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Abstract: Ceramic substrate is a vital foundational material of electronic devices, and implementing defect
detection for ceramic substrates using machine vision technology combined with deep learning strategies
holds significant importance in ensuring product quality. Increasing the field of view of the imaging equip-
ment to make simultaneous imaging of multiple ceramic substrates possible can significantly improve the
detection speed of a ceramic substrate. However, it also results in decreased image resolution and subse-
quently reduces the accuracy of defect detection. To solve these problems, a low-resolution ceramic sub-

strate defect automatic detection method based on knowledge distillation is proposed. The method utilizes
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the YOLOvVS5 framework to construct a teacher network and a student network. Based on the idea of
knowledge distillation, high-resolution image feature information obtained by the teacher network is used
to guide the training of the student network to improve the defect detection ability of the student network
for low-resolution ceramic substrate images. Moreover, a feature fusion module based on the coordinate at-
tention (CA) idea is introduced into the teacher network, enabling it to learn features that adapt to both
high-resolution and low-resolution image information, thus better guiding the training of the student net-
work. Finally, a confidence loss function based on the gradient harmonizing mechanism (GHM) is intro-
duced to enhance the defect detection rate. Experimental results demonstrate that the proposed ceramic
substrate defect detection method based on knowledge distillation achieves an average accuracy and aver-
age recall of 96.80% and 90.01%, respectively, for the detection of five types of defect-stain, foreign
matter, gold edge bulge, ceramic gap, and damage-in low-resolution (224X 224) input images. Com-

pared with current mainstream object detection algorithms, the proposed algorithm achieves better detec-

tion results.
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o HeMESCHRL16 109 77 20X 2 215 5K I 2R A ik
T8t v om , HAR L B8 - D 2 215 5K 16 7 TR 38 5
50 5K AL 1 SR BRI (22 R AR AR B0/ Y BERE )
1) - DX 3 (A DX A — b L R G5 ) 5 94
X 50 g F X IR R AT K P 3 B RO
AR, T T (bR v 225 1. 2) DA R B A
VEAE 5 fie I 6 K S0 3% 8 I 1) 3 5 RIS KRG W 7 %2 8
B 06 A 5 35 Al A% rb mT R B HRE 1 DX, AT
FAT 38 5 5 R 2 386 5K, FAE I 2k, 8 4% 198
sk oK 19 B R FHAE M . (i ] Labellmg E£ A5
TR AT N AR Bl 4% X vOC2007,
Je % YOLO $idis 45 4% X
4.4 MZ&IlZk

A% SCI T 28 1 25 3 Sk 280 0T TR0 286 D1 2 2 A
W 25 Y1 Sk o 200 25 )1 25 5 B, Al 25 Epoch
200 ¥ , 4t & K /) (Batch size) 4 32, ¥ 1 2 > &
40.01,warm _up K Epoch (8 3.8 4 0. 8 .4
I bias _Ir & 0. 1, AUH % 0 & £0°4 0. 000 5, ff ]
B AL B JE T BRIk (SGD) ATtk , sh % F
0.937, ACKBSE AR O0. 8,

2f 0 W2 2R B, s3Il 2k Epoch Sl 200 9K, 41t
£ K/ (Batch size) i 64, #] #f 2% > K 2 0. 01,
warm _up i Epoch %k 3.8l i 4 0. 8 . %] 4f bias _Ir
R0, 1, BCHE FE R ER 0. 0005, {3 AL BE T
e (SGD) #ATI0AL , 2355 T 0. 937, HITHZE 1
SKHIMIREE ZB0N 3. 00 ASCKHSE %R0, 4,
4.5 XWHR
4.5.1 R &SRk

AR S35 UAE IR A3 AT SRR Sy T A AR

B FE AR A A X (12), 2 (13) s

Precision — — & (12)
recision — TP+ FP N
TP
Recall = ——— . 13
TP RN (13)

