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Supplementary Note 1: Phase reconstruction algorithm for DPC imaging1

In the phase retrieval process, the complex transmission function s ( )t r of a thin sample can be2

expressed as  s s( ) exp ( ) ( )st i   r r r , where r denotes the spatial coordinates of the sample,3

s and s represents the absorption and phase-related properties of the sample, respectively.4

Under the weak scattering approximation, the higher-order terms in s and s can be neglected,5

leading to a linear approximation of the sample’s transmission function1, expressed as6

s s( ) 1 ( ) ( )st i   r r r , thereby enabling the separation of the sample’s absorption term and phase7

term. The sample is illuminated by a uniformly distributed plane wave incident at a tilt angle ( )S u' ,8

where u' denotes the spatial frequency vector of the tilted illumination. Subsequently, the9

transmitted wave-front passes through the pupil function ( )P u of the objective lens, and the10

intensity distribution on the camera plane can be obtained. The intensity’s spectrum  ( )IF { u can11

be decomposed into three components: the background term, the absorption-related term, and the12

phase-related term:13
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where LEDB represents the total energy passing through the imaging system, absH and phaH are15

the amplitude transfer function and the phase transfer function respectively, * is the conjugate16

symbol, and }{F corresponds to the Fourier transformation.17

In differential phase contrast (DPC) imaging, raw data is captured using asymmetric18

illumination patterns produced by a programmable LED array. Specifically, two DPC19

reconstructions are proposed in this study: Fast DPC (fDPC), which rapidly obtain the phase20

gradient by normalized differential processing using only two raw images, and quantitative DPC21

(qDPC), which recovers quantitative phase information through deconvolution.22

When employing semi-circular or semi-ring illumination, the measured intensities from the23

two complementary modes are acquired (e.g., ( )U cI r and D ( )cI r , which represent the images24

captured under up and down illumination directions). The bright-field (BF) image can then be25

derived by computing the average of these two intensity measurements:26
( ) ( ( ) ( )) / 2BF c U c D cI I I r r r (2)27

where cr represents the coordinates on the camera plane. Then the fDPC imaging can be derived28
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by differential normalization and expressed as:29

DPC
( ) ( )( )
( ) ( )

U c D c
c

U c D c

I II
I I





r rr
r r

(3)30

Equation (3) leverages the symmetry between the up and down halves of the pupil function to31

effectively cancel out the background term, thereby enhancing the phase contrast in the resulting32

image. In the absence of aberrations, the pupil function of the objective lens can be modeled as a33

circular, real and centrosymmetric aperture, with a radius determined by the numerical aperture (NA)34

of the objective. Based on this principle, the Fourier spectrum of the raw image can be expressed as:35
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here, ( )UDS u' represents the distribution of light sources by dividing the LEDs into up and down37

illumination directions and LEDB can be approximated by averaging the two images acquired38

under asymmetric illumination conditions. As indicated in Equation (4), the quantitative phase39

values can be analytically retrieved by solving the inverse problem in conjunction with the phase40

transfer function, typically achieved by deconvolving the raw image with ( )H u .41

However, the phase transfer function generally exhibits zero values along the asymmetric42

complementary illumination source division direction and outside the passband, which leads to43

information loss in certain directions and numerical singularities if deconvolution is performed44

directly. To address this, multiple sets of raw images acquired under different illumination45

directions can be combined, and the Tikhonov regularization is introduced to stabilize the solution46

and suppress noise amplification. The optimal sample phase function spectrum  s ( ) *F u can be47

obtained by solving the following optimization problem:48
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here, j denotes the number of raw image pairs used for quantitative phase reconstruction. DPC is50

the regularization parameter. The quantitative phase is obtained by setting the gradient of the51

objective function to zero:52
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where 1 F represents the inverse Fourier transform. The specific algorithm flow chart is shown54

in Fig. S1.55

56
Fig. S1 DPC imaging algorithm flow chart. Images UI , DI , LI , and RI depict intensity images illuminated57
sequentially from up, down, left, and right directions, respectively.58
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Supplementary Note 2: Background-removed super-resolution reconstruction59

with frame-reduced strategies and polarization resolution60

During fluorescence image reconstruction, the dark channel optical sectioning algorithm can61

be employed to effectively distinguish in-focus information from defocused background, thereby62

enabling background removal. In this algorithm, it is assumed that the dark channel value is zero in63

in-focus regions and non-zero in defocused areas. Since the defocused background predominantly64

exists in the low-frequency components ( ( ))θ, Lo D  r of the acquired image spectrum, whereas the65

high-frequency components ( ( ))θ, Hi D  r contains modulated information from structured66

illumination.  Hi  and  Lo  are high-pass filter and low-pass filter, and ( )θ, D  r is the67

fluorescence signal received by the camera, with  denoting the illumination direction and 68

denoting the phase. To preserve the weak signals embedded in the high-frequency domain, dark69

channel processing is applied only to the ( ( ))θ, Lo D  r component. The low-pass filtered image70

