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Abstract

Single-molecule localization microscopy has the capability to resolve structural details of biologi-
cal samples at the nanoscale. However, traditional computational methods such as Gaussian mod-
el fitting, Kirchhoff vector approximation, and polarization methods are limited in their ability to
predict localization rapidly and accurately, either due to their high complexity or the requirement
for complex and precise experimental instruments, thereby constraining the resolution of sin-
gle-molecule localization microscopy. Recently, the significant development of artificial neural
network technology has greatly promoted the advancement of traditional optical microscopy
techniques. Therefore, based on the physical simulation of the point spread function of single-
molecule fluorophores in high NA imaging systems, this study proposes and investigates the ap-
plication of two artificial neural networks, namely multilayer perceptrons and convolutional
neural networks, in predicting the spatial orientation of fluorescent dipole molecules. The re-
search demonstrates that, compared to multilayer perceptrons, convolutional neural networks
not only exhibit higher accuracy in predicting the spatial orientation of fluorescent dipoles but al-
so have distinct advantages in terms of operational speed and parameter count. Moreover, convo-
lutional neural networks show stronger robustness in simulated high-noise predictions. This
study lays the groundwork for the application of convolutional neural networks in rapid and ac-
curate single-molecule fluorescence imaging.
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5 5065 ASBE GO RUBE IR BEAT G, BRI DA 52 BBRT ULAT S AR B (R BR ), B ARRAR I 43 952
L8 A/2NA FIRE] . Hd 2 2 R HHERI3K, NA (Numerical Aperture) 28 EUEFLIZ[1]. (BT
20 15 fEHL, R R AR I DU R R A S AR RS TE I I T R AT S AR BRI T R [2], B ank
B AL R (PALM) [3]. ZG(F) PALM [4]MIEEAL G 7 5 42 R A (STORM) [5]-[9]. Plitk, XLLHeT
By 58 NI 7 S U B AE RO AT B PR AR R, AR T B P AR

T 5 R R e S = VADoK e s U W N L R S = S I N7 S = B S P B - S =
W A A 1101, 1% 77 B M H 73 K SHE T2 BUE ALAE B, 4 20517 K L (point spread function/ PSF)
WAL R — ANl o3 AT, i I /s e AU, B B AL SR TR 3 v ok i R, REEE SEEIL TR
AR H 5 F 1 EAL[10] [11]. SR, SGARMR T 550 F1E [ 58 RSO0 T, 4kl s i ol 2> 9 50
RE ) E N ZE[12], a0 FAR Bk i SR 72, o 75 B3 P B S0 R () BB PO AR Y o 28 — Fh 7R B T
Kirchhoff % & 1T KA DR T2 FAEAF 7 18 A BAER, AMigEAT @ hoihB[13], B
BT ARAE RGBT ARAS DU AR 285 1 77 12 3R U AR IR 7 43 148 31 iR 6 I AR A0 15 S [14]-[16], @i Eb R
AN E AR 77 1) R PR U N AT HEWT[17] [18]. SR, X FP 5 iExE T m NA #8%, FEAle 0 T = KF )
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TR, AN RN EHR R B A E, Bk SEARENMAE SR, Wik, Eails
TNERAE AR AL R AE T B A ] E A I 1) SO SR R AN G d, AT RESI AECHgK
&R Gt 2 [10] [19] [20], REMTN R BV R 2 M ECE H R R BOHE B FaE, BRI Rk
WIAE S5 G 077 TRl P 7 R 22 1) R, (HLF5 2 55 0% 1) S 6 18 BB RTINS 4% (190 A 388 T AN 01 T DR TEORS T 1) o r
WICARM T 53 1) 23 (AL

LEER,  ARURAR AT FRIAIT 7 2 1) 456 FH N T 45 X 4% (Artificial neural networks/ANN) IR £ 2% 3] [21]
KAV ERDG T 10 j[22] . N LAHE W 2@l ] ALV 22 I 2% R AL 384T 9, RERS 22 I IR R R,
M 76 75 5 FH AR e BB AT SRR [21] o R, N AR N 48 S ) B FH TR SCER I B 22 G0 R 4 e A
RGITE I EE[23]-[25]. £ SAMSAG A A, N A 2R X 2 B 0% 1) 42 [ 26] - [28] 88 ELEAR I HH g R 4t
(1% 2 [29]-[31], $RE AR REE . sbAt, VRGO IT a6 F N TR0 20 W 4% 2409 )6 7> 7 1) PSF
AR SIS 7 TR ) 5 A2 [32] [33], 3X oI BN T 28 I 2% () SR it v S U R R e UG SR =1 7 %, ©
WAL B B A B 0 v ROV AT AT SE 4 [34]

