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Dense Target Detection Based on Array Information Guidance
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Abstract This study proposes a dense target detection algorithm utilizing array distribution information guidance to
address challenges related to positioning errors and false targets commonly occurring during the detection process of
numerous similar targets in industrial settings. The methodology involves extracting seed targets from dense target images
and implementing a four-direction search matching strategy based on target array layout rules. It forms candidate target
matching regions from the surrounding four regions of the seed targets, thereby updating the target position index through a
re-indexing algorithm and conducting continuous traversing to precisely position all targets. Additionally, to address the
difficulty of detecting similar targets, a Transformer self-attention structure is introduced in front of the convolutional
neural network to extract correlation features of positions and categories among samples. Subsequently, a classification
network based on the twin convolutional Transformer is devised to enhance structured information within adjacent target
images, enabling accurate classification of dense and similar targets and thereby accomplishing robust target detection
tasks. Experiments are conducted on a large number of dense target image datasets, and the results show that the proposed
algorithm outperforms the comparison algorithms in accuracy, achieving detection and classification accuracy of 98.71%.
Therefore, it can effectively extract targets and conduct precise classification.
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Fig. 1 Die targets with dense array distribution. (a) Original wafer image; (b) frequency spectrogram
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Fig. 2 TImages of various types of wafer dataset. (a) Background; (b) shaded ink dot; (¢) partially shaded ink dot; (d) normal;
(e) ink dot; (f) broken; (g) broken ink dot
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Fig. 4 Flow chart of dense target detection algorithm guided by array information

KIS FRRMBURHY SE O HE
Fig. 5 Positioning box of tilted target

SR A% HL A2 4k (4 31 H AR PR IAT 6 () TREAT 458
AR A5 BB R AR 5] 6 (b) 15 T3 AR M 7 f E a,
8 PR AR BE AT e A% Ao A R B IE R AL L 6] 6(d)
N R IE S B A5 2R

PAL B B A B 51 AR AR S RO A5 K F e
VETC AP BE A R A R B 74 5[] 8 2R DE I X8 R~
HX WA o FI T R 64 735 %6 = o8 o I3 AR 2R A Ak
A BT I L [ ) S5 R B R AE SR AR OF R
A SR AR IR 11 7 (), 23 EI A B 7(b) i
G A 7(c) o HETTAF I 3 N m A7 w1, A
14 Je HE 50 45 B w1 8 B AR I D Mask,, i€
(1,2,3, -, mn)e THAARERAT B AP 29 0 4 S oK F
55 ) A ISR AP B, X Mask, #5417 Xy 58, ff
S REIINZ VRN I AR B BEARFE RS . DL Mask,
DRI IR Y bR R, 12 Blob,. 7 H AR B4

B i”w:ll.l | .

Bl6 AR H AR R A R iR o (a) AT s (D) 5 (o) il (P BETTAT 5 () e % AL R Jm o I 1%

Fig. 6 Dense target rotation correction process. (a) The original figure; (b) frequency spectrogram; (c) angle calculation of frequency

spectrum binary image; (d) image after rotation correction
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A2k HEFEE B Gl R AR K I R 1Y class
token AL 3Z F| A B J5 #FRAEAS B B9 295, 1 H A7 1) %
A Kl token [ 81 E R SCE B 55, 38 58 )5 19 class
token 5 feature map [ Jth 14 25 5 AH IR 2 5% 22 45 44 B 1k
I 2 1R A, F Sl ek o 2 Sk A i E R FE AR B A e i .

4 I

4.1 SLIGEE

AR S0 fofT P R ot [58] sF2e 1%)  [5 AE R A
LU B o % ZS R R RS A B R A F) 5120 X
5120, 345 20891 A~ fhvkr , iy B AR AN 5] 6 (a) T 7m o iy
5] P45 38 o D ) 48 2% DG S Jy 92545 B 33T 20905 5K
LG (5 5 EMR) 4 BER O 28X 28, AL & 7 Fl ik
51, & 28 BIR B R A £ 2 T

