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42 Supplementary Note 1: Runtime benchmarking of intracellular segmentation and
43 tracking algorithms

44 Here we test segmentation and tracking runtimes of Nellie and other SOTA

45 segmentation and tracking tools on datasets of increasing sizes (Extended Fig. 1a, b).
46

47 All segmentation pipelines were executed as described in Supplementary Note 4, with
48 consistent methodologies applied across the various tools for a fair comparison. The
49 runtime performance of each segmentation algorithm—MitoGraph, Mitometer, Nellie

50 (CPU), and Nellie (GPU)—was tested on increasingly larger datasets, ranging from 3.7
51 MB to 1.87 GB, to evaluate their scalability and efficiency.

52

53 For Nellie, the segmentation process comprises multiple stages, including

54 pre-processing, semantic segmentation, instance segmentation, skeletonization, and
55 branch relabeling. The combined runtime of these stages is reported as the total

56 segmentation time. To test the performance on larger datasets, we used two temporal
57 frames of a dataset representing a single yeast cell with fluorescently labeled

58 mitochondria and mirrored the dataset laterally to double its size with each subsequent
59 run (Extended Fig. 1c, d). This methodology ensured a fair assessment of how each

60 tool handles progressively larger 3D datasets, starting from the initial 3.7 MB and

61 scaling up to 1.87 GB.

62

63 The results show that Nellie, running on either the CPU or GPU vastly outperforms both

64 MitoGraph and Mitometer in terms of segmentation speed. Notably, Nellie exhibits a



65 near-linear increase in segmentation time as dataset size grows, demonstrating

66 excellent scalability and computational efficiency. For the smallest dataset (3.7 MB), for
67 both CPU and GPU runs, Nellie completes segmentation in under 5 seconds, while

68 MitoGraph requires nearly 40 seconds, and Mitometer requires approximately 10

69 seconds. This difference becomes even more pronounced as the dataset size

70 increases. At 233.1 MB, Nellie (GPU) finishes the segmentation task in roughly 1 minute
71 and Nellie (CPU) finishes in just over 7 minutes, whereas MitoGraph takes close to 45
72 minutes and Mitometer requires close to 10 minutes. At the largest dataset size tested,
73 1.87 GB, Nellie (GPU) completes segmentation in 9 minutes and Nellie (CPU) in just

74 under an hour, maintaining a steady performance across larger datasets. In stark

75 contrast, MitoGraph requires over 17 hours to process the same dataset, and Mitometer
76 takes just over an hour. These results highlight the large performance gains provided by
77 Nellie when using GPU acceleration, particularly for large datasets, where the other

78 tools struggle to maintain reasonable runtimes.

79

go Similarly, the runtime performance of the different tools for tracking tasks follows a

g1 similar experimental setup. The tracking pipelines were executed as described in

82 Supplementary Note 9, with MitoTNT relying on segmentation outputs from MitoGraph,
83 due to the specific file format output from MitoGraph being required by MitoTNT, and

g4 Nellie and Mitometer using Nellie’s segmentation outputs for tracking mitochondria from
85 frame O to frame 1 of the two temporal frames of the 3D dataset. For Nellie, tracking

g6 time reflects the combined runtime of the motion capture marking and matching

87 pipelines.



88

89 Again, the results show that Nellie (GPU) vastly outperforms the other tools in terms of
90 tracking time, particularly for larger datasets. For the smallest dataset (3.7 MB), Nellie
91 completes tracking in less than 1 second over both the GPU and CPU, while MitoTNT
92 requires nearly twice that time, and Mitometer about five times that time. As the dataset
93 size increases to 233.1 MB, Nellie (GPU) completes the tracking task in about 11
94 seconds and Nellie (CPU) in roughly 1 minute, compared to nearly 20 minutes for
95 MitoTNT and more than 5 minutes for Mitometer. For the largest dataset (1.87 GB),
96 Nellie (GPU) completes the tracking task in less than 3 minutes and Nellie (CPU) in 14
97 minutes, whereas MitoTNT could not complete the tracking of the two largest datasets
98 in less than a day (our cutoff), and Mitometer required just under 1 hour. These results
99 further underscore the significant advantages of Nellie in terms of both segmentation

100 and tracking efficiency, especially when deployed on GPU hardware.

101

102 These results demonstrate that Nellie, whether running on CPU or GPU,

103 computationally outperforms MitoGraph and Mitometer in segmentation tasks, and

104 MitoTNT and Mitometer in tracking tasks across a wide range of dataset sizes. The use

105 of GPU acceleration provides an especially dramatic speedup, allowing Nellie to handle

106 even the largest datasets tested in a fraction of the time required by the other tools. This

107 makes Nellie a powerful and scalable tool for high-throughput organelle segmentation

108 and tracking in 3D microscopy datasets, enabling researchers to process and analyze

109 large volumes of data quickly and accurately.

110



111 Supplementary Note 2: Nellie’s extended preprocessing pipeline

112 Optimization of multi-scale Gaussian filtering for anisotropic images in cellular
113 fluorescence microscopy datasets

114 In our study, the establishment of minimum and maximum radii for filtering operations is
115 guided by the specific parameters of the imaging metadata, ensuring an alignment with
116 the physical dimensions represented within the dataset. The lower bound for the radius
117 is determined by selecting the greater of two values: a predefined threshold of 0.20

118 micrometers, which approximates the diffraction limit of light, or the pixel size in the X
119 dimension of the image. This approach ensures that the filtering scale remains relevant
120 to the resolution characteristics of the dataset. Conversely, the upper bound is uniformly
121 set at 1 micrometer, marking the maximal scale of interest for our analysis. These radii
122 are subsequently translated into pixel/voxel dimensions. Mathematically, we can

123 express this as:

124 r = max(0. 2um, pixel size )
min X
125 r =1.00um
max
rmin
126 T ==
min px pixl size,
127 r =—"=
max px pixel size,

128 For the Gaussian filtering process, we derive the minimum and maximum sigma values
129 directly from these pixel-based radii, applying reduction factors of one-half and
130 one-third, respectively. This strategy is designed to calibrate the filter’s sensitivity to

131 features of varying intracellular sizes:
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134 To span the range of feature scales, we implement a series of five sigma values,
135 ensuring comprehensive coverage across the standard deviation spectrum. The
136 inter-sigma step size is calculated to bridge the desired feature scales effectively,

137 imposing a minimum threshold on step size to prevent redundantly small increments

138 that yield negligible changes in filtering outcomes:
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(0}
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142 This structured approach yields a discrete set of sigma values, each corresponding to a
143 specific standard deviation within the Gaussian filtering framework, thus enabling the
144 filter to adaptively respond to biological features of different scales.

145

146 In addressing the challenge of anisotropic datasets prevalent in microscopy imaging —
147 characterized by equivalent resolutions in the X and Y axes but reduced resolution

148 along the Z axis — it is imperative to adjust the kernel values of 3D convolutional filters.
149 This adjustment is critical within our preprocessing framework, which utilizes Gaussian
150 filters across a multi-scale parameter space in both Frangi and Laplacian of Gaussian
151 filtering applications. To counteract anisotropy, we construct a sigma vector for each

152 scale, maintaining uniform standard deviations for the X and Y dimensions while



153 adapting the Z dimension's standard deviation in accordance with the voxel resolution
154 ratio (Z/X). This methodology ensures a consistent filtering effect across the dataset,
155 irrespective of inherent resolution variances. Mathematically, for a given sigma value o,

156 we define the sigma vector as:

TESX
157 o =|o ,0,0

vec3 res,

158 In 2D datasets, which are typically (and for the use of Nellie, we assume to be) exempt
159 from anisotropic concerns, a singular sigma value is employed without modifications for
160 anisotropy:

161 O o™ (0,0)

162

163 Automation of the Frangi filter for optimized contrast enhancement of

164 intracellular structures

165 For each sigma value of our Gaussian filter, several steps are undertaken to both

166 automate and optimize the Frangi filter to enhance the contrast of structures at the
167 intracellular scale. First, the gamma parameter for the Frangi filter is derived from the
168 minimum of the triangle and Otsu threshold values — termed henceforth as the Minotri
169 threshold — of the Gaussian filtered image, providing a size-adaptive approach to

170 contrast enhancement of structural features (Supplementary Note 3)"2:

171 Yc = min(Ttri(Ig)’ TOtsu(Ics))

172 where I0 is the Gaussian filtered image at scale ¢, and Tm, and TOtsu are the triangle and

173 Otsu thresholding functions, respectively.

174
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175 Next, the Hessian matrix for each sigma level is computed:

176 H =]
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181 The Hessian matrix is rescaled and its Frobenius norm is calculated:

H
182 H = u
o rescaled maxi HU )
183 F = || |
o o rescaled

184 The Hessian matrix is masked using the Minotri threshold of the Frobenius norm:

185 Ma,sk(y =F_> min(Tm-(F 0)' TOtsu(Fc))

186 H =H - Mask
o [}

o masked
187 which is a modified approach to MitoGraph’s masking method?>. This approach not only
188 significantly improves computational and memory efficiency, which is particularly crucial
189 for eigenvalue calculations of large datasets, but also allows for completely automatic
190 parameter selection. The eigenvalues of the vectorized Hessian matrix are calculated in
191 memory-efficient chunks and sorted by their absolute values within individual voxels:

199 7‘1,0’ )\2,6, 7\3'0 = sort(|eigvals(H0 ke d)D
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194

195 Finally, Frangi dissimilarity metrics are calculated:

_ 2,0
196 R Ao =
,0
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199 The vesselness measure VG at scale o is computed:

2
200 V=l1-e™ |- {e® |- [1-¢

201 where a and 3 are shape-balanced parameters described in detail in the next section,
202 and vy is the scale-adaptive parameter derived above. These metrics as a whole are

203 used to calculate the inherent structural measure of the organelles at that specific scale,
204 rather than the traditional approach of using the same metrics across all scales.

