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Abstract: During microlens array (MLLA) photolithography exposure process, the number of photolithog-
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raphy points is considerably large, thus, judgement of the photolithography quality by human eyes with a
high-magnification microscope is time-consuming and labor-intensive, resulting in high process cost. To
solve this problem, an easily detected circular pattern was designed and a Yolov5 model for target detec-
tion in deep learning was introduced, which can replace manual eye inspection to a certain extent and com-
plete the rapid judgement of photolithography quality. Based on the proposed method, the optimal interval
of the level of energy density during laser scanning and the profile dip angle of the photoresist were ana-
lyzed under different photoresist thicknesses. At the same level of energy density during laser scanning,
the distortion of photolithography pattern was judged considering circularity. Further, the photoresist
thickness, laser power, and processing platform moving speed were selected as independent variables in
the MLLA photolithography process to evaluate processing quality parameters processing quality parame-
ters, such as photolithography qualification rate, photoresist profile inclination angle, and photolithogra-

phy circularity, is of great significance for engineering.
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Fig.1 One-step laser microlens array exposure

2.2 BRXSAIERE

X E SCHE R IO B TR AE TR
FEI A 18 B O R B A o RN BT 28 75 R LE
B Sy, RO R FE 0 BERE AE T R G O
Gy TE 55 o 0 4 R ul R A AR B G 2 e, LAy
AETE PG b 10 26 30 0 1 22 B D69 4 119 3 B EE IR
FEAE W] 5800 2% 0T, b A 0SS 78 XoF b AR I ) TR )
HAERBIRMBE T o SR, ik B P 2 i TR L TR
M AR SE I R E A A A I R TE R 6~8 pm, T B
SRR TEAE 8 pm LA L, B A% Rk B AT FE 4R

AN N TE N SRS E SN & N e)
T A G 0B RO D, AR L RS o ) 3 R
(0 M BE B 8 o A T B A X A A AR T A
A T ST Y SRR AR SR T —
B 1 JE B O 1 22, BT 8 ' Ol B 4 IR i3
18 R E 3 — JE MR I BT8R A 4 2 5 1
M) —2F o HETS A SR RSN T
[ 5 2 42 R, ' 1 58 o0 47 R R DG I 4
W B 2Ca) i s 5 245y o B R, 2R B8 Y —
PR TR R, BEOGIE S O AR R
BEGHR 4, A& 2(b) s o 3k b R 4 315
BL3E 28 H b A DU ASE 0 ) ) Mg O s i 28 . S A%
Ly E R EERERZM T RS AH K
£ 10 S B A7 00 of i B, MR XY I S 56 1 A I
fig, BEOE A M LI BME R 8 pm, L R & E N
4 pm,

Line width

e

(a) BHE AL
(a) Qualified point

K2 Bt T

Fig.2 Exposure point judgement feature

(b) PR
(b) Over-exposure point

2.3 BiFeNEaER

SR ORI I o ST R e R 2P ]
i, W 45 25 LA SPPNet " 5 Faster RCNN' £ %]
Bk, — I SSD 5 YOLO™ ™ & 5
Hye o, Hith, YOLO 20 5wk DL H Pt |
TR B O B, 7R B A A I 45 s Ak T 45 5 H A
I, X BLEE £ YOLOVS by S AR AT | H: ) 26 20 4
WmE 3.

YOLOvVS #E A %2 1] LLF 4 438 43 4 B«
A ¥ (Input) , 1 57 % A BIZ 5 £+ W 4% (Back-
bone ) , £t 5% $2 B0 26 Hp A REAE , B 45 B0 1A 4% v )
H R M 4 (Neck) , 1 57 3% H2 5 3 5 bone,
L 32 I 45 R O B YRR AE  f A5 S O AR S
4y b )RR AE 5 B o (Output) |, B 5% it N
25, AR U A R I RRAE SR AT T .

