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Supplementary Figures 85 

 86 
Supplementary Fig. 1. Graphical user interface (GUI). Leonardo is modular and encapsulated individu-87 
ally in Napari and can adapt to different SPIM variants and workflows. Specifically, Leonardo-DeStripe 88 
and Leonardo-Fuse are nested in two Napari widgets separately.  89 
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 90 
Supplementary Fig. 2. A comparison between Leonardo-DeStripe and a conventional 2D band-91 
pass FFT filter with different angular coverages of the wedge-shaped mask. From left to right, the 92 
angular coverage of the masking region in the FFT filter increased from ±9° to ±29°, during which sample 93 
structures were increasingly distorted. In comparison, with the wedge-shaped mask in Leonardo-DeStripe 94 
set to be ±29°, Fourier coefficients falling within this mask were in-painted by the graph neural network 95 
(denoted as Leonardo-DeStripe-GNN), and fully recovered after further post-processing, i.e., the com-96 
plete Leonardo-DeStripe.   97 
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 98 
Supplementary Fig. 3. Evaluation of the method by Chang et al. on a murine heart dataset. (A) 99 
Original SPIM image. (B) Leonardo-DeStripe’s result. (C) Outputs of the method by Chang et al., a typical 100 
optimization-based method, are given under different parameter settings (without framelet regularization). 101 
In their formulation, increasing 𝜆𝜆2 enhanced stripe removal, whereas increasing 𝜆𝜆3 helped preserve sam-102 
ple structures. A visually balanced result was achieved at 𝜆𝜆2 = 5 and 𝜆𝜆3 = 5. However, careful parameter 103 
tuning was required for satisfactory performance. 104 
  105 
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 106 
Supplementary Fig. 4. Evaluation of Chang et al. on a zebrafish dataset. (A) Raw SPIM image. (B) 107 
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Result of Leonardo-DeStripe. (C) Outputs of the method proposed by Chang et al., a typical optimization-108 
based method, are given under different parameter settings (without framelet regularization). In their con-109 
figuration, higher values of 𝜆𝜆2 led to stronger stripe removal, while larger 𝜆𝜆3 values better preserved struc-110 
tural details. However, even with extensive grid search, the method failed to yield satisfactory results 111 
across the parameter space. 112 

  113 
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 114 
Supplementary Fig. 5. The effect of guided upsampling in Leonardo-DeStripe. (A) Stripes were visi-115 
ble in xy maximum projection (color-coded along z), whereas after Leonardo-DeStripe, they were largely 116 
resolved. (B) Four typical slices were displayed, where Leonardo-DeStripe resolved diverse stripes suc-117 
cessfully. (C) Although the GNN in the Leonardo-DeStripe could remove the stripes completely, it took the 118 
risk of compromising sample details (GNN panel). Here, “×3” indicated that the GNN was trained in a 119 
space downsampled by a factor of 3, and its output was subsequently upsampled by a factor of 3 via bi-120 
linear interpolation for visualization alongside the other columns. When upsampling the output of the GNN 121 
and preserving sample structures, our modified guided upsampling module (GNN+guided upsampling 122 
panel) worked better than the original guided filtering (GNN+guided filtering panel), where stripes were 123 
better suppressed (white arrows). Scale bars: 100 μm (A, B, first row in C), 50 μm (last two rows in C).  124 
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 125 

 126 
Supplementary Fig. 6. Simulation of stripe artifacts in SPIM. Adipose tissue was used as a stripe-free 127 
ground truth image. Structured noise was simulated to mimic horizontal and multiplicative stripes. 128 

  129 
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 130 
Supplementary Fig. 7. An extended version of Fig. 2B-D in the main text with a full comparison in-131 
cluding Leonardo-DeStripe, MDSR, and the method by Rottmayer et al. On an H2B-GFP zebrafish, 132 
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Leonardo eliminated stripes more completely (white arrows in (A) and (D)), especially on data that was 133 
heavily affected by stripes in (B) and (E). (C) Stripe removal helped downstream processing, e.g., cell 134 
segmentation using Cellpose. Cellpose segmentation after Leonardo-DeStripe produced more continuous 135 
cell boundaries compared to MDSR-enhanced or Rottmayer et al.-enhanced data, whereas segmentation 136 
largely failed on the unprocessed SPIM image. Notably, Rottmayer et al. tended to remove sample struc-137 
tures. As a result, Cellpose segmented fewer cells based on Rottmayer’s result than based on the original 138 
mSPIM data (yellow arrows in (F)). Scale bars are shared with Fig. 2 in the main text.  139 
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 140 
Supplementary Fig. 8. Leonardo-DeStripe was applied to murine heart tissue. Periodic stripe artifacts 141 
were effectively removed. Scale bar: 200 µm. 142 

  143 
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 144 
Supplementary Fig. 9. Removing stripes in an arbitrary direction using Leonardo-DeStripe on a zebrafish 145 
brain dataset. The stripes in the input dataset were originally horizontal (Fig. 2E in the main text). We 146 
manually rotated the stack 45° to test the extensibility of Leonardo-DeStripe. 147 

  148 
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 149 
Supplementary Fig. 10. Simulation of two partially degraded SPIM volumes. Deteriorated stacks were 150 
simulated to become more degraded as they moved farther from the illumination sources. 151 

152 
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 153 
Supplementary Fig. 11. An illustration of the registration workflow in Leonardo, which is based on 154 
ANTsPy (ants). From coarse to fine, Leonardo registers input datasets using their maximum intensity pro-155 
jections (along the z-axis, i.e., zMIP, or along the x-axis, i.e., xMIP), 3D downsampled and cropped vol-156 
ume stacks (BoundingBox), and extracted point anchors at full resolution, step by step. 157 

158 
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 159 
Supplementary Fig. 12. Registration performance from coarse to fine. The stack acquired using the 160 
camera in the back was gradually aligned with the volume captured with the camera in the front (yellow 161 
and orange arrows in the 3D overlay, and white arrows in the 2D overlay at a depth of 596 µm). 162 

  163 
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 164 
Supplementary Fig. 13. A comparison between Leonardo’s 2D MIP-based initial alignment and align-165 
ment of center-of-mass. When only a portion of the zebrafish was imaged each time, registration was ex-166 
tremely challenging. Nevertheless, Leonardo successfully mapped the rotated dataset to the same coor-167 
dinate space as the dataset before rotation, whereas center-of-mass alignment failed. Scale bar: 100 µm. 168 

  169 
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 170 

Supplementary Fig. 14. The complete Leonardo-Fuse workflow when registration is required on an H2B-171 
GFP-labeled transgenic zebrafish. Leonardo-Fuse (along illumination) is first performed independently for 172 
stacks from different detection cameras. Registration is then optimized based on the fusion results along 173 
illumination. Using the registered stacks, Leonardo-Fuse (along detection) is performed as the final step.   174 



 

Liu et al. 2025 Leonardo 20 

 175 
Supplementary Fig. 15. Two ways to formulate Leonardo workflow. (A) The first way, called Leonardo-176 
(DeStripe→Fuse), starts with performing the DeStripe module on each dataset separately. The Fuse 177 
module is then used for dataset integration, which not only fuses stacks to maximize optical coverage but 178 
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also resolves remaining extremely thick and dark stripes after DeStripe (white arrows). (B) Alternatively, 179 
we propose Leonardo-(Fuse→DeStripe), where the Fuse module is first used to remove huge and dark 180 
shadows, and Leonardo-DeStripe-Fuse, a variant of Leonardo-DeStripe, is then used to remove the re-181 
maining thin stripes (yellow arrows). Overall, Leonardo-(Fuse→DeStripe) is significantly faster than Leo-182 
nardo-(DeStripe→Fuse) (see Fig. 6 in the main text). 183 

184 
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 185 
Supplementary Fig. 16. Workflow of Leonardo-DeStripe-Fuse. Compared to the normal Leonardo-186 
DeStripe, Leonardo-DeStripe-Fuse can perform stripe removal for patches that are to be included in the 187 
fused result.  188 

189 
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 190 
Supplementary Fig. 17. On a zebrafish dataset (Fig. 5A-E in the main text), Leonardo-DeStripe→Fuse 191 
restored the optimal SPIM image with minimal sample-induced artifacts, i.e., light absorption (yellow ar-192 
rows in the middle panel), scattering (yellow arrows in the left panel) and refraction (yellow arrows in the 193 
right panel). Scale bars: 100 µm. 194 

  195 
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 196 
Supplementary Fig. 18. Restoration results using the foundation model UniFMIR, a recent universal im-197 
age restoration model for fluorescence microscopy. The top row showed raw inputs before foundation 198 
model (FM) processing, including four SPIM acquisitions with single-sided illumination and detection 199 
(front-left, front-right, back-left, and back-right) and their fusion using Leonardo-Fuse. The bottom row 200 
showed the corresponding results after UniFMIR. Specifically, UniFMIR was applied to the fused volume 201 
after Leonardo-Fuse (rightmost column), and directly to the raw SPIM data for the other columns. Both 202 
the white and yellow arrows highlighted enhanced resolution and sharper nuclei following FM-based res-203 
toration. 204 
  205 
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 206 
Supplementary Fig. 19. Multi-angular fusion results from Huygens. After applying Huygens to the fusion 207 
results from Leonardo-Fuse, sample information was further gathered (white and yellow arrows). How-208 
ever, misalignment existed (circled regions), as manual registration in Huygens was extremely challeng-209 
ing for large datasets. 210 

  211 
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 212 
Supplementary Fig. 20. Impact of the angular coverage of the wedge-shaped mask in the Fourier do-213 
main in Leonardo-DeStripe. Since the mask is used by the graph neural network, we first compared the 214 
impact of different angular coverages without the post-processing module for sample structure preserva-215 
tion (without ill. prior, top row). As the angular range increased from ±5° to ±49°, stripe removal became 216 
more effective, but the processing time also increased (from 42.5 seconds to 55.6 seconds). As a trade-217 
off, Leonardo-DeStripe adopts ±29° as the default setting, which is consistently used across all datasets 218 
in this study. Notably, the ill. prior module further improved robustness (bottom row), enabling effective 219 
stripe removal even with a narrow angular mask of ±5°.  220 
  221 
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 222 
Supplementary Fig. 21. Impact of the regularization terms in the loss function of Leonardo-DeStripe. 223 
Since the loss function is designed to train the graph neural network, we first compared the effect of dif-224 
ferent regularization terms without the ill. prior post-processing module (top row). To better visualize the 225 
differences, the kernel size of the guided upsampling was set to 1×9, which was smaller than the default 226 
value of 49. It was evident that the TV-based loss term strongly suppressed stripe artifacts, but at the ex-227 
pense of removing fine sample details. In contrast, the Hessian-based loss term better preserved struc-228 
tural features, although some residual stripes remained. Overall, combining both TV and Hessian regular-229 
izers yielded the best performance. Notably, the ill. prior module further enhanced robustness (bottom 230 
row), enabling effective stripe removal even when only the Hessian-based regularizer was used. 231 

  232 
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 233 
Supplementary Fig. 22. Impact of the window size of the guided upsampling. To better see the effect, 234 
we first applied guided upsampling with different window sizes without ill. prior module (top row). As the 235 
window size increased, sample structures could be better preserved; however, residual stripes also be-236 
came more apparent (see zoomed-in region). Notably, the ill. prior module (bottom row) enhanced robust-237 
ness and effectively suppressed residual stripes across all window sizes. 238 
  239 
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Supplementary Tables 240 

Supplementary Table 1. Comparison between recent stripe removal methods and Leonardo-DeStripe 241 

Features Leonardo-DeStripe MDSR Rottmayer et al. 