Horr s TP 378 18 90 5000 Sk 1F 91 (4 A 8, FP 3%
71 B A T A T 81 7 S B, FN 2R G 1] 7
Ay B2 8] A8

TR I 1 R e 2k 198 5K, R IR R L 1
F SRR V5 Y 2 e B DL Rk
e R HEUIE A R 45 B AN 2 1 TR o

H 26 1 A] 0, AR SCHE A B X B S AR
CIRERTN 7/ I I R D9 S S N IR LS
I A AG I o A R L S AR B 87.88% KA I,
M B AL F 85.29% L b, Hirp, Z4H
AL T RS I R e 2, L JRUER AT B R - — T AT X
VR A SLE 1) R AR B3 e /b DR I 7 N e B 2
Z B FL 0 5 5 — 5 T, 33X R G R A DN
MR Gy B SRR AR R R A8 G T R R AR
A DR RG fE  2%

F1 BERNER
Tab.1 Results of defect detection

U 1EH . Precision  Recall
ey B EC R WK
25 oAUl /% /%

V5WE 1591 1441 33 150 97.76 90. 57
4 28 25 2 3 92.59 89. 28
L4 34 29 4 5 87.88 85. 29
W 310 276 15 34 94. 84 89.03
B 1200 104 8 16 92. 86 86. 67
&t 2083 1875 62 208  96.80 90. 01

R TR 2P B I A OB AR M R A R
oAUl I DR S G N = R 7 S N U R Y iR
1%k Faster R-CNN'" | Cascade RCNN™ | YO-
LOv4™  YOLOX™ ,YOLOv6™,YOLOv7" A
Kol T B YOLOVS 78 A% SCEHE 48 1 E A7 X He
B, R SCVE 3 1Y 5250 280, R R FHRNR 28
T8 1 A5 AL 2591l 25 400 Epoch , BE BUOF- 247 4 1 % F
14 [ AE S PR 48 A, A ) 583k 00 PR g 3k 2
JIim o 222 -7 F R 2B B 45 78 1 I 2R K
A I o N

RG22, A& M H A9 YOLOV5-CSKD & ik
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e, 25+ 5 R PR 2 0 A MR 20 3 B R Al PR A SO A 3073

Xof i T R R B A ) Y- 28 o Ay A R T 2 o R
A3 ik ) T 96.80% F190. 01% , M kb F R 4R 1Y
YOLOv5 8%, 43l #& i 1 6.99% F18.81% , H.
AH T R 4R YOLOVS B2 R R SCH ) YO-

LOv5-CSKD 8315 224 X 224 43 #E 5RF 4 46 0)
IF IR AH 2255/ o A 224 X 224 43 R F fr A % e
Bk P, YOLOVS-CSKD H A fie b 1yt fE L 158 1
AR SO BT A R

x2 AEEEBREENER
Tab.2 Defect detection results of different algorithms

T35 Y AR Precision/ % Recall/ % R EE/ (ms«f 1)
Faster R-CNN (224 X 224) — —
Cascade RCNN (224 X 224) — —

YOLOv4 (224 X 224) 85. 86 75.89 126.59
YOLOvVS (224 X 224) 89.12 81.20 83.02
YOLOvS (448 X 448) 89. 81 84.33 93.45
YOLOX (224 X 224) 85. 89 77.79 115.72
YOLOvV6 (224 X 224) 88. 44 79.35 87.42
YOLOv7 (224 X 224) - - -
MSAD (224 X 224) — — —
YOLOv4-CS (224 X 224) 93.12 85.43 142.70
YOLOv5-CSKD (224 X 224) 96. 80 90. 01 87.04

P06 25 T B e 5 Al S R0 OIE i A A 224 X
224 73 WA HY R DN 45 R Ry iR ) o 1816 7 (a) ~

13

(e) B A 285 B4R Yk 2 YOLOv4, YOLOvVS, YO-
LOX,YOLOvV6,YOLOV5-CKSD.,

g H'!"“
L
0508

(a) YOLOv4 (b) YOLOVS

» 3
. L
- , b y

() YOLOX

?ﬁﬂl

-)u-] :