205 The final multi-scale structure-enhanced filtered image — termed henceforth as the

206 preprocessed image — is constructed by compiling the maximum voxel-wise value

207 across all scales, ensuring that the most prominent features at each scale are captured
208 in the final image (Fig. 1e, Supplementary Data Fig. 1):

209 1 pre = maxG(Vﬁ)

210
211 Automated selection of the Frangi filter parameters
212 Though the Frangi filter, which uses the eigenvalues of the Hessian matrix of the image

213 as attributes, is historically used to accentuate vessel structures within images, it also



214 works exceptionally well at accentuating structural components in general, as long as
215 proper Frangi parameters and scale ranges over which to run the filter are chosen. As
216 organelle shapes vary dramatically both between and within different types of

217 organelles, we must carefully balance the Frangi filter's parameters and scale range in
218 order to properly capture this diversity without accentuating any specific type of

219 organelle. In this regard, we explicitly and specifically modify the Frangi filter to allow for
220 automatic adaptation to specific image contexts, including and beyond scale variations.
221

222 The alpha parameter controls the sensitivity of the filter to the deviation from a blob-like
223 structure. In the context of structure detection, it helps in distinguishing between

224 disc-like, blob-like, and tube-like structures based on the eigenvalues of the Hessian. In
225 practice, a lower alpha value makes the filter more sensitive to disc-like structures and
226 less sensitive to tube-like structures, while increasing alpha will do the opposite, making
227 the filter less responsive to blob-like and disc-like structures and more focused on

228 tube-like features. We set:

229 az = 0.5

230 This setting provides a moderate sensitivity to blob-like structures (Supplementary Data
231 Fig. 2). This allows the filter to be balanced in its response to tube-like structures and
232 blob-like structures. This setting means the filter will enhance tubular structures while
233 still allowing for some degree of response to blob-like features. It won’t be overly

234 discriminative against structures that slightly deviate from the traditionally

235 Frangi-directed tubular shape.

236



237 The beta parameter controls the filter’s sensitivity to the deviation from a disc-like

238 structure. It is directly involved in the suppression of the response of the filter to disc-like
239 and blob-like structures. In practice, adjusting beta alters the filter’s response to different
240 types of structures. A lower beta value increases the sensitivity of the filter to disc-like
241 structures, while a higher beta value makes the filter more selective for tubular

242 structures. We also set:

243 Bz = 0.5

244 This setting provides a moderate level of suppression for disc-like structures

245 (Supplementary Data Fig. 2). This prevents the filter from being overly aggressive in
246 suppressing disc-like features.

247

248 We modify the calculation of R_B, which measures the deviation from a line-like

249 structure:

A
250 R = oo

B \ 12,0.13,0

251 where A oA A, are the eigenvalues of the Hessian matrix, sorted such that

252 < |
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253 This results in the filter deemphasizing purely line-like and tube-like structures and
254 emphasizing both line and blob-like structures. Running this change through our
255 segmentation validation comparison studies showed slightly improved F1 and loU
256 scores on the multi grid test, and no changes in the pixel size and separation tests.

257



258 The gamma parameter is a scaling parameter that controls the sensitivity of the filter to
259 the overall magnitude of the eigenvalues. This parameter essentially acts as a

260 normalization factor in the function. In practice, changing gamma affects the filter’s

261 sensitivity to the background noise and contrast of the image. A higher gamma value
262 can suppress the response of the filter to areas with low contrast, reducing the

263 likelihood of detecting false positives due to noise. Conversely, a lower gamma would
264 increase sensitivity to lower contrast regions but would also increase vulnerability to

265 noise. This is the most important parameter to set properly, as poor gamma selection
266 Will lead to failure in correctly thresholding regions of interest post-filtration. By

267 automating the gamma selection process by deriving it from the Minotri threshold, we’re
268 linking gamma to the inherent contrast characteristics of the image at that scale. This is
269 a novel way to make the filter’s response adaptive to each specific scale’s contrast

270 profile. This is particularly useful where samples can vary greatly in their staining,

271 illumination, and intrinsic structural contrast. Additionally, by adapting gamma using our
272 Minotri threshold method at each scale independently, we automatically adjust gamma
273 to enhance subtler structures in low-contrast images, while in high-contrast images, it
274 prevents over-enhancement and preserves detail. This ensures that the filter’s

275 sensitivity to the eigenvalue magnitudes is tailored not just to the image’s overall

276 contrast profile, but also to the contrast profile relevant to structures at each specific
277 scale. This means for finer scales (smaller Gaussian sigma) which targets smaller

278 structures, the gamma value will adapt to the contrast nuances at that scale, and

279 similarly for larger scales.

280



281 Preprocessing refinement techniques for structural contrast enhancement

282 Following the initial multi-scale structural enhancement of organelles, the pipeline
283 incorporates further post-preprocessing techniques to refine the output images. The
284 refined post-preprocessing begins with the application of a masking technique to the
285 preprocessed image, aiming to eliminate regions with minimal structural information.
286 This is achieved by setting a threshold that masks regions falling below the 1st

287 percentile of non-zero pixel values:

288 T = 'percentile(lpre, 1)

289 where percentile(A, p) returns the pth percentile of the non-zero values in A.
290 From this threshold, the initial mask is created:

291 M(x,y,z)= {1 if Ipre(x, y,z) > T else O}

292 For 2D images, this simplifies to:

293 M(x,y) = {1 if Ipre(x, y) > T else 0}

294
295 This ensures a focus on regions rich in meaningful content. Subsequently, a binary

296 opening operation is performed on the mask to smooth out noise within the structures.
297 This morphological operation, involving erosion followed by dilation, refines the mask's
298 boundaries, and removes spurious pixels that could detract from the integrity of the
299 analysis:

300 Let S be the structuring element. For 3D images, S is a 2x2x2 cube, while for 2D

301 images, S is a 2x2 square.

302 For erosion:

303 E=Mes={z|sng}



304 where SZ is the translation of S by vector z.
305 For dilation:

306 D=EG§S={Z|§:0E¢@]

307 where 3: is the reflection of S.

308 The final refined mask is the result of the binary opening:

309 M =M SDS

refined
310 The final refined preprocessed image |_refined is obtained by applying the refined mask

311 to the original preprocessed image:

312 Irefined(x' Y Z) = Ipre(x' Y Z) ' Mrefined(x' Y Z)
313 For 2D images:
314 Irefined(x' y) = Ipre(x’ y) ' Mrefined(x' y)

315 These post-preprocessing steps collectively ensure that the pipeline produces refined
316 output images. This approach not only enhances the visibility of organelles but also
317 prepares the images for accurate segmentations of regions of genuine structural

318 significance.

319

320 2D datasets typically have reduced structural noise compared to 3D datasets, which
321 can be attributed to several potential factors, including the reduced complexity of

322 organelles that can be captured in a single plane, compared to the three-dimensional
323 complexity of organelles in ZYX datasets. Furthermore, anisotropy present in 3D

324 datasets - where differences in resolution between the XY plane and the Z-axis lead to



325 variability in structural clarity - typically necessitates more complex filtering approaches
326 to achieve uniform enhancement across all dimensions.

327
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328 Frangi max layers

329 Supplementary Data Fig. 1: Contributions of preprocessing multi-scale intermediates

330 a, A 3D fluorescently mitochondrial-labeled cell run through a Frangi filter at 5 different scales, undergoing
331 Gaussian filtration with respective sigma values. b, An integer-label image where the voxel color

332 represents the corresponding Frangi filter scale contributor, as denoted by the border color. Scale bars
333 are 5 um in length.

334
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335
336 Supplementary Data Fig. 2: Frangi filter parameter effects on 3D structural contrast enhancement
337 a, A 3D fluorescently mitochondrial-labeled cell showcasing regions of tubular and blob-like structures.
338 The outputs of the structural enhancement preprocessing using alpha and beta-squared Frangi filter

339 parameters with alpha-squared ranging from 0.01 to 10 (columns), and beta-squared ranging from 0.01 to
340 10 (rows). The middle panel (0.5, 0.5) represents the hard-coded parameter set used in Nellie’s pipeline.
341 Red filled-in arrows show problematic regions. Scale bars are 5 um in length.

342



343 Supplementary Note 3: The Minotri threshold

344 In this study, we introduce the Minotri threshold approach - a fusion of the Otsu and
345 Triangle methods, adapted to the unique challenges of automated organelle

346 segmentation. The Minotri threshold is defined as:

347 T = min(T

Tt
minotri tri’ © Otsu

348 where Tm_ is the Triangle threshold and Tom is the Otsu threshold.

349
350 The Otsu method is well known for its capability to segment images based on a bimodal
351 intensity distribution. It accomplishes this by calculating a threshold that maximizes the
352 between-class variance, effectively distinguishing between the foreground (organelles)
353 and the background:

354 Let the image have L gray levels [1, 2, ..., L]. The number of pixels at level i is denoted
355 by n_i and the total number of pixelsby N=n_1+n 2+ ... +n_L.

356 Compute histogram and probabilities of each intensity level:
357 p =—

358 Compute cumulative sums fork =0, 1, 2, ..., L-1:
k
359 P1(k) =Y P,
i=1

360 Compute cumulative means:

i-pi
361 m(k) = ). P
i=1

362 Compute global intensity mean:



L
363 m. = )i-p
-1

364 Compute between-class variance:

[mGPl(k)—m(k)]z

2
369 o, (k) = P (O[1-P (k)

366 The Otsu threshold is the value that maximizes between-class variance:
* 2
367 k = argmaxk(oB(k))

368 Otsu's algorithm excels in scenarios where the histogram exhibits two distinct peaks,
369 corresponding to these two classes. In such cases, it tends to favor the class with the
370 larger peak, thus ensuring the majority of the pixels from this peak are classified

371 correctly. However, its performance may be less optimal in images with skewed

372 histograms or those lacking a clear bimodal distribution.