Code availability ✓ ✓ ✓ 

Structure preser-
vation ✓ x x 

Multi-directional 
stripes ✓ ✓ x 

Interactive inter-
face ✓ x x 

  242 
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Supplementary Table 2. Comparison between recent image fusion methods and Leonardo-Fuse 243 

Features Leonardo-Fuse BigStitcher-Fuse MST-SR 

Code availability ✓ ✓ ✓ 

Ghost artifact  
removal ✓ x x 

Signal fidelitya ✓ x x 

Speed Fastest Slowest Slower 

Registration  
inside ✓ ✓ x 

Interactive inter-
face ✓ ✓ x 

a Signal fidelity refers to the preservation of the original signal from the high-quality side without any ma-244 
nipulation, rather than altering or reconstructing the original measurements. 245 

  246 
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Supplementary Table 3. Runtime and memory footprint comparison between baseline ANTsPy-only reg-247 
istration and the lightweight Leonardo pipeline. 248 

Methods Speed [min] Peak memory [GB] 

ANTsPy-only 17.6 36.8 

Leonardo 4.9 21.3 
  249 
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Supplementary Table 4. Key differences between Destripe and Leonardo-DeStripe. 250 

Feature DeStripe Leonardo-DeStripe 

Definition of cor-
rupted Fourier coeffi-

cients 

Identified via Rayleigh distribu-
tion fit; assumes noise model 

and may be unstable 

Uses wedge-based mask; ro-
bust, model-agnostic, and di-

rection-aware 

Treatment of un-
masked Fourier co-

efficients 

All coefficients (including un-
corrupted) are updated; slower 

Only wedge-masked region is 
updated; faster 

Structure-preserving 
regularization 

Unfolded Hessian prior via 
Bregman iterations; iterative 

and costly 

Lightweight anisotropic TV 
unit; Hessian used as loss 

term; effective 

Fidelity loss (self-su-
pervision) 

Self2Self denoising with hand-
crafted isotropy regularizer; re-

lies on statistical priors 

Guided filtering-based loss 
using pseudo-target; better 

separates structure from arti-
facts 

Training resolution 
and scalability 

Requires training on high-res-
olution data; computationally 

intensive 

Supports downsampled train-
ing with guided upsampling; 

faster 

Multi-directional 
stripe support Not available Supports; handles dual-side 

or rotational setups 

DC component mod-
eling Not available 

Dedicated branch to estimate 
DC term; resolves mathemat-

ical gap and improves low-
frequency reconstruction 

Illumination-aware 
postprocessing Not available 

Postprocessing using illumi-
nation priors; improves sam-

ple structure preservation 

  251 



 

Liu et al. 2025 Leonardo 33 

Supplementary Notes 252 

Supplementary Note 1: Stripe removal in SPIM 253 

Stripe artifacts are not unique to SPIM-based imaging but are a common issue across 254 
various microscopy modalities. They can appear at multiple length scales, from large-255 
scale volumetric imaging to high-resolution techniques such as Focused Ion Beam 256 
Scanning Electron Microscopy (FIB-SEM)1 and Atomic Force Microscopy (AFM)2. In this 257 
context, computational strategies, which attempt to remove stripe artifacts after acquisi-258 
tion, are highly attractive. 259 

Inspired by the desirable properties of Fourier transform in condensing stripes into 260 
isolated values in Fourier space, one line of destriping studies3,4 suppressed stripe 261 
noises by constructing a Fourier filter on a transformed domain, e.g., wavelet4 or 262 
contourlet domains3. However, filtering-based methods risked removing structural 263 
information of the sample which falls within the same filter band, resulting in undesirable 264 
image blurring5,6.  265 

On the contrary, another line of works treated the destriping issue as an ill-posed 266 
inverse problem in the standard image space. These approaches attempted to minimize 267 
an energy function composed of a data term—encouraging consistency between the 268 
prediction and the observed degraded image—and a regularization term to impose de-269 
sirable properties on the solution. The resulting energy function could be effectively 270 
solved using optimization techniques such as split Bregman5 or primal-dual gradient hy-271 
brid method with extrapolation of the dual variable (PDHGMp)7. Crucially, the effective-272 
ness of these methods hinged on the design of an appropriate energy function that 273 
faithfully modeled the destriping problem—a nontrivial task in practice. For example, re-274 
garding the regularization term, Chang et al. imposed low-rank assumption for the 275 
stripes, which only held true when the stripes covered the entire field of view but not the 276 
case in LSFM imaging8. Anisotropic total variation (TV) was one of the most prevalently 277 
used priors in the stripe removal task, which leveraged the directionality of the stripe ar-278 
tifacts5,7. However, its receptive field was inherently limited, preventing it from capturing 279 
the global propagation of stripe artifacts. As a result, it might inadvertently suppress 280 
genuine sample structures that aligned with the stripe direction.  281 

Meanwhile, for the data term, most methods adopted a pixel-wise fidelity loss—typi-282 
cally an L1 or L2 norm—to enforce similarity between the predicted output and the ob-283 
served degraded image5,9. While simple and computationally efficient, these point-wise 284 
terms often failed to capture the structured nature of stripe corruption, which typically af-285 
fected extended regions in a spatially coherent manner. To address this limitation, more 286 
recent methods explored adaptive or structure-aware fidelity terms7,10, though their inte-287 
gration into a well-behaved energy function remained challenging. 288 
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Supplementary Note 2: Leonardo-DeStripe 289 

2.1 Stripe remover regularized by anisotropic total variation 290 
Before Leonardo-DeStripe, several useful stripe removers treated the destriping issue 291 
as an ill-posed inverse problem. The isotropic total variation (TV) regularized split Breg-292 
man framework, which we mentioned in the Methods in the main text, was a typical ex-293 
ample: 294 

 
⟺ argmin

𝑋𝑋�

1
2
�𝑋𝑋� − 𝐼𝐼𝑠𝑠�2

2
+ 𝜆𝜆R�𝑋𝑋��

⟺ argmin
𝑋𝑋�

1
2
�𝑋𝑋� − 𝐼𝐼𝑠𝑠�2

2
+ 𝜆𝜆 ��∇𝑦𝑦𝑋𝑋��1 + �∇𝑥𝑥�𝑋𝑋� − 𝐼𝐼𝑠𝑠��1�

 (1) 295 

where we follow all the definitions provided in the main text. Since the energy function 296 
on 𝑋𝑋� is intractable, the split Bregman is adopted to convert the unconstrained minimiza-297 
tion problem on 𝑋𝑋� into a constrained one by introducing auxiliary variables 𝐺𝐺𝑥𝑥 = ∇𝑥𝑥𝑋𝑋� 298 
and 𝐺𝐺𝑦𝑦 = ∇𝑦𝑦𝑋𝑋�: 299 
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Subsequently, by using the Bregman iteration to weakly enforce the constraints, 301 
Eq. (2) can be further transformed into an unconstrained minimization: 302 
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Here, the minimizations of Eq. (3) with respect to 𝑋𝑋�, 𝐺𝐺𝑥𝑥 and 𝐺𝐺𝑦𝑦 can be decoupled and 304 
further converted into three separate sub-minimization problems: 305 

 The 𝐺𝐺𝑦𝑦-related subproblem: 306 
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 The 𝐺𝐺𝑥𝑥-related subproblem: 308 
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where the 𝐺𝐺𝑥𝑥- and 𝐺𝐺𝑦𝑦-related subproblems can be solved as in Eq. (6) in the main 310 
text by using the shrinkage operator. 311 

 The 𝑋𝑋�-related subproblem: 312 
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2

2
� (6) 313 
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which is a least-squares problem equivalent to: 314 

 �𝐼𝐼 + 𝛼𝛼∇𝑦𝑦𝑇𝑇∇𝑦𝑦 + 𝛽𝛽∇𝑥𝑥𝑇𝑇∇𝑥𝑥�𝑋𝑋� = 𝐼𝐼𝑠𝑠 + 𝛼𝛼∇𝑦𝑦𝑇𝑇�𝐺𝐺𝑦𝑦𝑘𝑘+1 − 𝐵𝐵𝑦𝑦𝑘𝑘� + 𝛽𝛽∇𝑥𝑥𝑇𝑇(𝐺𝐺𝑥𝑥𝑘𝑘+1 − 𝐵𝐵𝑥𝑥𝑘𝑘)  (7) 315 

which can be efficiently solved using the fast Fourier transform, as shown in Eq. (6) 316 
in the main text. 317 

