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Abstract

Understanding molecular orientation and density distributions is essential for unveiling
biological structure and function. Polarized fluorescence microscopy (PFM) offers valuable
insights into the molecular architecture of biological systems by mapping oriented fluorophores.
However, existing PFM methods focus on retrieving the averaged orientation of fluorophore
ensemble in voxel while struggling to uncover their comprehensive three-dimensional (3D)
molecular orientation distributions, particularly in thick, densely labeled or structurally complex
specimens. To overcome these limitations, we introduce the efficient generalized Richardson-
Lucy (eGRL) algorithm, a robust, high fidelity computational framework for reconstructing
complete 3D position and orientation (totally six dimensions, also termed spatio-angular)
distributions of ensembles of fluorescent molecules from PFM data. We first statistically model
the oriented fluorophores imaging process in spatio-angular hyperspace and propose an iterative
maximum-likelihood based solution to the inverse problem. Then we integrate both
dimensionality reduction and angular domain transformation techniques to address the
computational bottleneck general in high-dimensional statistical algorithms and develop an
effective processing pipeline to further mitigate the exponential memory increase required for
large data. Collectively, these advances not only enhance accuracy but also the efficiency of
spatio-angular image reconstruction, allowing eGRL to be deployed effectively on standard
computational platforms. By applying eGRL to both simulated and experimental data, we
demonstrate its versatility across different PFM implementations and improved accuracy for 3D
reconstructions compared to existing methods. We use our methods to resolve biological spatio-
angular structures and dynamics otherwise impossible to resolve, including the tangential
alignment of actin filaments in U20S cells, nanowire-guided cytoskeletal organization in NIH3T3
cells, rotational actin patterns in live Hela protrusions, and membrane tension-induced
anisotropy in live macrophages.

Introduction

Most fluorescent probes tethered to biological structures display polarization-dependent
characteristics that are intricately linked to the physicochemical attributes of their environment.
These characteristics, determined by fluorophore orientation, can elucidate molecular function,
yet are often neglected in conventional microscopy. Recent attempts to map fluorophore
orientations have begun to yield biological insights, revealing heterogeneities between amyloid
fibrils2 or lipid membranes?, periodic orientations of intertwined supercoiled DNA?, and stress-
sensitive orientational distributions along actin filaments®.

To facilitate investigation in densely labeled specimens with complex and/or highly dynamic
structures, rapid acquisition and extraction of biological insights at the ensemble scale are
essential. Many efforts estimate the average lateral orientation of fluorophores within diffraction-
limited volumes by measuring polarization modulation (PM)®14. These advances have revealed
the 90° rotation of hourglass septin filaments oriented along the budding neck in yeast®, mapped
the orientation of nuclear pore proteins®®, and, when combined with structured illumination
microscopy (pSIM) enabled investigation of the orientational dynamics of green fluorescent
protein-labeled microtubules in live U20S cells'®. Most PM studies use insights gained from
probing the average two-dimensional (2D) orientation of fluorescent samples. The corresponding
3D spatio-angular distributions have been much less explored.
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Addressing this gap, we previously introduced a theoretical framework for spatio-angular
fluorescence imaging?’. This framework promised to obtain both the 3D density and orientation
distributions of fluorophores by capturing the fluorescence emissions under polarization
modulation. In practice, this framework is hindered by the underdetermined nature of the inverse
problem and the computational challenges associated with reconstructing high-dimensional
spatio-angular distributions. Conventional reconstruction algorithms, such as those based on
singular value decomposition (SVD), require tuning a parameter which is sensitive to noise and
often introduces artifacts or biases that compromise the fidelity of orientation mapping®*°.

Here we introduce the efficient generalized Richardson-Lucy (eGRL) algorithm, an iterative
spatio-angular image reconstruction framework tailored for polarized fluorescence microscopy
(PFM). By statistically modelling the forward process of the oriented fluorophores imaging, we
first derive a general maximum-likelihood expectation-maximization solution to the inverse
problem, enabling the joint estimate of 3D density and orientation distributions of fluorescent
molecules. Then we reduce the number of angular dimensions and modify our iterative
framework to dramatically alleviate computational load without sacrificing reconstruction
accuracy. Collectively, these advances enhance the accuracy and efficiency of spatio-angular
image reconstruction, allowing eGRL to be deployed effectively on standard computational
platforms. We validated the eGRL framework on both simulated imaging systems and our home-
built polarized dual-view inverted selective-plane illumination microscope (pol-diSPIM)2%,
Compared to previous methods, eGRL better delineates biological structures and dynamics.
Finally, we built a pipeline to mitigate the exponential increase in RAM and time consumption
caused by hyper-dimensional computation in large time-lapse datasets, enabling further
efficiency gains when performing spatio-angular deconvolution on consumer-grade graphical
processing unit (GPU) cards. Using eGRL, we reveal the angular pattern of actin grown on
nanowires and visualize short-timescale molecular dynamics in living cells, demonstrating the
potential of spatio-angular estimation for biological investigation.

Results
An improved framework for spatio-angular estimation

Polarized fluorescence microscopy (PFM) has historically estimated pixelwise fluorescence
anisotropy factors or underlying lateral molecular orientations®2%22, These estimates are subsets
of the spatio-angular distribution, which quantifies the number and orientation of fluorescence
emitters at each resolved position in three-dimensions*® (Fig. 1a). Conversely, a 3D spatio-angular
distribution provides direct access to the orientation distribution functions (ODFs) at each
distinguishable location in 3D space and allows for the extraction of spatial density maps, peak
orientation maps, and other molecular properties (Supplementary Fig. 1, Supplementary Video
1).

Assuming an imaging system with translationally invariant detection, the imaging process of
PFM (Fig. 1a) can be reformulated as a spatio-angular convolution in hyperspace of (1) 3D spatial
coordinates, (2) angular distributions on a sphere, and (3) polarization states. The fluorescence
intensity captured on the camera is a joint projection of structural density and orientation
information, with spatial blurring and angular aliasing:

i) = | dn, | a8 (e 10, 8)F () M
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where hs(ry —1,,8,) is the irradiance at position ry on the camera coordinates, created by a
point source under polarized excitation p at r, with orientation §,, referred to as dipole point
spread function (dipole PSF). f(r,, §,) denotes the spatio-angular distribution of the object which
we are interested in estimating and i5(r;) the intensity measurement under corresponding
polarization modulation. R® and S? represent the volume in 3D space and the orientation
ensemble on the spherical surface, respectively.

Spatial and angular information are coupled together during the imaging process;
consequently, the image reconstruction requires solving a high-dimensional inverse problem that
connects the measured fluorescence intensity to the spatio-angular distribution f(r,,S,) in the
hyperspace. We use spatio-angular deconvolution to deduce the spatial distribution in the entire
volume and the omnidirectional angular distribution within each diffraction-limited subvolume.
This deconvolution is based on 1) the information contained in a series of polarized intensity
measurements (Fig. 1a) and 2) system modelling via a dipole PSF (Methods); nevertheless, the
additional polarization and orientation dimensions in the hyperspace require a new approach
distinct from traditional intensity deconvolution strategies. By modeling the photon detection as
a Poisson process, we extend the maximum-likelihood expectation-maximization (MLEM)
theory?® to a high-dimensional framework accounting for the spatio-angular hyperspace
(Supplementary Note 1), and derive an iterative update formula to reconstruct both the 3D
density (spatial) and orientation (angular) distributions of fluorophores (Methods,
Supplementary Note 1):

1
Zﬁ f]R3 dr hﬁ(rl §0)
ip(ra)

X 2 J dr, [ — — -~
p/R3 ¢ f]R3 dr, fgz ds, hﬁ(rd —1,,8,)er(ro,8,)

ek+1(ro'§o) = ek(rorgo) X

(2)

X hgmk) (r, —rg,8,)

where e, denotes the current estimate and e,,; the updated estimate. h®2ack) js the back
projector which typically is the spatial transpose of h. With this key formulation, the resulting
algorithm extends the conventional Richardson-Lucy deconvolution (RLD) to the spatio-angular
hyperspace, resulting in the generalized Richardson-Lucy (GRL) algorithm.

Compared with conventional RL deconvolution, this baseline GRL algorithm contains
additional polarization (usually multiple modulations) and angular dimensions (typically
thousands of orientations) and thus poses higher demands on computational memory and time,
practically impeding the implementation of such an iterative algorithm. To address this challenge,
we noticed that any angular distribution can be represented as a linear combination of angular
basis, with each weighted by a corresponding angular spectrum component (termed as spherical
harmonics coefficient)?* (Fig. 1b left). The microscopy responds to each angular basis function
through an individual optical transfer function (OTF) (Fig. 1b right). Therefore, we further develop
a mathematical optimization strategy with two changes to dramatically reduce the data
dimensionality and computational load, including an angular domain transformation and a
restructuring of the iterative framework® (Supplementary Note 2), culminating in the final
reconstruction framework (Methods), which we term the efficient generalized Richardson-Lucy
(eGRL) algorithm

. back
ip(r) o Hg,;,f ) (1) _
back) Div 3
Ek,lm(r) * Hﬁ,lm(r) ¢ Hf),lm (I‘)

Ep41,im () = Ej jyn (X) Xy
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where Ej jm (1), E41,im (1), Hp 1m (1) and Hé_f:,f )

harmonics spectra of e (r,,8,), €x+1(X0,8,), hp(ry, $,) and h

(r) are terms corresponding to the spherical

l%back) (ro' §0)I * and ¢ denote the

forward and backward projections between 3D spatio-angular object space and polarization
measurement space operating in spatial-frequency and spherical harmonics domains, and the
subscripts Mul and Div denote specialized multiplication and division operations in spatio-angular

space (Methods, Supplementary Note 2). i5(r) © Hé}’lf,fk)
iteration loop. The same applies to the successive forward and backward projection * Hg ;,, (T) ©
H(back)
plm
components, thereby reducing the computational burden during each iteration, which is
especially important when using an extensive collection of polarization measurements

(Supplementary Note 2).

(r) can be precomputed outside the

(r), which can further be combined to one single operator independent of the polarization

Characterizing eGRL performance with synthetic data

Toillustrate the iterative progress of the algorithm, we demonstrate the intermediate outputs
(Fig. 1c) during one iteration of eGRL on simulated, noise-free data of a shell object with an ideal
uniform density distribution and molecular orientations perpendicular to the spherical surface.
The current estimate in object space is projected directly to a virtual ‘back-projected object space’
(hyperspace FBP), divided by the back-projected raw data (hyperspace BP) for a comparison in
that space (ODF-wise division), and finally multiplied by the current estimate to yield an updated
estimate of the sample (ODF-wise multiplication). In particular, multiplication and division
operations of two ODFs (Fig. 1d top) are performed directly on their spherical harmonics
coefficients using a pre-calculated Gaunt matrix?® (Fig. 1d bottom, Methods, Supplementary Note
2) to anchor the iteration purely in spherical harmonics domain, avoiding the repeated time-
consuming transform between the ODFs and their spectra. As the algorithm iterates, both the
shell thickness and the orientation distribution (Fig. 1c) converge towards the ground truth (Fig.
1a) (see Supplementary Video 2 for an example of reconstruction on another phantom).

Since spatial and angular information are coupled during the imaging process, we then applied
eGRL to synthetic datasets with more complex spatio-angular distributions to show how the
spatial and angular structures can be resolved from the mixed intensity measurements. Here, we
used double-helix phantoms, in which each double-helix contains two helices in close proximity
and with periodic variations in molecular orientation (Fig. 1e, Supplementary Fig. 2). eGRL
produces an orientation distribution matching the ground truth (GT) with high fidelity (Fig. 1e,
Supplementary Fig. 2a), and recovers the distance between the two helices, which is difficult to
discern in the raw images (Fig. 1f, Supplementary Fig. 2b). We also found the reconstructed
spatial density distribution is equivalent to the result obtained by the traditional Richardson-Lucy
(RL) deconvolution?”?® (Supplementary Fig. 2b, c), with a structural similarity index measure
(SSIM) of 0.997. We further confirmed the close match between the eGRL and RL estimates of the
density distributions based on fluorescent beads acquired without polarization modulation
(Supplementary Fig. 3, Methods).

