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 21 

Abstract 22 

Based on the calculation of the degree of gradient convergence, the super-23 

resolution radial fluctuations (SRRF) algorithm can achieve higher resolution by 24 

combining temporal fluctuation analysis with localization microscopy methods. The 25 

algorithm is also capable of processing high-density fluorescence images. However, 26 

there are considerable artifacts due to high density, which lead to a loss of image 27 

resolution and low fidelity of images. This study demonstrates the use of fluorescence 28 

gradient fluctuations in super-resolution analysis and proposes gradient variance 29 

modified SRRF (gmSRRF) algorithm. The gmSRRF algorithm resolves finer structures 30 

and compensates for the loss of resolution caused by artifacts in SRRF images using 31 

relatively high-density stochastic optical reconstruction microscopy (STORM) data and 32 

conventional widefield, confocal, or structured illumination microscopy (SIM) imaging 33 
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sequences. The effectiveness of this algorithm is proven by means of relevant 34 

simulations and experiments, which allow the reconstructed SRRF image to improve 35 

resolution and reduce artifacts and background noise.  36 

 37 

Introduction 38 

In the last two decades, optical super-resolution imaging techniques have made 39 

rapid and significant progress. The theoretical diffraction limit has been overcome using 40 

several well-established techniques. One of these techniques is single-molecule 41 

localization microscopy (SMLM), which is based on the detection of a single molecule1 42 

and typically includes stochastic optical reconstruction microscopy (STORM)2, 3 and 43 

photoactivated localization microscopy (PALM)4, 5. Other approaches include 44 

stimulated emission depletion (STED) microscopy6, 7 and structured illumination 45 

microscopy (SIM)8, 9, known as point spread function (PSF) modulation techniques. 46 

STORM and PALM need a great deal of time for super-resolution imaging, and the 47 

samples require complicated preparation. Faster reconstruction algorithms for SIM 48 

have been demonstrated10, 11, and STED can be used for dynamic live-cell imaging12, 13. 49 

However, their resolutions are relatively inferior to those of STORM and PALM 50 

imaging. SIM and PALM also require stable and precise microscopy systems and 51 

complex setups.  52 

Fluorescence signal processing methods with faster and simplified systems have 53 

recently emerged. Typical algorithms include the Bayesian analysis of blinking and 54 

bleaching (3B)14, super-resolution optical fluctuation imaging (SOFI)15 and super-55 
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resolution radial fluctuations (SRRF)16. 3B can reach a resolution of ~50 nm, but 56 

requires a large amount of calculation. For example, 6 h were required to analyze a 1.5 57 

× 1.5 μm region14. SOFI can achieve a resolution of ~150 nm, but requires thousands 58 

of frames. Although SRRF has achieved approximately 105 nm for widefield and 80–59 

98 nm for confocal microscopy data using hundreds of slides or less16, high-density 60 

fluorescence signals will cause artifacts and decrease the actual resolution of the SRRF 61 

images. 62 

Here, we present a gradient variance modified SRRF algorithm (gmSRRF) that 63 

addresses artifacts by combining SRRF with the temporal statistics analysis of intensity 64 

and gradient fluctuations. The optimization algorithm was verified using stimulated and 65 

experimental data. Compared with the SRRF algorithm, the gmSRRF algorithm was 66 

proven to achieve better super-resolution reconstructed images with fewer artifacts 67 

caused by high density and background noise. Additionally, it was applicable to 68 

widefield and confocal data.  69 

 70 

Algorithm and simulation sections 71 

There is a conflict between the density of activated fluorophores per frame and the 72 

necessary number of frames needed to reconstruct a complete image. SMLM requires 73 

low density data for high precision localization, so many frames are needed. SRRF is a 74 

super-resolution algorithm that does not depend on the sparse distribution of excited 75 

fluorophores17. Thus, it can achieve super-resolution with fewer frames than SMLM. It 76 

calculates the degree of local gradient convergence (radiality) of an image sequence 77 
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and combines the radiality stack into one reconstructed image through temporal 78 

analysis on a sub-pixel scale18. SRRF also interpolates the images by a factor of 79 