Additionally, the Bregman variables 𝐵𝐵𝑥𝑥
(𝑘𝑘) and 𝐵𝐵𝑦𝑦

(𝑘𝑘) can be updated accordingly: 318 

 �
𝐵𝐵𝑥𝑥

(𝑘𝑘+1) = 𝐵𝐵𝑥𝑥
(𝑘𝑘) + �∇𝑥𝑥𝑋𝑋�(𝑘𝑘+1) − 𝐺𝐺𝑥𝑥

(𝑘𝑘+1)�

𝐵𝐵𝑦𝑦
(𝑘𝑘+1) = 𝐵𝐵𝑦𝑦

(𝑘𝑘) + �∇𝑦𝑦𝑋𝑋�(𝑘𝑘+1) − 𝐺𝐺𝑦𝑦
(𝑘𝑘+1)�

 (8) 319 

We additionally visualize the aforementioned split Bregman process during the first 320 
iteration in Figure SN 2.1. It is clear that the deep learning architecture in Leonardo-321 
DeStripe (Extended Data Fig. 2) mimics the first iteration of split Bregman optimization, 322 
which supports the interpretability of Leonardo-DeStripe. 323 

The only difference is that Leonardo-DeStripe, empowered by the DC branch, is 324 
able to ignore 𝑋𝑋�(0), i.e., the stripe-corrupted 𝐼𝐼𝑠𝑠, when composing 𝑋𝑋�(1), thus requiring only 325 
one iteration of learning to remove the stripes. 326 

 327 

 328 
Figure SN 2.1. First iteration of the split Bregman framework regularized with anisotropic total variation. 329 

 330 

2.2 Improvement of Leonardo-DeStripe from a Bayesian perspective 331 
When analyzing the aforementioned split Bregman framework for its suboptimal perfor-332 
mance in stripe removal, we start by examining Eq. (1) from a Bayesian perspective. 333 
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Specifically, since restoring a stripe-less 𝑋𝑋� from the degraded 𝐼𝐼𝑠𝑠 is ill-posed, Eq. (1) orig-334 
inates from the following Maximum A Posteriori (MAP) estimation problem: 335 

 
𝑋𝑋� = argmax

𝑋𝑋
�log�𝑝𝑝(𝐼𝐼𝑠𝑠|𝑋𝑋)� + log(𝑝𝑝(𝑋𝑋))�

𝑋𝑋� = argmin
𝑋𝑋

� 1
2𝜎𝜎2

‖𝐼𝐼𝑠𝑠 − 𝑋𝑋‖2 + R(𝑋𝑋)�
 (9) 336 

where log�𝑝𝑝(𝐼𝐼𝑠𝑠|𝑋𝑋)� is the log-likelihood of observing 𝐼𝐼𝑠𝑠 given 𝑋𝑋, and the log-prior 337 
log(𝑝𝑝(𝑋𝑋)) delivers the prior of stripe-less 𝑋𝑋, independent of degraded 𝐼𝐼𝑠𝑠. Moreover, as-338 
suming pixel-independent Gaussian noise, log�𝑝𝑝(𝐼𝐼𝑠𝑠|𝑋𝑋)� encourages data fidelity be-339 
tween the prediction 𝑋𝑋 and input 𝐼𝐼𝑠𝑠, whereas log(𝑝𝑝(𝑋𝑋)) becomes the anisotropic TV 340 
prior R(𝑋𝑋). In other words, the trade-off parameter 𝜆𝜆 in Eq. (1) is equivalent to 2𝜎𝜎2, 341 
where 𝜎𝜎 is the standard deviation of the Gaussian distribution assumed for the noise. 342 
However, the assumed Gaussian distribution does not hold for the stripe removal task, 343 
as 𝐼𝐼𝑠𝑠 − 𝑋𝑋 represents the pixel-dependent, non-zero-mean stripe noise. To correct this, 344 
1
2𝜎𝜎2

‖𝐼𝐼𝑠𝑠 − 𝑋𝑋‖2, or 𝜎𝜎, should be pixel-variant, which is intractable in practice. Thus, Leo-345 

nardo-DeStripe implicitly replaces the 1
2𝜎𝜎2

‖𝐼𝐼𝑠𝑠 − 𝑋𝑋‖2 with: 346 

 Solving the 𝐺𝐺𝑦𝑦-related subproblem using a GNN, where the wedge-shaped mask 347 
draws the attention of the stripe resolver to a wedge-shaped region in the Fourier 348 

domain, perpendicular to the stripe orientation. Conceptually, the threshold 𝜆𝜆
𝛼𝛼

= 2𝜎𝜎2

𝛼𝛼
 349 

in the shrinkage operator is now spatial-variant with attention focused only on 350 
stripe-related pixels. This intuition was further supported by our ablation studies 351 
(Extended Data Fig. 1), where we observed a drastic drop in stripe removal perfor-352 
mance when the GNN component was removed, while the removal or inclusion of 353 
the anisotropic TV unit had a relatively minor impact. This confirmed that the 354 
GNN—not the variational prior—was the key driver of effective Fourier inpainting 355 
and stripe elimination in our method. 356 

 Composing the stripe-less 𝑋𝑋� based solely on 𝐺𝐺𝑥𝑥 and 𝐺𝐺𝑦𝑦. Hence, 1
2𝜎𝜎2

‖𝐼𝐼𝑠𝑠 − 𝑋𝑋‖2 is 357 
completely ignored in the 𝑋𝑋�-related subproblem. 358 

2.3 Guided upsampling with various parameters 359 
In Leonardo-DeStripe, guided filtering (GF) is used multiple times with different settings 360 
for the window size 𝑤𝑤𝑘𝑘 and the penalization parameter 𝜖𝜖. Here, on a murine heart speci-361 
men, we varied 𝑤𝑤𝑘𝑘 and 𝜖𝜖, using the striping image as both the filter input and the guid-362 
ance image, to observe the effect. In Figure SN 2.2, from left to right, image details in 363 
the filter output were progressively removed as the penalization parameter 𝜖𝜖 increased, 364 
which was consistent with previous findings11. Moreover, due to the directionality of the 365 
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stripes, 𝑤𝑤𝑘𝑘, either along column or row, empowered GF with different properties. Specif-366 
ically, 𝑤𝑤𝑘𝑘 oriented against the stripes—termed column-wise GF (Figure SN 2.2)—could 367 
remove the stripes with a larger 𝜖𝜖, although fine details in the murine heart might also 368 
be oversmoothed. In comparison, row-wise GF, which operated along the stripes, did 369 
not remove the stripes even with 𝜖𝜖 = 10. This, in turn, suggested that the learned 𝑎𝑎𝑘𝑘 370 
and 𝑏𝑏𝑘𝑘 acted as window-based constants, thereby preserving most sample signals after 371 
row-wise GF. This explained why: 372 

 The GF used by Leonardo-DeStripe to refine the stripe-less output 𝑋𝑋� from deep 373 
learning should be row-wise and use a small 𝜀𝜀, in order to preserve sample infor-374 
mation as much as possible. 375 

 The GF used by Leonardo-DeStripe in the GF-based similarity loss term should be 376 
column-wise and use a large 𝜀𝜀, in order to encourage the similarity between the 377 
learned stripe-less 𝑋𝑋� and the striping 𝐼𝐼𝑠𝑠 after the stripes and/or sample details have 378 
been removed.  379 

 380 

Figure SN 2.2. Column-wise and row-wise GFs with various 𝑤𝑤𝑘𝑘 and 𝜀𝜀. 381 
 382 

2.4 Leonardo-DeStripe is rotatable for stripes in arbitrary directions 383 
Beyond removing horizontal stripes, Leonardo-DeStripe is extensible to resolving 384 
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stripes with arbitrary angular orientations, as all internal operations are rotatable. Specif-385 
ically, there are four operators in Leonardo-DeStripe that need to be rotated when pro-386 
cessing stripes oriented at an angle of 𝜃𝜃 (in radians): 387 

 The wedge-shaped mask. The orientation of the mask is correspondingly rotated to 388 
𝜃𝜃 + 𝜋𝜋/2. 389 

 First-order derivative operators including ∇𝑥𝑥, ∇𝑦𝑦, ∇𝑥𝑥𝑇𝑇, and ∇𝑦𝑦𝑇𝑇. In practice, when the 390 
orientation of the stripes is either horizontal or vertical, we use the total variation op-391 
erator to extract the first-order derivative ∇⊥ and ∇∥ for the direction against or along 392 
the stripes, respectively: 393 

 ∇⊥= ∇𝑦𝑦= � 1
−1� , ∇∥= ∇𝑥𝑥= [−1,1] (10) 394 

whose Fourier projection is given in Figure SN 2.3A. Since it is not rotatable, we in-395 
stead use the following alternatives to extract the first-order derivative along hori-396 
zontal and vertical directions: 397 

 ∇𝑥𝑥= �
0.3678 0 −0.3678
0.6065 0 −0.6065
0.3678 0 −0.3678

� , ∇𝑦𝑦= �
0.3678 0.6065 0.3678

0 0 0
−0.3678 −0.6065 −0.3678

�  (11) 398 

whose Fourier projection is given in Figure SN 2.3B. Hence, the derivatives along 399 
and against the stripes can be calculated using the following operators, respec-400 
tively: 401 

 
∇⊥= cos(−𝜃𝜃𝜃𝜃)∇𝑦𝑦 + sin(−𝜃𝜃𝜃𝜃)∇𝑥𝑥
∇∥= cos �−𝜃𝜃𝜃𝜃 + 𝜋𝜋

2
� ∇𝑦𝑦 + sin �−𝜃𝜃𝜃𝜃 + 𝜋𝜋

2
� ∇𝑥𝑥

 (12) 402 

where ∇⊥ and ∇∥ denote the derivative operator for the direction against or along the 403 
stripes, respectively. The Fourier responses of ∇⊥ and ∇∥ when 𝜃𝜃 = 𝜋𝜋/4 are given in 404 
Figure SN 2.3B. Hence, ∇𝑦𝑦 and ∇𝑥𝑥, which are used by the original Leonardo-405 
DeStripe, should be replaced by ∇⊥ and ∇∥, respectively. ∇𝑦𝑦𝑇𝑇, and ∇𝑥𝑥𝑇𝑇 can be re-406 
placed by the inverse of ∇⊥ and ∇∥, correspondingly. 407 

