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Lightweight industrial defect detection network using multi-scale
context enhancement

Li Fan Zhou Xun Zhang Yan Gu Haiming
(School of Mathematics and Physics, Qingdao University of Science and Technology,Qingdao 266061, China)

Abstract: Aiming at the challenges of small industrial defect targets, blurred boundaries and complex backgrounds,
this paper proposes a lightweight industrial defect detection network named MSCENet based on multi-scale context
enhancement. First, a multi-scale attention-enhanced feature extraction module (MAFE) is introduced, which employs
parallel multi-scale dilated convolutions to capture defect features under varying receptive fields. Next, a residual
enhancement fusion (REF) module is designed to adaptively integrate multi-level features using a dual-attention feature
enhancement mechanism alongside residual connections, thereby improving the reconstruction quality of defect
boundaries and details in the decoder. Furthermore, a global attention aggregation (GAA) module is proposed to focus
on defect regions while suppressing background interference, further enhancing detection accuracy and robustness.
Experimental results on three industrial defect datasets demonstrate that, compared to the backbone network
FasterNet-T1, the proposed method achieves significant improvements in mean intersection over union (IoU)., mean
pixel accuracy, and overall accuracy, with only 9.418 million parameters, while improving industrial inspection
efficiency.
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JoANEE R 2, IR 200 4 epoch.
3.2 BERE

AT SRR BITE 52 2 Tk 5t T iz ALRe . i 1 3
SN T R R AR DA R B A AT S8 E - SD-saliency-900 %X
PR R (MU (ol B 4 2 AN T Bl i PR IR Bl £

SD-saliency-900 417 i ik v 4 A4 Bl 1 3l 4 L 3t
H 900 1 B, AL 5 e W RDIR A BE B X 3 28 MR
TR BRFA AL T 300 5K FIR B H X AR R Fbr 4. Hodi &
HBEALEHL 720 R AR DI ZRREAS (180 iR AT T I,

e (MT) i B B0HE AR & 1 344 iR R &
115 UL 57 IR 280,32 R P51 85 R W7 ¢ L B 103 W 1]
ISR S RGO dR RO 2 ARV S A R
JHB € A8 4 (58 B X Ll BE A R 32 0V M B2 0 BE BIL A B
JEHe (90° 1807 270°) HEAT B4 3 5 . MAIE 3 J5 19 3 530 4>
FEABEALZE L 3 140 F1 390 MR FH T IR At .

I R s PRI KR A2 60 5 16 T S 245 R LR I S

337 MR GMIAT LR TE & 132 W IR Ay 2 4 218 MR sl
AR 331 MR AT B 187 WE L2 1 450 WE BB E %
B HAR B Fohrids , B 5 AL B85 2631 6 800 iR . Hivh bt
HLIEIR 5 800 E H T2k, 1 000 i FH T,
3.3 EMIER

g 4 T VPG AR R PR AR AR SCR B DL AR bR T 3 38 9F
H (mIoU) #4114 K E (mPA) L HEH R (Accuracy) . K
M ASF[E] ( Time) f1Z 50 (Params) . U8R E LK«

1< TP,
mloU = 2 555 pp, 1, (30)
1< TP,
mPA = ?Z,; 5 TN (31)
TP+ TN
Accuracy = TP L TN L FP L FN (32)

Horp, b FR BB BB TP, FR2850 WEFHME, FP,
FoRIN @ BRI, FN, 2n2800 MR, TP FR
TG 28 53 v TR0 GE B B OERE AR BB TN 328 BT 28 5
rFRI IE B 0 BORE AR R, FP R I 28 B v B0 45
BRI IEFEAR Z B FN 2R B A5 28 531 v 103000 4685 38 119 670 A
ENCE S
3.4 HRMIXBRS5HITRZEST

