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Abstract: To achieve the automatic and rapid detection and sorting of high-brightness reflection metal cy-
lindrical pots, as well as break through the technical problems of slow speed and low efficiency of metal
pot surface defect detection, a bi-directional feature pyramid network (BiFPN) was introduced in this
study based on the YOLOX network. In addition, a lightweight feature fusion network model was devised
on the basis of the attention mechanism, and the lightweight design of the computing model was realized.
Meanwhile, the attention mechanism module was employed to learn the channel and space of feature infor-
mation, effectively alleviating the semantic gap of multi-scale features and improving the detection preci-

sion of the model. Considering the unbalanced distribution of the learning weight of the network for diffi-
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cult and easy classification samples, the classification loss function regarding the attenuation factor was de-

termined. Comparisons of the feature fusion network, classification loss function, and attention mecha-

nism module position ablation were conducted using the metal pot cylindrical surface defect dataset. The

experimental results show that the fusion attention mechanism model can effectively identify six types of

defects with different shapes, the average detection precision mAP, ; of the test set realized 90. 92% , and

the detection frame rate was 30. 84 FPS. Thus, cylindrical surface defects of metal pots can be identified

and located, rapidly as well as with high precision, by using the proposed model.
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Tab.3 Comparison of detection effect of regression loss

functions

Reg_Loss FPS/(framess™') mAP,./% mAP, /%

IoU 32.10 85. 20 36. 20
GloU 32.00 86.11 38.47
DIoU 32.00 88.94 35.29
CloU 32.00 89. 30 39.63

M 3FLLAE H, i A GIoU Loss, DIoU
Loss Al CToU Loss fE 4 BiYOLOX f9 [ 5 41 2% p&
BT JE— 25 4 TSR R MRS B, O B SR A
f R DN B BE o A LE TR GR 19 ToU Loss, K H
GIoU Loss [l mAP, ; F1 mAP, . & #57> H $2 7+ 1
0.91% M 2.27% ;& JH DIoU Loss i) mAP, .4 7+
3.74% ,mAP, s F[0.91% . A58 H, R
CloU Loss 1 Ay ] I 45 2 R i 14 455 780 76 4 00 RS 2
T AR E] T A KT, mAP,  fl mAP, . 38 bR 5
T T 4.10% F13.43% .

R UEBE T AY SFL X BiYOLOX %5 92 4 il
RCR B L 76 CIoU Loss 1 S 8] 9 45 2% 58 31 4
5 00 R HEAT 43 20 BB L SE 56, R 4 4 1k
X153 0 W HUE L IR, 5230 45 ANk 4 iR .

x4 SEBMERBBPETRITLE
Tab.4 Comparison of detection effect of classification

loss functions

Obj_Loss  « y 9 mAP,./% mAP, /%

FL 0.75 1 — 90.02 34.99
FL 0.75 2 — 89. 30 33.63
SFL 0.75 1 0.25n 90. 14 38.95
SFL 0.75 1 0.5 91.37 36.56
SFL 0.75 1 0.75x 90. 91 35.31
SFL 0.75 1 T 90. 58 35.01

MR 4], T8 SFLE S0 = 0. 5n
HIBEE T B3RS B mAP,  f e, M E T A )
ZHRETHFLEF T 1.35%. HS8H0=
0. 75m i, IR ) mAP, ;5 mAP, B2 TR, |
BRI, 7E FL W 5] AQE 3% 320 7 s BE 5 A a4
e A TR ) R IUORG B AF Y O 5% 3 08 R s i AR 4k
W A5 A R A TR St X 3 SR AR 11 G T B A
AL TR 14 G U KG B 2% TR

FE A R R B L SE e h ARl R 4 h
ANTE OB BT 1 SFL 43 41 52 56, X 43 J8 5 (8] A
M B A R R AT S A R A9

TR o
100~
80
& 604
=
S 40
e 207 —&—SFL,6=0.25n
—v—SFL,6=0.51
204 —+—SFL,6=0.75n
—«—SFL.6=n
0
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Type of defect
K19 TRIE 0BT 2% 280 S b 1 A A48 1
Fig. 9 Statistics of defect recall rate of each category un-

der different @ settings
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CloU Loss, SFL 1E & [ 15 451 2% bR AN 4 22481 2
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Tab.5 Performance comparison of feature fusion networks with Di_CBAM introduced at different locations