“magnification” before processing. However, for high-density data in areas where 80 

structures are close and complex, two or more fluorophores can overlap so that the 81 

calculated radiality stack cannot achieve multi-center of radiality. This results in 82 

artifacts or even misinterpretation of biological structures in reconstructed images, as 83 

shown at the bottom of Fig. 1a. These artifacts cannot be depressed by increasing the 84 

number of frames. Fewer frames are necessary to compose a super-resolution image 85 

using SRRF if artifacts produced during the processing of high-density data are reduced. 86 

Modifying raw data is a feasible way to erase artifacts in SRRF images. 87 

Temporally dynamic pixel values in a sequence of fluorescence images contain two 88 

major parameters of labeled structures, intensity and gradient, denoted by U(r,t) and 89 

G(r,t), respectively. The SRRF algorithm uses radiality to approach intensity peaks 90 

without changing the original physical size of the PSF. Thus, its high resolution is based 91 

on separate PSFs, which are invalid in high-density situations. The essential issue is 92 

resolve two overlapping fluorophores but not to shrink the PSF of an already resolvable 93 

fluorophore. SRRF significantly improves the contrast of the images on the basis of the 94 

corresponding resolution of exclusive methods, which is exactly the resolution limit of 95 

SRRF. While SOFI has demonstrated intensity fluctuations, cumulants can shrink the 96 

size of the PSF15 without depending on the detection and localization of isolated 97 

fluorophores, as is the case for STORM19, 20. The time-varying concept can be extended 98 

to a gradient when the three conditions adopted by SOFI are met. Through deduction, 99 
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the time-varying properties of the two major parameters are highly related to the 100 

location of r in relation to a real fluorescence emitter. Specifically, if r is located 101 

between two close fluorophores:  102 

1. The corresponding U(r,t) is the sum of the two individual stochastic fluctuations, 103 

which fluctuates less than that of a single molecule because of the averaging effect. 104 

2. The gradient vector exhibits a higher variety of orientation and amplitude than at 105 

the center of either fluorophore, due to blinking on both sides. 106 

 107 

Fig. 1 a Principle of the gmSRRF algorithm and mechanism of artifacts in SRRF when 108 

processing a simulated image sequence of a vertical double-line structure labeled with 109 

high blinking ratio fluorophores. b Progress of variance analysis using three typical 110 

pixel points as examples. The top graph represents the time-varying intensity and its 111 

variance curve. The middle graph is a schematic diagram of projections of gradient 112 

vectors in every moment (blue arrows) on the XOY plane and its variance curve. Yellow 113 

bars indicate the actual position of the double-lines. The bottom graph shows the curves 114 

of weighting function and average intensity. 115 

 116 

In more general cases, a sample is composed of N single-blinking fluorophores. 117 



6 

 

The intensity distribution function is expressed as:  118 
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where U(r) is the point spread function, ai is the maximum brightness of the 120 

fluorophores, and fi(t) is the blinking function, assumed to stochastically range between 121 

0 and 1.  122 

Variance is used as a quantitative indicator to describe the time-varying properties of 123 

G(r,t) and U(r,t). Here, the variance is equivalent to the concept of zero-time lag 124 

second-order auto-cumulant21. The intensity variance is expressed as:  125 
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where ( ) ( ) ( )i i i tf t f t f tδ = − 〈 〉   and D[X] denotes the variance of time series X.  127 

Fluorophores blink relatively independently, so the time average of the cross-terms is 128 

( ) ( ) 0i j tf t f tδ δ〈 〉 ≠  only when i j= .  129 

Subsequently, we use a Gaussian PSF, and the gradients can be expressed as: 130 
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Following the same simplification method, gradient variance can then be expressed as: 133 
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According to the spatial features of the variances of G(r,t) and U(r,t), we define the 135 
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intensity weighting function at position r as:  136 