Backbone H 3% H 14 — 4k #% Bt (Conventional



46 P

32 %

CTnput | Backbone

cBs [@8Bl-— cBs -T cBs @SBl Pool
CBS

3
Upsample } H l
¥ | : eck
Conv Conv Conv
! | '
- - - o

K3 Yolovs M 24k f4
Fig. 3 Structure of Yolov5 network

;

CBS

¥
Upsample
\ L

Batch Normalization SilLU, CBS) , H: 45 ¥ 4 & 4
(a) fr7n o Hip 15— 4k 2 (Batch Normalization,
BN BB 05 K 4K BCE 1) H0HE 45— B3 8 19 X ]
TR I 2 BT R SR b BE H R 5 RS EE R AE . It
Ak, % F Cross Stage Partial (CSP1) #& B | i %
CSPNet ™ b 45 45 14 , B 45 B0 28 3k 15— 4k fir
75 20 B FFAE 23 BB EB 43— EB 4 iE 1 — k2
Hag 2 E 5 — A GE o 0 — 2R A,
TEPRUEHERA R AT 82 T A DAt s i . 7R
5 ) 26 358 43 vl R W] 2R AU RS B CSP2, H 45 1)
5 CSPLAHL, @& 4(b) fr 7w , X BIFE T CSP2
WA Bk 25 B, BUMAR Z 9 2 00— fe B | 53X R ]
Ao s 1) 26 R AIE 1Y) il e T o

cs = NG BN NSO

(a) H—1L bk

(a) Normalized module

- - [
|
CBS -" CHON™ |

(b) CSPIHR
(b) CSP1 module

- Ccsp2 =]: CBS — CBS
CBS ——L-' e

(c) CSP2#%it
(c) CSP2 module

&4 Yolovh ¥ 25 55 He 45 ¥y

Fig.4 Module structure of Yolov5 network

2.4 WBEEMEIBRAEMIRERNERMIZMLEK

FIE

TSR MLA BN TR R K, 7
il VE CNN YIL 2k Jir 75 A 508 46 o B AR S 46
AE G ZE TR BT B AT RE HL Y K S E Y kR
0% RS R EOG A S8
B O 3 %k 80~290 mW , [A] B 30 mW #E 4T
KFE, B N 5~65 um/s, [B] B 10 pm/s P17 R
FE LR B3R 2 50l P 308 5 B 9 2 2R AR R
8 pm B[R 35, 345 51 56 5k B 6 B, BRI S
K254 18 000X 18 000 4 &K s i YOLOVS
TR () B A TR R SE R 640 X640 MR E A, A
W, AT e AR B 4, 7 R A R R AR 4
S 30X30 4y, Ak EIAR th AL & 4~9 A~ B O AN .
56 X900 5K 5 i A T4l B 150 5K 40 5 fir A7 26 44
1 PG A Bt B, T 3h AT bR i OF = s
2o BB AR DL 7 30 LL B R A U 25 AR S K
LN 105 3Kk &, IR 4R 45 sk KR . #5 2K
NVIDIA GTX 1650 9 {2 K il Intel i5-10200H [
CPU 1 v fisi /5 Ry i 41 °F- & , 2 1T pytorch /F 2 ¥
JE A 2 HESE X H Ak I ASE 80 4R 4 9 2

5 T 2 W O T o AR AR o AT 0, O
30X 30 MR EE R #TH A F BB BEIES
JI X 7 B ' PR B s e B L B O B Y
B, fa il R ORGSO 1
TR, Gt bRy vk AR 2 AE W B B fd
N T H R 75 245 7 150 5K F% , %o 458 8 1t 15311
SR 5 M, A SRR BT L3 2o A58 78 45 ) &% A2
RUME G T A B o A T3 i i e O A T —
R T 1Y B O T i K 20 55 2 5~10 min, {H )2
i 5 CNN H|E 7 VAR 10 s 245, AT DL K iR
U NI AR B LA R ARG 0 s