P T T R I 4% T B O sk AH A LB A T AR S — 4

W4 51 PR B A, R A TE G L 52 96 50908 5 5 4 4 TR LA K
B B2 25 ) 2 M, 7 B A R B s SR AT BE DL
HAMBOUUE M E% 2 5 BRI BdE 4. Rlsr eIt
A AN A 14 346 4 JUE & EE o 346 4 -5 43 1
73 AT R 4, I AR 243 2 3k 2187 sk K&, Tl
IRAE 103 4 3L 927 5K EIG L) 56 TIF 9 25 v 1 5%, It ok BUE
ISRECE S

T AT A H AR BOSCR 5 2 JEHER 0 S0 58
A3 BT, 55 0IE DY Ty 1] 48 2% DG FC 7 vk B R0 R BURCR L L
T 3T 41 K] 25 R B 1 Transformer 4325 W 4% 14 ] 174
FEERE o H AR R HRCSZB6 A A R B AR N SF Sl 30X
30, PU Ty [a] #8 28 B %8R X 3 (ROT) RU5F 28 34 <34, 4%
IS ) 45 50 43 AT X 24 5 A8 15 1A 0 A B, R LG S G
PE#% ResNet18 . MobileNetV 2 ViT HI{% 5 J7 [m] 4 B B
J7 B (HOG) 45 & H# fE 32 £5 17 &2 AL (SVM) 1Y 43 2K U7
o BEMATHSHILIALEE 1) M5 4> 47 % 4L H b
P BRGS0 40 A, X HE A D ) % 2R DL g
Kol Bk 5 % B AR T i, LA KCE D E bR R
YOLOV5 8 3305 5 2) 3 X 3 FEF i A 45 44 5 2 i 2% 2k
HEA UM 258 50 AT 5 3) AN R 43 28 T 12 A i R B4 4 T
B S B0 45 SR X FE 5 4) BT R 07 TR AE AR Ay B 1 S
BRI 5 5) dfokr -G 43 2R 22 5047 o
4.2 IBHREBES5BSHIELE

A Sz HL W CPU S 19-12900K, 3 46l
3.60 GHz, GPU iy RTX3090, . £ K /NN 24 GB, N
17032 GB. W45 4570 S 3 F Py Torch HEHE . 9 4%
Y25 R A Adam fE 1k 8 $E 17 U4k, i A A 8L 2 550k A
AR B 2 ) R AT I 2, W 0R 2% 21 R R 0. 01, 51 A&
% AR ) A 2 R B O 2L, 2% IR iR Bl 200,
batch_size % & K 16, FIG 43 38R 5k 28X 28,
4.3 LBHERHW
4.3.1 M3 5% %% B AR IER AL R oA

T B8 IE VU J ) 48 & VCE A9 EE R 51 A 1E H AR R
I L OCR R M R TSR IE S 5 2 H AR
B DB i B9 1 YOLOVS #E 47 % L, 52 56 8% 5 i 55 2
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FE7R o 2% 2 T, T 4R Bk 5 Gl AR A E LA B
Wy T . 2 H AR A MR DT AL 5k 6 TR A R 2%
B DX 3 TG ik 4 B, T T A vk G A R B 4y A A X
St B AR X AT I BEAN S A R e T R — B AR
VE fic 55 1k A 2 24 T S0 X ek 0 9k A7 R B AR Y R
i, B AN, YOLO XF T B 3k Fl &5 0 % H A5 2% 46
HE A 0 A R 0 Ak SR A 2=, dbokE H AR /N BLREAE S BH

F 61EFE 10 H/2024 5 5 A/ B S XBFEHE

b, B ORAE TR 45 5 BUR A WAL E S E B K [
BF H s T % 5 2 BRI HE & A&, kD45 R A
fE. Z H be B AR UG IE 55k 42 BORY H AR Jo A 48 6 &R
5 0 AT 5 A5 Ty i i H AR AT AN R B, S
R R W TR A ks HHE RS R AR
VT JE o 72 rf 42 B H A U SR BUE B VLR 58 S B 3l
56 WS AT 9 R 5 .

