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Abstract

Single-Molecule Localization Microscopy (SMLM) is an important technique that breaks the resolu-
tion limit of traditional optical microscopy, and can provide single-molecule resolution localization
information at the nanoscale. The technique is widely used in biology and materials science, provid-
ing unprecedented detail to reveal complex biological structures and molecular interactions. How-
ever, SMLM data has unique characteristics such as high sparsity, non-uniformity and high dimen-
sionality, and data quantitative and analytical methods have not fully kept up with the progress of
this technology, resulting in many challenges for data analysis in practical applications. In SMLM data
analysis, the main difficulties include: how to accurately identify and quantify the molecular position,
how to analyze complex molecular distribution patterns, how to extract meaningful biological infor-
mation from noisy data, and how to efficiently process massive data to ensure the speed and accuracy
of analysis. These difficulties greatly limit the application of SMLM technology in high-precision
quantitative research. In recent years, a variety of analytical methods have been developed to ad-
dress these challenges, such as spatial descriptive statistics (to describe molecular distribution char-
acteristics), clustering and segmentation algorithms (to identify molecular aggregation patterns),
geometric analysis methods (to analyze molecular structure morphology), and deep learning. These
methods have made remarkable progress in improving localization accuracy, revealing spatial dis-
tribution laws, and quantifying complex biological structures. However, existing methods still have
some limitations, such as insufficient computational efficiency in dealing with large-scale data sets,
limited ability to resolve complex distribution patterns, and insufficient robustness to noise and ar-
tifacts. This paper systematically reviews the existing methods of SMLM data analysis, summarizes
the advantages and application scenarios of each method, and points out its limitations and improve-
ment directions. We hope to provide researchers with clear ideas to help them choose the most suit-
able analysis strategy according to the research objectives, so as to further improve the accuracy and
reliability of SMLM data analysis.
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R4 PR B 308 (Super-Resolution Microscopy, SRM) & I 4E SRk AE i BEE AU I — AR R R, ER
B T AE GG B L) 200 99K 12 HER AR [1]-[3], WS SV 4H L 28 8001 7K ST FRDRS 40 45 4 1%
SEF 71 B ABE 4] BT SR [5]-[71 55 MG B ARAR L, H8 2 3 2 S it DR L AR e i« X A 534
BN K R T BAR LRI ZE AR s, CL N AR 220 78 AN v B B 2 T L [8]-[10]. 7EIXEEHA
W, BT EAL AR I SN H o RIS E AL BN TR S AL E, S5 e A AR (Single-
Molecule Localization Microscopy, SMLM)#EMEHE 75 (] /3 R HE S 20 oK H 2 AK[11]-[13], M ANIRZER
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2. BorFREMBERMBHIRIE
2.1 WA FRIFETFRIRE

LY 58 L BT A% O A FTUIH  B E YRH[14] . B R (I [15] 3Pk BT AN [16], IX 41 Al L
FEARBPDCIEA T 5287 M B 2P, W%, RETOLD TERBITRE TALOL, #
IR R PG, AT AT ] LU R AL 22 s BB AT SLELL7], i 1 FoR. AT TREIK
Jeid R, BEE AL B BOLL AR T S BUR O RN R I R AR Z N TOEINIRILR . 5165
PG R TR B AR HAFLEI PR AT, SMLM Jl Ak 22 86 W T B 2 il DOb N R, 58
DTREMEAE “SRAT M WA Z IR RIE V)

light-induced ‘unlocking’ of a fluorophore

Figure 1. Light-induced fluorescent molecules [17]

1. HFEFHRATF[17]

YL H A LT AL [18] 2 Fa fE4F E B KL IR, 9O A REIS MARSOL S F AN TR, R
PRSP T DLy el S RIAN A S A, B9 R 1 TR RE NS AE SR B KOEIIME TR, AR PO AR
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Figure 2. Single molecule localization principle (a) Schematic diagram of single molecule localization principle; (b) Compo-
nents of coordinate based SMLM data
2. BRFEMFE@Q) BENFEMFEREE; (b) ETLHRN SMLM BRI S