Next, we checked the computational efficiency of eGRL by monitoring the memory usage and
the time cost for one iteration, comparing the baseline GRL performance, to the final application
of eGRL with its angular dimensionality reduction and modified iterative framework (Fig. 1g). For
a typical dataset (100x100x100 voxels with 42 polarization modulations), while eGRL and GRL

produce similar reconstructions with similar performance in the presence of noise
5
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(Supplementary Fig. 4), the eGRL required 2.2 s per iteration, vs. 65.9 s for the original GRL
method (without transforming from angle to angular-spectrum, spherical harmonics, and
reshuffling the order of RL intermediate steps), offering a ~30-fold improvement in speed. eGRL
also reduced the memory footprint from 278.0 GB to 10.1 GB, corresponding to a ~28-fold
reduction, making it feasible to deploy the eGRL algorithm on standard workstations.

Next, we assessed eGRL on synthetic datasets mimicking various optical configurations of PFM,
including wide-field microscopy, light sheet microscopy (SPIM), and dual-view light sheet
microscopy (diSPIM)?>3° (Fig. 2, Supplementary Figs. 5, 6). These three microscopy configurations
are commonly used for 3D imaging due to their rapid imaging rate and therefore are preferential
for spatio-angular data acquisition with polarization modulation (Methods). We simulated the
imaging process, generating synthetic raw data (Supplementary Fig. 7) of carefully designed helix
phantoms (Fig. 2a), and then used eGRL as well as the traditional singular-value-decomposition
based algorithm (SVD)*8 to reconstruct density and orientation distributions from the raw data.
Our eGRL method reconstructs density and orientation distributions of 3D objects with superior
performance compared to SVD for all three microscopy configurations (Fig. 2b). By examining the
density and peak orientation maps from each microscopy configuration (Fig. 2c, d), we found that
eGRL produces density structures that are sharper than the SVD results, and produces orientation
distributions closer to the ground truth, where the orientational rotation along helices can be
easily observed.

When comparing the results across different microscopy configurations, the reconstructions
from wide-field microscopy and light sheet microscopy (Fig. 2b, ¢, top and middle rows) exhibit
limited axial resolution and orientation aliasing due to single-view polarization encoding. By
contrast, the dual-view light sheet microscopy (diSPIM) implementation provides superior spatial
resolution (density map) and the ability to resolve orientation (Fig. 2b, ¢, bottom rows), which we
attribute to the improved information content when detecting from two orthogonal views and
the more comprehensive 3D polarization modulation when exciting from the two views. These
results highlight the necessity of dual-view polarization encoding and detection for better
resolving complex spatio-angular distributions than their single-view counterparts.

We thus shifted our focus to algorithm performance on dual-view light sheet microscopy. We
found SVD reconstruction introduces a significant orientational bias, clearly visible in the ODFs
(Fig. 2e), while eGRL better matches the ground truth in terms of both peak orientations and ODFs.
We further conducted quantitative analysis on eGRL’s performance by defining image quality
metrics, including the SSIM for density, peak-orientational similarity index measure (PSIM) for
peak orientation, and orientational normalized cross-correlation (ONCC) for the entire orientation
distribution (Methods). As expected, eGRL outperforms the SVD algorithm on data corrupted with
different Poisson noise levels as assessed by all metrics (Fig. 2f, Supplementary Fig. 8,
Supplementary Video 3). We suspect the inferior performance of the SVD algorithm arises from
its Gaussian noise model, which is mismatched to the usually dominant Poisson noise
encountered in fluorescence microscopy, and by the bias arising from the regularization used for
noise suppression®32, In support of this assertion, when examining a spherical phantom with
molecular orientations uniformly distributed and perpendicular to the sphere surface (Fig. 2g),
the SVD reconstruction was always biased toward the Y axis (Supplementary Video 4), i.e., the
direction orthogonal to the plane formed by the two views’ optical axes, whereas eGRL avoided
this bias due to its implicit regularization(Fig. 2g, Methods).
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eGRL enables robust spatio-angular reconstruction for diverse samples

The performance of eGRL on synthetic datasets across different PFM modalities spurred us to
investigate more samples acquired on our recent polarized dual-view light sheet microscope (pol-
diSPIM)*® (Supplementary Fig. 9, Methods, Supplementary Table 1). The pol-diSPIM enables
dual-view light sheet excitation and complementary orthogonal detection, flexible tuning of the
polarization modulation in each illumination arm, and additional light sheet tilting®*3* to extend
the polarization encoding in 3D space.

To confirm the reliability and accuracy of spatio-angular reconstruction in experimental
imaging, we first used a calibration target image set of FM1-43 labelled giant unilamellar vesicles
(GUVs, a spherical membrane model with dipole orientations normal to the surface®), acquired
by pol-diSPIM with polarization modulations (9 from each view for a total of 18 volumes
Supplementary Table 2). eGRL prediction restored the 3D spatio-angular distribution of the GUVs
after 10 iterations (Supplementary Video 5), and visualizing the peak orientation (Fig. 3a i) and
sliced ODF map (Fig. 3a ii) confirms that fluorophores displayed a dipole transition moment
oriented normal to the membrane (Supplementary Video 6). For comparison, we projected all 3D
orientations into a 2D plane to demonstrate the loss of information when considering only 2D
orientations (Fig. 3aiii left), confirming the need for 3D PFM and reconstruction in 3D samples.
Compared to SVD in the experimental GUV data, the angular distribution estimated by eGRL was
more in line with the prior knowledge of FM1-43 dye bound within lipid vesicles, as evidenced by
the orientation-encoded colors in dense visualizations (Fig. 3b, Supplementary Video 7). eGRL
results on experimental data also better matched synthetic phantom GUVs stained with dipoles
oriented normal to the GUV surface, further supporting the reconstruction (Fig. 3b).

Next, we examined reconstructions corresponding to a fixed U20S cell stained with Alexa Fluor
488 phalloidin, acquired under the same 18 polarization modulations via pol-diSPIM
(Supplementary Video 8). The eGRL result showed differences between the orientation
distribution of fluorophores close to the nucleus in predominantly one direction vs. those
decorating flat or slender filaments, which showed a range of directions that correlated with the
long axis of the actin filaments (Supplementary Fig. 10). In comparison, the SVD result tended to
bias all orientations towards the y-axis (overall pseudo colors tend to be green, Fig. 3c). Overall,
eGRL provides finer structural details with reduced blurring and fewer artifacts compared to SVD,
as pointed out by the arrows (Fig. 3d), and more continuous local orientation detail along the
peripheral arc structure at the edge of the cell (Fig. 3e).

To investigate the effectiveness of eGRL for reconstructing spatial and angular distributions,
we constructed an ablated variant of eGRL termed eGRL-p (Methods), which applied an RL-
deconvolution separately to all raw stacks of each polarization channel to restore the spatial
distribution, followed by an independent voxel-by-voxel eGRL reconstruction to estimate the
angular distribution at each spatial location. eGRL-p led to blurred density images and introduced
structural artifacts (Supplementary Fig. 11a), also producing obvious errors in angular estimation
(Supplementary Fig. 11b, c) resulting in an overall tendency towards isotropic ODFs
(Supplementary Fig. 11d). These results can be attributed to the RL algorithm’s properties of
sharpening the images (emphasizing certain local structures while lowering the background) and
its slight nonlinear behavior®, so that deconvolving each polarization channel separately corrupts
relationships between each polarization channel. These results underscore the significance of the
joint estimation of spatial and angular distribution provided by the full eGRL model.
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Since PFMs typically acquire image stacks sequentially under different polarization
modulations, employing fewer polarization modulations offers a practical approach to reduce
phototoxicity, acquisition time, and the burden of data storage and postprocessing. To compare
the performance of eGRL and SVD under conditions of polarization downsampling, we analyzed
data from the comprehensive 18 modulations (Scheme 1, 18 V. See Supplementary Table 2) to a
reduced set of 8 or 6 modulations (Scheme 2, 8V or Scheme 3, 6V. See Supplementary Table 2)
from a tobacco xylem cell labelled by Pontamine fast scarlet (Fig. 3f, Supplementary Video 9), the
GUV data (Supplementary Fig. 12) and another fixed U20S cell labeled with Alexa Fluor 488
phalloidin (Supplementary Fig. 13, Supplementary Video 10). Using fewer polarization
modulations did not notably affect reconstructions for either eGRL or SVD, as assessed from the
density maps (Supplementary Fig. 13b, c) and profiles (Fig. 3g, Supplementary Fig. 13d-g). The
eGRL estimate consistently preserved the expected direction of the dipoles in Pontamine fast
scarlet such that fluorophores tend to orientate along curved ribs in xylem cells (Supplementary
Video 11), visually from magnified orientation views (Fig. 3h, i, Supplementary Fig. 13h, i), and
quantitatively as assessed by the average angle between the orientation and ribs (Fig. 3j). The
eGRL reconstruction with fewer modulations also surpassed the SVD reconstruction with all
modulations, further underscoring eGRL’s superior performance over SVD.

eGRL unveils distance-dependent attraction from suspended nanofiber networks to cellular
actin distributions

Nanofiber scaffolds provide a versatile and efficient platform for the exploration of a wide
variety of cellular phenotypes, e.g., cellular polarization (dependent on fiber length, diameter,
and inter-fiber spacing) as well as cellular motion (motile fraction and locomotion speed)3 1.
Compared to 2D flat substrates, these nanowires provide more physiologically relevant substrates
to understand relationships between molecular architecture and cellular behaviors. Currently, the
ability of nanowires to affect cell shape has only been assessed macroscopically through
observations of cell morphology***. To advance our understanding of cell adhesion and
cytoskeletal organization by external spatial cues at the molecular level*, we investigated how
nanowires affect actin orientation as assessed using our eGLR reconstructions. We cultured
NIH3T3 cells on nanofiber scaffolds with configurations of single, multiple parallel, and multiple
crossed nanowires, stained the cells with Alexa Fluor 568 phalloidin, and imaged them using pol-
diSPIM in two channels: a 561 nm channel with 6 polarization modulations for the actin channel,
and a 488 nm channel without polarization modulation for |labBDP FL maleimide labeled
nanowires®®,

First, we focused on a spindle-shaped NIH3T3 cell grown on a single nanofiber (Fig. 4a) and
observed that molecules exhibit an overall orientation predominantly towards the nanofiber
direction (y-axis) when considering only average orientation (Fig. 4b). However, we suspected
that in addition to this general orientation tendency, there might also be more subtle orientation
changes in the vicinity of the nanowires. To further examine this possibility, we utilized the Order
Parameter (OP) metric, derived from the ODF (Methods), as a biological indicator to measure the
proportion of molecules aligned in a specified direction at each position (Fig. 4c, d). OP by its
definition provides a more comprehensive description of orientation than average orientation, as
it assesses the degree to which an orientation ensemble is aligned to a particular direction
(Supplementary Fig. 14). For each voxel, we calculated the OP value with respect to the
nanowire’s direction and as a function of its proximity to the wire (Fig. 4e). We visualized the

correlation between them (Fig. 4f) and found that OP increases as the voxel approaches the
8
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nanowire, suggesting that the nanowire exerts a distance-dependent directional influence on the
orientation of probes. The fluorescent probes bound to the cytoskeleton firmly anchor along the
direction of actin filaments, indicating that the nanowire promotes actin accumulation and
growth in adjacent regions along the nanowire direction. In addition, the orientational
aggregation of probes on actin correlates with the mechanical tension within these filaments*,
thereby presumably mirroring the rise in local stress due to the cellular elongation along
nanowires.

Similarly, we observed such distance-dependent orientation when examining actin in cells
grown on arrays of parallel or crossed nanofibers that had spindle, two-fiber and crosshatched
morphologies (Fig. 4g, h, Supplementary Fig. 15). At the periphery of cells, the density and
orientation maps revealed the arc-shaped actin filaments followed the cell shape between the
nanowires with the orientations aligning tangentially to these structures, while there was no
distinct orientational preference observed in most of the internal cellular regions (Fig. 4g, h).
However, when examining those internal regions that intersected with several parallel nanowires,
we found that peaks in the OP profiles were often coincident with the location of the nanowires
(Fig. 4i, j), suggesting again a strong distance-dependence between nanowire influence and actin
orientation.