3 4RL5H%

3.1 #ARKARERINER

YOLOv5 1E 4 B br A il AF: 55 14 5 fih A Y
P T A A AR T R R A T A 8 RUSTAR /DN I HL
TR EAGR R SF 3db o, B i 2 1T 42 A S SF- 2 B
231 L oy BUR kAR B AR JR B RS T , OF HL
KM B T MEOG IR LIAME TR AR 28 I, 3% 2 S 31
G A R 5 ) DT B 0 Y O L O 5 56 fik A6 100 A 751
AL B . PRI, 13X B YOLOvVS AR 47 =)



13

Ik T, A < R T AR 22 I 255 ) D7 VR O T0E B R S BOR 0 T2 47

ERAAL o EEXTRER DU H AR Rk /gy R 4 YO-
LOv5 # Bl i i) CSP2 #% B 8 4t &y Transformer
encoder f6 B HEEH W B 5(a) iR . 5 CSP
FEHR A e, Transformer encoder 1 Bk Bt 1% 35 45 8
E R EHMRE R BRI T — & it E a,
ER AR R BIR B A B R T . B X IEA

BB B A& 2 BTy Rl A, 51 A T B PR 22 )
ML #l (Convolutional Block Attention Module,
CBAM) B8 75 845 B2 5 # R il CBAM
B, A mE 5(b) s . XE—T4G T
] 5 36 1 Y 13 = ) AL He R AL ZE A TR R I8
FiE A B ASE  HEBR 24 T A9 T4, 32 S U8R

-T-E- Biapoit]

.- | %
[ Channel
I 1 attention

module

(a) G as

(a) Transformer encoder

(b) EREHEE R I
(b) CBAM

K15 28 AR 2 4

Fig. 5 Network module structure

52 5 27 W A AT AT 4% 5ROl 20 e U )
FAE A S BRI 6(a) i . B
G S/ R TN U IR TR 17 S N R
9 E, 0 A Al A R A, B ak T, &l 6 (b) i
TN SRR RO L B ER DK Ol A A
WE6(c)FimR,

(a) KBRS (b) 2L B £ (c) Btk RL
(a) Under-exposure  (b) Over-exposure  (c) Qualified point
point point

6 WL A AE

Fig. 6 Indentify of exposure images

FE L) 3 R e B AR 2 o A — A AR I A
3B E R EMEGE, HERE0~12Z
] A A 0 45 S R R ME R . AN A% AT R
R A B EAT L3R, A FL R R (B R F ik
4 B A AL D0 oAy A e A T R i 1 2
R HAR M 1, e i . A e EAR
i 71N AT o i — B A B LG AR Y 2% BT i )
SR B L (R B 56T 5 o T R R I K, )
A LB AR S B HERR L R R AR AR
b HEAT IR, B AE B 0. 45,0.65,0. 85 WA
GPRME LR . HEAFEEHLO0. 65 1), I &R

e MRk HERT, YOLOVS B0 e 46 3 14 79 1] 3%
5 REA 2T FLRARE TR
I T — 41ROt 2 BT R A B O A R T
12.64 s, A1 L 2 A% 25 W A B kAT N T H Rk
S s s 1 2 R R R 4

#z1 RFIBMREE
Tab.1 Comparison of recognition effect (%)
B YOLOS B Bk YOLO Bk
Al KR HJ R R R

BfEE KM

T 1 100 80 100 98
0.45 RS 95 68 100 67
Gtk R 98 90 100 96
Ul 3 100 96 100 98
0.65  RHEN 86 73 90 79
Gk 98 92 100 97
ik B A 77 100 98 100
0.85 MR 50 100 27 100
B 85 100 85 100