N AEAR X MAFE,REF, GAA #58 B HA% 0 4 44
DAFE # B () 4 8% Pk, 78 SD-saliency-900 & 4 b 3 T
FasterNet-T1 E+ M i#H4T T REHA LK,k 1 o7
NN N = VDI I (R N 8- N i =1 DO
MAFE 5 REF #¥e it DAFE 4 £ (4 76 JT 3447 7 20k 43
BT o DA A TR VTA 45 20 0 X A5 280 1 1 1) BT

R1 HHEMXEER

Table 1 Ablation experiment results

Wikis MAFE-DAFE  MAFE REF-DAFE REF GAA mloU/ %
T M % 65. 49
F T+ W% +MAFE 78. 35
F T M4+ MAFE-DAFE J 77. 10
FE+ M % +REF N 78. 61
F M4 +REF-DAFE N 76. 62
F T M% +MAFE+REF N 79.57
F T M4 +MAFE+REF+GAA N N 80. 62

ST R R B, A AT B g XA R M RE AR TH A B T
Wk, AU ET R B, mIoU K 65. 49 % , 36 I H I ik 4%
IE4RERBE AR, 51 A MAFE ##)5 , mloU & #4887+ %
78.35% (+12. 86 %0 ik W H 22 RUBE v 25 7 AL A &4 5
T XA TR RBE B Bl B 4 AE 4R B S @k S BE . i S BR BR
MAFE # i DAFE 4 f J§ (MAFE-DAFE), £ fig fk &
77.10% . B AT B 2L T AR AR T 58 % MAFE BT
M T 1.25% . UiW] DAFE J8 i 58 8 5 23 8] 30 3 = 4L
il , £ MAFE fEZ2 P ifF— 25 0k 1 2 RO RRAE A AR 43 1L

S B RR X R TR IERAE BT R B T S EAE M., B
MBI A REF 85, mIoU 5 B 78. 61% (+13.12%) , i%
BEEE 30 5% 22 15 8 5 DAFE W R4 . e A 5 B E &
14 [R] s 5 Ak T 18 SCAR T B AR B8R, AT 4 T T Bk 52 R A R
BN, 525, Y REF #H b R4 DAFE 4 74 mt
(REF-DAFE) .mIoU K 76. 62 % , ML AE i #L8H 8. F F (1R
K 1.99%) . X—4 RN E T DAFE 7£ REF bk gy &
ZL , DAFE 3458 56 4 F7AF 09 mi B I 30 1 0T 5 B, [ 43
FlA R TE N Ak, 78 MAFE 5 REF B P 7 T/ i 3%
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T # K

b B (EF % 4+ MAFE+ REF), mloU # — 7+ &
79.57% RBLT B H N 0 B AME . BB A GAA B,
mloU 35 80. 62 % , ixBEHL A B4 5y | F SC B 38 Ak
TR B 5 FR I B8 L £ 9 4% T i SR A T B X
SIS TP, 4 vE A T B (Y ) B B

%: . MAFE.REF #il GAA i34 5 )\ £ R R AE 32
B RRAE R A DAL R 4 % 1R SCEARE 3 AR R Il 4R
FET S B R 0 R PR REL 3R WM TR A A B Y
MSCENet 2244, 3E 81 T HA 8501

FAh R T AR R AR R B AR R E LK
W RETERE AL (MT) BB 98 4R 1l 10 IR E & 9050 JF 4k
EF I G AR AE 2 X R M BE HEAT T MR B S I AL .
253K 2 Fron , MSCENet #1780 J& 3 T &8 8 Foow 1 1 6E
HoAZ 0 43 #4845 43 5 5 B T mloU: 72.38% +0.31%,
mPA:84.26% +0.31% ., Accuracy:97.77% +0.14%, T
BT JCHER AR I bR 1 22 38 DR 3 7R AR K - 31X 58 40 TE
TR B R G, TR AT B AR R T A
P R SRR SRR B TS SRR BT A