( ( ))θ, Lo D  r is decomposed into background-free components ( )J r and background components71

( )B r . According to the dark channel prior, the in-focus region satisfied  ( ) 0Dark J r , where72

 Dark  denotes the dark channel operation. By defining the proportion of ( )J r in the image as73

the transmission coefficient J ( )T r , ( ( ))θ, Lo D  r can be expressed as:74

J J( ( )) ( ) ( ) (1 ( )) ( )θ, Lo D T J T B     r r r r r (7)75

Since ( )B r remains a part of the low-frequency components within ( ( ))θ, Lo D  r , a low-pass76

filter with a lower cutoff frequency  EL  is applied to the original fluorescence image. Then we77

can get ( ) ( ( ))θ, B EL D r r . Assuming that J ( )T r remains approximately constant within each78

image patch, the dark channel operation can be applied to both sides of Equation (7), yielding:79
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Considering that  ( ) 0Dark J r , we can assume  ( ) / ( ( )) 0θ, Dark J EL D  r r , and81

correspondingly we can get J ( )T r :82
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Combining J ( )T r obtained by Equation (9) and the estimated background part ( )B r , we can84

substitute it into Equation (7) to obtain the background-free part ( )J r of ( ( ))θ, Lo D  r :85
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In the process of defocused background removal using the dark channel method, ( ( ))θ, Lo D  r87

and ( ( ))θ, Hi D  r are typically divided based on a predefined threshold, which is often chosen as88

OTF 2f to minimize the influence of illumination modulation peaks in the frequency domain,89

where OTFf means the cutoff frequency of the optical transfer function (OTF). The component90

J ( )T r is obtained through minimum filtering operation, where each pixel is replaced by the91

minimum value within its local neighborhood. The size of the filtering window is determined92

according to the point spread function (PSF) of the imaging system.93

Conventional structured illumination microscopy (SIM) requires 9 raw images modulated by94

structured illumination patterns, covering 3 illumination directions with 3 phase shifts per direction95

(phase difference is 3 ). The spectrum is then separated and shifted in the frequency domain to96

complete the reconstruction. In this work, a frame-reduction reconstruction technique based on the97

least-squares method is adopted, allowing super-resolution reconstruction from only 6 images: 398

illumination directions with 2 phase shifts per direction (phase difference is  ). Since the99

subsequent polarization analysis is performed using wide-field (WF) images, the polarization100

response is not considered during the structured illumination-based super-resolution reconstruction101

process. During the structured illumination imaging process, the ±1 diffraction orders from the102

digital micromirror device (DMD) are configured to interfere coherently at the sample ( )S r . The103

resulting structured light pattern is characterized by an illumination angle  and  , and the104

corresponding two-dimensional structured illumination field in the spatial domain can be expressed105

as:106

 0( ) 1 cos( )θ, I I m     r k r (11)107

where m is the modulation factor of the structured illumination fringes, and k represents the108

spatial frequency of the illumination pattern at the illumination angle  . Accordingly, the109

fluorescence signal emitted from the sample and recorded by the camera can be expressed as:110

( ) ( ) ( ) ( ) ( )θ, θ, D S I h b      r r r r r (12)111

where ( )h r denotes the PSF of the system, and ( )b r represents the defocused background112

component. Since the 2D structured illumination is based on WF detection and only involves lateral113
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modulation, defocused background from planes above and below the focal plane is also captured114

during signal acquisition.115

Therefore, the optical sectioned signal with background removed ' ( )θ, D  r can be denoted as:116

 ' ( ) ( ( )) ( ( ))
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By applying Fourier transform to both sides of Equation (13), the background-free118

frequency-domain signal ' ( )θ, D  k can be described as the convolution of the sample’s spatial119

frequency distribution ( )S k and the intensity distribution of the structured illumination pattern120

( )θ, I  k , multiplied by the system’s OTF ( )h k . The OTF has a cutoff frequency denoted as OTFK ,121

and the result is expressed as:122

' ( ) ( ) ( ) ( )θ, θ, D S I h     k k k k (14)123

Substituting the Fourier transformation of Equation (11) into Equation (14), combined with the124

cosine function to expand into a complex exponential form, its corresponding Fourier transform is125

an impulse function, and the ' ( )θ, D  k can be expressed as the following form:126