373

374 On the other hand, the Triangle method approaches thresholding from a geometric
375 perspective. It identifies the threshold by drawing a line from the peak of the histogram
376 to the farthest end and then finding the point on the histogram that is furthest from this
377 line:

378 Compute the histogram of the image.

379 Find the peak bmax of the histogram h.
380 Find the leftmost b . andrightmostb  non-zero bins of the histogram.
381 Compute the line equation passing through (bmin, h[bmm]) and (bmax, h[bmax]):

382 y=mx +c

383 where



hlb_ |=h|b .
384 m — [ lr)nax]_b[ 'an:I

max min

385 €= h[bmm] -me bmin

386 For each bin i, compute the distance di from (i, h[i]) to the line:

387 d = |h[i]]=(mi+c)

T i

388 The Triangle threshold is the bin i that maximizes di:

389 i = ar gmaxi(di)

390 This method is particularly effective in dealing with histograms that are not bimodal or
391 are skewed, such as in cases where there is a smooth transition from foreground

392 intensity to background intensity, or when there is a large amount of diffuse background
393 signal, whose intensity lies within a distribution higher than the background but lower
394 than the foreground, making it a versatile tool for images where Otsu's method might
395 struggle.

396

397 Our Minotri threshold approach combines these two methodologies by adopting the

398 minimum (min) of the thresholds determined by the Otsu (ot) and Triangle (tri) methods.
399 This approach ensures a more nuanced and adaptable segmentation, particularly useful
400 in microscopy images where intensity distributions can vary significantly. By choosing
401 the lower threshold, we err on the side of inclusivity, capturing a broader range of (both
402 photon density-based and structurally based) intensities that represent the organelles,

403 while still maintaining a rigorous standard for segmentation quality. This strategy is



404 especially beneficial in cases where one method may vyield a threshold that is too high,
405 potentially excluding relevant structural information.

406

407 By integrating the Minotri threshold into our segmentation workflow, we achieve a

408 balance between sensitivity and precision. This approach allows for the robust detection
409 of structures across a wide range of intensity distributions, thereby enhancing the

410 accuracy and reliability of our semantic segmentation process. This combined

411 thresholding technique offers a versatile and effective tool for the detailed study of

412 diverse organelles.

413



414 Supplementary Note 4: Segmentation comparison and benchmarking against

415 state-of-the-art organelle segmentation algorithms

416

Nellie (ours) Mitometer MitoGraph v3
2D Yes Yes Yes
3D Yes Yes Yes
Temporal frames Optional Required Incompatible
Metadata Yes No No
detection
Automated Yes Yes No
parameters
Node Yes No Limited
morphometrics
Branch Yes No Limited
morphometrics
Organelle Yes Yes Limited
morphometrics
Image-wide Yes No No
morphometrics
Mask output Yes Yes Limited
Intermediates Yes Yes Limited
output
GUI Yes Yes No
GPU-accelerated | Yes No No
Language Python MATLAB C++
Compatible OS Mac, Windows, Mac, Windows, Mac

Linux

Linux




417 Nellie, 2024 (https://qgithub.com/aelefebv/nellie)

418 The subject of this paper, Nellie is an automated segmentation, tracking, and

419 hierarchical feature extraction pipeline for organelles in both 2D and 3D live-cell

420 microscopy. Nellie optionally takes a time series, though the segmentation does not
421 require it. Nellie automatically detects the metadata of the image if it is present, but

422 allows the user to modify the metadata if needed. Nellie returns morphometrics at the
423 node, branch, organelle, and image-wide level in .csv format. Nellie also returns all

424 intermediates, including the preprocessed frangi-filtered image, the skeleton mask, the
425 tip, junction, and edge image, the branch-labeled skeleton image, the branch-labeled
426 segmentation image, and the organelle-labeled segmentation image. Nellie has a

427 Napari-based GUI, and uses GPU acceleration for segmentation. Nellie is fully written in
428 Python, and is compatible with all major operating systems.

429

430 Mitometer, 2021 (https://github.com/aelefebv/Mitometer)

431 Mitometer is an automated segmentation and tracking pipeline for mitochondria in both
432 2D and 3D live-cell microscopy, though still performs well for processing and analysis of
433 other organelles. Mitometer requires temporal frames to perform segmentation, as it

434 uses an inter-frame variability metric to determine smoothing and thresholding

435 parameters. It requires the user to input image metadata such as the pixel resolution
436 and the frame rate, and adjusts its segmentation pipeline accordingly. Mitometer’s

437 segmentation outputs are limited to connected-component analysis, but returns a wide
438 variety of metrics in a .txt file. Mitometer also returns a time-series of the preprocessed

439 diffuse background-removed image, and instance segmentations of individual


https://github.com/aelefebv/nellie
https://github.com/aelefebv/Mitometer

449 mitochondria, as well as a masked version of the original fluorescence intensity image.
441 Mitometer has a GUI for both single-file and batch-file processing, but does not use

442 GPU acceleration. It uses MATLAB, which is not open source, but is compatible with all
443 major operating systems. For the sake of reproducibility in running benchmarking and
444 comparisons, we have rewritten Mitometer’s MATLAB segmentation algorithm in

445 Python, with GPU acceleration. The rewritten code is accessible in the supplemental

446 Nellie repository (https://github.com/aelefebv/nellie-supplemental).

447

448 MitoGraph v3, 2018 (https://github.com/vianamp/MitoGraph)
449 MitoGraph is an automated segmentation and analysis tool for 2D (since v3) and 3D
450 mitochondrial images, though it works well for other organelles as well. Though the link

451 to the code on the original webpage (https://rafelski.com/susanne/MitoGraph) no longer

452 works, we assume that the first author’s GitHub repository is a valid replacement.

453 MitoGraph accepts, but does not segment images with multiple temporal frames. It also

454 does not detect metadata automatically, and does not adjust the segmentation to the

455 user-defined metadata (though it does scale the outputs accordingly). MitoGraph

456 outputs a limited number of node, branch, and organelle morphometrics across various

457 .mitograph, .cc, .txt, .gnet, and .coo formats. MitoGraph also outputs a 2D max

458 projection of the post-segmentation image in .png format, as well as node, skeleton, and
459 surface image intermediates in .vtk format. MitoGraph is written in C++, runs via the

460 command line, and does not use GPU acceleration for segmentation. It is only

461 compatible with MacOS. For the sake of reproducibility in running benchmarking and

462 comparisons, we have written a batch conversion and processing script, adapted from


https://github.com/aelefebv/nellie-supplemental
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463 MitoTNT’s scripts, as well as a method to reconstruct organellar objects by producing a
464 sphere at each node position with its corresponding thickness, as we were unable to
465 extract usable object masks for loU and F1 segmentation quantification calculation

466 Without it. The scripts and methods are accessible in the supplemental Nellie repository
467 (https://github.com/aelefebv/nellie-supplemental).

468

469 For the benchmarking and comparisons of the aforementioned segmentation

470 algorithms, we chose to compare and contrast F1 scores to quantify accuracy in the
471 detection of the correct objects, and the intersection over the union (loU) to quantify the
472 overlap of the algorithms’ segmentation mask outputs and the ground truth object

473 masks. As generating ground truth masks of 3D microscopy datasets is non-trivial and
474 subject to user bias, we instead opt to build a suite of simulation tools to generate

475 ground truth organelle-like objects. All of the simulation tools are made available in the

476 supplemental Nellie repository (https://github.com/aelefebv/nellie-supplemental).

477
478 The first segmentation comparison tests each algorithm’s ability to properly detect and
479 segment objects of varying length, width, and intensities within the same image,

480 considering organelles, even of the same type, may vary in size, length, and be tagged
481 with intensity-varying functional readout markers. (Extended Data Fig. 2). To do this, we
482 simulate a 3x510x510x510 (TZYX) OME-TIFF file. The dataset consists of 3

483 independently noise-sampled replicates of 10x10x10 simulated objects, which varies in
484 thickness along Z, length along Y, and intensity along X. To simulate the object, we

485 extend a single pixel line across Z, while simulating curvature in the Y and X axes. We
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486 then perform a binary dilation, followed by a skeletonization to ensure a proper skeleton
487 object is formed. Finally, we create a sphere with a diameter of the corresponding

488 thickness at each skeleton pixel coordinate to create the mask of the object, and

489 populate that mask with the corresponding intensity. Each object is contained within a
490 50x50x50 voxel cube, all of which get stitched together into the final test dataset. We
491 generate these datasets with increasing background noise values, generated via both
492 additive Gaussian and Poisonian distributions (Extended Data Fig. 2c¢,d). We hard code
493 a resolution of 0.1 um/pixel. We use as input the full 3x510x510x510 dataset consisting
494 of 1000 objects. We use Nellie’s “skel_relabelled” image, MitoGraph’s reconstructed

495 image, and Mitometer’s post-size exclusion mask as outputs. We additionally include
496 both an Otsu and Triangle thresholded output for baseline. To calculate the F1 and loU
497 scores, we separate the output and ground truth datasets into the corresponding

498 single-object 50x50x50 voxel cubes. For each single-object cube, we compare each

499 connected component to the ground truth object and keep as the final loU the maximum
500 loU found for each individual object. If the loU is above the minimum loU threshold (0.1)
501 we calculate F1 using the number of connected components in the output image. We
502 then aggregate the scores for all 1000 objects to calculate our final scores. We find that
503 Nellie outperforms all other methods in loU score across all noise levels, and is similar
504 to Mitometer’s F1 score at low noise levels, but outperforms at mid to high noise levels
505 (Extended Data Fig. 2a,b).