 Second-order derivative operators including ∇𝑥𝑥𝑥𝑥, ∇𝑥𝑥𝑥𝑥 and ∇𝑦𝑦𝑦𝑦. When dealing with 408 
stripes along vertical or horizontal directions, ∇𝑥𝑥𝑥𝑥, ∇𝑥𝑥𝑥𝑥 and ∇𝑦𝑦𝑦𝑦, which calculate the 409 
second-order derivatives of the input images, are defined using Gaussian Hessian 410 
kernels: 411 

 

∇𝑥𝑥𝑥𝑥= 𝑥𝑥2−𝜎𝜎2

2𝜋𝜋𝜎𝜎3
exp �− 𝑥𝑥2+𝑦𝑦2

2𝜎𝜎2
�

∇𝑥𝑥𝑥𝑥= 𝑥𝑥𝑥𝑥
2𝜋𝜋𝜎𝜎6

exp �− 𝑥𝑥2+𝑦𝑦2

2𝜎𝜎2
�

∇𝑦𝑦𝑦𝑦= 𝑦𝑦2−𝜎𝜎2

2𝜋𝜋𝜎𝜎3
exp �− 𝑥𝑥2+𝑦𝑦2

2𝜎𝜎2
�

 (13) 412 
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where 𝜎𝜎 is the standard deviation of the Gaussian distribution and can be manually 413 
set by the user (1 by default). When digitizing, the kernel size is 2 × ceil(6𝜎𝜎) + 1 414 
with ceil(∙) being the ceiling function. The Fourier responses of the Hessian opera-415 
tors when 𝜎𝜎 = 1 are given in Figure SN 2.4A. When stripes are oriented at degree 416 
𝜃𝜃, the Hessian operators are rotated correspondingly: 417 

 
∇⊥⊥= centerRotate(∇𝑦𝑦𝑦𝑦,𝜃𝜃)
∇⊥∥= centerRotate(∇𝑥𝑥𝑥𝑥,𝜃𝜃)
∇∥∥= centerRotate(∇𝑥𝑥𝑥𝑥,𝜃𝜃)

 (14) 418 

where centerRotate(𝑋𝑋,𝜃𝜃) rotates matrix 𝑋𝑋 by 𝜃𝜃 degrees, with the origin of rotation at 419 
[ceil(6𝜎𝜎), ceil(6𝜎𝜎)]. The Fourier responses of the Hessian operators ∇⊥⊥, ∇⊥∥, and 420 
∇∥∥ when 𝜎𝜎 = 1 and 𝜃𝜃 = 𝜋𝜋/3 are given in Figure SN 2.4B. 421 

 Window 𝑤𝑤𝑘𝑘 in GFs. The original 𝑤𝑤𝑘𝑘 used by row-wise and column-wise GFs, re-422 
spectively, is given in Figure SN 2.5A. When dealing with stripes oriented at 𝜃𝜃, 𝑤𝑤𝑘𝑘 423 
should be rotated to along with the stripes, i.e., 𝜃𝜃, for the row-wise guided upsam-424 
pling used in refining the neural network output. In comparison, the column-wise GF 425 
used in the GF-based similarity loss term should be rotated to oppose the stripes, 426 
that is 𝜃𝜃 + 𝜋𝜋/2. The rotation of the window is implemented with ndimage.rotate 427 
function provided by Scipy package in Python. 𝑤𝑤𝑘𝑘 used to resolve stripes with 𝜃𝜃 =428 
𝜋𝜋/3 is displayed in Figure SN 2.5B. 429 

 430 

 431 
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Figure SN 2.3. Fourier responses of first-order derivative operators ∇⊥ and ∇∥ used by Leonardo-432 
DeStripe under (A) 𝜃𝜃 = 0 (horizontal) stripe orientations and (B) 𝜃𝜃 = 𝜋𝜋/4 (oblique) stripes. 433 

 434 

 435 
Figure SN 2.4. Fourier responses of Hessian operators used by Leonardo-DeStripe in different scenar-436 
ios. 437 

 438 

Figure SN 2.5. 𝑤𝑤𝑘𝑘 varies when resolving stripes with different orientations. 439 

 440 

Supplementary Note 3: Comparison with the previous 441 

DeStripe Method in MICCAI 2022 442 

Before Leonardo-DeStripe, we introduced an earlier version of this approach at the In-443 
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ternational Conference on Medical Image Computing and Computer-Assisted Interven-444 
tion (MICCAI) 202212, where we first explored the use of graph neural networks (GNNs) 445 
for stripe artifact removal in the Fourier domain. While this initial version—referred to as 446 
"DeStripe" in the following—demonstrated the feasibility of reconstructing corrupted 447 
Fourier coefficients using a GNN combined with an unfolded Hessian prior, the present 448 
work, i.e., Leonardo-DeStripe, substantially extends and improves upon that framework 449 
in terms of robustness, generalizability, and computational efficiency: 450 

 Definition of corrupted Fourier coefficients: DeStripe identified corrupted coeffi-451 
cients by fitting a Rayleigh distribution to the Fourier magnitude histogram, which 452 
relied on a specific noise assumption and might yield inconsistent results. Leo-453 
nardo-DeStripe instead uses a simple, robust wedge-based mask to define direc-454 
tional corruption in the Fourier domain. This model-agnostic and direction-aware ap-455 
proach enables more stable and controllable stripe removal across diverse sam-456 
ples. 457 

 Treatment of unmasked Fourier coefficients: DeStripe updated all Fourier coeffi-458 
cients, including uncorrupted ones, which might have altered reliable frequency 459 
content and compromised structural fidelity. Instead, Leonardo-DeStripe restricts 460 
GNN updates to the wedge-masked region. While all coefficients are embedded 461 
into a shared feature space, only the corrupted region is modified by the network. 462 
This preserves uncorrupted components and reduces computational cost. 463 

 Structure-preserving regularization: DeStripe used an unfolded Hessian prior via 464 
deep unfolding with Bregman iterations to preserve structure, but this increased in-465 
ference time and complexity. Leonardo-DeStripe replaces it with a lightweight ani-466 
sotropic total variation (TV) unit that constrains gradients along and across the 467 
stripe direction. The Hessian prior is retained as a loss term, avoiding unfolding and 468 
achieving comparable structure preservation with lower computational cost. 469 

 Fidelity loss (self-supervision): DeStripe used a Self2Self denoising loss with a 470 
handcrafted Fourier-domain isotropy regularizer, relying on statistical priors. Leo-471 
nardo-DeStripe instead uses a guided filtering-based loss with a downsampled, 472 
smoothed reference as pseudo-target. 473 

 Training resolution and scalability: DeStripe lacked a guided upsampling mecha-474 
nism and had to operate directly on high-resolution data, limiting scalability. Leo-475 
nardo-DeStripe, instead, supports downsampled training via a guided upsampling 476 
module that restores corrections to the original resolution, enabling faster, memory-477 
efficient training without sacrificing performance. 478 

 Support for multi-directional stripes: DeStripe was primarily designed for single-479 
directional stripe removal, whereas Leonardo-DeStripe extends the model to sup-480 
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port multi-directional SPIM, by defining multiple wedge masks corresponding to dif-481 
ferent stripe orientations in Fourier space. This enables effective removal of com-482 
plex stripe patterns from advanced imaging setups such as Ultramicroscope Blaze. 483 

 DC component modeling: DeStripe did not explicitly model the DC (zero-fre-484 
quency) component, which could cause biased reconstruction or brightness shifts 485 
under severe artifacts. Leonardo-DeStripe adds a dedicated MLP branch to esti-486 
mate the DC term, resolving a mathematical gap and improving low-frequency fidel-487 
ity and energy consistency. 488 

 Illumination-aware postprocessing: DeStripe lacked postprocessing based on 489 
global priors. In Leonardo-DeStripe, illumination-direction priors, together with the 490 
global smoothness of the stripe artifacts, are used to preserve stripe-like sample 491 
structures along the light path, improving artifact removal in challenging cases while 492 
preserving fine details. 493 

A comprehensive side-by-side comparison is provided in Supplementary Table 4. 494 

Supplementary Note 4: Simulation of striping objects 495 

To quantitatively evaluate the performance of Leonardo-DeStripe, we used a stripe-free 496 
stack of adipose tissue as ground truth and simulated stripe-shaped shadows on it 497 
(Supplementary Fig. 6). Specifically, attenuation bands were randomly generated with 498 
widths varying between 20–60 pixels and attenuation factors uniformly sampled from 499 
0.3 to 0.6, mimicking the sparsity of absorbing obstacles. In Supplementary Fig. 6, we 500 
assumed illumination originated from the left-hand side of the image space. To ensure 501 
that simulated stripes originated from shadow-casting obstructions, the attenuation 502 
bands were masked. We performed a simple foreground segmentation using OTSU 503 
thresholding. Furthermore, to introduce spatial heterogeneity, a sinusoidally varying 504 
boundary was applied such that stripes commenced at the first foreground pixel behind 505 
the boundary and propagated across the rest of the image. The resulting stripe field was 506 
smoothed with a Gaussian filter (σ = 5) and multiplied with the input slice to yield the fi-507 
nal corrupted image. It was noteworthy that this simulation remained a simplification 508 
compared to real experimental conditions, as phenomena such as stripe divergence 509 
due to scattering are not modeled. 510 

Supplementary Note 5: Simulation of SPIM datasets with se-511 

quential dual-sided illumination 512 

To quantify the performance of Leonardo-Fuse, specifically its along-illumination 513 
branch, in restoring a high-quality image stack by fusing two SPIM datasets illuminated 514 
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via opposite lenses, we simulated two partially degraded stacks using a previously pub-515 
lished PEGASOS-cleared mouse brain labeled with THY1-eGFP (158×512×512 516 
voxels)13. Since the specimen had been well cleared in advance, it was treated as an al-517 
most optimal ground truth (GT), where the light sheet penetrated the entire brain with 518 
minimal scattering. 519 

To simulate realistic degradation and preserve a well-defined fusion boundary for 520 
later quantification, we defined a spatially varying pseudo-fusion boundary 𝜔𝜔𝑧𝑧,𝑥𝑥