£ SMLM o, HIZO6 0 T EREM PR ICEE b G, BT Mo, i EHG R DM g 7 A Y
ST RSO, WIS R R TG T HRIAOCALE, SMLM BENS LLBK i RS L (GE %l 20~50 449°K)
AT SRS T HIAA RS . I — R RRIE W P S B 67 1 B sy B R S BB SO M5 S AT ILES, A
Mgttt a WA TRV E, XA ENL . ENREEE S PSF BIFRMERZE s ARSI 2] )
T HCR N REB], ZEMRTE BAVMEE RSO, TRERy /YN [22]. EE BT 200G, K
BOmAFRZ 671 B W BRI BT OS2 TR E B, BTN R RE s E Y ) R A R A
&, ik 2(a) s . X EEAGE R T A% 5 . 00U AT SRR, T HLRE % S (20 i A S5 M B VRIS R .
i, BEHLGSE 2 S (Stochastic Optical Reconstruction Microscopy, STORM) [23][24]. G0 & fir
I f4B% (Photo-Activation Localization Microscopy, PALM) [25]#1 DNA-Point Accumulation for Imaging in Na-
noscale Topography (DNA-PAINT)H; A [26]-[28] 55 H A+ A [29] [30]#BAE A 11X A J B R AR, Hor
STORM F: ZRAE e e 7Ot Gkl (Cy3-Cy5 70 T X)) ARic ke b, T £056(633 nm) ARt (532 nm) =g
B S0 73 T Cy5 1) ON-OFF 25864, #5% Cy5 7r T7E 5k /% 633 nm 106 FHRUR 2 ON &5 JF
HEAR )y OFF 2, FUIH IR ) 532 nm o6/ B BEHL Cy5 70 T ON 2, a2
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633 nm ZIOG AN OFF, fEMMER E R 7O6n THEH, B[R R0 7M. PALM R
B 5 STORM 73 ffbL,  AN[R] 52 B2 A DT 9 8 F (PA-FP)FRICFE i, 128 A 7 2 405 nm #0t
Boh, BEDERBAMNTOIES T, BRI 561 nm BOLMHIXEBOES T AT ON &, IR elilEA,
2 ARG A 4449 31 10 7 10728 n BV AT 45 2188 2 HE S . DNA-PAINT HiA T 7 %% B At % DNA Z [l
AR S, B XA A R A S AR R R A SOUME T BT R . T A R A T, AR R
SMLM K #82 — > 2 4ERAL,  thBpA> 5 (o0 (0 25 (A A B A FA A B BT 2L A, 3 B A0 At A5 JE 7T DA SE AL
FEPE, SEE55. JEFHWMERFE RN, Fan 3D SMLM FIXUE AR, 41X /4> 2 4E4ueh n] Lik—25
PR, BHE z AR SN R B A (F S, WA 2(b) R

SMLM (73 # R Mt i Z R = A IRIR . 2 TR G AAEE, St THiE, &
R RO T K ST R E, i %67 1 DU B BT SR M R Bh S8 Bl mi o
PR AR . RPIERE T A BRGNS = RSN E B AR, 7 2R
2RI o X TR B IR A, T BRI [R] A 25 [8] 73 9 2 TR BEAT AU [31] . PRIk, SMLM
BN T e g AR AR SR AR R . I AR AR 5 BEROE & SO R, Bl SCE TR R R —
FoE L R L AMEE R T W (SIR) 9 G R £1[32] [33] 3 A EE4% il e R ol R MG I 18], ARAL D27 & Gt LY
JEER AR EEVE[34],  [RIIN I [5] 739 30 M 22 ) 73 2R 2 () kAT AL AT

3. BAFREMBMESOBIES

BT 58 AL AR ) o HE AR AR FRATT T LU WAL G BB TR WS M . O T AR G s
S TEER, JEHE I ETE G 351K SMLM SIS A 45 S 1 i 0 B (R AR 9% 620 T IR AL R ) i i f m]
MALEME, A L Gt % B FUR I BOR . (B A5 H m liE gl e & S8 HRR UK s
1.44 5%[35], PRI Fhm e gl id vh B 15 5= o i E AL B E B I AN AnvE G KNS E A
P R IE LB v i 20 A RSB, B SR AR s F SE A L 5ION T BUAMOBRI (L AL B, X R AL B A RE S S
AT ER, PEAEEESER . Nicovich 25 A\ [36]51H SMLM i AU — Rl 2 #F R B, 82
ZHHIRE, HAE T M AeR, RemESE R, MR ERE IR RN AR, A
AT LB 7R 7 450, IR REMRAT 0 1 Z B A EAE A o DRk 28 SMLM Ji 4 i A 504t Sk 20t 4 47 11
Bk, MALSSBUS BEK, BIIAR 246 k3, Ripley B K &3, BEW:, JUTHHTE 71255 SMLM
el o B LR OO ), i 3 R, JROR T M HT SMLM B i s o 7 . TERE S bt
I, [RIE 7 EE R TR i AT SR I, B, By 4y FAR 2 (i Halo tag)dsid, RGTES T
WL, REGREZES THNSEIFEME. B EHPUArR S, ROCERUE L, RJahE R a 0L
B, TR BAAEN AN, 7 Fhric SO 255 i @, 78 M IX L jE, RATH EEBEEE
Wi RS H R A BEEE o 32 T SRIRA TR 18 ¥ 0 7 w8 o S8 A o i Bl o0 M 7 vk o