3.2 RZAKEE HMABAIES L EBIHE

FE Xt MLA B ¢ in T3 2 69 52 i

MLA B T 20, i T 5t e 3 5252 06 20 i
JiE U T R HOE RO T R 5 G 8 B 5
M o AN [A) JE Bk 3k JEE JIT e ik 114 0% 221 JE J5 JEE A —
AN [7) 52 TR 1) D' 220 8 e W 325 O ot 114 O W D ) R
56 B g sl WA A o — 7 JRE B B O 20
RE 77 B W 28 = IO T G i e i ) ) I Ol R
B D't 1) i BV DAy A7 1T AR ' 2 2 A gk D' 3 1) T 4



48 P

K TR

32 %

Py BRBOLRE R, B S EOLBOL IR 5 TF R
Sl E A OC . RO N R B OB A RE
it B85 B 1 0 20 i & AR T AR 2 R R R 1Y
o Y Ak R I 3 R ' X8R O 20 R
SRAETRA, S EROL L AR K, 2 Bt
Mo Ot 2 TR A B ML U Ot 0 e o
oeE , Sk BE R B B B 2 000, 3 000 5
4 000 r/min, Xf W B 62 IR E R 2.2,1.85
1.5 pm;,

R TG i A B 220 i R O R i MILA B
NS B2 BOC R A SO 2R g it % R A A
Do HMTEEOBLSE DASORE] B, PR 4k
R RO . KRB RN
p=r=F (1)

v D
H . PRI R v BB E, b g
W, D I

O T % B N 80~260 mW , [8] BE 30 mW
HATRFE B B 3 BUE R 10~50 pm/s, [H] fF
5pm/s HEATRAE, TE S HCT $EAT G S5
JIT A5 B S S8 1 CNIN B AR 6 I B 50 35 17 4
TR U0 A8 R R S e SRR R
AT AR WME 7R

M7 (e) A LA Y, 7606 20 68 J5 B — 5 (i
P2 Bl A 2 BB LB AR, RO R A — 2 4
e B FREFTHEOY F XS, XEH
Tk fig i % AT R R B, B A BT
18] 6 22 i T B2 WAL 1y W 't b B 22 T R O S
I 20 B8 K I ) 25 A BRIV Ay 2 A R 8 ) R Ol
i, T DAAE 2k BE I % R = R (E B KRRl
0% ME7(b) o] LLE H, i B R AE — 2 fig i
TBEH EFE 100% J5# FRuE . X &l TR0k
i S OGO L i A A A TER R i
JE T A R e, O R A m AR BB Z R, S
OB AR K BRI AR K, MLk
KT A I B 8 Tk Mg A, D9 I — £ g
HHEZ FREOLEAE TS, WNE7(a)
LA B A% SR AE — 22 3 [ P 5 38 s el /)s
Sy IRSR AN E/ N =Rl RN 3 SIDEEUE
R A — 2 10 G FR L 3 U BH O 220 e T2 B — 80 i
PR, LR T B LR AR R R — N REE X
] o i 25 AN 7] 220 J50 T3 1k e 3 %) 348, RIS 3 1Y)

1.0 —=— Photoresist 2.2 um
—=o— Photoresist 1.8 um
0.8- —A— Photoresist 1.5 um

Qualified rate
=)
i

0.2
0.0
-02 T T T T T T 1
0 5 10 15 20 25 30 35
Linear energy density/(kJ-m™)
(a) B EAA iz
(a) Qualified rate fitting curve
1.0
= Photoresist 2.2 um
0.8 1 : ® Photoresist 1.8 um
: 4 Photoresist 1.5 um
£ 0.6 :
3 n
pot o
= | ]
& 0.4 s
]
]
0.2
0.0
0 5 10 15 20 25 30 35
Energy density during laser scanning/(kJ-m™)
(b) i B SN
(b) Overexposure rate fitting curve
= Photoresist 2.2 um
1.0 ® Photoresist 1.8 um
4 Photoresist 1.5 pm
0.8
2
E
£ 0.6
Z
=
£ 044
<
=
=]
2
0.2
0.0+