 0' ( ) ( ) exp( ) ( + ) / 2 exp( ) ( ) / 2 ( )θ, D I S i S i S h         k k k k k k k (15)127

Combined with the frequency domain diagram in the middle of Fig. 2a, it can be seen that128

when OTFKk , each pixel in ' ( )θ, D  k is the result of the linear superposition of the three pixel129

values in ( )S k . Therefore, each pixel in ' ( )θ, φD k are represented by the one-dimensional set of130

'θ, d , and Equation (15) can be converted into a matrix expression:131

'θ, θ, θ  d M S (16)132

where θ, M denotes the result of multiplying the pixel in the system OTF with the three133

modulation points, and θS corresponds to the selected pixel group from the sample’s frequency134

spectrum ( )S k . By concatenating the frequency-domain distributions under all illumination angles135

 and  , the frequency domain expression of the structured light modulation process can be136

obtained as follows:137

'  d M S (17)138

where 'd is the combination of the known original image frequency domain ' ( )θ, φD k , M is the139

combination of the known system OTF and the illumination stripe multiplication result (the matrix140

size is ( ') ( )length lengthd S , and  length  is the matrix size), and S is the set of the141
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super-resolution image to be obtained. Subsequently, the cross-correlation methods2, 3 implemented142

in the open-source reconstruction framework is employed to extract the frequency, phase, and143

orientation of the structured illumination patterns from the raw images. These parameters are then144

used to reconstruct the illumination fringe field and incorporated as known quantities in the145

construction of matrix M . Since the number of pixels in the original image is greater than the146

number of pixels in the super-resolution image, namely ( ') ( )length lengthd S , the solution of the147

linear equations can be converted into the process of least-squares optimization, yielding the148

solution for S is:149

1( ) 'T TS M M M d (18)150

here, TM denotes the transpose of matrix M . The frequency domain of the final super-resolution151

image ( )S k can be obtained by reordering the elements of S according to the arranged pixel152

order.153

After applying a Wiener filter-based optimization (denoted as Optimizer) to the spectrum of154

the reconstructed super-resolution image, an inverse Fourier transform is performed to obtain the155

final spatial-domain super-resolution result:156

 1( ) ( )S S Optimizer r kF (19)157

Due to the large size of matrix M , the input images are divided into 100 pixel × 100 pixel158

subregions and processed in blocks, which significantly enhances the computational efficiency of159

frame-reduced SIM reconstruction. For the selection of different parameters during reconstruction,160

see Supplementary Note 6.161
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Supplementary Note 3: Timing control of MFPM162

In this study, the devices that should be synchronized are the LED array, DMD, and camera.163

Device’s timing control is implemented via communication between a host PC and an Arduino164

microcontroller (Arduino Mega 2560). We use MATLAB to drive the communication and built a165

graphical user interface (GUI) with App Designer. The Arduino is pre-flashed with a command166

interpreter and remains in a standby state, waiting for commands from the host. A screenshot of the167

GUI is shown in Fig. S2a.168

The GUI is divided into two main areas: the upper panel for entering basic acquisition169

parameters, and the lower panel for selecting acquisition modes. Mode selection in the lower panel170

allows flexible combinations of imaging modes without the need to re-flash the microcontroller for171

each timing configuration. This design avoids the limitation of fixed pulse-sequence outputs that172

would arise if timing were hard-coded on the microprogrammed control unit.173

174
Fig. S2. Timing control interface of MFPM and output examples. a. The GUI designed in MATLAB, which175
mainly contains basic parameters setting, imaging mode selection, and trigger signal output sections. b. Example176
of an output trigger when selecting SR-SIM and qDPC modes.177

An example timing diagram is shown in Fig. S2b, corresponding to a combined acquisition of178

SR-SIM in the fluorescence module and qDPC in the phase module. In each cycle, the DMD first179

receives a trigger pulse, followed by the camera trigger pulses that capture the frames180

corresponding to different DMD patterns. For the SIM acquisition we require six trigger pulses.181

After the sixth camera trigger, the DMD emits one additional pattern trigger because our pattern set182

includes an extra “all-on” pattern. In that state the excitation laser is no longer diffracted by the183