Next, we examined the variation of OP along one nanofiber when it passed in the vicinity of
fibers running in other directions. On crosshatched-shaped cells grown on intersecting nanofibers
(Supplementary Fig. 16a, b), we considered regions surrounding several wires and drew the OP
profiles in the direction of these wires (Supplementary Fig. 16¢, d), finding that nanowires running
in the orthogonal direction were coincident with the local minimum on the OP curves. The
presence of extra nanowires appears to redirect the actin filaments towards their direction,
resulting in an apparent competition between nanowires running in different directions which
likely all guide actin alignment. We note that these observations would not be possible via
intensity-based microscopy®® (Fig. 4f, i, j) or could be obscured in conventional PFM* that relies
on average orientation measurements. When considering average orientation, the tendency of
molecules aligning with the target nanowire can be assessed only by their parallelism (how
parallel the average molecular orientation is to the nanowire). Compared with a parallelism
measure, the OP obtained from the 3D spatio-angular distributions present much higher contrast
peaks or valleys, depending on the relative orientation of actin filaments and nanowires
(Supplementary Figs. 15, 16). We noticed particularly strong OP signatures when considering
actin in the vicinity of paired nanowires, when overall average orientations exhibit strong
alignment with the direction of nanowires (Supplementary Figs. 153, b).

eGRL enables observation of spatio-angular dynamics in living cells

Given the success of our reconstruction method on fixed samples, we proceeded to apply it to
live cells, where imaging is more challenging due to the necessity for rapid imaging, lower SNR in
the data, and the size and computational burden associated with large time-lapse data.

First, we labeled actin filaments in a Hela cell with Sir-Actin dye (640 nm excitation) and
collected volumetric time-lapse images over 20 min at 1 min intervals between volumes, and
processed them with our eGRL framework. Our reconstructions show that principal orientations
(the maximum projection direction of ODF, comprehensively considering all the local peaks and
demonstrating the overall alignment of ODF, Supplementary Fig. 1i) of SiR-Actin probes align
perpendicular to the actin filaments (Fig. 5a, b). While the orientations in the flat regions of the
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thin cell are mostly in the plane of the coverslip (XY plane, Fig. 5b i, ii), we also found interesting
exceptions in the vicinity of cell protrusions (Fig. 5b iii). Intriguingly, the protrusive orientations
exhibited a gradually rotating pattern (roughly in the YZ plane) along the periphery of the
protrusion (Fig. 5¢ i) yet remain perpendicular to actin filaments®. These orientations are not
randomly distributed within the YZ plane, and we suspect this distribution may indicate ‘twisting’
within the slender actin bundles (Fig. 5b iii). The dynamics within the protrusion were further
revealed by the orientation-encoded colors in time-lapse images (Supplementary Fig. 17b, right)
as well as the x axis-projection orientation distribution along the contour of the protrusion
(Supplementary Fig. 17c, Supplementary Video 12). These dynamics are not obvious in the
density images (Supplementary Fig. 17b, left), demonstrating the potential of our method for
observing 3D orientations that would be obscured in conventional imaging. Moreover, the
significantly higher orientational changes in the actin filament of the protrusion, compared to
actin elsewhere in the cell, can serve as an internal control to rule out the possibility that the
observed dynamics are merely random fluctuations caused by photobleaching or noise (Fig. 5cii).
As a consistency check, we used eGLR reconstructions to compare the orientation of the actin
probes Phalloidin®! (Supplementary Fig. 18a, b) and Sir-Actin (Supplementary Fig. 18c, d) in fixed
and live Hela cells. The Phalloidin probes generally aligned parallel to the direction of actin
filaments, in contrast to Sir-Actin, which displayed perpendicular orientations especially at the cell
edge and within looped actin structures in the middle of cells. These reconstructions are
consistent with earlier observations>® and demonstrate the effectiveness of our method.

Next, we applied our method to investigate spatio-angular distributions and dynamics in
thicker live cells. We imaged a living macrophage cell labeled with FM1-43 every 30s for 30 time
points spanning 15 min (Supplementary Fig. 19a). We observed the collapse of membrane
protrusions (Supplementary Fig. 19b, from 0 to 10 min) and its transition as the cell blebs
(Supplementary Fig. 19b, 15 min), although FM1-43 orientations were maintained perpendicular
to the membrane (Supplementary Video 13).

In addition, we captured a larger time-lapse dataset showing multiple living macrophage cells
(Fig. 5d) imaged at the same rate and over the same time interval. During the spatio-angular
reconstruction process, we noticed that this dataset (700 x 700 x 400 voxels x 6 modulations x 30
timepoints, roughly 91 x 91 x 52 um3, ~ 66 GB) required 1 TB RAM and thousands of hours to
compute the reconstructions for all timepoints, even after the acceleration afforded by multi-
threaded parallel computing. This bottleneck prompted us to refine our processing pipeline,
whereby we cropped each volume into 320 subvolumes (each 100 x 100 x 100 voxels x 6
modulations), performed the eGRL prediction on each subvolume, and spatio-angularly stitched
the results back together (Methods). This pipeline took roughly 5.1 hours on a single workstation
equipped with a consumer-grade graphical processing unit (GPU) card, achieving an over 200-fold
acceleration compared with direct processing of the entire volume. The eGRL reconstruction
displayed rich orientation dynamics in membrane ruffles and cell protrusions that were
impossible to observe in the accompanying density maps (Fig. 5e). Besides the orientational
changes in lamellipodia that accompanied structural movements over time, we also captured
patches of highly ordered membrane (Supplementary Fig. 20) that appeared to 'traffick' in a
retrograde fashion on protrusive filopodia (Supplementary Video 14). These dynamic patches of
ordered membrane could be structural movements of the membrane, either as twisting of the
whole structure, or small lamellipodia-like ruffles as have been previously observed on filopodia®2.
Alternatively, these patches may represent retrograde trafficking® of membrane microdomains
in macrophage filopodia, which are cholesterol rich>*, and may therefore differentially order FM1-

10



431
432
433
434
435

436
437
438
439
440
441
442
443
444
445
446

447
448
449
450
451
452
453
454
455
456
457
458
459

460
461

462
463
464
465
466
467
468
469
470
471
472

473
474
475

43, Further work colocalizing FM1-43 polarization with protein markers for lamellipodia-like
ruffles or lipid-dependent clusters®? could distinguish these possibilities. In either case, the ability
to easily resolve these dynamic structures in filopodia represents an improvement over other
methods to observe membrane order, which require fluorescence lifetime imaging microscopy or
ratiometric imaging of dyes such as Flipper-TR or Laurdan®®>7,

To further validate our method’s ability to observe spatio-angular dynamics in live cells, we
compared the sensitivity and orientation characteristics of different dyes. We examined samples
labeled with two dyes, one with known sensitivity to polarized excitation and the other insensitive,
by using dually labeled U20S cells stained with FM1-43%°8 (sensitive, Supplementary Fig. 21a)
and RFP-PH (insensitive, Supplementary Fig. 21b). The reconstructed orientation and GFA maps
of polarization sensitive FM1-43 dye exhibited oriented and anisotropic ODFs, while those ODFs
corresponding to polarization insensitive RFP-PH tended to exhibit more isotropic character
(dispersed distribution without preferred orientation, Supplementary Fig. 21c, d, Supplementary
Video 15). For the polarization sensitive FM1-43 dye, the spatio-angular distributions showed
orientational selectivity consistent perpendicular to membranes of cellular structures with this
dye.

We then analyzed the spatio-angular membrane dynamics in FM1-43 labeled U20S cells. The
cells were adhered on glass coverslips using poly-L-Lysine (PLL), and imaged with pol-diSPIM every
20 s over 60 timepoints spanning 20 minutes. The eGRL restoration highlighted the structure and
orientation of the cell membrane (Fig. 5f, g, Supplementary Video 16), showing that FM1-43
fluorophores tend to be oriented perpendicular to the membrane surface. We used Generalized
Fractional Anisotropy (GFA, see Methods) to quantify changes in membrane orientation near and
far from the coverslip. We found that membranes displayed higher GFA near the coverslip than
elsewhere on the cell (Fig. 5h, see also polarization-insensitive negative control in Supplementary
Fig. 21d, excluding motion as a cause of differential GFA). Over time, the membrane originally
adjacent to the coverslip (Fig. 5i) began to protrude (Fig. 5j, top row), showing accompanying
changes (Fig. 5j, middle and bottom rows) in the principal orientation of molecules from
perpendicular to the membrane surface towards the direction of overall membrane expansion
(Fig. 5k).

Discussion

Inspired by Richarson Lucy deconvolution, our eGRL framework incorporates statistical
reconstruction methods into spatio-angularly coupled fluorescence microscopy, to improve
estimation of 3D structure and orientation distributions compared to previous work relying on
SVD!8. eGRL achieves excellent noise suppression (Supplementary Figs. 4, 8, Supplementary
Video 3), which helps to accurately estimate structure, orientation, and dynamics in biological
samples. We devoted particular effort to minimizing the computational cost in the algorithm, as
our two-stage mathematical improvement (angular domain transformation and iterative
framework restructuring) and code-based GPU acceleration provide a 280-fold improvement in
processing time relative to the underlying GRL algorithm, putting it on par with SVD
reconstruction (eGRL 5.3s using 10 iterations vs. SVD 2.1s, tested on a patch with 100 x 100 x 100
voxels x 42 modulations both with GPU acceleration).

Our demonstrations in living cells were limited to relatively slow dynamics due to the need to
capture multiple polarization modulations for full 3D polarized fluorescence imaging. With the
acquisition setup and experimental conditions in this work, we find the eGRL reconstruction is

11



476
477
478
479
480
481
482
483
484
485
486
487
488
489
490
491

492
493
494
495
496
497
498
499

500
501
502
503

504
505
506

507
508
509

510

511
512

513
514

515

robust to motion of at least the several hundred nm scale between polarization modulations, e.g,
the reconstruction bias is limited to ~5% in terms of PSIM when the motion is less than 1 um
(Supplementary Fig. 22), and is more robust still if the motion is random (Supplementary Fig. 23).
Samples that move more rapidly would demand further improvements in imaging speed, which
likely entails shorter exposure times or fewer polarized excitation cycles (potentially achievable
via polarization splitting on the emission side). Recently, advances in deep learning have
accelerated and enhanced spatial deconvolution, e.g., Richardson-Lucy network®® (RLN), whose
structure is inspired by RLD but achieves superior performance, using single-view input to yield
results comparable to dual-view deconvolution. We anticipate similarly transforming eGRL into a
neural network that enables parameter-free setup, faster reconstruction speed, enhanced noise
tolerance, and perhaps reduced polarization/view requirements, implying faster image
acquisition. Additionally, we plan to explore universal methods for designing algorithms or
networks that can maintain polarization relationships after separately processing images from
each polarization modulation (which usually distorts the estimation as described in
Supplementary Fig. 11), thereby providing greater flexibility for others to design preprocessing
networks.

Finally, we anticipate further progress towards quantitative correlation between molecular
spatio-angular indicators and biological parameters. Measurements on aligned fiber networks
have recently been used to monitor cellular forces and contractility in spheroids*, which may
pave the way for future developments on contactless force sensing through optical polarization.
We are also encouraged by new developments in genetically encoded, polarization-sensitive
reporters which can be used to study actin filament assembly geometry and dynamics®. By
integrating the growing family of such reporters with PFM and eGRL, we anticipate many insights
into cellular function.

Methods
Spatio-angular modeling and reconstruction
Dipole PSF modeling

Generally, a polarized fluorescence microscope can be broken down into excitation and
detection subsystems. We separately modeled these two systems to facilitate their combination,
thereby enabling compatibility with a wide range of microscope types.

For polarized excitation from a single viewing direction, we split it into the illuminance PSF(r)
(giving the distribution of illumination intensity) and an independent polarization excitation
function Py, (P):

N R R 2
HEE (5,8) = PSE()Pin(B) = PSFE) [V (B) (801 + 561 )| 0
where the spherical harmonics function is indexed by degree [ and order m, with |[m| < . And
0qp equals 1 when a = b, else equals 0. Y;,,, (8) is the spherical harmonics base function.