3.1. EEER ST

2 [ H R 48 U T VA B 03 AL R B B 0 A R B 7 B G E R, Rl R R EA
J SRR AN 533 AT K 25 (AR AERT o Ripley 1 K BQEOHT L ek [37]4 V2 B FH AN [ RUBE B oAl 2 1 i 1)
FEM, e R RBEMPI RN, 12174347 Bi % (Radial Distribution Function, RDF) (Bl g(r) [38]M]
PP T —hid e R B AR P AF DG SRR B R B A T IR AR RS A AT I T . IR BT R LS5
ERPESR LA BERE T 2 M Se SR A, JF BES O H T 8 A PR S A0 A ok SE G 40 i 9 52
ZeRLFR ) E B 7T [37]-[39]. LT EATE S SMLM BdE 5 i) 2 B, FA 18 R B AN Bz
3 Ah B # RDF Al Ripley ) K &%,
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Figure 3. Data analysis methods applied to SMLM data
E 3. AT SMLM BURBI BRI £

3.1.1. FEESfRH RDF

RDF # iZ BT SMLM =8, €@ A0 2D £, el iy 2 3D = [M%dE, LIVT
fiti 2 AN 23 B B (1 S s o P A AL AR ka3 o O RE R TSR RE 228 05 1 B v + dr IXRER [R] o3 B ) 25 50
N, BRHSAEAN FLOIR N 1T @ AL, RDF AR (D)% H .

N
9(r)= pArridr

Horh p RARRK TG RE,  BVRALARR N P25 e it o 4005 v 20 o 0 it ol oKl e SRR
WK/ B L A1 [38] [40], 4nlA] 4 Fis o HLAEESA b RIHEAR 5 FE PR 3. i 1 o AR AR ) 70 7 IR 2R 2K
A RAT R A IRE, ARS8 S ZABEEAAMGE . LRt st hprsE K, RDF JE#ERA
[FIRE LR REsh, HOENIXLEILR, 0TI GRS X 7 B AN e 2 5 SO JEEK[38] [40]
RDF (1)L 02 AR RO, IXAEAS S RENS LA TSR BRSO I R/ N BRSO TSI R

@)

0-a

Figure 4. Schematic diagram of radial distribution function principle
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BilLnvE Sengupta 55 A\[38]HIBFLrH, 4210143 4 B4 RDF(g(r))ilid PC-PALM 57287 F 43 H7 i S 2
FRTEGUR R E IS A GURREE . 27 RE TR RO A K R L, Bk TS e 0 T — E i S 4R
B AT REME, WIMHR7R T 8 A AR B AT 0 2 TE R A, A T T3 g() R ITA5 15 GPI 4
JE £ 1 (PAGFP-GPI) 55 H B AE i b B2 8] 73 AT o BENL AR g(fEN 1, TEREN S8 g(nE T 1,
FoREA AL ZAEML A, AMATEET RDF (973 BI85 T RS 25 (ln 25 B AR [ 1 550 N\ S i )
i 50 PAGFP-GPI 2525 11 i i SR 4k .

3.1.2. Ripley ERA#

A3 Ripley 1 K BEAE S & B RR R — 45 2 5 5 P9 A S B i A R 25 8, AT U R AR . K
BRI E BT L R T AR G M8 7R AN TR 2 1) ROBE b ) 2 1 ol SR AR B X [41] [42]. ‘& F1 RDF —#£ 7T LA
FT43 07 2D HlE AN 3D 73 [0 A 58— s B (9 s (a0 2 F B R R ) I /0 A 1 i [42] [43], FF HAER
5 RDF Ak, %tRT B Ai s I8 T A SRR ARV B A AT R R, K R DL
M RERE AR, Bt L, K RET LA R (2)% H[37] [44]-[48].