DMD pattern and the beam is blocked by the physical mask, thereby effectively interrupting184

fluorescence excitation. Concurrently, the LED array executes its preconfigured illumination cycle;185
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the camera is synchronized to the LED timing and records the associated signals. Immediately186

before the next DMD cycle begins, the LED source is driven to an all-off state to prevent187

interference with the subsequent fluorescence acquisition. The arrangement of the DMD patterns188

used in this example are depicted in Fig. S2b.189

This PC-driven, command-based architecture enables rapid reconfiguration of acquisition190

modes and flexible combinations of illumination and patterning sequences while keeping the191

microcontroller firmware simple and robust. Therefore, this configuration greatly facilitates the192

timing control and data acquisition of the MFPM system.193

Furthermore, we ruled out the possibility of crosstalk between different devices. Specifically,194

the camera continuously captured 30 images under different operating conditions at the same195

exposure time. The statistical results are shown in Table S1 and Fig. S3. We found that even when196

the DMD electronics were powered on and triggered, there was no significant increase in readout197

noise or offset. This confirms that the electrical coupling of the DMD does not affect the fidelity of198

the DPC signal.199

Table S1. Average pixel value of camera’s baseline under different system states.200

Number LED DMD Camera Baseline of camera (16 bit)

System State 1 OFF OFF ON 137.241

System State 2 ON OFF ON 137.134

System State 3 ON ON ON 137.200

201
Fig. S3 The average pixel value of the camera baseline under different system states. 30 images were202
captured for each state.203
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Supplementary Note 4: Imaging speed validation and field of view of MFPM204

For fluorescence excitation at 561 nm, the optical power measured at the sample plane was205

93.7 μW. For the LED-array illumination used in fDPC and qDPC, the power was 24.9 μW, which206

was substantially lower than the laser excitation power and therefore didn’t not introduce additional207

phototoxicity. However, because LEDs provide incoherent uniform illumination, their power208

density is much lower than that of two interfering laser beams, which makes them very209

cell-friendly.210

211
Fig.S4 Imaging speed validation and field of view of MFPM. a. Images captured at trigger intervals of less than212
15ms (left image) and 15ms (right image) with a size of 736 pixel × 736 pixel. The orange rectangle indicates that213
several data was missing due to the rolling-shutter readout mechanism of the camera. b. Measured FOV and214
threshold segmentation results of fluorescence imaging. c. Measured FOV and threshold segmentation results of215
phase imaging.216

About acquisition time, we experimentally evaluated the minimal safe trigger interval for217

stable acquisition. As described in response to Fig. S4, our experiments determined that when the218

trigger interval is less than 15 ms, due to the limited readout speed of the camera, the captured219

image will miss several data due to the rolling-shutter readout mechanism of the camera, as shown220
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in the left part of Fig. S4a. Experimental testing showed that a trigger interval of 15 ms ensures221

clear readout of all modes. This corresponds to a full 10-frame multimodal cycle of about 150 ms.222

Thus, when the individual modes of fluorescence or phase were run independently, they can achieve223

higher throughput. It’s worth noting that the image size we tested was 736 pixel ×736 pixel, even224

faster processing speeds can be achieved by further reducing the size of images.225

We also provided quantitative FOV measurements for the effective illumination region. To226

obtain the quantitative FOV, we imaged a uniform fluorescent plate for SIM and an unloaded glass227

slide for DPC conditions, followed by threshold segmentation to delineate the field boundary. The228

radius of the valid circular imaging region was then extracted from the segmented mask, as shown229

in Figs. S4b, c. Since we used the same camera (2048 pixel × 2048 pixel, 6.5 µm pixels) and230

configurations to capture data, we can use the number of pixels to characterize the relative size of231

the FOV. The fluorescence modality yielded a circular FOV of approximately 631 pixels in diameter,232

whereas the phase modality used nearly the full camera sensor and achieved an effective diameter233

of 2140 pixels. This confirms that the usable FOV of phase modality is more than times of234

fluorescence in terms of imaging area, and is consistent with the intended roles of the two235

modalities in high-resolution and large-field imaging, respectively.236
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Supplementary Note 5: Evaluation of the frame-reduction algorithm237

To comprehensively evaluate the performance of our proposed 6-frame SIM (SIM6) in238

comparison with the conventional 9-frame SIM (SIM9), we conducted simulations on a variety of239

structures, including line-shaped, point-shaped, and circle-shaped features. The reconstructed240

images for both methods are systematically compared in Fig. S5a. Quantitative image decorrelation241

analysis, presented in Fig. S5b, demonstrate that both techniques provided a substantial resolution242

enhancement of approximately 1.82-fold relative to wide-field microscopy. In addition, qualitative243

and quantitative contrast evaluations indicated that the 6-frame and 9-frame SIM approaches244

achieve similar contrast performance, which is significantly superior to that of WF imaging.245

Importantly, both SIM modes are able to clearly resolve adjacent line structures that remained246

indistinguishable under conventional WF conditions, as shown in Fig. S5c, thereby unequivocally247

validating the resolution improvement afforded by structured illumination.248

249
Fig. S5 Comparison of 9-frame and 6-frame SIM. a. WF and reconstructed SIM images of various kinds of250
simulation samples. b. Image decorrelation analysis of resolution. c. Grayscale profile of WF and SIM results251
extracted along the white line in a. Scale bar: 4 μm.252