For detection, we assume that the imaging system is laterally shift-invariant, so the detection
dipole PSF can be modeled as:

4r me;e

d

Hin (1) = = Z Gy By (r4,7") (5)
j,j’=0,1,2
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516  in which rt denotes the lateral position while !l is the defocus position. e, = 1,6, = —1, €, =
517 0, and G is the real Gaunt coefficient. The irradiance Bj]-r (rl,r") created on the detector is given
518 by:

519 By (r+,r) = 2 By (rt, )L (et 1) (6)
i=0,1

520  Bjj(rt,r") denotes the complex conjugate of B;;(r, ") where B;;(r+,r!) is the ith component
521  of the electric field created at position r* on the detector by the jth component of a dipole:

522 Bij(r+,r!) = J dtA(T)®(t, ") g;;(t) expli2nt - rt] (7
R2
523  where A(T) is the aplanatic apodization function with v, = CLL
524 A(T) = (1= (ITl/v)®)~*1(l7l /ve) ®)
525 in which [T is a rectangle function defined as:
1
1, x| < E
526 M(x) = 1 9
0, ==
|x| >
527 and CD(‘L',r”) is used to encode the defocus phase with v, = %:

528 (7, 7") = exp [ian" /V,zn - I‘CIZ] (10)

529  then g;;(T) models the ith field components in the pupil plane created by the jth component of
530 a dipole:

900(T) = sin? ¢, + cos? 1= (T/vm)2,  g10(2) = 1/25in(2¢) (V1 = (2l/vm)* — 1),
31 g0 (@) = 1/25in2¢.) (VI = Uel/vm)? = 1), g11(7) = cos? ¢, +sin o /1= (Iel/v)? (A1)
902(®) = Izl cos ¢, 912(%) = It sin ¢,

532 For a polarized wide-field microscope with uniformly polarized illumination and epi-
533  fluorescence detection, we can directly combine illumination and detection via spherical
534  harmonics multiplication:

HYP@B) = ) > G HD ()P (B) (12)

l,m, l”m”

535

536 A polarized selective plane microscope with polarized light sheet excitation, enables optical
537 sectioning. We assume that light sheet does not broaden appreciably along its propagation
538 direction:

52

SPIM o~ r-z Tl (d ~

539 His ™ (1, B) = exp [—2 (W—) ] z G ™ HD (0) Py (P) (13)
O l,m, l”m”

540 Further, pol-diSPIM adds another orthogonal view whose optical axis is along the x direction,

541 resulting in improved lateral/axial resolution and larger angular bandwidth. The dipole PSF for the

542 additional view is:
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. 7 = " d

exp [—2 <_> :| Z 2 lfln’Tlr’l,m le(p) 2 Ain”'m” Hl(”‘rerlt.?” (I‘) (14)
Wo Um! U'm!" mT=—q

where A represents the real Wigner D-matrices for the rotation of spherical harmonics
coefficients, and the A here (90° rotation across y axis) can be written as a matrix:

100 0 0 0
i 001 0 0 0
A0 | 0 010 0 0 0
A—[ 0 A=z [Tl 0 0 —12 0 V32 (15)
mm' 15X5
000 0 1 0
0 0 0 V3/2 0 1/2

Iterative framework of Efficient Generalized Richardson-Lucy algorithm (eGRL)

Based on the spatio-angular imaging process and the typical noise characteristics of cameras,
we derived the following iterative formula (see Supplementary Note 1 for derivation) via
maximume-likelihood expectation-maximization (MLEM) theory:

1
Zﬁ fR3 dr hﬁ(l‘, §0)
i5(r,
x z f dl'd [ _ p( d) _ _
p/R3 IR3 dr, fgz ds, hﬁ(rd — I, So)ek (ro' So)

The process can be broken down into five steps of forward projection, division, back projection,
normalization and update, and we have termed this the generalized Richardson-Lucy (GRL)

ek+1(ro:§o) = ek(ro: §o) X
(16)

X hﬁ(ro — Iy, §o)

algorithm. Note that is referred to as object space sensitive constant used for

1
Y5 [g3 drhp(r8,)
normalizing the orientation channel, which is extremely important here to reinforce algorithm
convergence but usually ignored in traditional RLD due to the pre-normalization of the PSF.

The initial GRL baseline provides accurate reconstructions but introduces a significant
computational burden. By performing CPU multithreaded parallel computing on a computer
workstation equipped with 2 Intel Xeon Platinum 8369B 2.90GHz CPU (totally 64 Cores / 128
Threads), GRL takes 278GB memory and 66 seconds per iteration to process an 80MB raw dataset
with 108 voxels and 42 polarization modulations, which might explain why iterative algorithms
have not yet played a major role in such inverse problems. Therefore, we 1) approximated the
orientation ensembles accurately with only a small number of spherical harmonic coefficients due
to the angular band-limited nature of the microscopel’, and accordingly developed methods to
enable all variables, functions, and operations to be described in the spherical harmonic domain
throughout the entire process, 2) optimized the backward projection strategy which further
greatly reduces memory and time consumption (see Supplementary Note 2 for details). With this
two-step optimization, we obtain our final reconstruction framework:
ip(r) o HS2 (r)

D
Ejotm (6) * Hp, 1 (1) 0 HO299 ()

plm

Er41,im () = Ej 1y (X) Xy iv 17)

which is termed efficient generalized Richardson-Lucy (eGRL) algorithm, abbreviated as:
14
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io hback
r+1 = €x X <W> (18)

for clarity in the following descriptions.
eGRL consists of 2 precomputed steps and 3 steps in each iteration: FBP, DV, and Update.

For the two (precomputed) steps of i ¢ hP3K and h o pPack

Eim(r) = Frs {z TRz{H};‘;‘,‘;}‘(r)}TRs{iﬁ(r)}} (19)
Himti (0) = ZﬁTM{Hﬁ,lm(r)}Tw {Hg?'crlr(l'( )} (20)

For the FBP step, with the combination of forward and back projection in e, * h o hPack,

iterations no longer go through a ‘object->image->object’ process but a direct ‘object to object
space’ transformation:

Bam®) = Fg (D HEth (B ()] ey

For the next DV step, we calculate the error map between the two projections i ¢ hP3K and
ey * h o hP2K applying spherical harmonics division:

Ellctlm(r) = zl lml m' (r)El m’(r) (22)
'm!
where:
Mlm'llml (l‘) = 21” ., lTlnrlr,l,m kl” u(r) (23)
m

in which, Gu lu m” = sz dS, Vi (8)Y 1, (8)Y 11,11 (8) is the real Gaunt coefficient calculated by

spherical harmonics function Y,,,(8). Note that Mlm 'm’ is the inverse of the matrix between Im

and I'm’ channels.

For the final Update step, the k-th estimation is updated by the error map Eq. (22)and then we
obtain the (k+1)-th estimate:

Ek+1’lm(r) = Z Z I lll Ekl (F)E”c”lumu(r) (24)
llml lllmll

The entire eGRL iteration is given by:

fork =0,1,2,...,N
io hback
€p+1 = € X (ek *ho hback) (25)
end

where the iteration number N is recommended to be set to 10-20 based on empirical
observation. And the initial estimation is usually a uniform angular distribution while the density
is set to the average of raw data iﬁ(r) in polarization channels:

Eo () = {Zpiﬁm’ t=0m=0 26)

0, others
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Moreover, we clarify that the baseline GRL is derived under the MLEM requirement of non-
negativity for both the system matrix and the object. Similar to the Fourier-domain
implementation of the RL algorithm, the optimized eGRL operating in the frequency and spherical
harmonics domains does not violate the non-negativity constraint in the spatial domain. In
addition, eGRL with iterative framework modified is closer to Iterative Space Reconstruction
Algorithm (ISRA, which minimizes a least-squares objective)? than RL, however, our simulations
show that GRL and eGRL performs similarly under Poisson noise (Supplementary Fig. 4).

For dual-view polarized microscopes, e.g. pol-diSPIM, eGRL can be extended by alternately
considering polarization modulations in each view:

fork =0,1,2,..,N:
i, th‘Ck
€r* hv1 ° hB?Ck>
l-(vz) o thCk >

emy x hy, o hBZaCk

My = € X <
(27)

€x+1 = €My X <

end

where the initial estimation is given by the average of images in polarization and view channels:

.(v1) . (v2)
i (r)+z i), 1=0,m=0
Eoim(r) = {zﬁ P pr (28)
0,

others

We recommend 10-iteration alternating dual-view eGRL deconvolution as a good rule of
thumb in pol-diSPIM to balance processing time and spatio-angular resolution.

Comparing methods
The ablated eGRL-p (spatial and angular decoupling)

For a series of polarization images without spatial blurring, each independent pixel can provide
an angular estimate based on the pixel-level intensity under different polarization modulations.
But for optical images blurred with point spread function, we developed the eGRL scheme for
spatio-angular joint estimation. To verify the superiority of this coupling, we designed an ablation
experiment of splitting the density and orientation estimation with the following steps:

1) Density estimation. We apply RL deconvolution to each polarization channel and obtain a
series of polarization images with spatial blurring recovered.

2) Orientation estimation. We hypothesize that pixels in the deconvolved images are
independent, so these can be reconstructed to give angular estimates based on the pixel-level
intensity under different polarization modulations. We term this pixel-wise angular estimation
method derived from eGRL as eGRL-p:

25 hp(r,8,)ip(r)
fgz dgo [Zﬁ hﬁ (l', §o)h]3 (l', §o)]ek (l', §o)

Further, we perform calculations in the spherical harmonics domain:

ek+1(rr §0) = ek(rr §0) X (29)

For precomputation steps, including hyperspace BP operation and the FBP operator:
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Ein(®) = ) HREK®i5(0) (30)

HlCT(r)ll m! (0) = ZAHﬁ,lm(r)Hﬁ,l’m’(r) (31)
p
For the FBP step:
Ellc,lm(r) = Zl’ lcr(r)lr?m (r)Ekl m’(r) (32)
m
For the DV step:
Ellctlm(r) = zl’ lml m' (r)El m’(r) (33)
m
Mlm,l’m' (r) = 2 Gmlu ],(,lumu(r) (34)
l”m”
For the final update step:
Ek+1,lm(r) = z Z G;'lllrlr}lm Ek,l’m’ (r)E;(Illlmll(r) (35)
llml lllmll ’

Analytical solution based on singular value decomposition (SVD)

The forward imaging process of polarized fluorescence microscope, as described in Eq. (1), can
also be written in frequency and spherical harmonics domain as:

)= ) Hinp(®)Fin(v) (36)
m
Then rewrite R-rank H;,,, in terms of its SVD:
R
BO) =) 1 Viep® D Uum@©Fi (W) (37)
k=1 m
a Tikhonov pseudoinverse can be directly applied for estimation:
e (V)
F,(v Z ——U v Z Vis(0)I5(v 38
@ =D iy Ve ®) ), Vi) (38)

For dual-view polarization imaging, SVD requires us to concatenate the dipole PSFs of two
views in polarization channel, and perform the same operation for the images. Then execute the
original process:

R
Hinp(®) = ) i 0)Vip(0)Uiim (0) (39)
R
Fum (0) = Ek:mi‘z’;%vk,lm(v>zﬁem MZOND (40)

The regularization parameter 7 for simulation data is optimized by searching from 1078 to
109 in a step of 10%. The optimal value is determined by evaluating the reconstruction quality
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using PSIM indicators compared with GT. For experimental pol-diSPIM data, 17 is manually set to
~ 0.1 empirically according to the visual reconstruction noise and prior biological information.

Experimental data configuration
Polarized dual-view light sheet microscope (pol-diSPIM)

The pol-diSPIM system has been described in our previous paper®. It is built on an asymmetric
dual-view light sheet geometry with a pair of water-immersion objectives: a 25x, 1.1 NA lens, and
a 28.6x%, 0.67 NA lens. The system is equipped with 3 lasers (488 nm, 561 nm, and 640 nm) for
multicolor imaging. The dual-view optics are designed for 50x and 28.6x maghnification,
respectively, with object-space pixel sizes of 130 nm and 227 nm. While capable of operating as a
conventional dual-view light sheet microscope?’, the system offers additional functions to
perform polarization modulations in the excitation paths by: (1) a liquid crystal (LC) module in
each excitation path to customize the polarization orientation of the laser beam, and (2) a MEMS
mirror to steer the beam propagation and tilt the illumination light sheet (Supplementary Fig. 9).
The LC modules and MEMS mirrors together enable the system to explore a large set of possible
polarization modulations (Supplementary Table 1).

Pol-diSPIM data acquisition and pre-processing

Data acquisition. The pol-diSPIM system has three degrees of freedom that can be used to
estimate the orientation of the imaged molecules: transverse illumination polarizations,
illumination tilt angles, and imaging views. We modulate the illumination beam’s transverse
polarization with an LC module and modulate the tilt of the illumination beams with the MEMS
mirror in either path.

We acquired volumetric data by scanning the sample stage through a stationary light sheet,
acquiring fluorescence images with 15-50 ms exposures and 1 um per stage step for each image.
We acquired image volumes in both views before we changed the polarization/tilt state and
acquired the next pair of volumes from both views. For multicolor imaging, all views, polarizations,
and tilts for one color were acquired, followed by all views, polarizations, and tilts for the next
color until all colors were acquired. In summary, we acquired datasets with as many as eight
dimensions, and each dimension was collected in a loop in the following order from fastest to
slowest: camera frame, stage scan positions, views, polarization/tilts, colors, and time points.

