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Automatic detection of casting defects based on deep learning model fusion
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(1. ICT Research Center, Key Laboratory of Optoelectronic Technology and Systems of Ministry of Education, Chongqing University ,
Chongqing 400044, China; 2. College of Mechanical and Vehicle Engineering, Chongqing University, Chongqing 400044, China)

Abstract : Aiming at the high missed detection rate of casting defects, a casting defect detection method based on deep learning model
fusion is proposed. Firstly, the Faster RCNN network is improved, the feature pyramid structure is used to improve the feature extraction
network module, multi-scale feature fusion is realized, and the feature extraction of casting defects is completed. Then, the ROI pooling
layer in the network is improved based on ROI Align, and the IOU score is introduced into the judgment process of NMS algorithm. And
the improved network is integrated with Cascade RCNN and YOLOv3. Finally, an experiment study was carried out to verify that the
fusion model can effectively reduce the missed detection rate of casting defects. The experiment results show that the defect recall rates in
the Faster RCNN model and the network model proposed in this paper are increased by 1. 73% and 4. 08% , respectively after the pooling
improvement of the region of interest. Using the method of model fusion, in the condition without considering the classification accuracy,
the defect recognition rate of the entire model reaches 95.71%. Compared with single model, while guaranteeing the detection accuracy
of casting defects, the method also improves the defect detection recall rate and meets the requirements of industrial applications.
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Fig. 1 Traditional pyramid network
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Fig.2 The structure diagram of multi-scale feature fusion
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Fig.3 Improved network structure diagram
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Fig. 5 Statistics of the number of different defects
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Fig. 6 Original image and its grayscale histogram
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3.4 BBEWIRE

1) bR HE AR 204t

AT U YN 5 A5E R 451 2R bR 5 S SIS ] i A T A
P HERAPE | 75 2 T 56 X5 g o Bk B 174 4 358 E 3 17 00 4 1k
P T XTI A T bR e B, R R A e HE /NS —F
(R IE AR PR AT PO 285 I 2Ty, 75 B b e HEHEA T SR 28 007, A
SCR A K-means R

BB AR R A bR HE 2 2R 2t i R
BRIk B e/ HA R R IR A

ﬂ@=mm;2¥M%) (1)
it K-means 338 6t B b 2 HE 47 B, 280
S MU IR & i

W 8 Fros MR BR N BE /Y kb, A5 AR
FEMER AL W e/ NIEES T, B AT AT, 2 kS 1 I
TR B IR, J (k) WME M 2 852.486, TMiBERE k 2 ikl
K, B B AW/, S k/NT 13 1, J (k) IE T
R R A T 24 kKT 13 I, R B it TFa e, I
BF BEE kB R, RSO FEAL, I, % T 454 DR
EUG R B EEE kR 13, BEZE k A9 I0, 91 46 4 32
HEE4 58I Lh B S N, 2 £ 55T 13 B, ~F 34 258 0F:
LIk H] 83.45% , K-means 5735 76 Yl 5 i F vp R GIE A= 6
WA B R 9 38 3T Eb i SEath I ot A5 R 7R0 B Jnpe
B, I FLIR A T3 E LG IR AR 9%

) IAESHE

(1) BASE ANCHOR SIZE LIST LA . ANCHOR
RATIOS K% & .



CERRE] W B ST IR I B R B BRI ) S A 155

3500
2852486
30001

2500F 4
2000 e,

By 500l Tt 1301318

B prteeenfl
1000

500

0 2 4 6 8 10 12 14 16

K8 ANIA] k(RS H bn ek (E AL 1k
Fig. 8 Change of objective function value for clustering with

different & values

BASE ANCHOR SIZE LIST F1 ANCHOR RATIOS &
) 4% P S A AR A S S, AT R T B R
M (e A A A i, TR L 75 B e e A T Rt Ak i, R
mr.