We further compared the performance of our frame-reduction SIM with conventional SIM9 on253

real samples of mitochondria and actin filaments. To acquire the images, we modified the timing of254

our MFPM system to capture 12 raw images, corresponding to three angles with four phases each: 0,255
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2π/3, π, and 4π/3. This allowed us to obtain the raw data for both SIM6 and SIM9 in a single256

imaging session. SIM6 uses two phases (0, π), whereas SIM9 uses three phases (0, 2π/3, 4π/3) for257

reconstruction. As shown in Figs. S6a, b, both SIM6 and SIM9 achieved similar super-resolution258

results compared to WF imaging. To perform quantitative analysis, we also conducted SNR analysis259

and image decorrelation for SIM6 and SIM9, with results shown in Figs. S6c, d. The analysis260

indicates that SIM6 and SIM9 yielded comparable resolutions, demonstrating that our261

frame-reduction SIM is not inferior to SIM9 in terms of performance. Furthermore, SIM6 and SIM9262

showed similar SNR values for both samples. Although SIM6 had a slightly lower SNR and263

resolution compared to SIM9, it can also generate high-fidelity super-resolution reconstruction with264

reduced data acquisition time and phototoxicity.265

266
Fig. S6 Comparison of reconstruction results between SIM6 and SIM9. a. Comparison of WF, SIM6, and267
SIM9 images of mitochondria acquired by MFPM with a 100× objective. Scale bar: 4 μm. b. Comparison of WF,268
SIM6, and SIM9 images of actin filaments with a 100× objective. Scale bar: 4 μm. c. Quantitative comparison of269
SNR and resolution for different reconstruction results in the mitochondria sample. d. Quantitative comparison of270
SNR and resolution for different reconstruction results in the actin filament sample.271
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Additionally, to evaluate the effectiveness of our frame reduction algorithm in terms of272

illumination dose, we performed simulations on various structures, including line-shaped,273

point-shaped, and circle-shaped features. The results under different doses are shown in Fig. S7,274

with raw data SNRs of 42.3 dB, 26.6 dB, and 19.3 dB, respectively. It shows that as the SNR of raw275

data decreases, the quality of the reconstructed results degrades correspondingly, and the adjacent276

lines become unresolved and merged in noise. We further conduct the resolution analysis on those277

conditions. The resolution analysis shows that, although the resolution decreased as the SNR278

decreased, it remained relatively stable.279

280
Fig. S7 Simulation-based evaluation of the frame-reduction reconstruction strategy. Representative line-,281
point-, and circle-shaped structures reconstructed using SIM9 and SIM6 under high-dose (top row, SNR = 42.3282
dB), medium-dose (second row, SNR = 26.6 dB), and low-dose (third row, SNR = 19.3 dB) conditions. And the283
resolution comparison of SIM6 and SIM9 under different dose levels (last row).284
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We further compared SIM6 and SIM9 reconstructions using high- and low-SNR mitochondria285

images of 27.7 dB and 24.5 dB acquired with our MFPM system, as shown in Fig. S8. SIM6 closely286

matched the reconstruction quality of SIM9 under high-SNR conditions. Under low-SNR287

conditions, both SIM6 and SIM9 showed some degradation, but SIM6 still maintained effective288

detail recovery and super-resolution abilities, demonstrating the robustness and dose efficiency of289

the frame-reduction strategy. The resolution analysis also demonstrated that SIM6 remained stable290

resolution expansion compared with WF under low SNR.291

292
Fig. S8 Comparison of reconstruction results of SIM6 and SIM9 under high- and low-SNR conditions.293
Mitochondria images acquired on the MFPM system using a 100× objective. Top row: WF, SIM6, and SIM9294
reconstructions at high dose (SNR = 27.7 dB). Second row: WF, SIM6, and SIM9 reconstructions at low dose295
(SNR = 24.5 dB). Bottom row: resolution comparison of SIM6 and SIM9 at different SNR levels. Scale bar: 4 μm.296
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Supplementary Note 6: Core parameter selection strategy297

6.1 LED-array configuration298

The LED array configuration, particularly the illumination numerical aperture  and the299

illumination coherence parameter  has a direct and substantial effect on the DPC imaging.300