Data pre-processing. A) Deskewing. Since volumetric data were acquired by scanning the
sample stage, raw images were deskewed, then cropped to save storage and computational
expense. B) Registration. After deskewing, the two view images were interpolated and upsampled
to anisotropic voxel size of 130 nm x 130 nm x 130 nm. Then View B (1.1 NA objective illumination
and 0.67 NA objective detection) images were rotated by -90 degrees about the y-axis so that
they were coarsely aligned to View A (0.67 NA objective illumination and 1.1 NA objective
detection) images. To estimate a registration transformation, we averaged the volumes acquired
under different illumination conditions (polarizations, tilts) into a single volume for each view,
then estimated the 12-dimensional affine transformation that maximized the cross correlation of
the two volumes. Finally, we applied the estimated transformation to all of the raw data volumes
acquired in view B. All optimizations and transformations were performed with GPU-based 3D
affine registration routines. c) Calibration. The use and realignment of the microscope may cause
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measurable drift of the illumination states, so we acquire the calibration data from a spatially and
angularly uniform sample, an auto-fluorescent plastic slide (Chroma 92001) for the average
intensity gz(f,?l) under different polarization p and view v. Then, due to the cos? relationship
between polarization angle and intensity, we calculate the phase shift of polarization by fitting
this curve to obtain the deviation between the actual polarization angle and the program set.
After getting the actual polarization angle, we generated the system dipole PSF and simulated the

ideal average data gz(,l,?,ke) for imaging fluorescent lake (uniform intensity, isotropy ODF) under the

same instrument configuration. The raw data ggsw) (r) could be corrected by the following form:
(cal) (lake)
gp U gp,v
Ipr (1) = ggsw) (r) (gal) (lake) (1)
p,v Po,v

Computer hardware

All the simulation, PSF generation, and reconstruction algorithms (SVD, eGRL-P, eGRL) were
implemented with Python version 3.9 in Windows 10 Pro 22H2 operating system.

The tests were performed with CPU multithreads parallel computing for acceleration (using
the Joblib 1.1.0 package) or GPU-based acceleration (using the Cupy 8.3.0 package), on a
computer workstation equipped with 1 TB memory, 2 Intel Xeon Platinum 8369B 2.90GHz CPU
(totally 64 Cores / 128 Threads), and one Nvidia GeForce GTX 4090 GPU with 24 GB memory.

GPU-based postprocessing pipeline for large polarization data

We developed a postprocessing pipeline that can reconstruct the registered large datasets
imaged with pol-diSPIM, applied to all experimental data in this paper. Such datasets themselves
may only occupy a few to tens of gigabytes, which is only a moderate burden for intensity
deconvolution, but requires dozens of times more memory and runtime to support spatio-angular
reconstruction. For example, a ~2.2 GB dataset (300x300x300 voxels x 42 polarization
modulations, 16-bit float) corresponds to a ~127 GB dipole OTF matrix (300x300x300 voxels x 42
polarization modulations x 15 spherical harmonics coefficients, 64-bit complex), with a peak
memory usage of ~283GB and a ~120 s time cost per iteration.

First, cropping for reconstruction. The raw data (assuming the shape is LxWxH voxels x P
polarization modulations) is cropped sequentially along the x, y, z axes to a series of sub-volumes
and then sent to the GPU-based reconstruction module. The transfer of data between the CPU
and GPU memory is time-consuming. To avoid excessive transfer when possible, the shape of each
sub-volume should be carefully preset. For our 24 GB memory GPU device and P=42, we set it to
100x100x100x42 with a 10% redundancy for each boundary, ensuring that any single block cost
just ~0.28 s per iteration accelerated by GPU (previously ~10.1 s per iteration by 128-thread
parallel computing).

Then, stitching for fusion. The reconstructed blocks (each one has a 100x100x100 voxels x15
spherical harmonics coefficients) are placed back to the original position. They are fused by
performing linear blending between the overlapping regions. We create a weight mask, multiply
the blocks by the weight mask, and then sum the resulting weighted blocks together. The fusion
process ensures that there are no obvious boundaries or edge artifacts at the stitching edges.
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The 300x300x300x42 data (cropped into 48 sub-volumes) will just require a ~2 min runtime
for 10 iterations (with another ~8.5s for stitching), in comparison to the previous ~80 minutes.
This pipeline can also be used as a plugin in other preprocessing (cropping, registration)
frameworks, e.g., our earlier pipeline for large cleared-tissue data imaged with diSPIM®°,

Spatio-angular analysis methods
Subset maps of ODFs

Assume that we have a spatio-angular distribution F; ,, (r) or f(r, §), then density map is an
orientation-independent spatial statistic, giving the estimated number of fluorophores at each
spatial point:

p(r) = Fyo(r) (42)
Peak orientation maps represent the most probable direction for fluorophores in each voxel:
S(Peald) (1) = argmax f (T, §) (43)

s

Principal orientation is the maximum projection direction of ODF, comprehensively
considering all the local peaks and demonstrating the overall alignment of ODF. The principal
orientation map is given by:

S (principal) () — argmaxZIﬁ -8'|f(r,8") (44)
$ o/
S

Generalized fractional anisotropy is a biological metric for one single ODF, indicating how
oriented the dipoles are. The GFA map of the sample can be computed as:

[Fo,o (1‘)]2

GFA(r) = |1-—
Yim[Fim (l‘)]z

(45)

Furthermore, Order parameter is how oriented dipoles are with respect to a special direction 7.
The entire OP map can be computed as:

a1 & _
OP(r, ) = > Eam @Yo m@® (46)
=—2

5 FO,O m

Quantitative analysis

For all simulation datasets, we take the whole density map to evaluate the SSIM on eGRL
outputs and ground truths with a Python package (scikit-image, v0.18.3).

Structural similarity index measure (SSIM) for density images is defined as:

(ZMean(pGT(r))Mean(po(r)) + Cl)(ZCOV(pGT(I‘),pO (r)) + Cz)
(Mean2 (pGT(r)) + Mean? (po (r)) + Cl)(Varz(pGT (r)) + Var? (po (r)) + Cz)
where GT and O are the density maps of ground truth and eGRL output; and C; and C, are small
constants that prevent the denominator from becoming zero.
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Orientation-distribution-function similarity index measure (OSIM) is a new index we define to
measure the average spatial difference of the shape of ODFs over the entire volume, where r and
S are the discrete spatial points and orientations:

1 1 ) .
card(r) zr \]card(g) zg[fGT (r,8) — fo(r,9)]? (48)

where fgr and f are the spatio-angular distribution of ground truth and eGRL output; card(r)
and card(8S) are the number of elements in r and §.

OSIM=1 -

Orientation-distribution-function normalized cross-correlation (ONCC) is a new index we
define to measure the spatial-average similarity on the shape of ODFs computed over the entire
volume:

1 [fer(r,8) — Meang(for(r, 8))][fo(r, 8) — Meang(fo (r,9))]
ONCC = card(r) zr (49)

Varg (fGT (I‘, §))Var§ (fo (rr §))

Peak-orientation similarity index measure (PSIM) is a new index we define to measure the
spatial-average difference of the direction of peak orientations over the entire volume:

1 X X
PSIM = s z dot (sg;eam (r), §Pea (r)) (50)
r

Simulation of phantom objects

To evaluate the quality and performance of eGRL (relative to other reconstruction algorithms),
we generated four types of 3D phantoms with well-designed angular distributions in Python.

Single shell phantom in a 64x64x64 volume. The initial shell has a 1-voxel thickness, 30-voxel
radius, and uniform density distribution, which is then blurred by a Gaussian filter with sigma=2
for smoothing the boundary. ODFs are attached to each voxel with the same GFA but varying
dipole moments parallel to the radial direction.

Multiple solid spheres are randomly located in a 128x128x128 volume. The spheres were
generated with random central density (500-900 counts, decaying under a Gaussian function from
center to edge) and random radius (2-6 voxels). Peak orientations at each voxel are parallel to the
radial direction of its sphere.

Three single-helix phantoms in a 64x22x22 or a 64x64x64 volume, sampled at 130nm isotropic
voxel resolution. They rotated along the x, y, z axes separately, but all have a 20x20x20 bounding
box and are placed equidistant along the x axis. Each of them has a uniform density (with 600nm
radius and 1000nm pitch) but a monotonically varying polarization distribution. Each dipole
moment is parallel to the tangential direction of the helix.

Two double-helixes phantoms in a 128x128x128 volume, sampled with 130 nm isotropic
voxels. Inside each phantom, two helices are arranged like a DNA structure with a specific relative
distance between them. Each of them has a uniform density (with 600 nm radius and 1000 nm
pitch) but varying polarization distribution (GFA increases from bottom to top). The two phantoms
separately have a 554 nm and 478 nm inner space, 7020 nm and 7280 nm pitch, and the same
600 nm radius. Also, each dipole moment is parallel to the tangential direction of the helix.
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Typically noise-free data S were synthetically generated from phantoms and then corrupted
with Poisson noise N,,. The SNR (dB) of simulated noisy raw data can be computed as:

Mean(S?)

SNR(dB) = 10 X log;g —————~
( ) 810 Mean(Ng)

D

where Mean(.) is used to compute the mean value of the volumes.

Mimic polarized beads dataset based on non-polarized beads images

100 nm yellow green beads were captured using an asymmetric diSPIM with a pair of 1.1NA
and 0.67NA objectives with no polarization modulation, noted as bead,, (r), with v indicating
each view.

In calibration, the average response of fluorescent lake (uniform intensity, isotropy ODF) to

polarization state p and view v is calculated to gz(,l,?,ke). We assume that fluorophores in the beads

are randomly oriented, so there’s merely a global intensity change between the images under
polarized and non-polarized illumination. Hence, we scaled the overall intensity of non-polarized
beads images by the factor calculated from calibration fluorescent lake, to obtain synthetic beads
images that would mimic the measurement from polarization p and view v:

g(lake)
bead,, ,,(r) = bead, (r) x % (52)

Po,Vo

Sample preparation
Bead samples

Glass coverslips (24 mm x 60 mm, #1.5, Electron Microscopy Sciences, 63793-01) were cleaned
with clean water and coated with 0.1% poly(I-lysine) (Sigma-Aldrich, P8920) for 10 minutes. 100
nm diameter yellow-green beads (Thermo Fisher Scientific, F8803) were diluted ~ 10° -fold, and
20 plL added to the coverslip. After 10 minutes, the coverslip was washed three times with clean
water before imaging. Beads were used to obtain measured estimates of the system PSF, which
in turn were used to guide the generation of theoretical PSFs.

Giant unilamellar vesicles samples

We prepared giant unilamellar vesicles (GUVs) via electroformation®-%2, We coated a coverslip
with 20 plL cBSA, waited for ~ 15 minutes at room temperature for it to dry into a thin layer, then
washed three times with distilled water. We mixed 2 plL of FM1-43 (ThermoFisher, a membrane
crossing dye with a dipole transition moment oriented normal to the membrane®) and 40 pL of
GUV solution in a 1.5 mL tube, transferred the solution to the cBSA coated coverslip, and waited
for ~20 minutes for GUVs to settle. Finally, we placed the coverslip in the imaging chamber, filled
it with sucrose solution, and waited ~ 12 hours, covered with a thin film to reduce evaporation,
before imaging.

Fixed plant xylem samples
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Xylem cells were prepared by inducing tobacco (Nicotiana tabacum) BY-2 cells to differentiate
into tracheary elements, as described by Yamaguchi et al.®*. Briefly, cells were cultured with
standard methods for BY-2%. A stable cell line was generated in which a transcription factor
(VND7), driven by an inducible promoter (dexamethasone), had been integrated into the genome.
Four days after adding 1 uM dexamethasone to the culture, cells were collected, stained for 30
minutes with 0.02% fast scarlet in growth medium, rinsed in growth medium, adhered to poly-L-
lysine coated coverslips, and air dried. Fast scarlet binds cellulose in an oriented manner®®,

Fixed U20S cells with labelled actin

U20S cells (American Type Culture Collection, HTB-96) were cultured in DMEM media (Lonza,
12-604F) supplemented with 10% FBS (Thermo Fisher Scientific, A4766801) at 37°C and 5% CO2
on coverslips. Cells were fixed by 2% paraformaldehyde (Electron Microscopy Sciences, 15711) in
1x PBS at room temperature for 15 minutes and rinsed three times with 1x PBS. Cells were
incubated with Alexa Fluor 488 phalloidin (Invitrogen, A12379, 1:50 dilution in 1x PBS) for 1 hour
at room temperature and rinsed three times with 1x PBS before imaging.