K2 AFEHRBETETEIE 6 fi B B8 46 L i PEREXS L

Table 2 Performance comparison of different extraction algorithms on the wafer dataset of Fig.6

Matching algorithm

Miss ratio /%

Number of extracted targets ~ Running time /ms

Multi-target template matching
YOLOVSx
Four-direction search matching algorithm based on re-index

8. 80 19053 1512
73.60 5515 123
0.00 20905 884

R BV R R A R A SR U BB, BE 2 B H AR R
TR AT R, K] 14 8 2 HARBIAR PEEL . Y OLOV5x
FFT B BAVE (RN 25 2R . AR GE 0 22 B bR AR DT SA Tk
TR IX A E A . 1 YOLOV 5x B3 U 77
TE B 7 ) TS R E iR 22, XS T YOLO 2846
T DO 26 R 1R 43 HER R /N B ARG I B ) B, A
W5 R UEAT IR 2 J 6 A R4 3 T 1 /s E AR T L
B B R M, AT BRG] Y 7 1] 3 R T
T B8 0 B B DG i 5 4 A ST AR 45 5 FE AR TE S5 X 38
NI i o S = B Tl 0 = ' A O e P o 7
T, P A R R SE BAE A G5 B 2 H AR
DT E 22 57 A1 38 P H ARSI YOLO Bk 47 50 s ARG B3,
7 i[5 %5 4E H AR SR BOOR BRI AE

slejesinie

multi-target

proposed
template matching

original YOLOVbGx algorithm

K14 Z  AFsFERICE . YOLOVSx 1% F #R 51 1Y 1Y Jy 7 48
FRVC PE Bk 1 2 25 SR X Eb

Fig. 14 Comparison of subjective results of multi-target

template matching, YOLOVS5x, and four-direction

search matching algorithm based on re-index

4.3.2 3X3MFENLEM G %A 5 B ZOM e AT

BT 3 8 0 25 A5 R iy A 45 K B R AT 4 B 2 ) 5 15
THIOA ROPE B 1X 1454 (3 X 3454 5 5 X 545 i 17
XSS AR AR 3. IR AT LUA - 1 X1 51 &5
F, BIVER K IR A, o 2 R R B IR, TE VR R AR
PN EER AR B AR — 5K AR A RE 08 18 BIAR 4 19 73 2 5%
ST 5 <5 B A S5 K4 AH LT 3 X 3 I 47 45 K 1 B R T R
0.52 H 43 s o [ B 5 46 ResNet18 fil ResNet34 45 &
3X 3 W ) 45 A B RS S T 5X5 B 51 £ 4, Ho
ResNet18 [ 5X 5 &5 44 A L T 3} 3 45 M 78 3 FE HE I 3
FRREO. 9L H 4r £ 3X 3BEFIIY A Sk i F ek, v
K F98. 7100, I REJE DA g o 58 %o G it DX B 9 B 2
R 3 db R RS, T B Gl 3 kb A 15 ) R 0 5 4
PR M, 1 RS R 2 S BUE B T4, 2 m
SRR E . Ga U EFIE, R 3XIEIIE LA
E O I N £ A B R i RN o B [/ G e
ResNet18 iy B fily |, £k /N RSF 5y kL B bi L % 5L kg
kAT T AL AL, 23 i) R 20 #E Y ResNet 5
ResNet18 I ResNet34 = 2 25 Az g % # 2 47 X Lo 52
5. MR 3TTLIAE S, ResNetl8+ TAI fll ResNet34+
TALGE K 1843 JERE B 1R F 140 508 R g ik s 9
ResNet+TAI. 25 ) ResNet fif FH 4 ¥ 09 47 1F $2
WUZ M B de it AL, R AIE T H bR AT AE R e Rk
PERERAE

3 UNIT % S5 AL AE i R B A b AP REXT LY

Table 3 Performance comparison of different network structures

on wafer dataset

Structure Accuarcy /% F1 score

1 X 1(proposed ResNet+ TAI) 98. 06 0. 9652
3 X 3(proposed ResNet+ TAT) 98.71 0.9746
5X5(proposed ResNet+TAI) 98.19 0.9617
3X 3(ResNet18+TAI) 98.59 0. 9680
3X 3(ResNet34+TAI) 97.73 0. 9506
5X5(ResNetl8+TAI) 97.68 0. 9556
5X5(ResNet34+TAI) 97.68 0.9474
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4.3.3 AP & E7ikiedh B g ey K2R