Where  is given by:301
illum

obj

NA
NA

  (20)302

To illustrate this point, we used simulations to detail the variations in the illumNA (or  ) and303

the NA of the inner ring of the annular illumination inNA (or /in in objNA NA  ). The detailed304

results are as follows:305

• Role of σ306

Our phase transfer function (PTF) simulation results are shown in Fig. S9. Based on the307

information in the figure, we can draw the following conclusions.308

309
Fig. S9 PTF and its central secant plot for different values of  . a. First row: the relationship between310

illumNA (while half-circle) and objNA (green dashed line). Second row: the PTF corresponding to different values311
of  . b. The central secant plot results of PTF corresponding to the black dotted line in a.312

As shown in Fig. S9a and Equations (1-4) in Supplementary Information, it’s clear that when313

1  , the two shifted pupil functions exhibit a large overlapping region, leading to substantial314

cancellation in their difference. As a consequence, both low-frequency components below315

(1 ) objNA and high-frequency components above (1 ) objNA become partially missing,316

resulting in reduced phase contrast and incomplete frequency transfer. As  increases, this317

overlapping region gradually diminishes, and the proportion of recoverable spatial-frequency318

information increases accordingly. When optimal condition occurs at 1  , where the two pupil319

functions become tangent. At this point, the overlap at low frequencies vanishes and the320
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high-frequency coverage reaches its maximal extent, yielding the strongest and most balanced PTF321

response. As  is increased to a value greater than 1, the range of PTF no longer expands.322

Furthermore, as shown in Fig. S9b, the central secant plot of the PTF completely coincides with the323

section when 1  .324

Therefore, it is essential to ensure that the coherence factor of the illumination source equals or325

exceeds 1 in the experiment, which indicates that illum objNA NA . While illumNA can be adjusted326

through two approaches: First, by varying the distance between the LED array and the sample while327

keeping the radius of the LED source constant. Second, by modifying the illumination radius of the328

LEDs while maintaining a fixed height between the LED array and the sample.329

The latter method was adopted in this study, as it allows for precise control of illumNA through330

programmable adjustments to the LED array, eliminating the need for mechanical movement and331

thereby enhancing operational efficiency and stability.332

• Influence of annular (semi-ring) LED illumination333

In addition to the coherence parameter  ,we also analyzed the influence of annular334

(semi-ring) illumination generated by selecting LEDs with a non-zero inner numerical aperture in .335

Simulation in Fig. S10a show that, converting a semi-circular illumination pattern into an annular336

one can narrowing the annulus reduces the overlap between the two shifted pupil functions. As337

shown in Fig. S10b, as  increases, the central secant line becomes steeper, which corresponds to338

higher contrast in the image. Note that in experiment, when the intensity of individual LEDs is fixed,339

enlarging the inNA leads to a reduction in the total optical power density, thereby requiring an340

increase in exposure time to maintain adequate signal levels. This trade-off necessitates careful341

optimization during experiments.342

343
Fig. S10 PTF and its central secant plot for different values of in . a. First row: change of inNA while the344
illumination is semi-circular, with 1illumNA  . Second row: corresponding PTFs for different values of in . b.345
Central secant plots of the PTF, corresponding to the black dotted lines in a.346
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6.2 The regularization parameter in phase reconstruction347

To clarify the impact of the regularization parameter in phase reconstruction, we reconstructed348

two sets of samples with different regularization parameters, and the reconstruction results are349

shown in Fig. S11. It can be observed that when the parameter setting is small, the SNR of the350

reconstructed image is low, and its noise resistance is weak. When the parameter setting is large, the351

image background is uniform, but the overall image is overly smoothed, leading to a smaller352

reconstructed phase value. We can also conclude that slight illumination non-uniformity in practical353

experiment can be mitigated by appropriately adjusting the regularization parameter, further354

demonstrating the robustness of the algorithm. Based on the existing literature and our experience355

from practical experiments5, 6, we chose 5e-3 as the regularization parameter to strike a balance356

between noise reduction and image structure information recovery in this experiment. However,357

different samples may require different optimal optimization conditions, and the regularization358

parameter can be adjusted accordingly based on the specific characteristics of the sample.359

360
Fig. S11 The effect of different regularization parameters on the reconstruction results. a. Reconstruction361
results of fluorescent beads. From left to right, the regularization parameter increases, and the cloudy noise in the362
background within the white dashed boxes gradually decreases. b. Reconstruction results of U2OS cells. The363
background in the area indicated by the white arrows gradually becomes smoother.364

6.3 Cutoff frequency and filtering window size of Dark Sectioning365

In Dark sectioning, we first separate the frequency into high and low frequency domains, and366

only conduct the de-background on the low frequency. The high-frequency part is unchanged for the367

maintenance of weak information. We used different cutoff frequencies to conduct Dark sectioning368

in Fig. S12. It showed that when the cutoff frequency is lower, the weak information will be369
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sacrificed, but the de-background capability will be increased. In the calculation, we set the cutoff370

frequency equal to 0.5 to balance the de-background and weak information maintenance.371