Fiber network manufacturing

Polystyrene fibers were manufactured using the non-electrospinning spinneret-based tunable
engineered parameters (STEP) platform as previously reported®”%8, Polystyrene of two different
molecular weights (Agilent, Mw = 15 x 10° g/mol and Polystyrene Standard, Mw = 2.5 x 10° g/mol)
was dissolved in xylene (Carolina Chemicals) to form polymeric solutions at 5% (w/w). Additionally,
20 pL of 1 mg/mL of BDP FL Maleimide dye (Lumiprobe) was added to the polymer solutions to
get fluorescent fibers. Fibers were spun on hollow 5 x 5 mm metal scaffolds. The first layer of
fibers deposited were large diameter fibers ~ 2 um (Mw = 15 x 10° g/mol) followed by an
orthogonal layer of 200 nm (Mw = 2.5 x 10°® g/mol) fibers with spacing varying from 7 to 20 um to
achieve a variety of cell shapes (elongated on single fibers and parallel-shaped cells on two or
more fibers)®®7?, Additionally, crosshatch networks of 200 nm fiber diameters were also prepared
with spacing varying from 7 to 20 um*72 to achieve polygonal and kiteshaped cells on multiple
fibers. The fiber networks were fused at junctions using a custom-built chemical fusing chamber.

Cell culture and seeding on fiber networks

3T3 mouse fibroblasts (ATCC) were grown in Dulbecco’s modified Eagle’s medium (Corning)
supplemented with 10% fetal bovine serum (Corning) in T25 flasks (Thermo Scientific). The cells
were grown in an incubator kept at 37°C and 5% CO2. The nanofiber network scaffolds were
tacked on a cover glass (VWR, 24 x 60 mm No. 1.5) with the help of high-vacuum grease (Dow
Corning). Next, the scaffolds were sterilized with 70% ethanol for 10 minutes followed by
Phosphate Buffer Solution (PBS) washes (two times). Next, the scaffold was coated with 4 pug/mL
bovine fibronectin (Sigma Aldrich) in PBS for at least one hour to promote cell adhesion. Cells
were then seeded onto the scaffolds with a seeding density of 300,000 cells/mL and were allowed
to spread onto the fibers for a few hours followed by the addition of 3 mL of media. Cells were
allowed to further spread for an additional 24 hours before fixation.
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Immunostaining cells on fiber networks

NIH3T3 cells were fixed with 4% paraformaldehyde in PBS (Santa Cruz Chemicals) for 15
minutes. The cells were then washed with PBS twice and then permeabilized with 0.1% Triton X-
100 solution. Following two PBS washes, the cells were blocked with 5% goat serum (Fisher
Scientific) for 30 minutes. Next, conjugated antibody Alexa Fluor 568 Phalloidin (1:100, Thermo
Fisher) diluted in antibody dilution buffer was added to the cells. After one hour, the cells were
washed with PBS (3%, 5 minutes each). The sample was then covered in 2 mL of Live Cell Imaging
Media (Thermo Fisher) for imaging.

Fixed Hela cells with labeled actin

Hela cells (American Type Culture Collection, HTB-96) were cultured in DMEM media (Lonza,
12-604F) supplemented with 10% FBS (Thermo Fisher Scientific, A4766801) at 37 °C and 5% CO2
on coverslips. Cells were fixed by 2% paraformaldehyde (Electron Microscopy Sciences, 15711) in
1x PBS at room temperature for 15 minutes, permeabilized with 0.2% Triton-X 100 (Sigma, 648463)
in 1x PBS for 5 minutes and rinsed three times with 1x PBS. Cells were incubated with Alexa Fluor
488 phalloidin (Invitrogen, A12379, 1:50 dilution in 1x PBS) for 1 hour at room temperature and
rinsed three times with 1x PBS before imaging in 1X live imaging solution (Thermofisher,
A59688D)).

Live Hela cells with labeled actin

Live Hela cells (American Type Culture Collection, HTB-96) were incubated with DMEM
medium (Lonza, 12-604F) containing 10% FBS (Thermo Fisher Scientific, A4766801) and 500nM of
SiR-Actin (Cytoskeleton, CY-SC001) for 2 hours at 37 °C with 5% CO2. After labeling, cells were
incubated in 1x live cell imaging solution for imaging.

Live Macrophage cells with labeled membrane

RAW264.7 mouse macrophages were maintained in RPMI 1640 (ATCC modification, Gibco,
A1049101) with 10 % heat-inactivated FBS (R&D Systems, S12550H) at 37°C with 5% CO2. For
imaging, cells were stimulated with 100 ng/ml PMA (Sigma, P1585) in RPMI without phenol red
(ThermoFisher, 11835030) supplemented with 0.5 mM ascorbic acid (Sigma, A4544) to minimize
photoxicity due to increased oxidative stress. Cells were labeled with 5 mM FM1-43 at room
temperature for 2 minutes and rinsed with imaging media and immediately imaged in imaging
media.

Live U20S cells with labeled membrane

Live U20S cells expressing RFP-PH were incubated with pre-chilled Hank’s balanced salt
solution (HBSS) containing 5 pg/mL FM1-43 (Thermofisher, T3163) on ice for 2 minutes and rinsed
by 1x live cell imaging solution (Thermofisher, A59688DJ) 3 times. Cells were incubated in the 1x
live cell imaging solution for imaging.
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Data and code availability

The source code of this manuscript is available at https: https://github.com/ejunyuliu/PFM-
tool. The data that support the findings of this study are included in Figs. 1-5, Supplementary Figs.
1-23 and Supplementary Videos 1-16. Representative data to test the code are publicly available
at https: https://doi.org/10.5281/zen0do.17033756; other datasets are available from the
corresponding author upon request.

Acknowledgments

The instrumentation and data acquisition were performed at the National Institute of
Biomedical Imaging and Bioengineering, within the intramural program of the US National
Institutes of Health. We thank Abhishek Kumar and Rudolf Oldenbourg for their assistance in
building the pol-diSPIM system, and Harshad Vishwasrao for his assistance in maintaining the pol-
diSPIM system. This research was supported by the National Natural Science Foundation of China
(62427807, 62475232, 62405269, 6240030418), the Talent Program of Zhejiang Province
(2021R51004), the Leading Innovative and Entrepreneur Team Introduction Program of Zhejiang
(2024R01001), the Postdoctoral Fellowship Program of CPSF (GZB20230626), and the Howard
Hughes Medical Institute (HHMI). This article is subject to HHMI’s Open Access to Publications
policy. HHMI laboratory heads have previously granted a non-exclusive CC BY 4.0 license to the
public and a sub-licensable license to HHMI in their research articles. Pursuant to those licenses,
the author-accepted manuscript of this article can be made freely available under a CC BY 4.0
license immediately upon publication.

Author contributions

Conceived project: H.S., H.L., M.G. Implemented algorithms: J.L., T.C, P.L-R., H.L., M.G. Wrote
software: J.L., T.C, M.W, Y.L., M.G. Designed experiments: J.L.,, T.C, Y.W., T.L.B., R.F,, V.S., AN,
S.M,, P.L-R., H.S., H.L., M.G. Prepared samples: A.A,, Y.S,, J.C, T.l.B., V.J,, R.F., M.G. Performed
experiments: J.L.,, A.A,,Y.S,,Y.W,, J.C,, R.F., M.G. Performed data analysis: J.L., T.C, Y.L, M.W,, P.X,,
H.Y., W.Z.,, M.G. Wrote manuscript: J.L., H.L. and M.G., with advice from all authors. Provided
biological insight and advice: A.A., T.l.B., R.F., V.S., A.N., S.M. Supervised research: V.S., A.N., S.M,,
P.L-R., H.S,, H.L., M.G.

Competing interests statement

The authors declare no competing interests.

25


https://github.com/ejunyuliu/PFM-tool
https://github.com/ejunyuliu/PFM-tool
https://doi.org/10.5281/zenodo.17033756

958
959

960

961

962

963

964

965

966

967

968

969

970

971

972

973

974

975

976

977

978

979

980

Reference

1. Ding, T., Wu, T., Mazidi, H., Zhang, O. & Lew, M. D. Single-molecule orientation localization

microscopy for resolving structural heterogeneities between amyloid fibrils. Optica, OPTICA

7, 602-607 (2020).

. Zhang, O. et al. Six-dimensional single-molecule imaging with isotropic resolution using a

multi-view reflector microscope. Nat. Photon. 17, 179-186 (2023).

. Ly, J.,, Mazidi, H., Ding, T., Zhang, O. & Lew, M. D. Single-Molecule 3D Orientation Imaging

Reveals Nanoscale Compositional Heterogeneity in Lipid Membranes. Angewandte Chemie

International Edition 59, 17572-17579 (2020).

. Hulleman, C. N. et al. Simultaneous orientation and 3D localization microscopy with a Vortex

point spread function. Nat Commun 12, 5934 (2021).

. Rimoli, C. V., Valades-Cruz, C. A, Curcio, V., Mavrakis, M. & Brasselet, S. 4polar-STORM

polarized super-resolution imaging of actin filament organization in cells. Nat Commun 13,

301 (2022).

. Axelrod, D. Chapter 12 Fluorescence Polarization Microscopy. in Methods in Cell Biology (eds

Taylor, D. L. & Wang, Y.-L.) vol. 30 333-352 (Academic Press, 1989).

. Inoué, S., Shimomura, O., Goda, M., Shribak, M. & Tran, P. T. Fluorescence polarization of

green fluorescence protein. Proceedings of the National Academy of Sciences 99, 4272—

4277 (2002).

. Vrabioiu, A. M. & Mitchison, T. J. Structural insights into yeast septin organization from

polarized fluorescence microscopy. Nature 443, 466-469 (2006).

. DeMay B. S. et al. Septin filaments exhibit a dynamic, paired organization that is conserved

from yeast to mammals. J Cell Biol 193, 1065-1081 (2011).

26



981

982

983

984

985

986

987

988

989

990

991

992

993

994

995

996

997

998

999

1000

1001

1002

1003

1004

10.

11.

12.

13.

14,

15.

16.

17.

18.

Abrahamsson, S. et al. MultiFocus Polarization Microscope (MF-PolScope) for 3D
polarization imaging of up to 25 focal planes simultaneously. Opt. Express, OF 23, 7734—
7754 (2015).

Bigelow, C. E., Conover, D. L. & Foster, T. H. Confocal fluorescence spectroscopy and
anisotropy imaging system. Opt. Lett., OL 28, 695—-697 (2003).

Li, W., Wang, Y., Shao, H., He, Y. & Ma, H. Probing rotation dynamics of biomolecules using
polarization based fluorescence microscopy. Microscopy Research and Technique 70, 390—
395 (2007).

Gasecka, A., Han, T.-J., Favard, C., Cho, B. R. & Brasselet, S. Quantitative Imaging of
Molecular Order in Lipid Membranes Using Two-Photon Fluorescence Polarimetry.
Biophysical Journal 97, 2854—-2862 (2009).

Lazar, J., Bondar, A., Timr, S. & Firestein, S. J. Two-photon polarization microscopy reveals
protein structure and function. Nat Methods 8, 684—-690 (2011).

Kampmann, M., Atkinson, C. E., Mattheyses, A. L. & Simon, S. M. Mapping the orientation of
nuclear pore proteins in living cells with polarized fluorescence microscopy. Nat Struct Mol
Biol 18, 643-649 (2011).

Zhanghao, K. et al. Super-resolution imaging of fluorescent dipoles via polarized structured
illumination microscopy. Nat Commun 10, 4694 (2019).

Chandler, T., Shroff, H., Oldenbourg, R. & Riviere, P. L. Spatio-angular fluorescence
microscopy Il. Paraxial 4f imaging. J. Opt. Soc. Am. AJournal of the Optical Society of America
A 36, 1346-1360 (2019).

Chandler, T. et al. Volumetric imaging of the 3D orientation of cellular structures with a
polarized fluorescence light-sheet microscope. Proceedings of the National Academy of

Sciences 122, e2406679122 (2025).

27



1005

1006

1007

1008

1009

1010

1011

1012

1013

1014

1015

1016

1017

1018

1019

1020

1021

1022

1023

1024

1025

1026

1027

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

Lew, M. D. Painting rich six-dimensional pictures using polarized fluorescence microscopy.
Proceedings of the National Academy of Sciences 122, €2501914122 (2025).