R 2 HERE(MT)GRPEBIHEE £ MSCENet B9 10 R IBITHR
Table 2 Results of ten independent runs of MSCENet on magnetic tile (MT) defect dataset
BATIREL mloU/ % mPA/ % Accuracy/ % Time/s Params/M
1 72.35 84. 45 97. 85 0.009 9.418
2 72.75 84.51 97. 89 0. 009 9.418
3 72.23 84. 23 97. 81 0.010 9.418
4 72.09 83. 89 97.59 0.009 9.418
5 72.65 84. 48 97. 87 0.010 9.418
6 72.51 84. 42 97. 84 0. 009 9.418
7 71.95 83. 82 97. 60 0.009 9.418
8 72.42 84. 31 97.78 0. 010 9.418
9 72.81 84.63 97. 89 0. 009 9.418
10 72.01 83. 82 97.54 0.009 9.418
I R 72.38%+0. 31 84.26=0. 31 97.77+0. 14 0.009 3=0. 000 4 9.418

gL TIR B A S S ST W A )
UERA T MSCENet H 45155 3 1) 45 4550 1 DL S A5 #6044 1) 7
P,
3.5 IFbbx

S B E AR SCHR A9 MSCEN et 45 B 76 Tl 5k [ 46 0
5 b ge, 43 B 3 A B AR M s 4 Lk AT
Xt SE K. X A f) FE U-Net'' | PSPNet™ |
DeepLabv3 4, DAnet”" | DDRnet-39"" | BiSeNetV2™" |

FDSNet*! #1 FFNet®*’ | LEDNet* | PIDNet'*"’ , HRNet **' |
STDC™ . R R UESE B 45 B, Jr A3 X B 52 56 149 76+ ) 52 56
W AT.

1) SD-saliency-900 X k5% 4

1E SD-saliency-900 B ¥ £ LAY L SL B &5 I nk 3
BT 7S . A6 43 EORE B 7 1, MSCENet BUAS T 80.62% HY
mloU, 87.23% 1) mPA A f 97.17% ) Accuracy, I T
PIDNet, MSCENet # I F U-Net &5 HiAlb f it 5 4% .

% 3 SD-saliency-900 #{#E &£ F R A EHXT L X HER

Table 3 Comparative experiments results of various methods on the SD-Saliency-900 dataset

Ik mloU/ % mPA/ % Accuracy/ % Time/s Params/M
U-Net 77.98 83. 65 96. 86 0.010 18. 272
DANet 73.41 81.78 96. 11 0. 007 7.084

DeeplLabv3+ 77.02 85.19 96. 75 0.008 11. 092
PSPNet 57.98 64. 36 94. 27 0. 007 7.108
DDRNet-39 76.61 84. 82 96. 52 0.012 32. 357
FDSNet 78.49 85. 26 96. 89 0. 007 0.970
BiSeNetV2 68. 10 76.13 95. 46 0.010 5. 100
FFNet 77.83 84.09 96. 83 0.010 9. 657
LEDNet 72.81 80. 74 95. 96 0.015 0. 897

STDC 67.13 75.28 95. 25 0. 005 8.570
PIDNet 81.11 87. 86 97. 20 0.010 7.624
HRNet 79. 89 84.75 97.13 0.038 29. 541

MSCENet 80. 62 87.23 97.17 0. 009 9.418
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2R T b B T A ] P 2% 5 10

H 4R MSCENet iy mIoU %5 I PIDNet 1% 0.49%,
{H 3 — 22 3 o 4 T 2 B A D AE AS ] e 25 30 I 1 At ik
T, SRR 4 X 3 BB IAT BT L,
MSCENet 7£ B3 55 R JR 3% 5 28 e B B 1 1 22 3t ToU
¥ F PIDNet, % B MSCENet Xf T 25 7 #100) | 113 57 As
B B 85 R RS B 1 5t I B A W 1) 2 o 5 B g