506

507 The second segmentation comparison tests each algorithm’s ability to segment and

508 detect objects across varying voxel resolutions, considering microscopy datasets are



509 often acquired with widely varying parameters and microscope settings (Extended Data
510 Fig. 2e,f). Objects are simulated as in the first test, except each dataset consists of only
511 a single object, rather than a grid of objects. We generate and compare objects at

512 um/px resolutions of 0.04, 0.06, 0.08, 0.1, 0.15, 0.2, 0.25, 0.3. For each pixel resolution,
513 4 objects are generated, a small (thickness of 0.4 um) and short (length of 0.4 um)

514 object, a small and long (minimum of 49 pixels or 10 um) object, a thick (1 um) and

515 short object, and a thick and long object, each dataset being replicated with increasing
516 background noise values (Extended Data Fig. 2g). We calculate F1 score and loU as
517 before, and average the metrics across all resolutions and object sizes to generate the
518 final quantifications (Extended Data Fig. 2e,f). As expected, a simple Otsu threshold

519 performs best for single objects with a constant intensity against low background noise,
520 but quickly decays, whereas Nelly performs steadily well across all noise values.

521 MitoGraph performs consistently well, though not as well as Nellie, across all noises,
522 except the highest in which it could not detect the object of interest. Nellie’'s F1 score
523 was either better or comparable to other algorithms across all noise levels.

524

525 The final segmentation comparison tests each algorithm’s ability to correctly detect and
526 segment two adjacent objects, considering many datasets often have numerous objects
527 of interest within closely confined regions (Extended Data Fig. 2h,i). Objects are

528 simulated as in the second test, except no curvature is used. We again generate and
529 compare objects at um/px resolutions of 0.04, 0.06, 0.08, 0.1, 0.15, 0.2, 0.25, 0.3, and
530 for the 4 object dimensions as described in the second test. We additionally add in a

531 second line during the initial skeleton population phase, separated in the X dimension



532 by a separation distance of 2, 2.25, and 2.5 times the thickness (Extended Data Fig. 2j).
533 We calculate F1 score and loU as the second test (Extended Data Fig. 2h,i). loU and F1
534 performance was roughly the same for all algorithms as the second test case, with

535 Nellie again performing steadily well throughout, though Mitograph’s F1 score is slightly
536 higher at medium-high noise levels, but drops again at the highest noise level.

537



538 Supplementary Note 5: The Swin UNETR Deep Learning Model Architecture for
539 Organelle Segmentation in Fluorescence Microscopy Images

540 Here, we provide a comprehensive description of our custom-trained Swin U-Net

541 Transformer (Swin UNETR) models used for organelle segmentation in fluorescence
542 microscopy images. Originally created for medical image segmentation tasks, the model
543 leverages the Swin Transformer to capture long-range dependencies and the U-Net

544 architecture for precise localization, making it well-suited for both 2D and 3D

545 fluorescence microscopy image segmentation tasks*. The primary goal of this section is
546 to evaluate the generalization capabilities of deep learning based organelle

547 segmentation models when trained on limited and specific datasets, such as a single
548 organelle type, or a single microscopy experimental setup.

549

550 We utilized the public dataset from the Allen Institute for Cell Science (AICS), from their
551 earlier publication on label-free prediction of three-dimensional fluorescence images,
552 where all the images we included in our training were taken from the same microscope
553 with the same imaging settings®. This dataset comprises a collection of high-quality

554 fluorescence microscopy images, each focusing on a specific cellular structure or

555 organelle. For our experiments, we trained models on individual organelle datasets, a
556 mitochondria-only dataset and a desmosomes-only dataset, to generate organelle

557 specific models, as well as a combined dataset including multiple structures such as

558 actin, actomyosin, desmosomes, endoplasmic reticulum, Golgi apparatus, mitochondria,

559 nucleoli, tight junctions, and tubulin, to generate a microscope specific, but structure


https://www.zotero.org/google-docs/?WQVtEx
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560 agnostic model. Each organelle-specific dataset contains 80 images, providing a

561 consistent set for training and validation.

562

563 Due to limited approaches for generating 3D manual segmentations at scale, and

564 limited publicly available fluorescence-matched 3D segmentation datasets, we

565 employed Nellie to generate ground truth segmentation masks for training

566 (Supplementary Figure 4). While Nellie provides reliable organelle segmentation results,
567 Using its outputs as ground truth inherently limits the deep learning models to attempt to
568 replicate Nellie’s segmentation capabilities. However, as the objective of this study is
569 specifically to evaluate the generalization capabilities of these models, rather than

570 compare their outputs directly to Nellie, we deemed this limitation to be acceptable.

571

572 The Swin UNETR model combines the strengths of the Swin Transformer architecture
573 with the U-Net segmentation framework, aiming to capture both global context and

574 fine-grained details essential for accurate segmentation. Our model specifically

575 processes 3D input patches (overlapping chunks of the original full data) of size (32,

576 128, 128) voxels, corresponding to the Z, Y, and X axes, and accepts single-channel

577 grayscale images, outputting single-channel binary segmentation masks. A base feature
578 size of 48 was selected to balance model complexity and computational efficiency.

579

580 Training was conducted separately for ten models: nine trained exclusively on individual
581 structures—mitochondria, desmosomes, actin, actomyosin, endoplasmic reticulum, Golgi

582 apparatus, nucleoli, tight junctions, and tubulin—two of which we showcase within this



583 paper, and a “combo” model trained on the combined dataset of multiple organelles

584 (Supplementary Figure 3a). Each model was trained for 100 epochs with a batch size of
585 1, due to memory constraints inherent in processing 3D data, and validation scores

586 were calculated every 5 epochs (Supplementary Figure 3b). We used a composite loss
587 function combining Dice Loss and Cross-Entropy Loss to address class imbalance and
588 encourage accurate voxel-wise classification.

589

590 Data augmentation techniques are crucial in attempting to enhance the models’

591 robustness and generalizability, given the limited size of each organelle dataset and

592 confinement to a single microscopy setup. Augmentations included random flipping

593 along spatial axes, random rotations, intensity normalization, padding, and cropping to
594 standardize input dimensions.

595

596 Upon evaluation, all three models demonstrated strong performance on test data within
597 the AICS dataset, accurately segmenting the structures they were trained on, as

598 compared to Nellie’s “ground truth” outputs (Supplementary Figure 4a). However, when
599 applied to fluorescence microscopy images from different sources, microscopes, or

600 resolutions not represented in the training data, including 2D images with padding, the
601 models exhibited significant performance degradation and segmentation artifacts were
602 prominent (Supplementary Figure 4b,c). Additionally, even within the AICS dataset, the
603 mitochondria-trained model appeared to oversegment non-tubular structures such as
604 desmosomes, and similarly, the desmosome-trained model appeared to undersegment

605 non-spherical structures, such as mitochondria and golgi. The combo model showed



606 sSome improvement across multiple structures within the combined dataset but still

607 seemed to oversegment spherical structures (possibly due to a class imbalance issue),
608 and struggled with data outside the AICS’s microscopy setup.

609

610 These results highlight a critical limitation of deep learning models in the context of

611 organelle segmentation: their generalization capabilities are heavily dependent on the
612 quantity, diversity, range, and balance of the training data. When trained on datasets
613 lacking sufficient variability in imaging conditions, organelle types, and resolutions, the
614 models become specialized tools that perform well only within their narrow training

615 domain.

616

617 In contrast, Nellie, being a traditional image processing algorithm, does not rely on

618 learning from data to generalize. It applies consistent computational methods to

619 enhance and segment structures across various datasets, imaging modalities, and

620 resolutions. Our experiments quantitatively demonstrated that Nellie maintained robust
621 segmentation performance when applied to simulation datasets of structures with

622 various shapes and sizes, and qualitatively when applied to images from different

623 microscopes, resolutions, cell types, and organelles. This consistency underscores the
624 current advantage of traditional algorithms in scenarios where acquiring diverse and
625 extensive training data is impractical.

626

627 The key takeaway from this study is the trade-off between specialized deep learning

628 models and generalist algorithms like Nellie. While deep learning models have the



629 potential to learn complex features and achieve high accuracy within their training

630 domain, their effectiveness diminishes when faced with data that falls outside the scope
631 of their training. This limitation poses a significant challenge in fields like fluorescence
632 microscopy, where imaging conditions can vary widely, and obtaining large, diverse
633 annotated datasets is often difficult. Nellie, on the other hand, provides reliable

634 segmentation without the need for retraining or fine-tuning, making it a valuable tool for
635 researchers working with varied and heterogeneous datasets, especially in 3D.

636

637 Importantly, Nellie may serve as an automated way of generating ground truth

638 segmentation masks for training, either from its raw segmentation outputs as we do
639 here, or from a manually reinforced version of its outputs. This will hopefully lead to a
640 deep learning model that eventually outperforms Nellie in generalizability and

641 segmentation accuracy.

642

643 Swin UNETR Model Parameters and Training Details

644 In this section, we provide a detailed description of the model parameters and training
645 configurations used in our experiments, as implemented in our code. This detailed

646 exposition aims to facilitate replication of our work and provide insights into the

647 parameter choices made for the Swin UNETR model in the context of organelle

648 segmentation in fluorescence microscopy images.

649

650 The Swin UNETR model was implemented using the SwinUNETR class from the

651 MONAI library®. This model architecture effectively combines Swin Transformer blocks


https://www.zotero.org/google-docs/?syJk7Y

652 with a U-Net-like decoder, allowing it to capture both local and global contextual

653 information, which is useful for accurate segmentation tasks in 3D images.

654

655 The model expects input data of any size, from 2D up to 5D data, so long as the ZYX
656 axes are the last three dimensions. The code provided automatically selects the first

657 slice of the non-ZYX dimensions.

658

659 The image is subsampled to chunks of dimension 32x128x128. This specific size was
660 chosen based on the dimensions of the organelle structures in our fluorescence

661 Microscopy images and to ensure compatibility with the Swin Transformer architecture,
662 Which requires input dimensions to be divisible by the patch size and window size.

663

664 Since the fluorescence microscopy images are grayscale (single-channel), representing
665 the intensity of fluorescence from the organelle-specific dyes, the input channel number
666 is set to 1. The model outputs a single-channel probability map, indicating the likelihood
667 of each voxel belonging to the organelle of interest, suitable for binary segmentation

668 tasks, thus the output channel number is set to 1 as well. The base number of feature
669 maps in the model is set to 48. This parameter controls the width of the network and

670 was selected to balance between sufficient model capacity to capture complex features
671 and computational efficiency to manage GPU memory constraints.