𝐺𝐺𝐺𝐺 for each 521 
slice: 522 

 𝜔𝜔𝑧𝑧,𝑥𝑥
𝐺𝐺𝐺𝐺 = 64 �cos �2𝜋𝜋

𝑁𝑁𝑥𝑥
𝑥𝑥 − 𝜋𝜋� cos �2𝜋𝜋

𝑁𝑁𝑧𝑧
𝑧𝑧 − 𝜋𝜋� + 1� + 256  (15) 523 

where 𝑥𝑥 ∈ {1,2,⋯ ,𝑁𝑁𝑥𝑥}, 𝑧𝑧 ∈ {1,2,⋯ ,𝑁𝑁𝑧𝑧}, with 𝑁𝑁𝑥𝑥 = 512, 𝑁𝑁𝑧𝑧 = 158. This resulted in bound-524 
ary positions within the range 𝜔𝜔𝑧𝑧,:

𝐺𝐺𝐺𝐺 ∈ [192,320], smoothly varying across slices. 525 

Next, assuming illumination from the left-hand side, we modeled the output degra-526 
dation by blending the original clean image 𝑃𝑃 with a globally blurred version 𝑄𝑄 (Gauss-527 
ian kernel, 𝜎𝜎 =  50), using a spatially varying weight. The weight was defined based on 528 
the horizontal distance from the simulated fusion boundary 𝜔𝜔𝑧𝑧,𝑥𝑥

𝐺𝐺𝐺𝐺: 529 

 𝑂𝑂𝑧𝑧,𝑥𝑥,𝑦𝑦
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 = 𝛼𝛼𝑧𝑧,𝑥𝑥,𝑦𝑦𝑃𝑃𝑧𝑧,𝑥𝑥,𝑦𝑦 + (1 − 𝛼𝛼𝑧𝑧,𝑥𝑥,𝑦𝑦)𝑄𝑄𝑧𝑧,𝑥𝑥,𝑦𝑦  (16) 530 

where 𝑂𝑂 was the simulation result and the weight 𝛼𝛼𝑧𝑧,𝑥𝑥,𝑦𝑦 was defined as: 531 

 𝛼𝛼𝑧𝑧,𝑥𝑥,𝑦𝑦 = 1
1+exp (−𝑟𝑟(𝑦𝑦−𝜔𝜔𝑧𝑧,𝑥𝑥

𝐺𝐺𝐺𝐺))
 (17) 532 

with 𝑟𝑟 =  0.1 controlling the steepness of the transition. This formulation ensured that 533 
regions left of the boundary (where 𝑦𝑦 < 𝜔𝜔𝑧𝑧,𝑥𝑥

𝐺𝐺𝐺𝐺) were largely preserved (𝛼𝛼 close to 1), 534 
while those further right were increasingly replaced by the degraded image (𝛼𝛼 ap-535 
proached 0). A symmetric strategy was used for simulating right-side illumination 𝑂𝑂𝑧𝑧,𝑥𝑥,𝑦𝑦

𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡 536 
by flipping the sign in the sigmoid. 537 

As a result, the obtained 𝑂𝑂𝑧𝑧,𝑥𝑥,𝑦𝑦
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  and 𝑂𝑂𝑧𝑧,𝑥𝑥,𝑦𝑦

𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡 mimicked the mouse brain tissue being 538 
sequentially illuminated from the left-hand and right-hand sides, respectively. During 539 
simulation experiments, results from various fusion algorithms were quantitatively com-540 
pared to the ground truth 𝑃𝑃 (Extended Data Fig. 8 in the main text). Additionally, the fu-541 
sion boundary learned by Leonardo-Fuse (along illumination) was compared to the 542 
pseudo-fusion boundary 𝜔𝜔𝐺𝐺𝐺𝐺. While this simulation setup might have appeared simpli-543 
fied—for instance, it assumed symmetrical degradation boundaries under opposite illu-544 
minations—it enabled a well-defined ground truth boundary 𝜔𝜔𝐺𝐺𝐺𝐺, which was crucial for 545 
quantitatively evaluating both the fused image quality and Leonardo-Fuse’s ability to ac-546 
curately infer the fusion boundary. This trade-off allowed for more meaningful and repro-547 
ducible benchmarking. 548 
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Supplementary Note 6: Quantitative analysis 549 

For the evaluation of either Leonardo-DeStripe or Leonardo-Fuse, we computed both 550 
the structural similarity index (SSIM) and peak signal-to-noise ratio (PSNR) slice by 551 
slice on normalized reconstruction outputs and ground truths with MATLAB (R2021a) 552 
and then reported the mean values and standard deviations in Extended Data Figs. 4 553 
and 8. 554 

The PSNR was calculated using the MATLAB function psnr, which computes the 555 
logarithmic ratio between the maximum possible pixel value and the mean squared er-556 
ror (MSE) between two images. Given a processed image 𝐼𝐼 (from either Leonardo-557 
DeStripe or Leonardo-Fuse) and a reference image 𝐾𝐾 (either stripe-free or blur-free 558 
ground truth for Leonardo-DeStripe and Leonardo-Fuse, respectively), both of size 559 
𝑀𝑀 × 𝑁𝑁, PSNR was computed as: 560 

 P𝑆𝑆𝑆𝑆𝑆𝑆 = 10 × log10 �
𝑅𝑅2

MSE(𝐼𝐼,𝐾𝐾)
�  (18) 561 

where MSE(𝐼𝐼,𝐾𝐾) = ∑ ‖𝐼𝐼(𝑚𝑚,𝑛𝑛)−𝐾𝐾(𝑚𝑚,𝑛𝑛)‖2𝑀𝑀,𝑁𝑁
𝑀𝑀×𝑁𝑁

 is the MSE between 𝐼𝐼 and 𝐾𝐾, 𝑅𝑅 is the maximum 562 
fluctuation in the input image data type. Since the inputs were normalized, 𝑅𝑅 = 1. 563 

Although PSNR is conventionally interpreted as a signal-to-noise ratio, it is in princi-564 
ple a rescaled representation of the mean squared error (MSE) between the recon-565 
structed output and the reference. We reported PSNR rather than raw MSE because it 566 
provided a standardized and unit-consistent metric (in decibels), which enabled intuitive 567 
assessment of image fidelity across varying intensity distributions. In the context of 568 
stripe removal and dual-view fusion, PSNR served as a practical and interpretable indi-569 
cator of reconstruction quality: higher PSNR values directly corresponded to lower pixel-570 
wise differences from the reference image. For Leonardo-DeStripe, this reflected effec-571 
tive suppression of artificially simulated stripe artifacts; for Leonardo-Fuse, it reflected 572 
accurate structural integration from complementary views. 573 

The SSIM was computed using MATLAB’s ssim function. SSIM measures local lu-574 
minance, contrast, and structure similarity between two images: 575 

 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = (2𝜇𝜇𝐼𝐼𝜇𝜇𝐾𝐾+𝐶𝐶1)(2𝜎𝜎𝐼𝐼𝐼𝐼+𝐶𝐶2)
(𝜇𝜇𝐼𝐼

2+𝜇𝜇𝐾𝐾
2+𝐶𝐶1)(𝜎𝜎𝐼𝐼

2+𝜎𝜎𝐾𝐾
2+𝐶𝐶2)

 (19) 576 

where 𝜇𝜇𝐼𝐼 and 𝜇𝜇𝐾𝐾 denote the local means of 𝐼𝐼 and 𝐾𝐾, 𝜎𝜎𝐼𝐼2 and 𝜎𝜎𝐾𝐾2 are their local variances, 577 
and 𝜎𝜎𝐼𝐼𝐼𝐼 is the local covariance between them. Constants 𝐶𝐶1 and 𝐶𝐶2 are defined as 𝐶𝐶1 =578 
(𝑃𝑃1𝐿𝐿)2 and 𝐶𝐶2 = (𝑃𝑃2𝐿𝐿)2, where 𝐿𝐿 is the dynamic range of the pixel values, i.e., 1 since 579 
our images were normalized, and 𝑃𝑃1 and 𝑃𝑃2 are small constants (0.01 and 0.03, respec-580 
tively in MATLAB). 581 

Compared to pixel-wise metrics like PSNR, SSIM offers a perceptually motivated 582 
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assessment by jointly evaluating luminance, contrast, and structural consistency be-583 
tween two images. This makes SSIM particularly valuable for image restoration tasks 584 
such as stripe removal and dual-view fusion, where preserving fine structural details is 585 
critical. In our evaluation, higher SSIM values indicated that the corrected or fused im-586 
age more faithfully reproduced the structural content of the ground truth, even in cases 587 
where absolute intensity deviations existed. Therefore, SSIM complements PSNR by 588 
capturing perceptual and spatial coherence, providing a more holistic evaluation of the 589 
reconstruction quality achieved by Leonardo-DeStripe and Leonardo-Fuse. 590 

Supplementary Note 7: Information content assessment 591 

Information content assessment was performed using a combination of the discrete co-592 
sine transform (DCT-II) and Shannon entropy to measure image quality14. Image 593 
patches 𝐼𝐼 ∈ ℝ𝑀𝑀×𝑁𝑁 were first transformed into the cosine frequency domain: 594 

 
𝐹𝐹𝑑𝑑𝑑𝑑𝑑𝑑(𝑢𝑢, 𝜈𝜈) = 2

𝑁𝑁
∑  𝑀𝑀−1
𝑖𝑖=0 ∑  𝑁𝑁−1

𝑗𝑗=0 𝛿𝛿(𝑖𝑖)𝛿𝛿(𝑗𝑗)cos �𝜋𝜋𝜋𝜋
2𝑀𝑀

(2𝑖𝑖 + 1)� cos �𝜋𝜋𝜋𝜋
2𝑁𝑁

(2𝑗𝑗 + 1)� 𝐼𝐼(𝑖𝑖, 𝑗𝑗)

where 𝛿𝛿(𝑡𝑡) = �
1
√2

if 𝑡𝑡 = 0
1 otherwise

 (20) 595 

where 𝐹𝐹𝑑𝑑𝑑𝑑𝑑𝑑 ∈ ℝ𝑀𝑀×𝑁𝑁 is the discrete cosine transform of the patch 𝐼𝐼. Next, spectral entropy 596 
was used to calculate the information content of the patch 𝐼𝐼: 597 