Mehta, S. B. et al. Dissection of molecular assembly dynamics by tracking orientation and
position of single molecules in live cells. Proceedings of the National Academy of Sciences
113, E6352-E6361 (2016).

McQuilken, M. et al. Analysis of Septin Reorganization at Cytokinesis Using Polarized
Fluorescence Microscopy. Front. Cell Dev. Biol. 5,252914 (2017).

Mattheyses, A. L., Kampmann, M., Atkinson, C. E. & Simon, S. M. Fluorescence Anisotropy
Reveals Order and Disorder of Protein Domains in the Nuclear Pore Complex. Biophysical
Journal 99, 1706-1717 (2010).

Shepp, L. A. & Vardi, Y. Maximum Likelihood Reconstruction for Emission Tomography. I[EEE
Transactions on Medical Imaging 1, 113-122 (1982).

M. -T., L. M. Spherical Harmonics: an Elementary Treatise on Harmonic Functions, with
Applications. Nature 121, 318-318 (1928).

Daube-Witherspoon, M. E. & Muehllehner, G. An Iterative Image Space Reconstruction
Algorthm Suitable for Volume ECT. IEEE Transactions on Medical Imaging 5, 61-66 (1986).
Homeier, H. H. H. & Steinborn, E. O. Some properties of the coupling coefficients of real
spherical harmonics and their relation to Gaunt coefficients. Journal of Molecular Structure:
THEOCHEM 368, 31-37 (1996).

Richardson, W. H. Bayesian-Based Iterative Method of Image Restoration. J. Opt. Soc. Am.,
JOSA 62, 55-59 (1972).

Lucy, L. B. An iterative technique for the rectification of observed distributions.

Astronomical Journal, Vol. 79, p. 745 (1974) 79, 745 (1974).

28



1028

1029

1030

1031

1032

1033

1034

1035

1036

1037

1038

1039

1040

1041

1042

1043

1044

1045

1046

1047

1048

1049

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Kumar, A. et al. Dual-view plane illumination microscopy for rapid and spatially isotropic
imaging. Nat Protoc 9, 2555-2573 (2014).

Wu, Y. et al. Spatially isotropic four-dimensional imaging with dual-view plane illumination
microscopy. Nat Biotechnol 31, 1032-1038 (2013).

Hoerl, A. E. & and Kennard, R. W. Ridge Regression: Biased Estimation for Nonorthogonal
Problems. Technometrics 12, 55-67 (1970).

Gruber, M. Improving Efficiency by Shrinkage: The James--Stein and Ridge Regression
Estimators. (Routledge, New York, 2017). doi:10.1201/9780203751220.

Wu, Y. et al. Inverted selective plane illumination microscopy (iSPIM) enables coupled cell
identity lineaging and neurodevelopmental imaging in Caenorhabditis elegans. Proceedings
of the National Academy of Sciences 108, 17708—-17713 (2011).

Huisken, J. & Stainier, D. Y. R. Even fluorescence excitation by multidirectional selective
plane illumination microscopy (mSPIM). Opt. Lett., OL 32, 2608—-2610 (2007).

Witkowska, A., Jablonski, L. & Jahn, R. A convenient protocol for generating giant
unilamellar vesicles containing SNARE proteins using electroformation. Sci Rep 8, 9422
(2018).

Li, Y. et al. Incorporating the image formation process into deep learning improves network
performance. Nat Methods 19, 1427-1437 (2022).

Harley, B. A. C. et al. Microarchitecture of Three-Dimensional Scaffolds Influences Cell
Migration Behavior via Junction Interactions. Biophysical Journal 95, 4013—4024 (2008).
Friedl, P. & Wolf, K. Plasticity of cell migration: a multiscale tuning model. Journal of Cell

Biology 188, 11-19 (2009).

29



1050

1051

1052

1053

1054

1055

1056

1057

1058

1059

1060

1061

1062

1063

1064

1065

1066

1067

1068

1069

1070

1071

1072

1073

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

Carey, S. P., Kraning-Rush, C. M., Williams, R. M. & Reinhart-King, C. A. Biophysical control of
invasive tumor cell behavior by extracellular matrix microarchitecture. Biomaterials 33,
4157-4165 (2012).

Sadhu, R. K. et al. Experimental and theoretical model for the origin of coiling of cellular
protrusions around fibers. Nat Commun 14, 5612 (2023).

Mukherjee, A. et al. Actin Filaments Couple the Protrusive Tips to the Nucleus through the I-
BAR Domain Protein IRSp53 during the Migration of Cells on 1D Fibers. Advanced Science
10, 2207368 (2023).

Sheets, K., Wunsch, S., Ng, C. & Nain, A. S. Shape-dependent cell migration and focal
adhesion organization on suspended and aligned nanofiber scaffolds. Acta Biomaterialia 9,
7169-7177 (2013).

Jana, A. et al. Crosshatch nanofiber networks of tunable interfiber spacing induce plasticity
in cell migration and cytoskeletal response. The FASEB Journal 33, 10618—-10632 (2019).
Sarkar, A. et al. Confinement in fibrous environments positions and orients mitotic spindles.
PNAS Nexus 4, pgaf201 (2025).

Sharma, S. et al. Mechanical cues guide the formation and patterning of 3D spheroids in
fibrous environments. PNAS Nexus pgaf263 (2025) doi:10.1093/pnasnexus/pgaf263.

Vasita, R. & Katti, D. S. Nanofibers and their applications in tissue engineering. Int J
Nanomedicine 1, 15-30 (2006).

Ray, A. & Provenzano, P. P. Aligned forces: Origins and mechanisms of cancer dissemination
guided by extracellular matrix architecture. Current Opinion in Cell Biology 72, 63—71 (2021).
Durgam, S., Singh, B., Cole, S. L., Brokken, M. T. & Stewart, M. Quantitative Assessment of
Tendon Hierarchical Structure by Combined Second Harmonic Generation and

Immunofluorescence Microscopy. Tissue Engineering Part C: Methods 26, 253-262 (2020).

30



1074

1075

1076

1077

1078

1079

1080

1081

1082

1083

1084

1085

1086

1087

1088

1089

1090

1091

1092

1093

1094

1095

49,

50.

51.

52.

53.

54,

55.

56.

57.

Schakenraad, K. et al. Mechanical interplay between cell shape and actin cytoskeleton
organization. Soft Matter 16, 6328-6343 (2020).

Swaminathan, V. et al. Actin retrograde flow actively aligns and orients ligand-engaged
integrins in focal adhesions. Proceedings of the National Academy of Sciences 114, 10648—
10653 (2017).

Loison O. et al. Polarization-resolved microscopy reveals a muscle myosin motor-
independent mechanism of molecular actin ordering during sarcomere maturation. PLOS
Biology 16, €2004718 (2018).

Fischer, R. S., Lam, P.-Y., Huttenlocher, A. & Waterman, C. M. Filopodia and focal adhesions:
An integrated system driving branching morphogenesis in neuronal pathfinding and
angiogenesis. Developmental Biology 451, 8695 (2019).

Michiels, R., Gensch, N., Erhard, B. & Rohrbach, A. Pulling, failing, and adaptive
mechanotransduction of macrophage filopodia. Biophysical Journal 121, 3224-3241 (2022).
Hu, X. et al. Release of cholesterol-rich particles from the macrophage plasma membrane
during movement of filopodia and lamellipodia. eLife 8, e50231 (2019).

Schote, U. & Seelig, J. Interaction of the neuronal marker dye FM1-43 with lipid membranes:
Thermodynamics and lipid ordering. Biochimica et Biophysica Acta (BBA) - Biomembranes
1415, 135-146 (1998).

Colom, A. et al. A fluorescent membrane tension probe. Nature Chem 10, 1118-1125
(2018).

Carravilla, P. et al. Measuring plasma membrane fluidity using confocal microscopy. Nat

Protoc 20, 1976-2004 (2025).

31



1096

1097

1098

1099

1100

1101

1102

1103

1104

1105

1106

1107

1108

1109

1110

1111

1112

1113

1114

1115

1116

1117

1118

1119

58.

59.

60.

61.

62.

63.

64.

65.

66.

Zenisek, D., Steyer, J. A., Feldman, M. E. & Almers, W. A Membrane Marker Leaves Synaptic
Vesicles in Milliseconds after Exocytosis in Retinal Bipolar Cells. Neuron 35, 1085-1097
(2002).

Martins, C. S. et al. Genetically encoded reporters of actin filament organization in living
cells and tissues. Cell 188, 2540-2559.e27 (2025).

Guo, M. et al. Rapid image deconvolution and multiview fusion for optical microscopy. Nat
Biotechnol 38, 1337-1346 (2020).

Schmid, E. M., Richmond, D. L. & Fletcher, D. A. Chapter 17 - Reconstitution of proteins on
electroformed giant unilamellar vesicles. in Methods in Cell Biology (eds Ross, J. & Marshall,
W. F.) vol. 128 319-338 (Academic Press, 2015).

Bhatia, T. et al. Preparing giant unilamellar vesicles (GUVs) of complex lipid mixtures on
demand: Mixing small unilamellar vesicles of compositionally heterogeneous mixtures.
Biochimica et Biophysica Acta (BBA) - Biomembranes 1848, 3175-3180 (2015).
Abrahamsson, S. et al. Fast multicolor 3D imaging using aberration-corrected multifocus
microscopy. Nat Methods 10, 60—-63 (2013).

Yamaguchi, M. et al. VASCULAR-RELATED NAC-DOMAING6 and VASCULAR-RELATED NAC-
DOMAIN7 Effectively Induce Transdifferentiation into Xylem Vessel Elements under Control
of an Induction System. Plant Physiology 153, 906—914 (2010).

Murata, T. & Baskin, T. I. Imaging the Mitotic Spindle by Spinning Disk Microscopy in
Tobacco Suspension Cultured Cells. in Mitosis: Methods and Protocols (ed. Sharp, D. J.) 47—
55 (Springer, New York, NY, 2014). doi:10.1007/978-1-4939-0329-0_4.

Thomas, J., Ingerfeld, M., Nair, H., Chauhan, S. S. & Collings, D. A. Pontamine fast scarlet 4B:
a new fluorescent dye for visualising cell wall organisation in radiata pine tracheids. Wood

Sci Technol 47, 59-75 (2013).

32



1120

1121

1122

1123

1124

1125

1126

1127

1128

1129

1130

1131

1132

1133

1134

1135

1136

67.

68.

69.

70.

71.

72.

Wang, J. & Nain, A. S. Suspended Micro/Nanofiber Hierarchical Biological Scaffolds
Fabricated Using Non-Electrospinning STEP Technique. Langmuir 30, 13641-13649 (2014).
Nain, A. S., Sitti, M., Jacobson, A., Kowalewski, T. & Amon, C. Dry Spinning Based Spinneret
Based Tunable Engineered Parameters (STEP) Technique for Controlled and Aligned
Deposition of Polymeric Nanofibers. Macromolecular Rapid Communications 30, 1406-1412
(2009).

Jana, A. et al. Mitotic outcomes and errors in fibrous environments. Proceedings of the
National Academy of Sciences 120, e2120536120 (2023).

Jana, A. et al. Sculpting Rupture-Free Nuclear Shapes in Fibrous Environments. Advanced
Science 9, 2203011 (2022).

Singh, J., Pagulayan, A., Camley, B. A. & Nain, A. S. Rules of contact inhibition of locomotion
for cells on suspended nanofibers. Proceedings of the National Academy of Sciences 118,
2011815118 (2021).

Padhi, A. et al. Force-exerting perpendicular lateral protrusions in fibroblastic cell

contraction. Commun Biol 3, 1-11 (2020).