R, ASCHR TR RN A 28 X 248 1 7 92000 5 AR AR 1 1A 2 ) S AT 0000 PR 58 o 5
AILHT Wolf Al Richards 15 6 Ak 37 mBUE FLAR(NA = L2)W8 T i A s B G, B e,
T IZR N T2 X 2 0 Eds SR IS . B T X S s FE I EAR 48, BEIT 1 IR AT IO N A 22
2 AE TR ARG T4 T 45 1A L) (B /5 polar angle #1757 /1 Azimuthangle) FIRG . HAKTT =, FET99%
BT 7> TAE = NA AR RS A AN R A B o0 A B BCEE 4R, JEXS L T 2 2 IS0 2% (Multilayer
perceptron/MLP) #1145 #5481 22 X 4% (convolutional neural network/CNN)F Fh(E EAG 1R 51) 45U 32 B AP 42
W 28 B LE TN R G AR R 7 7 S (A B R R R RE . ETRIIASBE B, CNN A S 2 105, 7EiA e s 2
£ FIRINHERRZRAEN S B2 bl MLP /& 7%, WiETT A Eaim 9%, (EisFEEMSHEITH, CNN
K124 &2t MLP /> 0.031 M (Mega){H FLOPs 2x% 0.36M, Rpjjll /&, £ M 0% N £ 5006 15 5L
T, CNN figtt MLP 55 sl plue s, b RIHE RS M. Fit, AR AN THe
0 28 55 J31) 2 2 AR 48 R 24 A1 R YR A 1R 310 5 D AR A 1 43— 1R 7 ) B 1) ) 4 0 S s AR ) N B8
T A

2. IRRAA

EEA R NAQL)EB Ny T BB R G T, DB T4 F 1 5 5047 B 8 (point spread
function/PSF) & — AR 2 B FE . A SCHRAE A 3 1 Y Wolf A1 Richards #Ei£[35], #5540l H7E = NA(L.2)
Yrge, FEFE 170 WOKIITEGL T, G T 20T 75 g 2 18] b HL 37 PR IR 1) PSF 504 . 7E3X M) BB o,
AR B e 2L MRS . TR B0 NA AR R S8 BIPOABRL T 20 Bk ot 5 i B A
Banl 1@)fn, EMENAEERT, patRERTrE, SR EEYENELL, ¥ 5p a0t
RTENT BT AR A o FERUR S R R, 3R Ak RS b e A 7EAR P T b
cosn’
coszy

E =j0'7g"’xd77’sin r;'_[ozndy/ [éi(pél)+é|(p@)}[exp(ikR)/R]exp(ik'é’r') (1)
Heh g KR, 2HMERIBCCEHRM=10 %, tanp=Mtany' . n' KR KHES NA R R
n=1.33 Y, NARK 2. kKW S SAE 2 R ReB . R = 18T R SR B ik 2 8] 4
RIS HEER SRS, o NHBESEEG SRR E, A BT g IRE . 5 o8 8 NE A
570 f e AR, AR(3)~(6)-

Mhax = arctan [%J 2)
M+/n“ —NA
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€, =(cosy cosn,siny cosn,-sinn) ®)

& =(-siny,cosy,0) “)
&, =(cosy cosn',siny cosn’,sinn’) ®)
§' =(-siny'cosy,—siny'siny,cosn’) ©)