17 5 o e P B L T 0 15 N S R L 7E AR T
MSCENet FY B €15 40 B R N 0. 009 s, HoffE 3 F 5
BiSeNetV2 FFNet 552 5 A5 BUAH 24, 3 2 Tl A8 i v x5
PR ESR . Ak, MSCENet IS4 9. 418 M, b T
H 255K -, T T U-Net Al DDRNet-39 , 13 B 45 5 75 K 3
FHIGTEAHAE T LR TRHERT. EEKE,

[ B 3 5.6 1T LI H MSCENet ()45 I0 15 B 34 4 1 48 MSCENet 7543 #1083 | 4 B85 % ‘?Tﬁiamr (] 5 B
PIDNet, A S35 UE T H B 2 2844 75 0 X5 A [7] Tolk 3 5 A TR, R B LR A TR
% 4 PIDNet 5 MSCENet B IoU . BE RMFEHENEEERILEK
Table 4 Comparison of quantitative results of IoU, recall, and precision between PIDNet and MSCENet %
— PIDNet MSCENet
ToU, IoU, Recall, Recall, Precision, Precision,
o 96. 92 96. 90 98. 63 98. 69 98. 25 98. 16
Je = 65. 38 61.13 73.08 67.97 86.13 85. 33
B e 81. 99 82.76 90. 25 90. 08 89. 96 91. 06
XIJR 80. 15 81. 69 89. 47 92.16 88. 49 87.79

h 58 LW R R MSCENet 94 BIME6E. K 6 450 T #
SD-saliency-900 %4l 4 I 9 7T A0 4k 73 B0 25 SR % b, AT
BIAT BT 7S 3 2 W e g 46 0 25 3R mT L& Y, DeepLabv3 + |
DANet Fl BiSeNetV2 W 4% 7E i1 £ Ab #5177 76 A58 58 152 1 38
% ;U-Net 5 DDRNet-39 1 1] 3 A 5 07 5 3 X 38 . {H 75 40
MEE SRS E T m A N2, ES 3.4 7.
DANet.BiSeNetV2 il 45 5 34 1 78 I ¥ F0 Wy 24 30 &,

Il
1]
hs

Rz

Inclusion

R4

Inclusion

23
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(a) RIR AR

(a) Original image
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(c) DANet (d) DeepLabv3+(e) DDRNet-39 (f) BiSeNetV2 (g) PIDNet

DDRNet-39 I PIDNet 7£ £ I 58 5 P4 J7 i A 236 0 13
FANT R LA A 28R, X F A POk SR B R
(56 5.6 11), dﬂiﬁﬁﬁ; S 4K HOXF EE B A, DeeplLabv3 +
PIDNet 25 H 0 7 24 1 0t 75 1 157 , DANet F1 BiSeNetV2 1
FETE V- 3 B 1 I R *ﬁt{:ZT 2% 305 1 MSCENet 7¢
B TE 25 R L 300 % T O B Dy T Y LA R AR R B, 45 5

BV S HSE A E RS .
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Kl 6 SD-saliency-900 $U¥E 4 I Y%} Hp 52 06 45

Fig. 6 The comparative experimental results on the SD-salince-900 dataset
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2) MT 548 45 L 5250 % 5 0i7R s MSCENet 75 2 W 4 G846 b1 L 523 T e O 19 43
ik — A 56 IE MSCEN et 78 T2l i B /G I AT 55 o 19 25 FHE B, H mloU ik B 72.75%. W 2% {F T U-Net M
A HERE ERERE (MT) BB PR 46 kAT T Xt se s, Deeplabv3—+,

RS WEMIREBEELEFENNILIRER

Table 5 Comparative experiments results of various methods on magnetic tile (MT) defect dataset

DikiS mloU/ % mPA/ % Accuracy/ % Time/s Params/M
U-Net 66. 96 81.95 97.83 0.010 18.272
DANet 50. 94 55.62 96. 88 0. 007 7.084