 

[ ( )]
( )

[ ( )]

D I
W

D
=

r
r

G r . (6)                     137 

The intensity weighting function W(r) describes how the gradient variance and 138 

intensity variance vary with positions relative to the center of the real PSF. As 139 

mentioned above, the numerator reduces and denominator increases if r is located 140 

between two close fluorophores. A low W(r) indicates non-center. When fluorophores 141 

fluctuate with the same statistical characteristics, 
i ja a≈  , [ ( )] [ ( )]i jD f t D f t≈  , and 142 

W(r) approximates to a sum of impulse functions. However, this approximation is less 143 

precise when the fluorescence signal density increases. The W(r) profile is calculated 144 

to improve the resolution of the two overlapping blinking PSFs by a factor of 145 

32 2log 2  (≈2.2) compared to the PSF profile (Supplementary Text 1). The W(r) 146 

profile can better resolve two overlapping PSFs. Therefore, the radiality maps have 147 

fewer artifacts if the gradient vector fields of raw image sequence are modified by the 148 

W(r) profile. Therefore, we present gmSRRF, which calculates W(r) based on 2×2 149 

magnified pixels for more precision and fewer interpolation errors, as shown in the 150 

middle of Fig. 1a. Subsequently, the reweighted sequence W(r)U(r,t) is processed with 151 

SRRF instead of the original U(r,t) sequence. All simulations and experiments follow 152 

these same rules: 153 

1. SRRF alone performs 6 times magnification.  154 

2. gmSRRF distributes two times magnification for calculation of the weighting 155 

function and three times magnification for SRRF analysis; thus, the total 156 

magnification is also 6. 157 
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 158 

The Monte Carlo method was used to plot the W(r) and intensity variance (Ivar) 159 

across two blinking PSFs with different spacings, as shown in Fig. 2a. The full-width 160 

half-maximum (FWHM) of the simulated Gaussian PSF was set to 200 nm. The W(r) 161 

profile showed two resolved peaks when the spacing of the two PSFs was 90 nm, which 162 

indicates an approximately 2.2 times improvement in the aspect of spatial resolution. 163 

Then, the discrete blinking points were simulated and the image sequence was 164 

processed by the SRRF and gmSRRF algorithms. A comparison of the four 165 

reconstructed images is shown in Fig. 2b, which indicates that the gmSRRF algorithm 166 

has an excellent ability to resolve overlapping molecules. Simulated images of double-167 

lines with different distances (d) were also processed, as seen in Fig. 2d. The gmSRRF 168 

images were cleaner with fewer artifacts than the corresponding SRRF images for 169 

relatively large spacing (d = 150 or 120 nm). When the double-lines were close to 90 170 

nm, simple SRRF reconstruction processing caused many artifacts, as shown in Fig. 2d. 171 

At the same time, the profile of the intensity section also revealed an unveracious peak 172 

between the double-lines, as seen in Fig. 2e. In contrast, the gmSRRF algorithm reduced 173 

artifacts and maintained high fidelity and higher resolution of the reconstructed images. 174 
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 175 

Fig. 2 Simulations of the gmSRRF algorithm. In all simulations, the FWHM of the 176 

Gaussian PSF was 200 nm. a From left to right: the W(r) and intensity variance (Ivar) 177 

profiles of two simulated blinking PSFs are 200, 150, and 90 nm apart. Gray lines 178 

indicate the positions of the two PSFs. b Comparison of simulated blinking discrete 179 

single molecule sequences processed with different methods. From left to right: average 180 

intensity, intensity variance, SRRF, and gmSRRF. Scale bars: 100 nm. c The profile of 181 

b. d Comparison of double-line image sequences processed with SRRF and gmSRRF. 182 

Scale bars: 100 nm. e The profile of resolved double-lines with a 90 nm space. 183 