672



673 Other notable parameters of the SWinUNETR model were left at their default values,

674 which are optimized for general medical image segmentation tasks. The parameters

675 that were not explicitly modified include:

676

677

678

679

680

681

682

683

684

685

686

687

688

689

Depths (depths): (2, 2, 2, 2)

- Specifies the number of Swin Transformer layers at each stage of the
encoder. Each number corresponds to a stage in the hierarchical
architecture.

Number of Heads (num_heads): (3, 6, 12, 24)

- Defines the number of attention heads in the multi-head self-attention

mechanism for each stage, corresponding to the depths.
Patch Size (patch_size): (2, 4, 4)

- Determines the size of the patches into which the input images are divided

before being processed by the Swin Transformer blocks.
Window Size (window_size): (7, 7, 7)
- Sets the size of the local windows used in the self-attention computations

within the Swin Transformer layers.

690 Although some of these parameters were considered for adjustment to potentially

691 improve performance and reduce computational load, we retained the default settings

692 after preliminary experiments indicated that they provided a good balance between

693 accuracy and efficiency for our datasets.

694



695 We employed the DiceCELoss loss function from the MONAI library, which combines
696 Dice Loss and Cross-Entropy Loss. Dice Loss measures the overlap between the

697 predicted segmentation and the ground truth, which is particularly useful for addressing
698 class imbalance in segmentation tasks. Cross-Entropy Loss evaluates the voxel-wise
699 classification accuracy, penalizing incorrect predictions more heavily.

700

701 The combination of these two loss functions helps the model focus on both the overall
702 shape and the precise boundaries of the organelles. The sigmoid=True parameter

703 ensures that a sigmoid activation function is applied to the model’s outputs before

704 computing the loss, converting logits to probabilities suitable for binary classification.
705

706 We used AdamW optimizer from the PyTorch library for training, which is a variant of the
707 Adam optimizer that includes weight decay regularization. A relatively low learning rate
708 of 1e-4 was chosen to allow the model to converge steadily without overshooting

709 minima. Due to the high memory requirements of processing 3D volumetric data and
710 the complex architecture of the Swin UNETR model, we used a batch size of 1 to fit the
711 data and model into the available GPU memory. Each model was trained for 100

712 epochs to ensure sufficient training iterations for the model to learn from the data. The
713 model was evaluated on the validation set every 5 epochs to monitor its performance
714 and to detect potential overfitting early, but as the validation process takes a substantial
715 amount of time, we decided against a shorter validation period.

716



717 Data augmentation was performed using a series of transformations from the MONAI

718 library to enhance the model’s ability to generalize from limited data:

719

720

721

722

723

724

725

726

727

728

729

730

731

732

733

734

735

736

737

738

Ensure Channel First (EnsureChannelFirstd)

- Ensured that the input data has the channel dimension as the first

dimension, as required by PyTorch models.
Intensity Scaling (Scalelntensityd)

- Scaled the intensity values of the images to the range [0, 1], normalizing

the data and helping the model to converge during training.
Padding (SpatialPadd)

- Applied symmetric padding to the images and labels to reach the desired
spatial size (32, 128, 128). Padding was necessary because the images
might not have uniform sizes and the Swin Transformer architecture
requires inputs of specific dimensions.

Random Spatial Cropping (RandSpatialCropd)

- Extracted random crops of size (32, 128, 128) from the padded images
and labels. This step helps the model learn from different regions of the
images, increasing the diversity of the training data.

Random Flipping (RandFlipd)

- Randomly flipped the images and labels along each spatial axis (Z, Y, X)
with a probability of 0.5. Flipping helps the model become invariant to the
orientation of the organelles.

Random Rotation (RandRotate90d)



739 - Applied random rotations of the images and labels by 90 degrees up to

740 three times (max_k=3) with a probability of 0.5. Rotations further enhance
741 the model’s ability to recognize organelles in different orientations.

742 - Conversion to Tensors (ToTensord)

743 - Converted the numpy arrays into PyTorch tensors, which are required for
744 model input.

745
746 For validation and inference, we used the sliding_window_inference function from
747 MONAI to handle large images that could not be processed in a single forward pass due

748 to memory constraints

749 - ROI Size (roi_size): (32, 128, 128)

750 - Matches the input size expected by the model.

751 - Sliding Window Batch Size (sw_batch_size): 1

752 - Processes one window at a time during inference.

753 - Overlap (overlap): 0.25

754 - Specifies the amount of overlap between adjacent windows to ensure

755 seamless predictions across the entire volume.
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757 Supplementary Data Fig. 3: Training and validation metrics for Swin UNETR segmentation models
758 a, DiceCE loss values for training datasets of Swin UNETR models trained with datasets containing actin,
759 actomyosin, desmosomes, endoplasmic reticulum, Golgi apparatus, mitochondria, nucleoli, tight
760 junctions, and tubulin (blue), mitochondria alone (red) or desmosomes alone (green) at each epoch. b,
761 Dice scores for training-excluded validation datasets of Swin UNETR models trained on the same

762 respective organelle as in a.

763
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765 Supplementary Data Fig. 4: Visualizations of segmentations from Nellie and custom trained Swin
766 UNETR models

767 Segmentation outputs from Nellie (red) and Swin UNETR models pre-trained on only mitochondria

768 (green), only desmosomes (purple) and an aggregated dataset of actin, actomyosin, desmosomes,

769 endoplasmic reticulum, Golgi apparatus, mitochondria, nucleoli, tight junctions, and tubulin (orange), with
770 the raw fluorescence data shown in the left-most column. a, Output segmentations for the 3D dataset
771 from the Allen Institute for Cell Science (AICS) for mitochondria, golgi, and desmosomes. Black arrows
772 denote regions of notably different segmentation results between methods and models. b, Output

773 segmentations for 3D datasets outside of the AICS dataset, including lightsheet fluorescence microscopy
774 (LSFM) data of endoplasmic reticulum (ER), mitochondria, and peroxisomes, and confocal microscopy
775 data of yeast cell mitochondria. ¢, Output segmentations for 2D datasets outside of the AICS dataset,
776 including confocal microscopy datasets from mitochondria, ER, and nucleoids. Scale bars are 5 um in
777 length.

778



779 Supplementary Note 6: Nellie’s extended segmentation pipeline

780 The segmentation process for organelles is a simple connected-components labeling
781 scheme. Subsequently, Nellie incorporates a binary hole-filling algorithm exclusively in
782 the analysis of 3D images. This decision is informed by distinct considerations regarding
783 the structural characteristics and noise levels inherent to 2D versus 3D datasets.

784

785 One of the primary reasons for omitting the hole-filling algorithm in 2D segmentation is
786 the inherently lower level of structural noise within these datasets. The simplified nature
787 of 2D imaging, capturing a single plane of focus, generally results in clearer delineation
788 of organelles. This clarity reduces the likelihood of generating the types of internal

789 inconsistencies within segmented organelles that the hole-filling algorithm is designed to
790 address.

791

792 The decision to apply the hole-filling algorithm selectively also stems from the geometric
793 considerations of organelles across dimensions. In 2D images, closed circular

794 organelles are common, and applying hole-filling indiscriminately would lead to the

795 undesired effect of filling these circles, potentially obscuring meaningful biological

796 cavities. While the algorithm aids in creating a more consistent representation of such
797 organelles by addressing internal voids, it operates under the assumption that spaces
798 within the segmented organelles are artifacts rather than biologically relevant features.
799 A notable caveat in the application of the hole-filling algorithm within 3D segmentation
goo concerns the potential for erroneous interpretation of certain organelle geometries.

go1 Specifically, if an organelle inherently forms a spherical shape with a central void



802 (resembling a ball with an internal hole), the algorithm may inappropriately fill this void.
8e3 This limitation underscores a challenge in distinguishing between genuine biological
g4 internalized cavities and segmentation artifacts, particularly in the context of 3D

gos structural complexity. If spherical shapes with central voids are important for the user’s
806 analysis, we suggest replacing this binary hole filling with a binary closing operation
807 below the scale of the object of interest.

808

809 Following thresholding, a binary opening operation is conducted to smooth out noisy or
810 irregular boundaries of the organelles and enhance the accuracy of the subsequent
811 segmentation by removing weak, single-voxel connections. We then use an

812 octree-based (or quadtree in 2D) skeletonization to reduce the semantic segmentation
813 masks to single-voxel wide representations’?.

814


https://www.zotero.org/google-docs/?ZMrAxS

815 Supplementary Note 7: Nellie’s mocap marker generation pipeline via multi-scale
816 and adaptive local maxima detection

817 To generate mocap markers, Nellie first performs a computationally efficient distance
s18 transformation over our semantic segmentation mask® (Supplementary Data Fig. 5,

819 Supplementary Note 8). The distance-transformed image undergoes filtering using a
820 Laplacian of Gaussian (LoG) filter, incorporating a set of sigma values identical to those

821 utilized in the preprocessing pipeline. Let I(x, y, z) be the input image and Lc(x, v, z) be
822 the LoG filtered image at scale o:

823 Lc(x, V,Z) =— o - A[Gc(x, v,z) * I(x,y, z)]

824 where GG is the 3D Gaussian kernel with standard deviation o, * denotes convolution,

825 and A is the Laplacian operator.

826

827 The LoG filter, by design, enhances regions of rapid intensity change, which are

828 indicative of edges and, by extension, potential peak points within the organelles. The
829 application of this filter across multiple scales allows for the detection of peaks that
830 correspond to features of varying sizes, ensuring comprehensive coverage of the

831 intracellular structural landscape (Supplementary Data Fig. 6). Let R(x,y,z) be the

832 multi-scale LoG response.