L4 Wolf #1 Richards B it v 5 H 1) 9 AR T4+ PSF B A5 75 67 M AR A A8 A8 1) 7= s B an 1] 1(b)
Fiis, MR R T e A S, BN 0 31 90 S I M. Ml BoR T AERE e IR, 7
Rrf M 0 FER] 180 FEMTEIZRAR . LA 5 BEKEAN[RIAR A A0 75 17 M 28 G i A= 1 1 B S A I 2 5 )
R4, M T 6600 k%, MRGEMH T 443 5k, FEh R IMA N A, BTl R B %
Ak, Pt DATE AR Hh MR [ A TR P Tl Pl 22, (A3 0 A R AE 20 31 90 BEVE Rl . Sl W Sk 7 b
LML, — AN R AR B RE S B R N %%, 57— £ 2 K 48 [36] 5 AR 2k ok B
B ATEREML . I R B SRS A LT AR e, nT L= AR aF R e A g R, R
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Figure 1. (a) A physical model for calculating the PSF of fluorescent dipoles in high NA imaging systems; (b) A schematic
diagram of the molecular PSF of dipoles with azimuth and pole angles calculated based on Wolf and Richards theory; (c)
Based on the point distribution function of fluorescent dipoles, the spatial orientation of fluorescent dipoles is directly pre-
dicted by artificial neural network
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3. AIL#ZERLEHIR
3.1. ZERRHIZTEMLE(MLP)

JEFHAS T — MR N T e, it SR RO B 500 2250 « B RA h Ry T 1957 SRR HI[37].
SN AT JE A 28 R 28 U — DN I EGE , E S R R SR, B AN S R AE 1A
i+ B-1 AN, BOLERR AR A (] v, RSB 2 Y IE PSR 3 BT I, TR
[35]. ZJRIERAERIBA S IY RAGE, E5IN T —DEE AT KRS . FARRE RS
M, FHMPEITE T RIITEMEITHIE. XA 2 RGN T M RS EETT,
L RE S S ST AL PR B IR AR I AR ER R SR &R

MLP 2 i) BETH 2 LA 5 R B INAL R, A SCESR N B 7 A2 a4 ) B 5 200 TR 43
7. AEH - ADEEREE A ReLU EAENARLMERGE k8, BRI 4ERE, T i ot A4
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Figure 2. Network Architectures for Angle Prediction by CNN and MLP. (a) Network Structure of CNN; (b) Network
Structure of MLP

[E 2. CNN 5 MLP #TAEFTUNRIMLKZLE ). (a) CNN BIRIKLEHR; (b) MLP ROMIRLE#

3.2. ERMAEMLE(CNN)

Alex Krizhevsky 4 A1 2012 F4 1 T AlexNet [38], 02— MREBBUILMSS, A T ERN
8 4 45 0 A LA PR 47 911 5. AlexNet 1) D 2E 1R 93 6 S B B4 7 R PO L 1, 4
B TR S GRBHER) T ONN FIZIIAT . ARSI ONN R4 45K ILFE 2(b) s, BT 22
W4 N AT W5 (1) PSF PR, AT DAL AT A S RE QRO T, SNPELA A 21 x 21 9N I PSF
B, KOS NGRS, - DMERIERE NS E . —4 BN(Batch Normalization)JzZ . —~ ReLU
FERWOR . SRR G GRS, R 3x3, BN 1, FATOLIEI T4 T 1
SRR A g, SRR AE, AR B B R LA . B BT 0 1%
KR L HIE FURA[39], 7 DATE Bk S 1 %30 M. BN EXSERM TR 5, KRl
BIEN 0, R L bRAEIES AT, SREHBRIZARE . HIEFIN A S ERRASRRES,
ReLU AT LI 19 4% (9 e 0 B, O ELSEHL 7 0 2 T8 O R b 46 45 190 46 B 9% i S A 3 K
MaxPooling i1 & I K/ A 2 x 2 ITTTHEAT T SRBESRAE, UG — 4 B 4 126 e — 24 1 U 280 7 2
QS 2 A A T R

3.3. ixFHESH
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PR GG R S5, % 5] %45 0.01 A1 0.001 FiFd, fltf2%4 SGD (stochastic gradient descent) [40],
Adam [41], RMS (root mean square prop) —Ff. 7> AAPAMEREH T A RIS 55512, FEH T
FENZRL R P #2850, 100, 200 epoch I, 27 I N [ 10 £ . L SLE0 KB CNN 2% 5% 3] F4E 0.001
BHHEIFHIRAER, WK 3(b)Fiw, Adam 5 RMS 45 BAHIT, 1M SGD R A H# Tk SAE /N, f & Al
FI RMS #1 0.001 1% 3] % J5, MSE A Lk %] 0.42 x 107,