 𝑆𝑆𝑠𝑠ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 = −∑  𝑛𝑛
𝑖𝑖=1 ∑  𝑛𝑛

𝑗𝑗=1 𝑝𝑝𝑖𝑖,𝑗𝑗ln 𝑝𝑝𝑖𝑖,𝑗𝑗  (21) 598 

where 𝑝𝑝𝑖𝑖,𝑗𝑗 = 𝑃𝑃𝑖𝑖,𝑗𝑗
∑  𝑖𝑖,𝑗𝑗 𝑃𝑃𝑖𝑖,𝑗𝑗

, 𝑃𝑃𝑖𝑖,𝑗𝑗 = 𝐹𝐹𝑑𝑑𝑑𝑑𝑑𝑑(𝑖𝑖,𝑗𝑗)2

(𝑀𝑀×𝑁𝑁)2
, 𝑆𝑆𝑠𝑠ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 is the Shannon entropy of the transformed 599 

image. 600 

Supplementary Note 8: SPIM registration 601 

It is fundamentally crucial to fuse SPIM datasets using well-registered SPIM pairs15. In 602 
most commercial or scientific light sheet-based setups, for example, dual-sided illumina-603 
tion in SPIM and Blaze, and dual-sided detection in X-SPIM—the optical paths are typi-604 
cally pre-aligned. Hence, in Leonardo, algorithmic registration is only required when op-605 
posing detection views are simulated by physically rotating the specimen by 180°. How-606 
ever, because only complementary regions of the specimen are well imaged in different 607 
input stacks (Fig. 1B in the main text), registration of SPIM datasets is highly challeng-608 
ing. Therefore, we recommend that users of Leonardo-Fuse manually register the input 609 
stacks in advance, or consider using bead-based registration plugins16, which require 610 
embedding fluorescent beads in the mounting medium around the specimen. 611 

Nevertheless, Leonardo-Fuse includes an optimized 3D image-based registration 612 
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workflow built upon ANTsPy17, which can be useful when pre-registration is not availa-613 
ble. Specifically, to maximize overlap of usable image content, registration is estimated 614 
based on the fusion result from Leonardo-Fuse (along illumination) and then applied to 615 
both image stacks captured via the back detection lens. In systems with simultaneous 616 
dual-sided illumination, such as Blaze, registration is performed directly on the raw input 617 
stacks. An illustration of the full Leonardo-Fuse workflow when registration is required is 618 
given in Supplementary Fig. 14. 619 

Registration in Leonardo includes three stages. Given two fusion results, 𝑋𝑋𝐹𝐹𝐹𝐹 by 620 
fusing stacks with dual-sided illumination before rotation, and 𝑋𝑋𝐵𝐵𝐵𝐵 by fusing volumes 621 
with dual-sided illumination after rotation, Leonardo first aligns 𝑋𝑋𝐵𝐵𝐵𝐵 into the coordinate 622 
space of 𝑋𝑋𝐹𝐹𝐹𝐹 via 2D maximum intensity projection (MIP)-based translation. Specifically, 623 
the lateral shifts along the x-axis, namely 𝑡𝑡𝑥𝑥, and the y-axis, termed 𝑡𝑡𝑦𝑦, are first learned 624 
based on MIPs of 𝑋𝑋𝐹𝐹𝐹𝐹 and 𝑋𝑋𝐵𝐵𝐵𝐵 along the z-axis: 625 

 𝑇𝑇1 = �

1 0
0 1

0 0
0 𝑡𝑡𝑥𝑥

0 0
0 0

1 𝑡𝑡𝑦𝑦
0 1

�  (22) 626 

whereas the axial shift along the z-axis, termed 𝑡𝑡𝑧𝑧, is learned based on the MIPs of 𝑋𝑋𝐹𝐹𝐹𝐹 627 
and 𝑋𝑋𝑇𝑇1

𝐵𝐵𝐵𝐵 mapped via 𝑇𝑇1 along the x-axis: 628 

 𝑇𝑇2 = �
1 0
0 1

0 𝑡𝑡𝑧𝑧
0 0

0 0
0 0

1 0
0 1

�  (23) 629 

As a result, 𝑋𝑋𝐵𝐵𝐵𝐵 is mapped to 𝑋𝑋𝑇𝑇1,𝑇𝑇2
𝐵𝐵𝐵𝐵 , which is now coarsely aligned with 𝑋𝑋𝐹𝐹𝐹𝐹. 630 

Next, an affine registration is estimated to refine alignment, encompassing scaling, 631 
rotation, and translation in 3D. To this end, ANTsPy—a widely used image registration 632 
toolkit in biomedical imaging—is used. Nevertheless, one of the main drawbacks of 633 
ANTsPy is its high computational cost, when processing light sheet-based datasets at 634 
the terabyte scale. Thus, registration between 𝑋𝑋𝐹𝐹𝐹𝐹 and 𝑋𝑋𝑇𝑇1,𝑇𝑇2

𝐵𝐵𝐵𝐵  in 3D is estimated within a 635 
bounding box. The expansion of the bounding box in the xy-plane is defined by seg-636 
menting the MIPs of 𝑋𝑋𝐹𝐹𝐹𝐹 and 𝑋𝑋𝑇𝑇1,𝑇𝑇2

𝐵𝐵𝐵𝐵  along the z-axis. Meanwhile, expansion along the z-637 
axis is determined such that the bounding box includes no more than 200 × 1024 ×638 
1024 pixels (empirically tested on a 50 GB random-access memory (RAM) system). Ad-639 
ditionally, for systems with less RAM, users can define downsampling ratios—ax-640 
ial_upsample and lateral_upsample—for the xy-plane and z-axis, respectively.  641 

To further accelerate the aforementioned 3D registration, masking is applied at all 642 
stages of ANTsPy's multi-resolution optimization. Specifically, in the first three resolution 643 
levels (shrink factors of 6, 4, and 2 (default setup in ANTsPy)), masks are derived from 644 
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the known 2D shifts, which identify regions in each volume that lack physical corre-645 
spondence due to partial sampling. Before the final full-resolution stage, foreground 646 
masks are independently generated from the fixed and warped moving volumes using 647 
OTSU method. Their intersection defines the overlapping high-intensity region, which is 648 
then used to restrict the final optimization step. This ensures that only information-rich 649 
regions are involved in the most computationally expensive step, thereby significantly 650 
improving overall efficiency while maintaining registration accuracy. 651 

As a result, 𝑋𝑋𝑇𝑇1,𝑇𝑇2
𝐵𝐵𝐵𝐵  is mapped to 𝑋𝑋𝑇𝑇1,𝑇𝑇2,𝑇𝑇3

𝐵𝐵𝐵𝐵  after transformation using the learned affine 652 
matrix 𝑇𝑇3 in the format of: 653 

 𝑇𝑇3 = �

1 𝑚𝑚𝑧𝑧
𝑚𝑚𝑥𝑥 1

𝑛𝑛𝑧𝑧 𝑡𝑡𝑧𝑧
𝑛𝑛𝑥𝑥 𝑡𝑡𝑥𝑥

𝑚𝑚𝑦𝑦 𝑛𝑛𝑦𝑦
0 0

1 𝑡𝑡𝑦𝑦
0 1

�  (24) 654 

Finally, in the case of the aforementioned Affine transformation learned in a down-655 
sampled space, a descriptor-based registration can be optionally applied at full resolu-656 
tion. Specifically, the descriptor-based registration is estimated based on anchor points 657 
extracted using the 2D Difference of Gaussian (DoG) method, for the sake of memory 658 
efficiency. The extracted descriptors are then registered using the Iterative Closest 659 
Point (ICP) registration algorithm18, implemented with the Open3D package in Python. 660 

Overall, registration in Leonardo consists of three coarse-to-fine stages: (1) 2D 661 
MIP-based translational initialization, (2) 3D affine registration (potentially downsam-662 
pled), and (3) optional full-resolution descriptor-based refinement. Knowledge of the lat-663 
eral and axial resolutions of the input stacks is required throughout. 664 

Supplementary Note 9: Comparison between Leonardo regis-665 

tration and existing methods 666 

Although Leonardo's coarse-to-fine registration is implemented using existing toolkits 667 
such as ANTsPy and Open3D, its overall performance is more reliable and robust. In 668 
particular, the initial 2D MIP-based initialization aligns volumes acquired before and af-669 
ter 180° rotation more effectively than standard strategies such as center-of-mass initial-670 
ization.  671 

For example, when registering zebrafish datasets in which only half of the specimen 672 
facing the detected camera is imaged before or after rotation by 180° (Supplementary 673 
Fig. 13), center-of-mass initialization failed due to significant differences in the imaged 674 
content. In comparison, Leonardo's MIP-based initialization successfully mapped the ro-675 
tated dataset into the correct coordinate space, providing a reliable initialization for sub-676 
sequent 3D registration. Without this initialization, ANTsPy failed to perform 3D registra-677 
tion, producing an error indicating that "the images do not sufficiently overlap." 678 
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Second, the masking strategy used in Leonardo significantly reduces memory us-679 
age and speeds up registration by limiting optimization to informative voxels. For exam-680 
ple, on the zebrafish dataset shown in Supplementary Fig. 13, the use of masking led 681 
to a fourfold speed-up while requiring only half the memory compared to the baseline 682 
ANTsPy-only pipeline (Supplementary Table 3). 683 

Finally, the descriptor-based registration step (optional) can leverage the affine ma-684 
trix estimated from the previous stage as initialization, rather than starting from a ran-685 
dom guess. This is particularly crucial given that ICP algorithms are notoriously sensi-686 
tive to initialization. For example, when starting from a random transformation and with-687 
out manual intervention (e.g., roughly aligning the datasets by hand), BigStitcher—one 688 
of the most widely used registration toolboxes in the SPIM community built upon ICP—689 
failed and returned an identity transformation on the zebrafish shown in Supplementary 690 
Fig. 13. 691 

In conclusion, compared to direct full-volume registration, Leonardo introduces a 692 
lightweight yet robust pipeline that combines 2D MIP-based initialization, bounding-box–693 
constrained 3D affine registration, and multi-stage foreground masking. Together, this 694 
pipeline eliminates the need for manual intervention while enabling accurate and effi-695 
cient alignment of partially imaged SPIM datasets. 696 