833 R(x,y,2)= max[LG(x, Y, Z)]

834 foralloin$S

835 wWhere S is the set of scale values used.


https://www.zotero.org/google-docs/?lb28Bs

836 Following LoG filtering, a maximum filter is applied to the resultant multi-scale filtered
837 images. This process involves comparing each voxel to its neighbors within a defined
838 footprint, retaining only those voxels that represent the highest value. By conducting this
839 operation across the stacked LoG filtered images, voxels that retain their maximal value
840 in the corresponding volume slice of the LoG filtered image are classified as local

841 maxima for that specific scale. Let P(x,y,z) be the binary peak map.

842 P(x,y,z)= 1ifR(x,y,2z) = max[R(x',y', z")]
843 forall (x',y',2") in N(x,y, z)
844 P(x,y,z) = 0 otherwise

845 where N(x, y, z) is the neighborhood of voxel (x,y,z).

846

847 The identified local maxima across all scales are then compiled into a single stack of
848 images. This stack is subsequently flattened, consolidating the peak points into a

849 singular image that serves as the basis for motion capture marker identification.

850 This flattened image, rich in peak coordinates, effectively highlights the most prominent
851 features within the organelles, earmarking them for feature extraction and downstream
852 temporal linkage.

853

854 Given the potential for closely situated peaks to complicate (due to redundancy) rather
855 than enhance subsequent analyses, an additional refinement step is employed. This
856 step involves assessing the intensity of each peak within the original image and

857 applying a proximity-based selection criterion. Peaks deemed too close to one another



858 are subjected to a comparison of their respective intensities, with preference given to
859 the peak of higher intensity. Let Q be the set of refined peak coordinates.

860 Q = {(x, y,z)inP: I(x,y,z) = max[I(x',y', z)] for all (x', y', z') in B (x, y, Z)}
861 where Bd(x, v, z) is the set of peak coordinates within distance d of (x,y,z).

862
863 This is facilitated by the construction of a k-d tree from the sorted peak coordinates,
ge4 enabling efficient nearest-neighbor searches to identify and eliminate proximal peaks
ges that fall within a predefined minimum distance threshold.

866



867
868 Supplementary Data Fig. 5: Computationally efficient distance transformation using segmentation
869 border coordinate k-d trees

870 a, A 2D XY orthogonal slice of a 3D fluorescently mitochondrial-labeled cell from a single object lightsheet
871 microscope (SOLS). b, The same 2D slice as in (a) of the instance segmentation of the 3D dataset. c,

872 The border mask of the instance segmentation of (b) superimposed on (a), obtained via a one-voxel

873 binary dilation of the instance segmentation mask, followed by subtraction of the instance segmentation
874 mask. d, The same 2D slice as in (a) of the distance transformation image acquired by calculating the

875 nearest neighbor distance of the voxel coordinates in (b) to the voxel coordinates in (c). e, The mean

876 intensity projection of the 3D border mask of the instance segmentation. f, The max intensity projection of
877 the 3D distance transformation image of the instance segmentation. Scale bars are 10 um in length.

878
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880 Supplementary Data Fig. 6: Multi-scale local maxima peak detection for mocap marking
881 a, A 3D fluorescently mitochondrial-labeled cell’s post-processing volume is run through a Laplacian of
882 Gaussian filter at different scales. Shown here is a filter sigma of 0.862, 1.67, and 2.07, (left, middle, right)
883 corresponding to scales 1, 3, and 4, of 5 total scales. b, A maximum filter is run across the 4D stack of
884 Laplacian of Gaussian filtered images (a). Shown here are again images corresponding to scales 1, 3,
885 and 4, of 5 total scales. ¢, The raw fluorescence intensity image overlaid with single orange voxels

886 corresponding to locations where the intensity value of the Laplacian of Gaussian image (a) is equal to
887 the intensity value of the maximum filtered image (b) at different scales, again shown at scales 1, 3, and
888 4, of 5 total scales. Red circles are to indicate the few voxels at scale 4 where voxel intensity values

889 match, indicating fewer (though still important) regions of larger scale structures. Scale bars are 10 um in
890 length.

891



892 Supplementary Note 8: Efficient distance transformation using k-dimensional

893 trees

894 In this section, we introduce, to our knowledge, the first application of a k-dimensional
895 (k-d) tree for a computationally efficient distance transformation of a binary mask. The
896 process begins with the generation of a border mask, which delineates the periphery of
897 the organelles within the binary mask. This is accomplished by subtracting the original
898 binary mask from its one-voxel binary dilation. Binary dilation incrementally expands the
899 boundaries of the organelle. Let M be the original binary mask and D be the dilated

900 mask.

901 D=M®&S

902 where ® denotes morphological dilation and S is the structuring element. Let B be the
903 border mask.

904 B=D-M

905 where — denotes set difference (subtraction).

906 The subtraction operation thus isolates a thin border that precisely maps the outermost
907 edge of each organelle, effectively creating a mask that represents the interface

908 between the organelle and its surrounding environment:

909

910 Following the creation of the border mask, the next step involves constructing a k-d tree
911 from the coordinates of the border pixels. The k-d tree is a space-partitioning data

912 structure optimized for organizing points in a k-d space, facilitating efficient queries for
913 nearest neighbors. In the context of our method, the k-d tree serves as a computational

914 framework that allows for rapid identification of the closest border pixel for any given



915 voxel within the instance segmentation mask of organelles. Let T be the k-d tree and C,

916 be the set of coordinates of border pixels.

917 T = KDTree(CB)

918 where KDTree() is the function to construct a k-d tree.

919

920 With the k-d tree in place, the final step is to perform a distance transformation on the
921 binary mask. This is achieved by querying the k-d tree with the coordinates of all voxels
922 in the instance mask. For each voxel, the k-d tree identifies the nearest border pixel and
923 calculates the Euclidean distance between these two points. This process is repeated
924 for every voxel in the mask, resulting in a distance-transformed image where the value
925 of each voxel reflects its minimum distance to the organelle’s boundary. Let DT be the

926 distance-transformed image and CM be the set of coordinates of mask pixels.
927 For each point p in CM:

928 nearest_border = T.query(p, k=1)

929 DT(p) = EuclideanDistance(p, nearest_border)

930 where T.query() finds the nearest neighbor in the k-d tree, and EuclideanDistance()
931 calculates the Euclidean distance between two points. For points p1(x1, y1, z1) and

932 p2(X2, y2, z2):

933 EuclideanDistance(p1, p2) = \/(xz - xl)2 + (y2 — yl)2 + (z2 - z1)2
934 By employing a k-d tree for the nearest-neighbor search, our approach minimizes

935 computational overhead, enabling rapid processing of large datasets without sacrificing

936 accuracy.



937 Supplementary Note 9: Tracking comparison and benchmarking against

938 state-of-the-art organelle tracking algorithms

939

Nellie (ours) MitoTNT Mitometer
2D Yes No Yes
3D Yes Yes Yes
Metadata Yes No No
detection
Automated Yes Yes Yes
parameters
Voxel motility Yes No No
metrics
Node motility Yes Limited No
metrics
Branch motility Yes Limited No
metrics
Organelle motility | Yes Limited Limited
metrics
Image-wide Yes No No
motility metrics
Object Yes Limited Limited
permanence
Track output Yes Yes Limited
Intermediates Yes No Limited
output
Visualization Yes Limited Yes
GUI Yes No Yes
Language Python Python MATLAB
Compatible OS Mac, Windows, Mac Mac, Windows,

Linux

Linux




940 Nellie, 2024 (https://github.com/aelefebv/nellie)

941 The subject of this paper, Nellie, is an automated segmentation, tracking, and

942 hierarchical feature extraction pipeline for organelles in both 2D and 3D live-cell

943 microscopy. Nellie uses its segmentation pipelines’ outputs and intermediates to

944 perform tracking. Nellie automatically detects the tracking-based metadata of the image
945 if it is present, but allows the user to modify the metadata if needed. Nellie returns

946 motility metrics at the voxel, node, branch, organelle, and image-wide level in .csv

947 format. Nellie allows for maintaining object permanence (down to the sub-voxel level)
948 using flow interpolation, meaning one can keep track of a specific voxel, node, branch,
949 or object starting from and up to any time point. Nellie also returns all intermediates,
950 including the distance, border, mocap marker, and frame 1 object permanence images
951 in .ome.tif format, as well as adjacency maps for connecting adjacent frame voxels,
952 nodes, branches, and objects in .pkl format, and mocap marker flow vector arrays in
953 .npy format. Nellie has a Napari-based GUI, is also fully written in Python, and is

954 compatible with all major operating systems.

955

956 MitoTNT, 2023 (https://qithub.com/pylattice/MitoTNT)

957 MitoTNT is an automated tracking, visualization, and analysis tool for 3D mitochondrial
958 timelapse images, though it works well for other organelles as well. MitoTNT does not
959 automatically detect the image’s metadata, but does tune the tracking in response to the
960 user-defined metadata. Though MitoTNT does not produce voxel-level outputs, it allows
961 for the extraction of node, branch, and organelle-level motility metrics; however these

962 outputs are limited to linear motion, such as diffusivity, using the mean squared


https://github.com/aelefebv/nellie
https://github.com/pylattice/MitoTNT

963 displacement. There is limited object permanence via a sliding-window-based graph
964 restructuring analysis for fission and fusion detection, allowing one to link nodes and
965 objects between frames. MitoTNT outputs a .csv listing each nodes’ tracks. There are
966 also options of converting the node tracks into fragment and segment tracks using max
967 pooling, though we had limited success in an errorless conversion. MitoTNT does not
968 output intermediate validation files, but does output files that allow for track and

969 dynamics visualization via ChimeraX, a free, open-source program from UCSF

970 (https://github.com/RBVI/ChimeraX). MitoTNT itself does not have a GUI. It is written in

971 python, with example Jupyter notebook use cases. MitoTNT is only compatible with
972 MacOS. To allow for an automated experience using MitoTNT, we have generated

973 scripts for the automated conversion of timelapse images, tracking, and fission and
974 fusion detection adapted from MitoTNT’s Jupyter notebooks. The scripts and methods
975 are accessible in the supplemental Nellie repository

976 (https://github.com/aelefebv/nellie-supplemental).