D K-means B EHF T 13 AT B BEAE | 43 ]
Ji.(45, 44),(201, 31),(27, 23),(342, 164), (117,
197),(198, 106), (124, 78), (352, 62), (102, 28),
(188, 57),(59, 104),(80,56), (128, 43), % BASE
_ANCHOR_SIZE_LIST K[ 16, 32, 64, 128, 256, 5127,

QEMMFE LR [1.0, 6.5, 1.2, 2.1, 0.6,
1.9,1.6,5.7,3.6,3.3,0.6, 1.4, 3.0], Horp & k5%
FR 6.5, /NI TEE L 0.6, L 5 B ANCHOR _
RATIOS [ 0.01, 0.1, 10],

(2) HAh S H0m 15

F A SR 28 25 % 4 500 5K DR BN RE AR
BRI, 348 10 000 ¥, batch size B # 9 2, mini-
batch B8y 40, SR F TS (1 4% 5% pR B0 I 2 2T
0~1 000 YL, B 9] 4 2 > -y 0 24k 4 i 21
le—=3,%] 1 000~ 10 000 WK IEACHT, 2% 2] R F 42 5% bR 4L
§30 K B
3.5 ZTBWERSHH

1) R DX 3t A S i S 0T EE S 56

T I R, RS S AR R M T 1 A
BRI 9 B, R AL R A2 BB RS A B
NSRRI T, 2R FH R B X 3t Ak i 20O AN BEAS
T AL B BB DRI, SR T A R A T B 1 DA i 2%
B4 /I RUBE BRI | AR SO IR M X Skt FL R 7 7 it

AT X J% 4 R X 35k b £k 11 Bl 32, A SCHE JR Faster
RCNN FEAli_FAS T %5 B SR 55, % bl 17 JR 8 X 3 b 1k 2
PERTJE BORCR, TRIA 385 b T LA A o 2 A 700 ) SE2 36 fY
SR G R RN EE 1 BN, W AT DL B, A SR
X3 Ak 5 7E Faster RCNN A5 o (1 (5l [ 73 [B1 548 T T
1.73% . BCHEIER S HR X ol Tt T J5 7 AR D0 28 A5 70 r ) L
A ERAETE T 4.08% , I, ASCER X85 F DR B4, ik

K9 ROT AL
Fig. 9 ROI pooling detection effect

HE IR IX St A 75 5, A R b e T B 1R R P
PR RE S LR A %

&1 ROI BHATERRXTLL
Table 1 Effect comparison before and after

ROI improvement

JEOGER X I

EEE S NP L A %
pe
HCHETT 0.751
Faster RCNN
otk e 0.764
. Rleiigin) 0. 857
FAEFlA +Faster RCNN
B 0. 892

2) IZRiR 225 o Hr

UnlEL 10 B, o st e e 1 ok o A 00 1) 245 )11 4
SR REEL, S5 SRR 450 eRBCIE T AR WSS IR Y B i
SRS B, FEA I ZRak AR IR S, #5150 ) 1 it
IR JRE T W AR AR, R B 453 2 PR RSt 2 I UL B, 2 A 2
IEFRZE 6 000 VX AU ) 15 K PR S TARUE , 290 1.2
ZeAT U IR ZRACREE b, BEAB G I S5 BRI ZRE0R

30l

0 2000 4000 6000 8000 10000
AR EL
K10 BOtE ) 9 19 265 40 2k bR

Fig. 10  Improved network loss function



156

i %

L
&

e

3) BAARE RN S b X HE

N S A g g A A 76 o 00 3 4 A 7 RGN, 5
ML AT, R 25 S an il 1112 firos, B 11 s
4 Faster RCNN il 25 5L 18], 18] 12 Sy bk e 1 099 £ Az il
R, A Y Faster RONN #6045 RAFAE B &2
TR BRI O, R RRAS AR, 1T At J5 7 I 28 %o 17Nk
B P e U 8 A I A B

Al 11

Faster RCNN A6l 4%
The detection result of Faster RCNN

Fig. 11

W A 2o ah B 5 1 R A AR AS TR B LIRS 100 5K &1
FAE IR A Sc—3EXt 431 AN FE AT RGN T S 3
R, A5 2 3% 2 3, Hi 3 2 5 Faster RCNN %]

B12 Bth)s A0 I 28R I 235 2R

Fig. 12 The detection result of improved network

ZERTINZE A 3R 3 N EGH 5 I W g R 25 21 R bR
T s 28 AR 2 Bk A 178 TE A 288 B G ] s 28 3 A A i e
P 2SR R AR R TE A R IS, A Dy R G
Fae , MEE SR LS, AT X Faster RCNN #f
ol A R4 T T RS Y B4 1 i B R T g L X T
A4 A5 C4 C5 5 REEBKMGFG, 2 5 5 1)
0L, AT AL A2 A3 C1.,C2,C3 25 R /N i
B, T A 5 DR A B 23 AR AE BT 2 00 2 4 B e A Y
T o

% 2 Faster RCNN M & &4 R
Table 2 The detection results of Faster RCNN network
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Table 3 The detection result of improved Faster RCNN network
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Fig. 13 Model fusion detection result graph
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