 184 

Experimental section 185 

The gmSRRF algorithm was tested on images from high-density STORM data to 186 

verify the practical effectiveness of reducing artifacts originating from high density. 187 

The algorithm was also applied to widefield, confocal, and SIM data to research the 188 

scale of applicability.  189 

First, to verify the effectiveness of the gmSRRF algorithm in terms of eliminating 190 

artifacts, high-density STORM raw data were downloaded from the EPFL website22. 191 
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SRRF and gmSRRF were applied to the data and the reconstructed images are shown 192 

in Figs. 3b and c, respectively. The gmSRRF image shows a distinct bimodal profile 193 

for two close microtubules, as seen in Fig. 3d, while the SRRF image suffered from 194 

bright artifacts and background noise. The labeling density was then set to be extremely 195 

high, creating widefield imaging. An Olympus IX83 inverted microscope was used to 196 

acquire widefield images of the microtubules, which were labeled with Alexa Fluor 488 197 

by immunofluorescence staining in fixed BSC-1 cells. The gmSRRF image resolved 198 

more microtubule structures, which were missing in the SRRF image, as shown in Figs. 199 

3f and g, respectively. The SRRF algorithm failed to resolve the parallel microtubules 200 

shown in the red dashed box because the bright side overpowered the dim side in 201 

intensity.  202 

 203 

Fig. 3 Comparison of SRRF and gmSRRF under different imaging conditions, such as 204 

high-density STORM data and widefield data. a Average image of STORM data served 205 

as widefield imaging. b and c STORM data was processed with SRRF and gmSRRF 206 

algorithms, respectively. d Profiles along the red dotted lines in b and c. e Widefield 207 

image of subcellular microtubules. f and g Widefield images processed with the SRRF 208 

and gmSRRF algorithms, respectively. h Profiles along the red dotted lines in f and g. 209 

For a-c: Scale bar is 500 nm. For e-g: Scale bar is 1 μm for full view and 500 nm for 210 

region of interest (ROI). 211 

 212 
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Sequential data acquired with a confocal microscope were also processed by SRRF 213 

and improved by the gmSRRF algorithm. Airyscan microscopy from ZEISS can 214 

increase the lateral resolution and signal-to-noise ratio (SNR) of the traditional laser 215 

scanning confocal microscope23. Therefore, we used a ZEISS Airyscan microscope 216 

LSM880 for confocal imaging. α-tubulin tagged with enhanced green fluorescent 217 

protein (EGFP) could denote microtubules as a representative linear structure sample. 218 

The confocal image, and reconstructed SRRF and gmSRRF images are shown in Figs. 219 

4a-c, respectively. SRRF produced a Y-shaped misinterpreted structure for the 220 

triangular structures, as shown in Fig. 4a. gmSRRF produced a correct profile of the 221 

crossing structures, as shown in Fig. 4m. In addition, the lysosome images of Airyscan 222 

were acquired. Therefore, the application of the gmSRRF algorithm revealed a number 223 

of individual lysosomes that were not well interpreted by the SRRF algorithm, as shown 224 

in Figs. 4d-f. 225 

Han et al. applied the SRRF algorithm to 9-frames of raw SIM data and obtained 226 

an improved resolution compared with the SIM algorithm24. However, 9 frames are 227 

inadequate for a high-SNR image. SIM image sequences are accessible for SRRF 228 

processing because fast SIM acquisition is already well-established. Therefore, 229 

sequential SIM acquisition was adopted in the experimental design. The reduction of 230 