977

978 Mitometer, 2021 (https://qgithub.com/aelefebv/Mitometer)

979 Mitometer is an automated segmentation and tracking pipeline for mitochondria in both

980 2D and 3D live-cell microscopy, though still performs well for processing and analysis of
981 other organelles. Mitometer uses its segmentation outputs to perform tracking. It

982 requires the user to input temporal metadata and adjusts its tracking pipeline

983 accordingly. Mitometer’s tracking outputs are limited to connected-component

984 center-of-mass analysis, and returns corresponding linear motion-based quantifications

985 in a .txt file. Similar to MitoTNT, Mitometer has limited object permanence via fission and


https://github.com/RBVI/ChimeraX
https://github.com/aelefebv/nellie-supplemental
https://github.com/aelefebv/Mitometer

986 fusion detection and subsequent object-based linkage. Mitometer has a GUI for both
987 single-file and batch-file processing, but uses MATLAB, which is not open source, but is
988 compatible with all major operating systems. For the sake of reproducibility in running
989 benchmarking and comparisons, we have rewritten Mitometer’'s MATLAB tracking and
990 fission and fusion algorithms in Python. The rewritten code is accessible in the

991 supplemental Nellie repository (https://github.com/aelefebv/nellie-supplemental).

992
993 For the benchmarking and comparisons of the aforementioned tracking algorithms, we
994 chose to compare and contrast metrics such as linear and angular velocity, track length,
995 and fission and fusion event detection via 5 different scenarios. As generating ground
996 truth masks and tracks of 3D + T microscopy datasets is non-trivial and subject to user
997 bias, we instead opt to build a suite of motility simulation tools to complement the object
998 simulation tools in the segmentation comparison section to generate ground truth
999 organelle-like objects with known motility features. All of the simulation tools are made

1000 available in the supplemental Nellie repository

1001 (https://qgithub.com/aelefebv/nellie-supplemental).

1002
1003 The first two tracking simulations test each algorithm’s ability to accurately track multiple
1004 objects’ motions over a number of frames (Extended Data Fig. 4a-f). To do this, we

1005 simulate a dataset consisting of 3 objects with various lengths, widths, and intensities,
1006 each moving along an orthogonal axis (i.e. X only, Y only, and Z only) at a consistent
1007 rate of 1 pixel per frame in either the direction of its long axis for 26 frames (Extended

1008 Data Fig. 4a-c), of the direction of its short axis for 28 frames (Extended Data Fig. 4d-f).


https://github.com/aelefebv/nellie-supplemental
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1009 The dataset is then reversed and appended to the end of the original dataset to create a
1010 back-and-forth motion of the objects. We set a pixel resolution of 0.2 um/px and a

1011 temporal resolution of 0.5 s/frame for the original dataset, and remove temporal frames
1012 in increasing powers of 2 to generate additional datasets with temporal resolutions of 1,
1013 2, 4, and 8 s/frame, with objects moving at a consistent speed of 0.4 um/s. We use

1014 Nellie’s features_branches.csv and im_skel_relabelled.ome.tif outputs to track individual
1015 branches over each time course, and monitor which branch we have tracked in each
1016 frame to measure how persistently each branch is tracked (Extended Data Fig. 4b,e).
1017 For MitoTNT, we attempted to use the node tracking outputs to generate fragment

1018 tracking outputs, but this process errored out in >50% of the samples. Instead, we

1019 simply use the node tracks’ outputs to calculate displacement and monitor which node
1020 we have tracked in each frame to measure how persistently each node is tracked. For
1021 Mitometer, we use the track number and its centroid at each frame to calculate the

1022 velocity, and use the appearance of each track in each frame as the measure of

1023 persistence. For both long and short axis travel, Nellie performs essentially perfectly in
1024 both linear velocity calculation, and track persistence. Mitometer also performs close to
1025 perfectly, with some variability in both velocity and track length. MitoTNT performs

1026 decently for linear velocity calculation, but seems unable to consistently keep hold of a
1027 track for longer than about 20 frames. We also note that MitoTNT was unable to

1028 produce tracks for the 8 s/frame sample in the long-axis case.

1029

1030 The third tracking simulation tests each algorithm's ability to quantify angular velocity of

1031 a rotating object, considering organellar movement is not limited to linear velocity alone,



1032 but often comes about from angular movement about a pivot, such as an organellar or
1033 structural contact site. We generate a single, long object similar to how we generate an
1034 object in the first test case, but instead of linearly moving the object, we rotate the object
1035 about a single axis at a constant rate of 5 degrees per frame for 33 frames. We again
1036 set the pixel resolution to 0.2 um/px and the time interval to 0.5 s/frame, meaning the
1037 object is rotating at a constant speed of 10 deg/s about its center of mass (Extended
1038 Data Fig. 4g). We again produce additional datasets with frames at increasing powers
1039 of 2 removed, meaning the object will have rotated by 5, 10, 20, 40, and 80 degrees
1040 between each frame, for each respective dataset. We quantify both linear velocity,

1041 which should be near 0, as the object is rotating about its center of mass (though

1042 discretized to individual pixels, so it will never be exactly 0), and angular velocity, which
1043 should be a constant 10 deg/s. We use the same method as in the first test case to
1044 generate the linear velocity calculation for both Nellie and Mitometer. However, for

1045 MitoTNT, we instead use their script to convert the node tracking outputs to fragment
1046 tracks, which it was only able to do for the 1 and 2 s/frame datasets. For Nellie, we
1047 calculate angular velocity using the values in the features_nodes.csv output.

1048 Specifically, we get the mean ang_vel _mag_rel_mean, which is the mean angular

1049 velocity magnitude, relative to its pivot point, of all voxels that make up a node, and
1050 average this value over each frame. We then average each frames’ average to get the
1051 final angular velocity in rad/s and convert this to deg/s. For MitoTNT, we use each

1052 node’s track to calculate displacement of each node between frames, interpreted as
1053 rad/frame in this sample, and convert this to deg/s. Though this is not a perfectly

1054 accurate representation of angular velocity for MitoTNT’s outputs, this was the best we



1055 could do with their limited outputs. Mitometer has no discernable way to calculate

1056 angular velocity from its outputs. Both Nellie and Mitometer perform well at correctly
1057 finding low linear velocity values in all datasets, while MitoTNT seems to capture a
1058 higher velocity than both other algorithms at the temporal resolutions it was able to
1059 convert for fragment tracking (Extended Data Fig. 4h). Nellie performs well at a

1060 resolution of 0.5 and 1 s/frame, but performs increasingly poorly, underestimating

1061 angular velocity at lower temporal resolutions. MitoTNT performs poorly at high

1062 temporal resolution, but seems to perform increasingly better at lower temporal

1063 resolutions.

1064

1065 The final two tracking simulations test the algorithms’ abilities to maintain object

1066 permanence by quantifying its ability to maintain a link over objects after undergoing
1067 fragmentation (fission) or merging (fusion) events (Extended Data Fig. 4j-1). We simulate
1068 2 objects in each orthogonal plane of our image, where we extend the object from the
1069 center point of the image along either the positive or negative direction of its axis,

1070 resulting in a 6 sided star-like object. Every 3 frames, we linearly begin moving an
1071 object away from the center, along its long axis, at a rate of 1 voxel/s, again with a pixel
1072 resolution of 0.2 um/px and a temporal resolution of 0.5 s/frame. After several frames,
1073 all objects have become disconnected from the center, resulting in a total of 5 fission
1074 events over the course of 33 frames. We generate another dataset by reversing the
1075 time series, where all objects begin disconnected, but end up reconnected by the final
1076 frame, resulting in 5 fusion events over the course of 33 frames. As previously, we

1077 remove temporal frames in increasing powers of 2 to generate additional datasets with



1078 lower temporal resolution. For Nellie, we use the organelle features’ reassigned labels,
1079 and per-frame labels to track the objects of frame 1 over time. Specifically, for each

1080 frame we calculate the difference between the number of parent labels to the number of
1081 labels in that frame. If the difference in this difference value is positive between adjacent
1082 frames, this indicates a new label has appeared, whereas a negative value indicates the
1083 disappearance of a label. For MitoTNT, we run the tracking outputs through their

1084 provided code to detect fission and fusion, and sum up all rows with a fission type to
1085 count fission events, and all rows with a fusion type to count fusion events. For

1086 Mitometer, we sum up all raw detected fission events to count fission events, and all raw
1087 detected fusion events to count fusion events. Nellie perfectly detects all 5 fission and
1088 all 5 fusion events for all temporal resolutions (Extended Data Fig. 4k). MitoTNT detects
1089 at most 2 fission events and 1 fusion events, with no events detected at the lowest

1090 temporal resolutions. Mitometer picks up all 5 fission events for a few temporal

1091 resolutions, and detects no fusion events for a few temporal resolutions, detecting no
1092 events at all for the lowest temporal resolution.

1093



1094 Supplementary Note 10: Creation of feature-based cost matrix for inter-frame

1095 mocap marker linkage

1096 To create the feature-based cost matrix used to link corresponding mocap markers

1097 between adjacent frames, a speed matrix is first created by calculating the displacement
1098 between all marker indices in adjacent frames (t and t+1) and dividing this by the

1099 corresponding time between frames. Let P, and P, be the marker positions at time t

1100 and t+1, respectively.

|

1101 S ==
t —t
t+1 t

1102 where ||-|| denotes the Euclidean norm.
1103 The speeds are normalized to the maximum permissible speed, defaulting to 1 pm/sec.

1104 Let Smax be the maximum permissible speed:

S

1105 S =

norm S
max

1106 Any linkages exceeding the maximum distance threshold are prohibited. The speed
1107 matrix is then z-score normalized for standardization. For a matrix M:

M-M

1108 Z(M) = W

1109 Absolute value differences of the stats vectors for markers between the two frames are

1110 computed and standardized. Let Vt and Vt+1 be the stats vectors at time t and t+1,

1111 respectively.