372
Fig. S12 Cutoff frequency in Dark sectioning. Left: schematic diagram of different cutoff frequencies. Right:373
influence of different cutoff frequencies on background suppression performance.374

In addition to the cutoff frequency discussed above, the filtering window size used in the Dar375

sectioning background-removal step is equally important. In our implementation, the default block376

size is chosen to match the in-focus PSF, which is also the setting commonly adopted in 2D-SIM377

processing. As the thickness of the sample gradually increases, dark sectioning require adjustment378

to compensate for increased scattering or optical aberrations. To evaluate the sensitivity of dark379

sectioning to block size, we additionally tested a relatively thick tissue sample (~20 μm). Using the380

default block size of 16 pixels as a reference, we compared results across multiple settings. When381

the block size was reduced below the default value, the background removal became incomplete,382

leaving residual low-frequency components. Conversely, increasing the block size beyond the383

default caused the loss of fine structural details due to over-smoothing of weak signals. For this384

particular thick-tissue case, a block size of 9 pixels provided the best balance between suppressing385

defocused background and preserving structural information, as shown in Fig. S13.386
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387

Fig. S13 Dark sectioning results under different block sizes. Top left: wide-field image. Bottom right:388
3DSIM image. Intermediate panels: reconstruction results with gradually decreasing block size. Scale bar:389
4 μm.390
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Supplementary Note 7: Multimodal imaging of mouse skin tissue sections391

H&E stained mouse skin tissue sections were imaged using BF, DPC, and SR-SIM modes,392

as shown in Fig. S14a. Fluorescence images were merged with both BF and fDPC images, and393

the glandular region was further enlarged for detailed observation, as presented in Figs. S14b, c.394

The results indicate that both fDPC and BF modalities effectively revealed the overall structural395

contours of the sample, while fDPC additionally provided phase gradient information that was396

absent in the BF images, as highlighted by the arrow. Meanwhile, the fluorescence imaging397

results exhibited finer structural details, complementing the information obtained from the phase398

modes. This confirms the capability of the multimodal imaging system to capture complementary399

structural information. Additional regions of the tissue sections were also selected and imaged,400

the results are shown in Fig. S15a. Subsequently, the fluorescence intensity was compared under401

different imaging conditions. As shown in Fig. S15b, both OS-SIM and SR-SIM reconstruction402

results produce images with more distinct and resolvable structures and reduced background403

compared to WF images. Furthermore, the normalized intensity profile demonstrates that SR-SIM404

imaging achieves higher contrast than both OS-SIM and WF methods. Specifically, since the405

tissue sections employed in our experiments were 5 μm thick, they introduced only small amount406

out-of-focus background fluorescence. However, as imaging depth increases (e.g., to 25 μm), the407

SNR of WF images diminishes, consequently leading to a reduction in the SNR of the408

corresponding SR-SIM images. Notably, this depth already exceeds the typical imaging depth409

achievable with 2D-SIM. Therefore, effective background suppression is assisted by Dark410

sectioning in the SIM imaging, provided that the fringe pattern can adequately penetrate the411

sample to the desired depth.412

413

Fig. S14. Multimodal imaging results of H&E-stained mouse skin tissue sections. a. Imaging results of tissue414
sections using BF, fDPC, and background-removed SR-SIM modalities. b. Merged images of BF with SR-SIM,415
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and fDPC with SR-SIM. c. Enlarged views of the regions indicated by the white dashed boxes in b.416

417
Fig. S15 The comparison of multimodal imaging and fluorescence imaging of mouse skin tissue sections. a.418
Fluorescence and fDPC images and merged results. b. Fluorescence images acquired under WF, OS-SIM, and419
SR-SIM modes, along with their corresponding normalized intensity profiles.420

421
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Supplementary Note 8: MFPM imaging of cell death dynamics422

L929 cells exhibit strong proliferative and migratory capabilities under in vitro culture423

conditions and are highly sensitive to environment changes. When stimulated by chemical agents or424

external factors, these cells undergo typical apoptotic or necrotic processes, making them a widely425

used model for investigating cell death mechanisms7, 8. Moreover, as L929 cells typically adhere426

and grow in a monolayer configuration, they are particularly well-suited for long-term observation427

using DPC. Previous studies have utilized phase-contrast microscopy to monitor the apoptotic428

process induced by tumor necrosis factor (TNF), not only recording morphological changes in real429

time but also providing direct morphological evidence for distinguishing different types of cell430

death9. However, such methods rely primarily on visual interpretation to assess overall phase431

changes and are limited in their ability to reveal subtle structural alterations that occur during the432

cell death process.433

434
Fig. S16 DPC imaging of the cell death process in L929 cells. a. Reconstructed phase image at the initial time435
point. b. Enlarged view of the blue (ROI1) and purple-framed (ROI2) regions in a, with arrows indicating the436
trajectory of pseudopod movement, demonstrating its contraction process. c. Phase change curve corresponding to437
the pseudopod contraction process in b. d. Enlarged view of the orange-framed region in a, with arrows indicating438
the morphological changes of the cell nucleus during cell division.439