SIM artifacts and revelation of hidden structures were proven in microtubule sequential 231 

images acquired with SIM, as seen in Figs. 4g-i. The ring-shaped trans-Golgi 232 

subcellular structures were also imaged sequentially by SIM for further comparison 233 

analysis, and the results are shown in Figs. 4j-l. The phenomenon of loss and 234 
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discontinuity of continuous structures existed in the SRRF image because of uneven 235 

fluorescent intensity. In contrast, the gmSRRF image delivered more continuous 236 

structures. In addition, SIM images showed considerable pseudo structures around the 237 

true cell structures and in the background, as seen in Figs. 4g and j, respectively. The 238 

artifacts became more severe after processing with the SRRF algorithm. These high-239 

frequency pseudo-patterns caused by raw data intensity issues are commonly seen 240 

reconstruction artifacts in SIM25, 26. Several algorithms have been proposed to address 241 

sidelobe artifacts and improve calculations in the frequency domain27, 28. gmSRRF 242 

appeared to be functional for SIM artifacts in the spatial-temporal domain, filtering out 243 

the residual noise signal before it produced artifacts. This is because SIM artifacts 244 

exhibit a low stochastic variation in intensity and a relatively high variation in gradient.  245 

 246 
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 247 

Fig. 4 Resolution and imaging quality improvement in Airyscan images and SIM 248 

images. a Airyscan image of microtubules. Yellow dotted lines show a triangular 249 

structure formed by three crossing microtubules. b and c Corresponding SRRF and 250 

gmSRRF reconstructed images, respectively. d Airyscan sequence images of lysosomes 251 

marked by EGFP-LAMP1. The entire field of view was composed of two different 252 

regions. e and f Corresponding SRRF and gmSRRF reconstructed images, respectively. 253 

g SIM sequence of microtubules marked by Alexa Fluor 488. h and i Corresponding 254 

SRRF and gmSRRF reconstructed images, respectively. j SIM sequence of trans-Golgi 255 

marked by EGFP-TGN46. The entire field of view was composed of two different 256 

regions. k and l Corresponding SRRF and gmSRRF reconstructed images, respectively. 257 

m The profiles along the red dotted lines in b and c. n The profiles along the red dotted 258 

lines in the detailed SRRF and gmSRRF images in ROI2. o The magnified details of 259 

the original SRRF and gmSRRF frames, labeled with ROI1-6. Scale bars: 1 μm. 260 

 261 

Conclusion 262 

This study proposed an improved gmSRRF algorithm based on fluorescence 263 

fluctuations and blinking that analyzed the intensity variance and gradient variance of 264 
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raw sequential data to calculate the weighting function used for pre-processing. The 265 

proposed gmSRRF algorithm could depress the false radial center accumulated in 266 

SRRF processing to deal with artifacts caused by high density. Additionally, two-267 

dimensional variance analysis proved to be effective in preventing artifacts caused by 268 

uneven florescent intensity and lack of accumulation. At the same time, background 269 

stochastic noise was significantly reduced because of the high degree of randomness of 270 

the gradient vector. High-density STORM data that was processed using the gmSRRF 271 

algorithm had fewer artifacts and less background noise. Widefield and confocal images 272 

presented finer and more definite structures after processing. SIM, combined with the 273 

gmSRRF algorithm, also produced fewer artifacts and balanced images. Overall, the 274 

experimental results verified that the gmSRRF algorithm delivered a comprehensive 275 

improvement in terms of artifacts compared to the SRRF algorithm for high-density 276 

blinking, widefield, confocal fluctuating, and SIM data. 277 

 278 

Methods 279 

Cell culture and transfection. BS-C-1 cells obtained from the BeNa Collection in 280 

China were cultured in Modified Eagle Medium (MEM) (Gibco), supplemented with 281 

10% (v/v) FBS (Gibco), 100 units/mL penicillin-streptomycin (Gibco), and 1X MEM 282 

non-essential amino acids (Gibco). Nearly 48 h after transfection with Lipofectamine 283 

2000 (Invitrogen) and Opti-MEM (Life Technologies), cells were suspended and 284 

seeded on the poly-l-lysine-coated 0.13–0.16 mm cover glass (Diamond) on the day 285 

before fixation, and incubated at 37 °C with 5% CO2.  286 
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 287 