Supplementary Note 10: Optimized Leonardo-Fuse for large 697 

tissue 698 

As a GPU-aided post-processing tool, Leonardo-Fuse requires a decent number of 699 
computational resources. Moreover, if registration is needed, sufficient system RAM is 700 
crucial (as previously mentioned, ANTsPy, the registration toolbox we use, is computa-701 
tionally demanding). Therefore, when processing extremely large specimens, a special-702 
ized version of Leonardo-Fuse is optimized, as illustrated in Extended Data Fig. 10A in 703 
the main text. In this version, the input volumes are first downsampled, with the sam-704 
pling ratio defined by users based on the capabilities of their computing machine. Espe-705 
cially, this downsampling does not significantly affect the accuracy of the estimated fu-706 
sion boundary, owing to the continuity of biological specimens. In comparison, the regis-707 
tration matrix learned in the downsampled space, if estimated, may be less accurate. 708 
Therefore, the learned registration matrix must be refined at full resolution. Considering 709 
the significant computational burden of image-based registration, this refinement is real-710 
ized using only the final round of descriptor-based Affine registration which is described 711 
in the previous Supplementary Note 9. As a result, given the registered front-back in-712 
put pair, Leonardo-Fuse can fuse them based on the upsampled fusion boundary. This 713 
follows the same strategy used to refine the fusion boundary using GF, as described in 714 
Methods in the main text. 715 
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Supplementary Note 11: Segmentation of periosteum and en-716 

dosteum 717 

To quantify the distances between periosteum (dashed colored lines in Fig. 5H, main 718 
text) and endosteum (solid colored lines in Fig. 5H, main text), we first applied OTSU 719 
thresholding to segment the foreground, followed by connected component labeling us-720 
ing skimage.measure.label. For the thin endosteum, the center point of each con-721 
nected component was extracted at every y position, which was taken as the location of 722 
the endosteum. In contrast, the periosteum is relatively thick and solid; therefore, at 723 
each y position, the leftmost and rightmost boundary points of the connected compo-724 
nent were identified, and their difference was used to quantify periosteal thickness, as 725 
shown in Fig. 5I (bottom panel, main text). 726 

Supplementary Note 12: Leonardo-Fuse→DeStripe 727 

Given the fusion boundary along illumination, which is pre-estimated on the stripe-cor-728 
rupted data, and two input slices with opposing orientations, Leonardo-Fuse→DeStripe 729 
aims to simultaneously remove stripes in both inputs. In this process, Leonardo-730 
DeStripe focuses exclusively on destriping regions that will be incorporated into the final 731 
fusion result. Specifically, within the deep learning framework (illustrated in Extended 732 
Data Fig. 2C in the main text), the two input slices (in the Fourier domain) are first 733 
mapped to a high-dimensional feature space using the same MLPℂ which has been dis-734 
cussed in Methods in the main text. In comparison, the subsequent anisotropic TV unit 735 
is not shared between the two opposing orientations. Instead, two separate groups of 736 
anisotropic TV units are deployed for each input in parallel. Each group may consist of 737 
multiple anisotropic TV units, with each unit dedicated to resolving stripes in one spe-738 
cific orientation. Thus, Leonardo-DeStripe-Fuse can be easily extended to multi-direc-739 
tional light sheet-based systems (e.g., UltraMicroscope Blaze). The learned feature 740 
maps from both inputs are then projected back to one-dimensional space using the 741 
same MLPℂ. Meanwhile, two DC branches work in parallel to infer the baseline compo-742 
nent for each input after stripe correction. The two outputs of the network, denoted as 𝑋𝑋�1 743 
and 𝑋𝑋�2, are finally projected back to the image space using inverse FFT, and later fused 744 
into 𝑋𝑋� (following definitions used in Methods in the main text) using the same strategy 745 
as Leonardo-Fuse (along illumination). The remaining parts, together with the training 746 
process, of the network follow the same strategy as Leonardo-DeStripe. The only differ-747 
ence is that when composing full-resolution stripe-less result using guided upsampling, 748 
it is applied twice separately to 𝑋𝑋�1 and 𝑋𝑋�2, with the outputs fused again based on the fu-749 
sion boundary. 750 
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Supplementary Note 13: Parameter selection in Leonardo 751 

In our GitHub repository, both Leonardo-DeStripe and Leonardo-Fuse modules are pro-752 
vided with well-tested default parameter settings, which are sufficient to produce high-753 
quality results in most practical scenarios. Nevertheless, in certain challenging cases, 754 
fine-tuning specific parameters may further enhance performance or reduce computa-755 
tional cost. Here, we point out the most relevant parameters, their roles, and practical 756 
guidelines for adapting them to diverse imaging conditions. A detailed explanation of all 757 
parameters can be found in https://leonardo-toolset.readthedocs.io/en/latest/api.html.  758 

13.1 Leonardo-DeStripe: parameter discussion 759 
Some of the key parameters that influence destriping performance—in terms of stripe 760 
removal quality and structural preservation—have already been systematically analyzed 761 
in Supplementary Figs. 20 and 22. Corresponding to the code space, these include 762 
the angular coverage of the wedge-shaped mask in Fourier wedge_degree, and the 763 
impact of the window size of the guided filtering in the guided upsampling guided_up-764 
sample_kernel. We next summarize additional parameters that may affect the 765 
runtime, stability, or fine control of the destriping pipeline: 766 

 resample_ratio (int, default = 3): Downsampling factor along the stripe di-767 
rection used when training the graph neural network (GNN). Since the GNN is 768 
trained separately for each slice, high-resolution training can be computationally ex-769 
pensive. Increasing the downsampling factor can significantly reduce training time. 770 
However, we do not recommend values greater than 5, as this may degrade the 771 
network's ability to model fine-scale stripe patterns. 772 

 illu_orient (str, optional): Illumination orientation in the image space, which 773 
activates the optional post-processing module for sample structure preservation, 774 
i.e., ill. prior. Valid options are "top", "bottom", "left", "right", and dual-side orienta-775 
tions "top-bottom" or "left-right" (e.g., Ultramicroscope Blaze). Enabling this parame-776 
ter may slightly increase runtime, but in some cases improve structural fidelity. 777 

 allow_stripe_deviation (bool, default = False): A flag that controls an addi-778 
tional penalty term in the post-processing module for sample structure preservation. 779 
When set to True, challenging stripes (e.g., slightly tilted, wavy stripes, or illumina-780 
tion drift) will be more strongly suppressed. This comes at the potential cost of 781 
slightly sacrificing fine sample details. For datasets where stripes are mostly stable, 782 
keeping this parameter False to better preserve structural fidelity. Note that this op-783 
tion only takes effect when post-processing model is enabled via giving illu_orient. 784 

https://leonardo-toolset.readthedocs.io/en/latest/api.html
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13.2 Leonardo-Fuse: parameter discussion 785 
We are proud to say that Leonardo-Fuse is a highly robust and stable module, capable 786 
of producing reliable fusion results across a wide range of biological samples and imag-787 
ing conditions without the need for extensive parameter tuning. That said, there are a 788 
few parameters that can be tuned to improve runtime efficiency, especially when pro-789 
cessing large volumetric datasets or running on resource-limited systems: 790 

 Common parameters that apply to all fusion tasks: 791 

 resample_ratio (int, default = 2): Downsampling factor for estimating 792 
the fusion boundary. A higher value (e.g., 4) reduces memory usage and 793 
speeds up computation and works well when the sample exhibits smooth or 794 
slowly varying structures. 795 

 require_segmentation (bool, default = True): Whether segmentation is 796 
required as part of the fusion pipeline. Segmentation is primarily used to ex-797 
clude background regions and suppress ghost artifacts near sample bounda-798 
ries. Thus, when ghost artifacts are not severe, segmentation can be safely dis-799 
abled to reduce runtime. Also, if the data is highly sparse, no segmentation is 800 
advised. 801 

 Dual-sided detection specific parameters, specifically if registration is required: 802 

 registration_params (dict, optional): Dictionary controlling the behav-803 
ior of the internal registration step during fusion. If not provided, default val-804 
ues are used. Valid keys include: 805 

 use_exist_reg (bool, default = False): Whether to use existing regis-806 
tration results instead of re-computing them. If registration is available, 807 
for instance, in multi-channel scenario where registration is estimated on 808 
one channel and applied to the others, Leonardo-Fuse will look for 809 
`reg.npy` file under `save_folder` and apply it to the current data. 810 

 require_reg_finetune (bool, default = True): Whether to perform 811 
additional fine-tuning registration using Open3D. Disabling this can 812 
speed up fusion. 813 

 axial_downsample (int, default = 1): Downsampling factor along the 814 
axial (z) direction for ANTsPy registration. Higher values reduce 815 
memory usage but may degrade registration accuracy. 816 

 lateral_downsample (int, default = 2): Downsampling factor along 817 
the lateral (x–y) directions for ANTsPy registration. Setting to 1 keeps 818 
full lateral resolution during registration. 819 

 skip_refine_registration (bool, default = False): Whether to skip 820 
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the refinement stage entirely under big data mode. Primarily used when 821 
big data mode is on and registration needs to be refined at the original res-822 
olution. See https://leonardo-toolset.readthedocs.io/en/latest/fuse_det.html 823 
to check out big data mode. 824 

  825 

https://leonardo-toolset.readthedocs.io/en/latest/fuse_det.html


 

Liu et al. 2025 Leonardo 53 

References 826 

1. Khalilian-Gourtani, A., Tepper, M., Minden, V. & Chklovskii, D. B. Strip the Stripes: 827 

Artifact Detection and Removal for Scanning Electron Microscopy Imaging. in 828 

ICASSP 2019 - 2019 IEEE International Conference on Acoustics, Speech and Signal 829 

Processing (ICASSP) 1060–1064 (IEEE, Brighton, United Kingdom, 2019). 830 

doi:10.1109/ICASSP.2019.8683119. 831 

2. Li, M., Rieck, J., Noheda, B., Roerdink, J. B. T. M. & Wilkinson, M. H. F. Stripe noise 832 

removal in conductive atomic force microscopy. Sci. Rep. 14, 3931 (2024). 833 

3. Liang, X. et al. Stripe artifact elimination based on nonsubsampled contourlet trans-834 

form for light sheet fluorescence microscopy. J. Biomed. Opt. 21, 106005 (2016). 835 