K(r)= ZZZI(dm) )

i=1 j=1

XF AR EI R AR AT SR, n BT XA SRR, dy A T AR AN R
BEES, AR, 1 (dy <) RAEASEERS d AN TR P IEEA 1, I 0. 3K AR EAR S LA
D I ()L B IR S8 1) F At s B I [49]. ZEZMATINE, D 18 T-ARE, 18 HR K sRER LA 9 L R
#50], H &1k 54 BEHL 2011 (Complete Spatial Randomness, CSR) {15 T 2N — 4 EH L. L ¥

Hoh AX@)4 .
:W ®)
XET BN AL L(r) =, BURHs L s B0y H B [51], H s A X(4)%
H(r)=L(r)-r 4)

Clustered Points Uniform Points Dispersed Points

X X X Radius r

Figure 5. Schematic diagram of the principle of Ripley’s K function
[ 5. Ripley 89 K R [RIEREE
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AT T- CSR 23 A i, H BREUE Y 0; H BRECKT 0 M9 A o0 A 2 I SRR, Iz S M
3. 5 RIS T =R A AR L Ripley H B2k . XTSI 0005, H R i 26 7E 0 [t
RS, WTRER, WAE 02 b, XTHus, WAEO0ZT. 7£ Ehrlich & A[S1]f#F 5T, AT TAIH
Ripley [ K BRI 53HT RS B 1R 2 /IMATE T O AR Hp s () 0 AR AR AR B DL, K SRR R T A% 2 1 SR 4R
PRI TE A B A [ B, X SR NS R FR B /MRS 3, R8I f et (T RE & d i e
VI 3R) KA OR A Th N AR I s A — 3 AT IR S T A A ) AR B 1 SRR AR A7 AE, X e SR AR AR T R
AU 1 A B R 2 /M, IR /AR B 52 AR i A AR R f# 5, Ripley 9 K BRECH Bl T
XL A R A R X, BRI LRI TR, XD ST, Ripley B K B 43 # o3k
A1) AT FER AR 4 PR 0 Tk R PR A R 4 LA B B S A, A B T — R SR U 7 2 (pattern
extraction from relative positions of localizations, PERPL), JI-T-4>#t 3D #i b &t £ o (94 K 2050 B0 A e 45
K, AR CAREUR K/, 8 AT DASRECEE 52 2% (1 5 52 A5 M0 RFAE, 9110 NPC AR RN R [52] o

SUD i S5 R S R 017 A £ e [ 73 o P - B3 B 4 A ol 1 ) o e A R s P
FF0 & 57 AR BB A AT 4 T IR (R 5C &R o 1 Ripley 9 K BRI T 400 s i FE 10 2 [0 A o 1k,
Sl T VPSR ROBE TR B 2 () SR AR FR B e mT AR 2 AN ROBE R 5 (IR X, 5 FH T 2 RO 58 7 i
T AR W o T A A 2RI oA 34 . IR AR 7 i AN A SR BRI A, FRATTXEIX P g 924 A4
B AN SR AT T PERR LA, W] 6 B, TEARLEE b, 23 HT RDF 1 Ripley (1) K B& 06 AN [FR1$k
PR (AL A S50 IRE AT SR I NLRE 77, Ripley [ K BRECTE N AN [R] B 45 X g %
ROLH B R HRFAE, 1 RDF A B A4 B R AR . [R] B FH 20 b R A5 1 30 S B AR A7 50
WE, FEIRPR VRN USRS R, IO T BRI RN . Kk, RDF & H TR AR RRE )
SR, BN TR BEHUS IR . JLRBRIE AT SR I N TCT AR A M Al 4 J5) 45 44 B b R RN
BRI (T 52 M. T Ripley [ K BR80E T 2 REER R b, JCFOS T 0 B B vk SR A2 55 300
FHARS . B AR F S 2% 10 2 AR ST & % AR, WRE 23—t B R .

TEBAR A ATEE, 25 55 WS A G SR AR b sl R Ve S M = ) A, IR VR R R AT
FIE R, AATESH R T AR R A B, B0 T 4uMis A LR T 4025 | A A
[38]. FIAMEM 2 IR M GerH kAT & = ATET, 2 AR R 2 s Bas (i 1 o X 8 R R A A T
SO ER AR PR 7 8 AL AN B P25 [53] [54]. JF H s MR tE gt H g iid 4 /i
MO AR, TOVE BN BIX 2 B AN AR B R AL B EURR, R I M DU 4 58 I SR AR R AT
SN, TCIEAEUX 4y R iR XA AR AR B ZE e o SR, AT DA SR 2 Ay B 2SR AR 40 BT 52 A () R
FTRENR.