To this end, we employed qDPC imaging to perform local dynamic observations (1024 pixel ×440

1024 pixel) of L929 cells. During the experiment, a set of data was acquired every 20 s for441

reconstruction, continuously recording the dynamic process of cell death for over 2 h. As shown in442

Fig. S16a, the reconstructed phase image at the initial time point reveals the overall morphology443

and quantitative phase distribution of L929 cells under a large FOV. Under the culture conditions of444
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37 ℃ and 5% carbon dioxide, L929 cells initially exhibited a well-spread morphology. However, as445

the cells gradually deviated from the optimal growth condition, morphological changes began to446

emerge. The earliest observable change was the contraction of cellular pseudopodia, as illustrated in447

Figs. S14a, b. The pseudopodia gradually curled up from their initial adherent state, resulting in an448

increase in thickness in localized region, which manifested as a gradual increase in recovered phase449

values. As time passes, the pseudopodia continued to contract until they completely disappear, with450

the corresponding phase values returning to baseline. We statistically analyzed the phase changes451

during pseudopod contraction process and plotted the temporal evolution of quantitative phase452

values over sequential frames, as shown in Fig. S16c, enabling quantitative analysis of the dynamic453

evolution of pseudopods.454

Additionally, we captured the mitotic process of L929 cells, as presented in Fig. S16d. The455

time-lapse sequence reveals gradual disintegration of the nuclear envelope and the elongation of the456

cell nucleus. These observations demonstrate the potential of qDPC imaging for capturing the457

dynamic morphological features of cell division processes.458
459
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Supplementary Note 9: Sample Preparation460

9.1 Preparation of fluorescent beads samples461

Prior to sample preparation, the coverslips were pretreated by immersion in the poly-L-lysine462

solution (poly-L-lysine: ultrapure water: balanced salt solution = 3:1:1) for 1 hour. The coverslips463

were then rinsed 2–3 times with ultrapure water and air-dried until no visible moisture remained.464

Then, the fluorescent microsphere stock solution (1 mL) was ultrasonicated to ensure thorough465

dispersion, and 1 μL of the stock was extracted and diluted to an appropriate concentration,466

followed by gentle mixing. Next, 100 μL of the diluted microsphere solution was dropped onto the467

pretreated coverslip and incubated in the dark for 30 minutes to allow particle attachment. The468

excess liquid was then removed, and the sample was gently rinsed twice with ultrapure water and469

air-dried. For mounting, a drop of ProLong antifade reagent was applied to the center of a clean470

microscope slide, and the coverslip was carefully placed on top, taking care to avoid air bubbles.471

The slide was stored overnight at 4 °C and sealed the following day using a commercially available472

sealant, completing the fluorescent microsphere sample preparation.473

9.2 Preparation of zebrafish samples474

In this study, red neutrophil Tg (lyzC:Cherry) transgenic zebrafish were used as the475

experimental model. Zebrafish embryos were incubated in E3 embryo medium at a constant476

temperature of 28 °C. During embryonic development, 1-phenyl-2-thiourea (PTU) was added to477

inhibit melanin formation, thereby maintaining the transparency of the larvae for subsequent478

imaging. After 1–2 days of incubation, larvae were anesthetized using a suitable concentration of479

ethyl 3-aminobenzoate methane sulfonate to facilitate immobilization. The anesthetized larvae were480

then embedded in low-melting-point agarose before solidification, and the orientation was quickly481

adjusted to a lateral position. Once the agarose had fully solidified, the larvae were transferred to a482

35 mm glass-bottom dish for imaging, with E3 medium added to maintain viability. After imaging,483

the agarose was carefully removed and the larvae were returned to the embryo medium.484
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Supplementary Tables485

Table S2. Comparison of existing polarization fluorescence microscopy486

Techniques Frames Super-resolution Optical-sectioning

SPOT10 6 No Yes

pSIM11 9 Yes No

MFPM 6 Yes Yes
487
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Supplementary Figures488

489
Fig. S17 Fourier ring correlation analysis of three modes of the actin filament.490
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