0 5 10 15 20 25 30 35
Energy density during laser scanning/(kJ-m™)
() KEERIAIILL

(c) Underexposure rate fitting curve

P 7 ZRfgin B 5 25 R A R LG it £k
Fig. 7 Fitting curves between level of energy density dur-

ing laser scanning and qualification rate



%14

TR, A T AU R I 285 ) O ik N OG0B B I S BROR G0 T T 49

/IS R B R 5 o B R (Y S AR T AS R, A
& R A5 by B X N A £ BE e S B AT RS . X
Wt B AN [ T2 32 ) ' 20 52 e 5 S 1Y e A T k%
ANTR] TR 1 ' 220 g W ' T 1Y R A RO
6 20 8 B M 1.5 pm B, A KR R AE 80% L
B £8 fig 2 % B X 8]l 6. 5~8. 5 kI/m; )% % iE )&
BE R 1.8 pm B, A A% AE 80 % LA I 4R g it %
BE X [8] A 6. 5~10. 5 kI/m; Y6 ZI R K 2. 2 pm
WF, A KR AE 80% LA b Y £k fiE B 5 i IX ] oy
9~13 kJ/m.

i ) SR NR B RES A P P i
] sF (Critical Dimension, CD) 1) %5 6 Pk 5 2 &

(a) SR T 7R
(a) Schematic of dip angle of photoresist profile

Dip angle of photoresist profile/(°)

PE BT LA T R 0 PPN I 2 2 RO S
S5 kA 14 0TSSR o (TS A P 8 Ca) T, A
D) T AT A5 A L 2, K2 M BE 2 [ A Sk £ B
Sy Ol 220 T8 ) TR A 2 5 R B O A A 0 T 5
o O 2l i oA O R TR R 2 T S A
=G IR NS B R T A — 2, B Bl E Y
B RANRETE RIN B T 2R . T HAF A
E MR S RSB R C R AEA R S H I
2P AT AR MK 8(b) PR . M
Tl DL L AR 3 R O 20 i R R 4R R A R X ()
PN, G 220 B 14 ) T A6 AR ARG, R 3T, W T
(ERA 731 S

b2
i
1

Photoresist 2.2 ym
I Photoresist 1.8 pum

Photoresist 1.5 um

— - )
o W =
1 1 1

—]

o
n
1

=
(=]
i

7 8 9 10 11 12
Energy density during laser scanning/(kJ-m™)
(b) SEZ BRI 5 O e BE A OC R
(b) Photoresist profile dip angle corresponds to the level of energy
density during laser scanning

P8 Szl e &l i i A
Fig.8 Dip angle of photoresist profile

3.3 HEALHEEEETRERALNISHAS

FEAS B AN [7] 6 20 15 V5 B A L o5 A 1 £k g
W AR ST T OGRS R AE OB
R OVPEBEEZ R CR . 5 AL TE R
£ 3 000 r/min, Ot 21 JE B 1.8 pm B, Fe fF
LR B AE 6.5~10.5 kJ/m. ¥EHLZ 4 %
SRGIHEAT SR 7 6 B8 3 i FE AR 10~40 pm/s, 1]
B 10 pm/s BURE . 3 3 1R J7 i 0 A ks R AT 4G
45 R g 2 PR .

HH 26 2 W], A AR X P B 06 US4 AT 1Y
TR . BEES R WK BEE T B 8 Bl Y
B OR, BIfe  52 45 R b 2% RO R Ol 20 I R i

K2 RELZHEETERBASHSHEASHMIRE
it

Tab.2 Statistics of qualified rate of multiple parameter

combinations in optimal level of energy density re-
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(i{%f) W% /mV %ﬁfmﬁf/ fRER/ Y
10 90 9 90.6
20 170 8.5 89.2
30 240 8 91.2
40 300 7.5 88.7
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