MLP 20 1 [FRE LS, WK 3@ s, k% MSE @i m T 0, RO BEr . it seis )
PAKEL Adam IRALESTE B0 A4 45 R 2s t RMS AL, {HJ2 RMS FERIIICSIE 5 2518, 11 SGD 7E 4134
0~50 4™ epoch I SIUG Bt#EN T PR . AT LAB G 218 Adam 1 0.001 2% 3] .,
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Figure 3. Descent trends of MLP and CNN. (a) Descent trend of MLP; (b) Descent trend of CNN
[ 3. MLP 5 CNN &% . (a) MLP B9 TRR&#4%:; (b) CNN B9 TRE#EE:

3.4. MEBSHELE:

WA 1w, ASCEEH =R bR B i AR AT LU . B AR HEER R], fhikiE T
B AT — KRG AL R T 75 ZEROFERT s 38 R S 8E, MR T BRI S MM, S
Kb U R, MLP IS EETE AN 7, Hdh N, RN, 23 525 AR H K E, CNN i)
THHAKN 9, HrC, MC, 7Rl RN FpEE R, k, Mk, 2R ERZN RS &E—4
FLOPs J& % riia HEIX 2 tHEAR R SR iz AL, MR THE R, MLP ) FLOPs 5 A4 8,
CNN fER A BB T, AR 10, H H AW, 2% HHRFE R

TEIZHHRIL CNN i AN B, R E KR E TR CNN 7521 FLOPs 2 0.465 M. 1fii MLP
/& 0.108 M. [y CNN KFEERIZ ] MERGHZNSHE L AERZK, el 4Er CNN S HE
72 0.023 M, 1fif MLP # 0.0542 M. Jf HAEHEEER[A] | CNN Lk MLP SEEI0H, 5ok I 5 s
CNN H % 8.28 ms, ff MLP 75 % 12.88 ms.

params = (N;, +1)- N, )
FLOPs=2N, -N_, (8)

params = (k,, -k -C, +1)-Cyy ©)
FLOPs =(2-ky Ky, *Ciy —1) - Coyp - Hoy Wy, (10)
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Table 1. Performance and parameter comparison of two networks
= 1 AW S SR

HERERS [A]/ms SHEIM FLOPs/M
CNN 8.28 0.023 0.47
MLP 12.88 0.054 0.11

4, FomLER
4.1. FhAMRANPEER

NP T AR S E R TN T 7 AR AR 2 R S AR AT LU, A
WL 4(a) 5 A(b)Far, R T ARRIMERES ELB] TR, MLP A1 CNN R 28 % T 5 Y6 8 W 5 7723 18] B )
75 7£(mean square error/MSE). [ &k (AR K2 CNIN TR0l 1 25 S5 45 2 45 R 1Y) 22 1 T 41 € 30
J& MLP T 25 S G FR2E 88 T 28, BEARFR AN T A B2, ABARTE AT, TN A 5 5
BAPERZEAE, TR ERAE RN ZEE N 0, BREEIT R0k, 0B TN R Lr . B —147 5 A 2 45
ONECHE S8 I BN S AR T ER B, 43 0 0%, 10%, 2091 50%K e, il 25 e s AR K, ool 55
Fh, BSOS EmE S L. WIE @) TR, PN LE TR A, BEE AR A A AR R, Bs A
LRAFR WA, ARFRHE TN A SRR 55, 1E MLP K247 58 KR % o RONFE R — AN TR,
SRR A K/ 225 BB IR R AE 2 A B R 0%, 75 W9 2% m] LUK EUEE 2R 4iE, AT SE RS vEEFI0II o 1T 72
G — NN, o8 5 A A B ORI A B4 UG A Sk S A — FE B B R IE AR 4, B AL 4(b)
ATDLR I, EEAR b, 5 A A I TI 2x bl AR AR TR MR, ASOR AN/ I A AT AT R A B O BE S, BT
CATETIIN O FEAN 180 FEFHIT T famt, SHELRE, RKZBR/NRBEKMWMAAET, M
BUR 2 AR5 AR G Aok, SO0 A AR 45 5 K . (TR T 75 A2 A B MILP HE B S R 00 3% 22, 1 CNIN 3k
A U 1 T R
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Figure 4. The predicted results of polar angle and azimuth angle in the two networks. (a) Predicted results of polar angle; (b)
Predicted results of azimuth angle

E 4 MASHUAERINME THFNMR, #22 CNNFUNSERNEE, 42 MLP Ul S&4RNEE.
(a) MAMTNER; (b) FANTUNGER
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4.2 BEWNEER

BN SR B AR SR 30 0%, 10%, 20%F1 509% 1 Bt AL =y Hr i 7 338 47 )11 280 ok B8 1 AR 2 1 1 £
FER AR A BE 1o MARSE FILZE 2 Fiow, 550 3 P HE R A N BRI B e JT I I I P b, HER SRR
m, A RE R, RS TT L, BEE S AR, MLP LG R IR % N, BN T mdE
P HAE, MLP %55 H U L4, A0S UG EAE 1 RE 1A CNN, ANEEAR L7 A4 215386 & o 1 CNN
I RE M ORI BORHAE, I T W CNN B S SR B it o A SO P42 I 28 )1 252 72 1080t
A5 GPU FHE N L SE BRI .

