH 5 R Frep A 0 s .

R4 AT SE S AR I 5 RE X EE

A mAPys  mAPys.095 Param (MB) FPS
Faster RCNN 0.677 0.372 209 23
YOLOvV3 0.682 0.375 162 55
YOLOvV5 0.748 0.398 7.03 83
YOLOV7-tiny 0.762 0.398 6.02 44
YOLOvV5-BRDB 0.782 0.402 6.82 102
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9 &£ YOLOVS. YOLOv7-tiny. YOLOvS-BRDB
X 3 AR AN 6 FRELEE: crazing, inclusion, patches,
pitted_surface, rolled_in_scale, scratches {46l 45 5 %}

(a) GRIGEIZR
N

b W

4 ZEig AR A

R SRt T I . 4 2
R T
T, 4 ESRGAN RURIAI{L 4 R LE A A 2, £ 3
P IR 2 P ) 2, B 1
45 L ORI, T 3 S S 1 S 4
VB 22 85 Bt b, TS (IR 2% 078
GRS, M3/ AR AT 9 A 0 2K
5L fE J7; @k DU 544k YOLOvVS-BRDB ##
It 20 N H, AR R 2 0 5
e F ], % B O R A R T R Bl P

R,

(b) YOLOvVS
\

SRRk

tt, YOLOvVS-BRDB 4tk YOLOvVS5 il YOLOv7-tiny %
PG AL, B8 Far ) th A2 % 8 55T 1) SRR B A /N H AR

inclusion 0.45

inclusion 0.90

inclusion 0.52

Berottiscrpiches 077 Oscrote
|

(d) YOLOV5-BRDB

(c) YOLOV7-tiny

I HE AR R AOR, [N kAR YOLOVS-BRDB )
mAPy s A3k 0.782. Fri 77155} crazing. inclusion.
patches. pitted_surface. rolled in scale. scratches iX
6 BRI RS B2 AR L YOLOVS FrAS IS 5 43 73] $
1 48.6%. 22.7%- 8.7%. 3.5%- 15.8%. 3.0%. il
L FIE 102 f/s, Xt/ HARFIE R H ARSI A BT (1
Kk ge.

Sk

1 IR, X5, HSOR, 55, 5L T JI AR AR B R W 4% (1 4
o AR T B A I T i TS B i 5 B AR SR R
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