_— Location - FPS/f mAP, mAP, .
Add1 Add2 Add3 Add4 (framess ") /% /%
1 0 0 0 0 1 32.22 89.57 33.28
2 1 1 0 0 1 29.98 89. 66 35.68
3 0 0 1 1 1 30. 84 90. 92 38.21
4 0 1 1 1 1 29.71 89. 69 34.57
5 1 1 1 1 1 27.70 89.59 35.98
6 1 1 1 1 0 27.78 88. 46 33.52

i 2% 5 a0 A, 51 A Di_CBAM £ B Ji5 15 1 fiy
o 0 T 2 A7 7E W) S AR Ak, O BLAE AR AR Rl e R R
fdi FH FNF BB A &0 82 = mAP. o B30 A il
Wit 2R 19 T B PR R AR 2 1 2 2 BN AL B
A, BT PR 5 B R AE 8 G 5 Ry D A A 3
£ 3800 T 3B TF RS B 4T ORI T R B
E feat2 il feat3 J2 YK )2 FRIE AL S b 5T ATERE T
HLT, B b iy Add3 #1 Add4 7 *ﬁiﬂﬁm_iﬂ
30. 84 frame/s B9 K& M 3 B, 3+ H mAP, ; & %)

90.92% , Bt BHFE IL A B 51 A T & 1 HL I BE g 4
FF A5 1R R DUORS B , SLBE fR TE AR AR L) b
BT
Sh U0 UE B M RR AR fl A 4 5 A TR AL

FBETT 43 2401 2% pR %R 3 4 ok o 5 s R A5 80 A R

o, JF R IR LG A RN 6 s . Hor,
Di_ CBAM 5| A & i T Add3 #1 Add4 &b, SFL
B E N a=0.75,y=1,0=0.5r,0 KR K
Jei FAH SERE e, 1 00 Z 7 I L AH DGR B

Fo B R M A B M BE RS I L

Tab.6 Comparison of impact of improvement strategies on model performance

Index BiFPN Di_ CBAM SEE FPS/(frame-s ') mAP, /% mAP, ./ %
1 0 0 0 28.00 86.52 39.07
2 1 0 0 32.20 90. 06 39.53
3 0 1 0 27.60 88.13 39. 54
4 0 0 1 28.00 86.89 38. 86
) 1 1 0 30. 84 90. 38 39.65
6 1 0 1 32.00 91.37 36. 56
7 0 1 1 27.60 88. 26 38.97
8 1 1 1 30. 84 90.92 38.21
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42 TF B W S, mAP, s F1 mAP, ;4 9 2
1.61% F10. 47 %, AFUKS I 3 B s B0 52 0T B, 1t
BI5] A Di_CBAM 88 23 B IR 80 7y 4G 0 32
U RE A% A7 A5t s A AR (0 A DK B o R 55 7 4 [
i F BIFPN #1 SFL 1% 52 5 v, & I 3 B 35 )
32.00 frame/s, mAP, ik 5 91.37% , {H mAP, ,,

K% 2= 36.56 % ; £ 55 8 4 j3 H Di_CBAM 9 5 5
AR RS I B BE R mAP, 8 AR LB TR
R H e mAP, - $& T+ % 38. 21 %, vk WA [A] i} Jig
FH 34~ Bk 5 W R 005 B (AR 75 A A I Sk 2 R ARG U
K B 22 8] A A

B F R UEA SC i TR BIYOLOX 8832 1Y
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Tab.7 Performance comparison of lightweight improved models

Model Params/M FPS/(framess ') mAP, ./ % mAP, ./ %
Light-YOLOvV3 8.6 28.70 86. 12 35.92
Light-YOLOV5 7.3 29.06 87.35 37.48

YOLOX 9.0 28.00 86. 52 39.07
BiYOLOX(Di_CBAM-+SFL) 6.4 30. 84 90. 92 38.21

Mark

Light-YOLOV3

Light-YOLOVS

YOLOX

BiYOLOX
(Di_CBAMY+SFL)

PO g o S A T vy (ol A 35 AT e I Az 0 285 2R

Fig. 10 Detection results of cylindrical surface defects of highlight reflective metal pot
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