T IR I T 4] K 2R A2 #: 1 Transformer (1943 25 K
25 A db R R AR b Ay S M ME R R S A R L A S
SCTAIJ 55 E 5 2] M 4% ResNet18 MobileNetV 2,
VIT HIHOG +SVM BEAT X HE 525, S 30 45 R an 3¢ 4 fir
AN o AN AT, BT AR T7 ik 5 A 5y JEASE R AN B v A
STl RN E ) i < R T € T S e
fe Ay R HER R, O 98.71% . AE A U v,
ResNetl18 73 25 W 2% ik 3| T & fm 4 K HE 0 %,
98. 17% , Ir#& Jr ik AL H 2 7 17 0. 54 T 73 i o VIT
BT ALE i B ERCHE 4R T JEOR R O VIT B RS
Bt £, 1% A ImageNet %5 KB B0 G2 AT 55, 1 X &l kL
(5 K AET R AR . HOG+HSVM 432628 20t i 2 51
VEAL 5 L 8 s 30 A% ek B, A 3 I - 10, gamma 2248
0,001, I B BUAS 5 /o o B 3% 92. 88 %6, 15 G R AIE 42
BT X T RX AR H AR R AE R IR RE DA 2, T
HOG FRAEME AR AE & 2% 19 1 CRFAE , 5 8ok R 30CR
2%, MobileNetV2 il ResNet18 #i #f R &A% T Fr 42 )7
2, 2 R T A XA H FR AL g8 CNIN 328 9 2% 38 3o 4 #1
HURE IR TR A S, [8) I % S0 BARRAE 2D 18 /0N B B
R R RS 5 25 0 GBI SR L DRI 3 S8R A 25
B3 J7 2 Sl AL 52 5y CNN ?E%ﬁ%%,ﬁfiﬂéﬁﬂ%
AT 2% 22550, P08 3 22 Sk AT 0 B R B Y J
REAE T AT 3 5, T R N LA K AR 488 kL B B Y
PR AR OC 2R, T T AR 408 it L 7 B AR 288 O3] A G Mk 1Y
JEWAF B o SEE A R IR WY, B 5 07 AR T A 1R
32 07 2 WU 5 v T A RS, B R B O A 19
EHR K 5.

Fd OR[N GSET7 R AE B R A b ay P REXT [

Table 4 Performance comparison of different classification

methods on wafer dataset

Method Accuarcy /% FLOPS /10" Params /10°
ResNetl8 98. 17 0.2986 11.1738
MobileNetV2 98. 17 0. 0546 2.2322
ViT 95. 58 150. 7000 85. 0652
HOG+SVM 92. 88
SCTAI 98.71 0.2137 1.1175
4.3.4 SHEBRR>ENABZTEHAE

FII5R/RT SCTAIﬁ%ﬁ%ull%ﬁmjﬁ%ﬁm
Y R B 2% AR R B0 AR b i 4R . A kAR TR BS
100 B, o 4% 2 8 T 4 83, 332K e 4R 7E 0. 005 2
fio SCTAT S HAb 7 k7 MBI E Lt E RS
SHCEXT LI 4 PR . IR AT SCTAT T
# (FLOPS) % 0. 2137 X 10°, # kb ViT W 4% 3 & %
it , H 3% & e ResNet18 Ui 20 25 30% . SCTAIH 2
B (Params) XA 1. 1175 X 10°, 5 HAh 43 25 05 6 h i
/O SHEM LMK T 50%, S5 B/, Wik
SCTAIM L FHAL KTk  ARERTIHERES S
o, A R TS A Tl 3 S RN AL SR ARG R

F 6155 108/2024 £5 B/BAEXBEFZHE

s WF*W T e 10
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il {09
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Fig. 15 Loss value and accuracy training change curve
4.3.5 BB EGIEE SN
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bR 25 HAUA 1. 29040, X I Aok FF 5 Al R AR IR B T
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BB A8, 58 a5 PR R 22 A3 N 5. 7106.3.39%0 . 1. 1204
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Fig. 16 Confusion matrix on wafer test set
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