(d) YOLOvV6 (e) YOLOvS-CSKD

L6 AN )% Y (1 i 2o ARG ) 44 2R

Fig. 6 Local detection results of different models
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M6 H AT LUE Y, 7E (224 X 224 ) B S A 5y
PR, YOLOVA Y K 0 25 58 A0 X4 2% o TR AR
YOLOV5,YOLOX, YOLOV6 ¥ 77 15 A [f] 12 B 1)
TR, Horh, J5 A B9 YOLOVS A6 25 5 B W i T
YOLOX, YOLOV6, ff LA A 3% F YOLOvS 1E
Sy FEMEWFIERLAL . X R 4R YOLOvVS A K& YO-
LOvV5-CKSD, il I3 i , YOLOvV5-CKSD HEF 5%
Rl J5 R Y OLOvS A58 I 7 Fr I 1 0 38
U AT DAGE B A SC4 1 AR A Y OLOv5-CKSD 78
K 53 B 23R W g 6 0 AT B4 G I i A A Ty

(@) HfE
(a) Ground truth

(b) SUM

A BT
4.5.2 stk

BT B UEAS SCHE R AR S BT CFA 1Y
AR AR SCEE XRZ A R BEAT T X L SE g X L
TI LSRR 3PN, Horh, SUM KR AR 43 B R
REAE AR 4 BE R AR 1 B R = A, C-FF 2y
QI I AR 5 J7 20, CAF S A SCHE R A9 4
fEmL G 77 2o =Rl A R AE flA 7 2 R O
o 25 SR an i 7 R .

(¢) C-FF (d) CAF
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Fig.7 Local detection results of different feature fusion methods

MR 3R LUF Y, 78 X YOLOVS i 47 Al
PZEIR BT, 3 F SUM filt & 7 20 5 2L F C-FF Fil
B U M BE 25 BE BN AR SO Y CAF B B
AR 45 R8T 96. 80 %% Ay - 24 i g R A
90.01% My X% . MW 7 el LLE 78
&5 #E R AT, SUM Fl C-FF X/ A 45 {5 &
PR A5 TR R 5 I, I 1k o ARG ) A T T AR SC AR
O CAF 5 B ) 68 o 0 A4 0 B R
R

R3 FRAFEBREAXNIEER

Tab.3 Experimental results of different feature fusion

methods
S Size Precision/%  Recall/%
B YOLOvVS 224 X 224 89.12 81. 20
SUM 224 X 224 95.01 88. 34
C-FF 224 X 224 95.13 88. 14
CAF 224 X 224 96. 80 90.01
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4.5.3 HakEk

N T SRR EAE R R R TS i GHM-C
XA TR M BB B T 00 A R AR SO B EEAT T A
S S5 SR A A AL A (W] AE AR R
B, oA B DA S RO R B A A G B R R
224X 224 ,TH fil S 56 245 AN K 4 R .

x4 RAAFEFREMIARHEHTILXBLER
Tab.4 Comparative experimental results using different

confidence loss functions

MM LR MR THMER TEAE
A GHM-C I GHM-C /% /%
89.79 84.01
N 86.53 82.33
N/ 86. 22 88. 35
N N 96. 80 90. 01

MFE AT LA 45 200 W 45 5k F GHM -
C 23 3 302 HE I 45 (14 - 15 g i i 56 R0 7 34 1 (]
WA BEAR, 7T 1 I D5 Ay 20 ) 2 2 A= ) 45 R
FH I B A5 B0 G eRBCAS ] PR Ok (o 75 230 28 13 AL
S AR 0TRSO AR A N U i GHM-C
5257 A W 2% 2 2] [ REAE 5 200 9 48 A7 BTN [R) L DA
5 B0 A= T 285 0 10 DA 28000 IR 445 345 1F 8 1) 15
SN PS i s  T EA  UR S O SN T R 7B S (E
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