3.2. BENHIEZL

£ SMLM Hffa b, AL H M SR i # OREN A o X REN) 2 w] DUl B RER AT 20 31
50, IR AN R K% o 5 28 IR IRVE GETT AR B, 23350 Fe vt (7] — 0T PAY £ 2% AN e dE AT 1F TE A0 LR
SRJE AT MRS Dy i S AR S A, IR R/ R ARPR AR HE 22 . AN o I 5 7 B30 BN R )
B [, X EE B AT E R 0, JATAT BLBE— PR R 04 L i 4R 25 23
ATEFRAE, TR 7 T AR AR IR AR . 3 N RIRA TN — LR 2R HT7 1%

321 ETHRERNRIEZE

BT LR B AE AR RUBE 0 PR T BERE RS R E AL B 201, AT FE sl HH AR G000 7 WA R
TG R A B EE R o SR, H T R R K R e AL AR A A A, AT AT A
XL i 2 Bl P BRI ORI AR BRSSO T — AN BB v TR X — [, REREEAE SMLM
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Figure 6. Performance comparison between Ripley’s K function and RDF (a) Simulate SMLM data; (b) Real SMLM data; (c) The
results of Ripley’s K function and RDF on simulated data; (d) Ripley’s K function and the results of RDF on real data

[E 6. Ripley B K &K1 RDF B4 aELLER (a) &3 SMLM #i4E; (b) EX SMLM #48; (c) Ripley B9 K Ri#(#0 RDF R4 M%)
BLEMEER; (d) Ripley B K %41 RDF fEESLHUIE LWZER

BAR TR TR, R i T R I SRR R DR L e 008 b TR AN DU TR AR PRI A A 0 e S RAT
BRI EEYE, 23] TTTIZRRE. RS T BRI E LT, Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) [55] [56] 2 5 &5 F H.28 S i) — R, IX RS R B 7 R A AN [F) 2%
FERRM B B RIFHE R, I BEATRER e R E . DBSCAN &#id & X i % FE X g (R A —
S B B AR A B X ) VE N R R IIRZ G, REBE RN AR BRI, JRA SO R .
TAESR R T A RS Eps (e, RN RBMERTE ) MinPts (5 s 8, T8I U O 5 BT 75 148
B AR . MEA SRIABIE(LL Eps AR EL S F 4 MinPts AN S, 1% s bl OO i, DBSCAN &
TP AR A% 0 S AT IR T R, ELRIFIE MinPts 25 AN B RO A A . B, iZEREE LA
Majs . |5 7 H R T DBSCAN JEEM TAEEH, PLREME NSNS Lo

® (@ mp ®
\:”* e Cluster 1 Cluster 2
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Figure 7. DBCSAN working principle diagram
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Figure 8. Schematic diagram of working principle of three-step clustering algorithm
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Figure 9. Schematic diagram of working principle of k-means
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Figure 10. Clustering method of SMLM localizations data based on VVoronoi diagram (a) Molecular localization; (b) molecular
localization Voronoi diagram; (c) VVoronoi diagrams displayed in different colors
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Figure 11. Comparison of different clustering methods
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Figure 12. A schematic diagram of diameter parameters of tubular structures is obtained by using line profile analysis
12. FIRLSE S HRINEREHNERS BN TEE

DOI: 10.12677/0rf.2025.151055 626 BE 51


https://doi.org/10.12677/orf.2025.151055

Pk, WAL

7i5h, Ke Xu SEA[BLIIAT LA, SR A WL B 2280 BII- 50 B 1 T et — 248 J ST PESRIR 54
TR A F] A 5 A e L UL B 1 22 3R G SR B SRR F, 0 TR A AT E R RO PRIR S A 2 (B B, A
AR A LH R 1 9] T v A AT 0 2 18] A B 2 SR, i 138 Flos o R T (56 I Eh B 7R T 4 Jo AR
TR IR M B 2R 2 I O W T R A K ) A 18] AR A I, T ST AN DO R SR AL TR
AT EVERAR, BRI T EAEYERR AN ) R e PE AR AR T RE 7T T A S A . XSRS O — R
AT B R 7y LA S AR R 25 TP T AE RO SR 1 B SR

Count

Count

0 , :
100 150 200 250
Spacing (nm)

\ rs (1‘ )
v . 00 150 200 250
Bll-Spectrin Spacing (nm)

Figure 13. The distance between ring structures is obtained by line profile analysis [81]
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Figure 14. The radius of the ring structure is obtained by using circular Hough transform detection [85]
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Figure 15. Application of LocMoFit model [86]
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Figure 16. Application of deep learning to SMLM data analysis [88]
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Figure 17. Analysis of dSSTORM data by deep learning model [91]
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