33



1137

Polarized intensity measurement i5(r)

Ensemble ODF

e W
g —>
\\‘&& // Orientation —

& Proportion

Spatio- angular
Object f(r,§)

Spatio- angular
Estimation e(r, s)

Dipole OTF c
for microscopy

.
R
y , 18
e
%
¢

Hyperspace BP

v

- — 100

Jo.03 e ' ; ;
“w . Hyperspace @ \ o i
- fes e, EBP % Y
Hoo03 :
| BtR

"
ng esm-400

s

Jo2s

| R

. ODF 1 ODF 2 Result - ODF 1 ODF 2 Result
@ e - e a@o:o
‘ coef. A : . coef. '

4 coef \ coef. A Coef R coef

\\\‘ “‘\“ . - \‘\ N
ﬁ ' : @ Inv @ *
_’H||utﬂj_ﬂl]rﬂﬂ_"—‘—‘—‘—U

Gaunt Matrix Result Gaunt Matrix Result

eGRL, 20 it g - B GRL (baseline)

eGRL

~30x%

~30x%

100 T T
Memory (GB) Time (s)

1138

1139  Fig. 1, Iterative reconstruction algorithm enables efficient estimate of 3D spatio-angular
1140  distribution. a) General imaging and reconstruction process for polarized fluorescence
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microscopy. An ensemble of fluorescent dipoles in a diffraction-limited region can be represented
by an orientation distribution function (ODF), which is a surface with a radius proportional to the
number of dipoles in the measurement volume that are oriented along each direction.
Fluorophores in the object are then described by a spatio-angular distribution, i.e. the density
distribution and ODF in each voxel. With different polarized excitations P1~P,, fluorescence
emissions are collected by the objective lens and form the polarized intensity measurements on
the camera, which can then be used to estimate the underlying spatio-angular distribution. b) Left,
any ODF can be decomposed into several angular basis with corresponding spherical harmonics
coefficient. Right, microscopy optical transfer function (OTF) to each angular basis function. The
first 4 orders are shown for example. c¢) Schematic design of eGRL (efficient Generalized
Richardson-Lucy) reconstruction algorithm consisting of two preset parts: initialization
(summarizing all polarization measurements as the initial estimation) and hyperspace BP (back
projection in from polarization measurements to spatio-angular space), then three parts in each
iteration: hyperspace FBP (a combined forward and back projection in spatio-angular space), ODF-
wise division and ODF-wise multiplication, simultaneously estimating density and orientation
distributions. d) lllustration of transferring operations multiplication (i) and division (ii) between
two ODFs from the spatio-angular domain to the spherical harmonics domain, by using a Gaunt
matrix and the corresponding spherical harmonics coefficients (only 4 orders of coefficients are
shown here for simplicity). e) Spatio-angular reconstructions on synthetic double-helix phantom:s.
The left helices are separated by 478 nm inter-helix space, and the right helices have 554 nm inter-
helix space. Each dipole moment is parallel to the tangential direction of the helix, and each helix
has a uniform density but periodic peak orientations and varying ODF anisotropy increasing from
bottom to top, reconstruction is performed with eGRL, 20 iterations. Peak orientation maps with
pseudo-color are demonstrated. f) density maps of the ground truth (left), the simulated raw data
(middle, average of 42 polarization measurements), and eGRL reconstruction (right)
corresponding to phantoms in e. g) Time and memory cost of eGRL reconstruction in a dataset
with 100x100x100 voxels and 42 polarization modulations (ran on single CPU thread without
multithread acceleration), demonstrating the 30-fold reduction obtained by transferring the
computation from GRL (baseline) to eGRL with angular dimensionality reduction. Scale bars: b
0.02 um?, e, f 5 um. See also Supplementary Figs. 1-4.
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Fig. 2, Spatio-angular image reconstruction from simulated data of different polarized
fluorescence microscopes. a) Density (left) and peak orientation (right) distributions of three
synthetic helices, each oriented along a different axis (y, x, or z). b) Density and peak orientations
reconstructed by eGRL (right) and traditional SVD (left) algorithms from simulated raw data
captured by wide-field microscopy (1.1NA), light sheet microscopy (SPIM, 1.1NA), and multi-view
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light sheet microscopy (diSPIM, 1.1NA and 0.67NA). Raw data has added Poisson noise for an SNR
=5 dB (see also Supplementary Fig. 8). c) Higher-magnification views corresponding to the helix
in the red dashed rectangle region in b. Note eGRL provides better spatio-angular reconstruction
than SVD in all microscope configurations, and the dual-view configuration (diSPIM) provides the
best performance in estimation of density and peak orientations. d) Ground truth corresponding
to the helix in ¢, shown respectively in density (left), peak (middle) and ODF (right) maps. e)
Higher-magnification views of the diSPIM results corresponding to the dashed blue rectangle
region in b. The yellow curved arrows indicate the expected orientation trend along the helix.
Note the peak orientations of eGRL align much better with this expected orientation trend than
those of SVD. The ODF maps of the cyan dashed rectangle region are also shown in the right cyan
inset to confirm the closer match of the eGRL reconstructions to the ground truth. f) Quantitative
analysis of the reconstruction performance on dual-view light sheet data (diSPIM) with two
different noise levels (SNR=20 dB and SNR=5 dB), with SSIM, PSIM and ONCC quantifying the
reconstruction accuracy of density, peak orientation, and ODF, respectively. g) Comparison of
peak orientations reconstructed from synthetic shell data, showing orientation bias in traditional
SVD reconstructions. Note the SVD produces peak orientations biased towards the y axis as
observed in the xy plane also visualized by the pseudo color biased towards green, e.g., blue color
shifts to cyan and red shifts to orange), while eGRL compensates for this bias. Radar chart shows
the proportion of all peak orientations in x, y, z axes (ranging from 0 to 1), highlighting less biased
peak orientation estimate offered by eGRL compared to SVD. Raw data has a noise level of
SNR=5dB. Scale bars: a, b2 um, c-e 1 um, g 2 um. See also Supplementary Figs. 5-8.
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Fig 3, Spatio-angular structure reconstructions on multiple fixed samples. a) eGRL
reconstruction of FM1-43 labelled GUVs acquired by pol-diSPIM. i, Higher-magnification view of
a pair of GUVs (~ 10 um and ~ 5 um diameter); ii, ODF map of the slice indicated by the cyan
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dashed rectangle in i; iii, 3D peak orientation vs. 3D orientations projected into 2D plane
corresponding to ii for comparison. b) The 10 um GUV viewed from two different perspectives as
indicated by the white and yellow arrows in a. SVD reconstruction (top), eGRL reconstruction
(middle) and ideal peak orientation maps (bottom, for reference) are presented. Prior knowledge
suggests that molecular orientations should be normal to the membrane surface, which is better
approximated by the eGRL result than the SVD reconstruction. ¢) Reconstructions by SVD and
eGRL of a fixed U20S cell labeled with Alexa Fluor 488 phalloidin. d) The lateral (left) and axial
(right) maximume-intensity projections from the density map of the yellow dashed rectangular
region in c. Note eGRL produces a better resolved density map with fewer artifacts (red arrows).
e) Higher magnification views of the density and peak orientation maps of the green dashed
rectangular region in d. The orange curved bidirectional arrows indicate that the peak orientations
reconstructed by eGRL smoothly change along the tangential direction, while those by SVD are
disorganized. f) The density and peak orientation maps of a xylem cell (labelled by Pontamine fast
scarlet) reconstructed by eGRL. g) Density profiles along the red line in f of the eGRL and SVD
reconstructions with 18 and 8 polarization modulations (Scheme 1, 18V and Scheme 2, 8V. See
Supplementary Table 2). h) Comparison of the peak orientations reconstructed with 18 and 8
polarization modulations by eGRL and SVD, showing that eGRL better preserves reconstruction
than SVD even when reducing the number of polarizations from 18 to 8 by eGRL. Note the bottom
of the cell has been cut away for easier visualization. i) Density perspective to accompany h. j) The
angles of the peak orientations deviating from the rib directions at ~260 points uniformly selected
on each rib (yellow and cyan bidirectional arrows) in h. Scale bars: a top left 10 um, a i-iii 5 um, b
5um,c10 um, d 5 um, e 2 um, f-i 10 um. See also Supplementary Figs. 9-13.

39



1227

1228
1229
1230
1231
1232
1233
1234
1235
1236

a Nano wire

}

Distance map (um)
to nano wire

Wire direction
——

dond

- OP
Density

T v g et o = N

6 9
Distance to nanowire (um)

B1 B2 B3

40 50 100

Position (um) Position (pm)

Fig 4, Revealing correlations between nanowire directions and the molecular orientation of
actin. a) Maximume-intensity projection demonstrating the density map from reconstructions of a
spindle-shaped NIH3T3 cell grown on single nanowire, labelled with Alexa Fluor 568 Phalloidin
(red, polarized imaging with 561 nm excitation) and deconvolved results of nanowire (green,
labBDP FL maleimide marker, non-polarized imaging with 488 nm excitation). The green arrow
indicates the direction of nano wire. b) The 3D average orientation and ODF map reconstructed
by eGRL of the yellow cubic region in a. The reconstruction has been downsampled 5-fold for
visualization purposes. ¢) Magnified view of the slice marked in b, 10-fold downsampling for
display purposes. In the higher-magnification view (inset), we compared each ODF with the wire
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direction (green arrows) for visually observing the degree to which the ODFs tend in this direction.
d) Heat map showing the normalized Order Parameter (OP) over the region in c in the direction
of the nanowire. The yellow rectangular region corresponds to the OP values of the yellow
rectangular region in c. e) The entire OP map (top, 3D but shown in maximum-intensity projection)
and the distance to the nanowire (bottom, 3D but shown in minimum-intensity projection). f) OP
vs. the distance to the nanowire curve from the two maps in e (averaging OP values of all voxels
with the same distance value), indicating that dipole orientations nearer the nanowire tend to
align along the nanowire direction. g) Density maximum intensity projections showing another
fixed NIH3T3 cell (in red color) grown on crosshatched nanowires (in green color) as for a. All the
nanowires are numbered based on the approximate direction (A for horizontal wires, B for vertical
ones). h) The peak orientation map of the actin in g reconstructed by eGRL, with a different
colorbar/colormap encoded in 2D XY plane due to the narrow thickness of cell. i) OP profile along
the pink dashed line (average within 5 um of the line) in g, with the OP direction defined as the
bidirectional pink arrow. The OP profile passes through wire A1-A5 and the corresponding wire
positions are marked on the profile. Note the wires are mostly coincident with the local maxima
on the OP curve. j) OP profile along the yellow dashed lines (average within 5 um of the line) in g,
with the OP direction defined as the bidirectional yellow arrow. The OP profile passes through
wire B1-B6. As in i, the wires often coincide with the local maxima on the OP curve. Scale bars: a
10 um, b5 um,c2 um, d 4 um, e, g, h 10 um. See also Supplementary Figs. 14-16.
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Fig. 5, Observing spatio-angular dynamics in living cells. a) The orientation map of a live Hela cell
labelled with Sir-Actin and imaged with pol-diSPIM under 640 nm laser. b) Magnified views of the
actin periphery and protrusion corresponding to the cyan, green and yellow dashed rectangular
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region in a. Note in protrusion region iii, the probes don’t align parallel to the coverglass, instead,
they are organized in a pattern of continuous spatial rotation on the plane perpendicular to actin’s
tangent direction. c) i, How principal orientation distributes along the actin filament of protrusion.
50 characteristic points were selected uniformly along the trail in b iii. The polar plots are shown
for the inclination angle of the principal orientation relative to the x-y plane, with pseudo color to
indicate the points’ order (1%t ~ 50™) along the trail. ii, Time-lapse orientational dynamics in
protrusion (yellow rectangle region in a) in contrast to measurements elsewhere in the cell (Actin
1~4 in a). Around 40 points are counted along each region and the box plot is shown in the Tukey
style (range from the first quartile to the third quartile, whiskers extending to 1.5 x interquartile
range), with outliers marked by circles. Quantification is performed via angular variation, which is
defined as the standard deviation of orientation changes over time. d) 3D density map of multiple
FM1-43 labelled live macrophage cells. e) Example time series of the cell from the square region
in d, comparing the density and principal orientation maps, demonstrating topological dynamics
and orientation variation with the bending and folding of the pointed protruding membranes. f)
The principal orientation map of a live U20S cell labeled with FM1-43. g), Comparison of raw data
and the eGRL reconstruction colored by the principal orientation, in the lateral slice at z depth of
9.75 um. h) Histogram of Generalized Fractional Anisotropy (GFA) at the initial time point,
showing the higher GFA in the vicinity of the coverslip surface (coated with poly-L-Lysine) than
elsewhere on the cell membrane, likely because the former constrains the membrane surface
more than elsewhere in the cell. i) Density map of the U20S cell at the initial time point where an
emerging membrane protrusion is marked by the red ellipse. j) Time-lapse images of the principal
orientation demonstrating the expansion of cell membrane (top row). Orientations initially
perpendicular to the membrane move towards the membrane expansion direction (middle row,
where the cyan regions are magnified in bottom row. Only part of the cell is shown for display
simplicity). k) Schematic diagram of orientation tendency in bottom row of j. Scale bars: a5 um,
b2um,d10 um, e 3 um, f, g, i 5 um, j top and middle 3 um, j bottom 1 um. See also
Supplementary Figs. 17-23.
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