4. Münch, B., Trtik, P., Marone, F. & Stampanoni, M. Stripe and ring artifact removal with 836 

combined wavelet — Fourier filtering. Opt. Express 17, 8567–8591 (2009). 837 

5. Chang, Y., Fang, H., Yan, L. & Liu, H. Robust destriping method with unidirectional 838 

total variation and framelet regularization. Opt. Express 21, 23307–23323 (2013). 839 

6. Schwartz, J. et al. Removing Stripes, Scratches, and Curtaining with Non-Recovera-840 

ble Compressed Sensing. 841 

7. Rottmayer, N., Redenbach, C. & Fahrbach, F. O. A universal and effective variational 842 

method for destriping: application to light-sheet microscopy, FIB-SEM, and remote 843 

sensing images. Opt. Express 33, 5800 (2025). 844 

8. Chang, Y., Yan, L., Wu, T. & Zhong, S. Remote Sensing Image Stripe Noise Removal: 845 

From Image Decomposition Perspective. IEEE Trans. Geosci. Remote Sens. 54, 846 

7018–7031 (2016). 847 



 

Liu et al. 2025 Leonardo 54 

9. Yang, J.-H. et al. Remote sensing images destriping using unidirectional hybrid total 848 

variation and nonconvex low-rank regularization. J. Comput. Appl. Math. 363, 124–849 

144 (2020). 850 

10. A General Destriping Framework for Remote Sensing Images Using Flatness Con-851 

straint | IEEE Journals & Magazine | IEEE Xplore. https://ieeexplore.ieee.org/docu-852 

ment/9721064. 853 

11. He, K., Sun, J. & Tang, X. Guided Image Filtering. IEEE Trans. Pattern Anal. Mach. 854 

Intell. 35, 1397–1409 (2013). 855 

12. Liu, Y. et al. DeStripe: A Self2Self Spatio-Spectral Graph Neural Network with Un-856 

folded Hessian for Stripe Artifact Removal in Light-sheet Microscopy. Preprint at 857 

http://arxiv.org/abs/2206.13419 (2022). 858 

13. Dean, K. M. et al. Isotropic imaging across spatial scales with axially swept light-sheet 859 

microscopy. Nat. Protoc. 17, 2025–2053 (2022). 860 

14. He, J. & Huisken, J. Image quality guided smart rotation improves coverage in micros-861 

copy. Nat. Commun. 11, 150 (2020). 862 

15. Li, S., Kang, X. & Hu, J. Image Fusion With Guided Filtering. IEEE Trans. Image Pro-863 

cess. 22, 2864–2875 (2013). 864 

16. Hörl, D. et al. BigStitcher: reconstructing high-resolution image datasets of cleared 865 

and expanded samples. Nat. Methods 16, 870–874 (2019). 866 

17. Tustison, N. J. et al. The ANTsX ecosystem for quantitative biological and medical 867 

imaging. Sci. Rep. 11, 9068 (2021). 868 

18. Rusinkiewicz, S. & Levoy, M. Efficient variants of the ICP algorithm. in Proceedings 869 



 

Liu et al. 2025 Leonardo 55 

Third International Conference on 3-D Digital Imaging and Modeling 145–152 (2001). 870 

doi:10.1109/IM.2001.924423. 871 

19. Grüneboom, A. et al. A network of trans-cortical capillaries as mainstay for blood cir-872 

culation in long bones. Nat. Metab. 1, 236–250 (2019). 873 

 874 


	Supplementary Information for
	Leonardo: a toolset to correct sample-induced artifacts in light sheet microscopy images
	Supplementary Figures
	Supplementary Fig. 1. Graphical user interface (GUI). Leonardo is modular and encapsulated individually in Napari and can adapt to different SPIM variants and workflows. Specifically, Leonardo-DeStripe and Leonardo-Fuse are nested in two Napari widget...
	Supplementary Fig. 2. A comparison between Leonardo-DeStripe and a conventional 2D band-pass FFT filter with different angular coverages of the wedge-shaped mask. From left to right, the angular coverage of the masking region in the FFT filter increas...
	Supplementary Fig. 3. Evaluation of the method by Chang et al. on a murine heart dataset. (A) Original SPIM image. (B) Leonardo-DeStripe’s result. (C) Outputs of the method by Chang et al., a typical optimization-based method, are given under differen...
	Supplementary Fig. 4. Evaluation of Chang et al. on a zebrafish dataset. (A) Raw SPIM image. (B) Result of Leonardo-DeStripe. (C) Outputs of the method proposed by Chang et al., a typical optimization-based method, are given under different parameter ...
	Supplementary Fig. 5. The effect of guided upsampling in Leonardo-DeStripe. (A) Stripes were visible in xy maximum projection (color-coded along z), whereas after Leonardo-DeStripe, they were largely resolved. (B) Four typical slices were displayed, w...
	Supplementary Fig. 6. Simulation of stripe artifacts in SPIM. Adipose tissue was used as a stripe-free ground truth image. Structured noise was simulated to mimic horizontal and multiplicative stripes.
	Supplementary Fig. 7. An extended version of Fig. 2B-D in the main text with a full comparison including Leonardo-DeStripe, MDSR, and the method by Rottmayer et al. On an H2B-GFP zebrafish, Leonardo eliminated stripes more completely (white arrows in ...
	Supplementary Fig. 8. Leonardo-DeStripe was applied to murine heart tissue. Periodic stripe artifacts were effectively removed. Scale bar: 200 (m.
	Supplementary Fig. 9. Removing stripes in an arbitrary direction using Leonardo-DeStripe on a zebrafish brain dataset. The stripes in the input dataset were originally horizontal (Fig. 2E in the main text). We manually rotated the stack 45  to test th...
	Supplementary Fig. 10. Simulation of two partially degraded SPIM volumes. Deteriorated stacks were simulated to become more degraded as they moved farther from the illumination sources.
	Supplementary Fig. 11. An illustration of the registration workflow in Leonardo, which is based on ANTsPy (ants). From coarse to fine, Leonardo registers input datasets using their maximum intensity projections (along the z-axis, i.e., zMIP, or along ...
	Supplementary Fig. 12. Registration performance from coarse to fine. The stack acquired using the camera in the back was gradually aligned with the volume captured with the camera in the front (yellow and orange arrows in the 3D overlay, and white arr...
	Supplementary Fig. 13. A comparison between Leonardo’s 2D MIP-based initial alignment and alignment of center-of-mass. When only a portion of the zebrafish was imaged each time, registration was extremely challenging. Nevertheless, Leonardo successful...
	Supplementary Fig. 14. The complete Leonardo-Fuse workflow when registration is required on an H2B-GFP-labeled transgenic zebrafish. Leonardo-Fuse (along illumination) is first performed independently for stacks from different detection cameras. Regis...
	Supplementary Fig. 15. Two ways to formulate Leonardo workflow. (A) The first way, called Leonardo-(DeStripe(Fuse), starts with performing the DeStripe module on each dataset separately. The Fuse module is then used for dataset integration, which not ...
	Supplementary Fig. 16. Workflow of Leonardo-DeStripe-Fuse. Compared to the normal Leonardo-DeStripe, Leonardo-DeStripe-Fuse can perform stripe removal for patches that are to be included in the fused result.
	Supplementary Fig. 17. On a zebrafish dataset (Fig. 5A-E in the main text), Leonardo-DeStripe(Fuse restored the optimal SPIM image with minimal sample-induced artifacts, i.e., light absorption (yellow arrows in the middle panel), scattering (yellow ar...
	Supplementary Fig. 18. Restoration results using the foundation model UniFMIR, a recent universal image restoration model for fluorescence microscopy. The top row showed raw inputs before foundation model (FM) processing, including four SPIM acquisiti...
	Supplementary Fig. 19. Multi-angular fusion results from Huygens. After applying Huygens to the fusion results from Leonardo-Fuse, sample information was further gathered (white and yellow arrows). However, misalignment existed (circled regions), as m...
	Supplementary Fig. 20. Impact of the angular coverage of the wedge-shaped mask in the Fourier domain in Leonardo-DeStripe. Since the mask is used by the graph neural network, we first compared the impact of different angular coverages without the post...
	Supplementary Fig. 21. Impact of the regularization terms in the loss function of Leonardo-DeStripe. Since the loss function is designed to train the graph neural network, we first compared the effect of different regularization terms without the ill....
	Supplementary Fig. 22. Impact of the window size of the guided upsampling. To better see the effect, we first applied guided upsampling with different window sizes without ill. prior module (top row). As the window size increased, sample structures co...

	Supplementary Tables
	Supplementary Table 1. Comparison between recent stripe removal methods and Leonardo-DeStripe
	Supplementary Table 2. Comparison between recent image fusion methods and Leonardo-Fuse
	Supplementary Table 3. Runtime and memory footprint comparison between baseline ANTsPy-only registration and the lightweight Leonardo pipeline.
	Supplementary Table 4. Key differences between Destripe and Leonardo-DeStripe.

	Supplementary Notes
	Supplementary Note 1: Stripe removal in SPIM
	Supplementary Note 2: Leonardo-DeStripe
	2.1 Stripe remover regularized by anisotropic total variation
	2.2 Improvement of Leonardo-DeStripe from a Bayesian perspective
	2.3 Guided upsampling with various parameters
	2.4 Leonardo-DeStripe is rotatable for stripes in arbitrary directions

	Supplementary Note 3: Comparison with the previous DeStripe Method in MICCAI 2022
	Supplementary Note 4: Simulation of striping objects
	Supplementary Note 5: Simulation of SPIM datasets with sequential dual-sided illumination
	Supplementary Note 6: Quantitative analysis
	Supplementary Note 7: Information content assessment
	Supplementary Note 8: SPIM registration
	Supplementary Note 9: Comparison between Leonardo registration and existing methods
	Supplementary Note 10: Optimized Leonardo-Fuse for large tissue
	Supplementary Note 11: Segmentation of periosteum and endosteum
	Supplementary Note 12: Leonardo-Fuse(DeStripe
	Supplementary Note 13: Parameter selection in Leonardo
	13.1 Leonardo-DeStripe: parameter discussion
	13.2 Leonardo-Fuse: parameter discussion

	References