Cell fixing and staining. Before imaging, cells were washed in phosphate buffered 288 

saline (PBS) and fixed in 4% (w/v) paraformaldehyde (Electron Microscopy Sciences) 289 

and 0.2% (w/v) glutaraldehyde (Life Science) for 15 min. For microtubule 290 

immunolabeling, cells were treated with an extracting buffer (0.1 M PIPES, 1mM 291 

EGTA, 1 mM MgCl2, and 0.2% Triton X-100) for 1 min before fixation. After fixing, 292 

the cells were reduced with 10 mM sodium borohydride (Sigma-Aldrich) for 5 min, 293 

and permeabilized with 0.5% Triton X-100 (Sangon) for an additional 5 min. The cells 294 

were washed again with PBS and treated with a blocking buffer containing 5% (w/v) 295 

bovine serum albumin (Jackson ImmunoResearch Laboratories) and 0.5% Triton X-296 

100 in PBS for 30 min. For microtubule immunolabeling, mouse anti-alpha tubulin 297 

(ab74696, Abcam) was used as the primary antibody in 1% BSA for 1 h, then anti-298 

mouse Alexa 488 (ab150113, Abcam) was used as a secondary antibody in 1% BSA for 299 

an additional 1 h after washing 3 times. After staining, the specimens were mounted in 300 

ProLong Glass Antifade Mountant (Invitrogen, Thermo Fisher Scientific). All the 301 

above-mentioned operations were conducted at room temperature. 302 

 303 

Simulations. All simulated data in Fig. 2 were generated using a Gaussian PSF profile 304 

with a standard deviation of 200 nm. The maximum brightness of all fluorophores was 305 

equal, and the fluctuation function fi(t) was a random sequence ranging between 0 and 306 

1. The intensity distribution was pixelated at a pixel size of 30 nm. Specifically, the 307 

profiles shown in Fig. 2a were produced through iteration. A new intensity distribution 308 
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was repeatedly generated and added to the previous sequence to produce a new value 309 

of the weighting function until it converged to a steady state. The maximum relative 310 

error of five consecutive values of the weighting function was less than 10-5. 311 

 312 

Data analysis. All data images were acquired in or converted to tiff format. The 313 

variance analysis programs were written in MATLAB 2020a. The ImageJ plugin 314 

‘NanoJ SRRF’ (version 1.1Stable0) was used. 315 

 316 

Variance Analysis. The first step of gmSRRF is variance analysis. Variance analysis 317 

was written using a MATLAB script (Varana_21w17a.m, hereinafter referred to as 318 

Varana). The Varana script conducts variance analysis and reweights the raw image 319 

stack. Compared with the original weighting function W(r), the Varana script adds some 320 

details to prevent the potential issue of convergence, and is then compiled into three 321 

MATLAB function files.  322 

Ideally, the weighting function will converge to a minor value or zero in non-central 323 

areas. However, the focal plane is mixed with the blurred images of defocused 324 

structures due to the limitation of axial resolution. Therefore, the background offset 325 

appeared to be uneven. The denser the cell structures, the stronger the background. In 326 

these areas, the intensity variance tends to be high, while the gradient variance is the 327 

opposite because of the integral fluorescent fluctuations. Consequently, a bright 328 

background will cause misinterpretation of the cell structures. In any case, background 329 

fluctuation is a smooth variation in a large spatial region. Varana used an intensity 330 
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variance threshold to ensure the convergence of the weighting function. Intensity 331 

variance was believed to originate from fluctuations in fluorophores only when it 332 

exceeded the threshold. The weighting function degenerated from D[I(r)]/D[G(r)] to 333 

D[I(r)] when the intensity variance decreased below the threshold. 334 

 335 

SRRF analysis. The basic settings were as follows: ring radius = 0.5, magnification = 336 

6 or 3 (gmSRRF), and axes in ring = 6. Advanced settings were default values except 337 

for the temporal analysis, which was the temporal radiality average. 338 

 339 
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