Deeplabv3—+ 64. 32 73.82 96.79 0.008 11. 092
PSPNet 46. 04 49. 11 96. 51 0.007 7.108
DDRNet-39 69. 37 80.72 97.72 0.012 32. 357
FDSNet 64.78 72.61 97.53 0.007 0.970
BiSeNetV2 52.05 55.39 97. 30 0.010 5. 100
FFNet 62.63 68. 74 97.12 0.010 9. 657
LEDNet 59. 26 66. 77 97.59 0.015 0. 897

STDC 48. 02 54. 23 96. 51 0. 005 8.570
PIDNet 69. 41 79.52 97. 69 0.010 7.624
HRNet 71.93 84. 82 97.56 0.038 29. 541

MSCENet 72.75 84.51 97. 89 0.009 9.418

B 7 45T MT 8R4 LT 9 ib g 1. 756 1 WAL, T 4.5 17 R A 228 MBS BRI ¥ 5) Bl , 14
7 PR S AL BB F , DeepLabv3 + . DDRNet-39 LA K PIDNet GH Y5 % s T, R KL (40 DeepLabv3 + . DANet)
B 10 B0 S R VE B SCFL A DR 3k W 24650 B ;s DANet 5 B3 E) it 1 4 (A DANet, BiSeNet V2, PIDNet) Y 7] £ ,
BiSeNetV2 A F& A 52 o G b, (H 3 A e 8k 2%, 78 PR, MSCENet 7 28 51 500 A1 34 55 405 38 7 1 24
52,3 AT B 28R W A B B MR K, DDRNet-39 5 3T EL SRR, 3R L TE A 09 25 1 SR BB O R TE B Y B
BiSeNetV2 £ ] #ill 215073 HAR (A EAE A TR sUT T P, AT U B0 ) e 6 D0 405 28
4

®
. HENNENnn

‘RrnrIminm
INNNANAHNN]
| ] ] e

| b 1
(a) REEEMR  (b) U-Net (c) DANet (d) DeepLabv3+(e) DDRNet-39 (f) BiSeNetV2 (g) PIDNet (h) MSCENet (i) FL32{i
(a) Original image (1) Ground truth
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Fig. 7 The comparative experimental results on the magnetic tile (MT) defect dataset
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ZEE M & » MSCENet AN FE St B 4 245 o 1 1 J7 T
AT AT BT L A AN S 2 TR TRV T R [ B AR
WEEM Sh A g T me RIS 1, MT S
£ L RBLH A S R S5 A VR AR S B A T BB R A DU AT 55 42
BE T SRR R R

3) RR TR e b R B B2 X L 52 5
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Table 6 Comparative experiments results of various methods on tire defect image dataset

Pl mloU/ % mPA/ % Accuracy/ % Time/s Params/M
U-Net 82.78 90. 84 98.41 0.010 18. 272
DANet 78.02 82. 56 97.93 0. 007 7.084

DeeplLabv3+ 78.03 87. 85 97.98 0.008 11. 092
PSPNet 57.12 64.00 96. 60 0. 007 7.108
DDRNet-39 82.05 91.67 98. 36 0.012 32. 357
FDSNet 79. 82 90. 16 98. 09 0. 007 0.970
BiSeNetV2 72.14 80. 13 97. 44 0.010 5. 100
FFNet 80. 82 89. 10 98. 16 0.010 9. 657
LEDNet 75.89 89. 36 97.68 0.015 0. 897

STDC 76. 81 86. 49 97.61 0. 005 8. 570
PIDNet 83.16 92.12 98. 34 0.011 7.624
HRNet 84. 06 92.72 98. 51 0.038 29. 541

MSCENet 84.52 93. 86 98.63 0.009 9.418
B MR ok s 11 800 4 I AT AR ARG I 25 A8l 8 BT DeepLabv3+ \DDRNet-39 £l PIDNet 4 i 8 2 Z Ik B 42 .

TR. TEEE 117 HG Sk 5+, DDRNet-39 F1 Deeplabv3+
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Fig. 8 The comparative experimental results on the tire defect image dataset
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