THREEE R, MLP Il CNN 7E TSGR 740 F i s I B e o, B AR TR EE 7). %2
AR T 73 AR S0 A0 7 A7 Sy B0 FO0IU ZEF 000 P 3 BEBPE W2 2, b a9 B, K Tl F A #4077 s £y
5P S HORAT IO, T SR S0 AN EO T T R 2 LR 3.

Table 2. Predicted difference of polar Angle and azimuth Angle between two networks under different noise

F 2. MIMEEFRIRE THRABSHATUNEE

0% & 109 20%H ¥ 50%ME &
CNN R ARSI (") 0 0.97 1.38 2.37
MLP % f K56 B2 () 0.54 1.12 1.64 3.88
CNN J7 L RS H (%) 0.91 2.74 3.97 7.07
MLP J5 i fAs 8 () 2.86 5.02 6.38 13.39

Table 3. Prediction accuracy of two networks under different noise
= 3. AN WEEREREE THTUNAERZE

0% 7 10%M: % 200 7 50964 &
CNN 97.3% 86.9% 83.4% 71.4%
MLP 88.8% 81.8% 75.6% 54.6%

TENZRIF N TR 2 5, B RE R 2O CENR - 5o B (Bl /2 60 B, AL ffi2 125
FE), A NGRAREE P 2 s b AT HERE,  FRRHCE A [RI R FE R e 75 R B R (10%,  20%, 50060 ), Tt i%
BRI RN T AL f o TR EE R0 5 From e ARSCHITF LRI, BRI W28 AN BEAR I 2 G AR T~ A
SRR EI G, R B T S AR AR -4 T 1 A (B HA], SR RETE 8.28 ms HERERS [F] N, 5 O AT A1
HA AN 75 (9 AR AR T 2L AT R BOHAT KM . T B, ZEAS RIS T (R A A ) Pl i 22 43 il =2 0°
0.97°, 1.38°, 2.37°, JififfiEzEsnse 0.91°, 2.74°, 3.97°, 7.07°,

5 WIS RE

BEX 9B T 37 0> T BB EOAR, ARSCU R mT AR A T A AR 7 A A AR A PR £
PR, IR ARG IRAEIE S, NI IR AR e R . A SCE JeiitdlE Wolf A1 Richards
BRI i NA TS BL T SO T2 T 1) PSF I BRRAY, I SRIUAS SO ZRFni i i g . b
JE A B AR S B0 W 28 BEAT IR . il MSE BEATRER AOARALAG % s 8, e AR IR AR 2 . Jiid
XTI, CNN X T B Hets B BRI AEIRIGE /7, P LM B R RS RISC R, AT LEBREA
WAL E DR S5, AT A/ T 5 KU . 10 MLP R EGR IR R /), R A B AT B4
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Figure 5. Reasoning results of CNN model under different noises

[ 5. CNN R B E A EIE A T HOHEIRE R
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AT DA TE$ 15 5 42 EL A B s BT 35 T, CNIN AR TH B (74 J2 % R TRILKS B2 17 MILP T R e 7 $idis
BT B /NS I DL A REH RS RS B o AR SCR IS 2R AE F0IU A AR FEE A (10 B0 B R g
ELBEAE A FEASINTIBRAL, 17 7 7 A PR SREIN A B3 RT3 /)N F S8 (Y B fe PR M, 2 H T £ B2 ) SRS 32 B o
W Rom, TREES S IR0 e S AL G IAH EL T MLP,  CNIN AU 58 ' 84 723 6] B 1) B A 58 v T HE R 5,
FEBA W I T IK 2 97.3%, BRI 50%0: 75t il AT 71.4% [ #ERf %6, Hag 47 FE Lk MLP 1R 4.6 ms,
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