1112 AV =1V

| t+1 t|



1113 The resulting matrix is divided by the number of feature columns in the stats vector to

1114 provide balanced weighting in the final cost matrix. Let n be the number of features in

1115 the stats vector.

1116 F — Zan

norm ns

1117 Absolute value differences of the Hu vectors for markers between the two frames are

1118 computed and standardized. Let Ht and Ht+1 be the Hu vectors at time t and t+1,

1119 respectively.

1120 AH = |Ht+1 - Ht|

1121 The Hu matrix, after normalization, is adjusted by dividing the matrix by the number of
1122 feature columns in the Hu vector, which varies depending on whether the dataset is 2D

1123 or 3D. Let n, be the number of features in the Hu vector.

1124 H — 28

n
norm H

1125 The standardized distance, stats, and Hu matrices are summed to form the final cost
1126 matrix, which will be used to temporally link mocap markers:

1127 C = Z(Snorm) + F

norm norm

1128



1129 Supplementary Note 11: Temporal continuity in organelle tracking via forward and
1130 backward interpolation of semantic segmentations across frames

1131 Nellie includes an optional, but highly requested component for tracking instance

1132 segmentations of individual organelle objects between adjacent frames. This feature
1133 allows for the extraction of motility features and changes in morphology of a specific
1134 label across multiple temporal frames. Specifically, we maintain continuity in the

1135 identification of labeled organelle voxels across frames by sequentially relabelling

1136 adjacent frames via both a forward and backward interpolation scheme from a temporal
1137 frame T of interest (Extended Data Fig. 5).

1138

1139 For forward relabelling from frame t to t+1, forward interpolation of motion vectors for all
1140 semantic segmentation mask voxels in frame t is performed, yielding interpolated

1141 coordinates at frame t+1. Let Vt be the set of voxel coordinates in frame t, and Ft be the

1142 flow vectors at frame t.

1143 C.L =V + Ft(Vt)

t+

1144 where Ct+1 are the interpolated coordinates at frame t+1.

1145 Similarly, backward interpolation of motion vectors for all semantic segmentation mask
1146 voxels in frame t+1 is carried out, providing interpolated coordinates at frame t.

1147 Let Vt+1 be the set of voxel coordinates in frame t+1, and Bt+1 be the backward flow

1148 vectors at frame t+1.

1149 Ct - Vt-‘rl + Bt+1(Vt+1)

1150 where Ct are the interpolated coordinates at frame t.



1151 Next, frame t voxels are matched to the closest frame t interpolated coordinates derived
1152 from frame t+1 voxels, and vice versa. Matches are only considered if they are within

1153 the maximum travel distance threshold (1 um/s). For each v in v, and v' in Vt+1:

1154 Match(v, v') if
o~ cenl<d,.
1156 and

v~ @ll<d,.

1158 where dmax is the maximum travel distance threshold.

1159 Unique matches are then assigned using a heap in-place priority queue based on the
1160 distance between the voxel and interpolated coordinate match. This prioritization

1161 ensures that the most accurate matches are assigned first, enhancing both

1162 computational efficiency and matching accuracy.

1163 Let M be the set of all matches (v, v', d) where d is the distance between v and Ct+1(v):

1164 UniqueMatches = AssignUniqueMatches(SortByDistance(M))

1165 Where AssignUniqueMatches assigns matches using a priority queue based on

1166 distance.

1167 Any unlabelled voxel in frame t+1 is assigned the label of its nearest relabelled voxel,
1168 provided the distance is within the maximum travel distance threshold. For each

1169 unassigned voxel u in VtH:

1170 Label(u) = Label(argminv(Hu - v|])

1171 if mmv(||u —v|h< dmax

1172 where v are the assigned voxels in V..



1173 This relabelling process is repeated until all voxels are labeled or until the number of

1174 unlabelled voxels stabilizes between iterations:

1175 |Unassignedi| - |Unassignedi_1| =0
1176 or
1177 |Unassignedi| =0

1178 where Unassignedi is the number of unassigned voxels in iteration i.

1179

1180 The backward relabelling process from frame t to t-1 mirrors the forward relabelling

1181 approach. First, forward and backward interpolations are conducted for frame t-1 and
1182 frame t voxels, respectively. Voxels from frame t are matched to the closest interpolated
1183 coordinates derived from frame t-1, and vice versa, within the maximum travel distance
1184 threshold. The assignment of unique matches and relabelling of unassigned voxels

1185 follows the same procedure as in forward relabelling, ensuring consistency and

1186 accuracy across temporal frames.

1187



1188 Supplementary Note 12: Spatial and temporal feature extraction of hierarchical
1189 organelle levels, extended

1190 Organelle features are extracted hierarchically, with voxels representing the smallest
1191 unit of measured space, followed by nodes, which are skeleton voxels plus their

1192 surrounding radius-dependent voxels, followed by branch components, which are

1193 semantic segmentations of skeleton branches and their surrounding voxels, followed by
1194 organelles, which are semantic segmentations of connected components, followed

1195 finally by the organellar landscape, representing the entire image. Each larger

1196 component in the hierarchy also gets aggregated statistics of features from the lower
1197 levels. We have described all of the extractable features and their respective variable
1198 names in Supplementary Table 1.

1199

1200 At the voxel level, local flow, structure, and fluorescence intensity information is

1201 captured. At frame T, a voxel’s flow is interpolated from T-1 to T, and from T to T+1 to
1202 generate its independent linear and angular velocity and acceleration vectors, of which
1203 we can break down to its magnitude and normalized orientation vectors. We also

1204 choose, for each branch, a local pivot point, defined as the voxel within a branch that
1205 has the smallest velocity vector magnitude between the two frames of interest, as well
1206 as the entire organellar landscape’s center of mass, representing two different points of
1207 reference for two additional sets of linear and angular motility features. We can then
1208 extract a directionality component by calculating the voxel’s motion with respect to these
1209 points of reference.

1210



1211 a. Linear Velocity:

r(t+1)—r(t)

1212 vun(t) = Al

1213 b. Angular Velocity (3D):

_ r(xr(+1)
1214 vang(t) T At T+

1215 c. Linear Acceleration:

vlm(t+1)—vlm(t)

1216 a (t)= v

lin

1217 d. Angular Acceleration:

" vang(t-i-l)—vang(t)
1218 a =
ang( ) At

1219 e. Directionality:

r |-

_ rref(t)|
- |rref(t+1)|+

7”ref(t)|

1220

1221 where T ref is the position relative to a reference point (local pivot or center of mass)

1222

1223 At the node level, we calculate neighborhood flow patterns, as well as the thickness of
1224 an organelle branch at that skeleton voxel. To extract flow patterns, we first retrieve all
1225 the flow vectors associated with the voxels of that node. To calculate the convergence
1226 of flow vectors to that node’s center, we calculate the mean direction of magnitude of all
1227 the node’s voxels with respect to the node center from T-1 to T. A positive number

1228 indicates voxels are flowing towards that node from T-1 to T. In contrast, divergence is
1229 calculated in the same way as convergence, but from T to T+1. A positive number

1230 indicates voxels are flowing away from that node from T to T+1. Vergere is simply the

1231 sum of divergence and convergence, where a positive number would indicate a local



1232 bottleneck of flow, and a negative number would indicate some flow repulsion from that
1233 node. The magnitude variability of flow vectors at that node is simply the standard

1234 deviation of the node’s voxels’ flow vector magnitudes. The direction uniformity is the
1235 mean value of the dot product similarity matrix of the node’s voxels’ orientation vectors.

1236 a. Convergence:
1237 C =—2X(— vin)din
1238 where v is the inward velocity and dm is the direction to node center

1239 b. Divergence:

1240 C=—2%2(—v )d

out out

1241 where v is the outward velocity and dout is the direction from node center

1242 c. Vergere:

1243 V=C+D
1244 d. Magnitude Variability:

1245 MV = std(|[v]])
1246 Where v are the velocities of node voxels

1247 e. Direction Uniformity:

1248 DU = vivj

1249 where v, and v, are normalized velocity vectors of node voxels

1250

1251 At the branch level, we calculate skeleton metrics such as length, thickness, aspect
1252 ratio, and tortuosity, as well as standard region properties such as area, axes lengths,

1253 and solidity and extent metrics. To calculate skeleton properties, we treat each network



1254 as a graph, composed of lone tip (no adjacent), tip (one adjacent), edge (two adjacent),
1255 and junction (>2 adjacent) voxels. We modify the skeleton graph by removing all

1256 junction voxels and replacing their neighboring edge voxels with tip voxels. Each

1257 tip-to-tip segment is considered one branch instance. To efficiently traverse this graph,
1258 we construct a distance matrix between all non-zero voxels in our skeleton and link
1259 voxels that are less than 2 voxels from one another, using only the lower diagonal to
1260 avoid duplicate matches. From these linkages, we can calculate the length of a branch
1261 as the sum distance of all linkages of that branches' voxels plus the voxel-to-border
1262 distance of the tip nodes of that branch. If the branch consists of only a single lone
1263 node, we instead calculate the length of that branch to be 2 times the voxel-to-border
1264 distance of the node. From this length measurement we calculate the tortuosity of a
1265 branch, defined as its length divided by the tip-to-tip spatial distance. We calculate the
1266 thickness of a branch as its mean voxel-to-border distance times two, and its aspect
1267 ratio as its length divided by its thickness. For calculating the region’s properties, we
1268 use Scikit-Image’s regionprops function.

1269 a. Branch Length:

1270 L= Z(dij) + dtl_p1 + dtipZ

1271 where dl,j are distances between adjacent voxels and dtip are tip-to-border distances

1272 b. Tortuosity:

L

1273 T =
ro—r.
tipl tip2

1274 c. Thickness:

1275 Th = 2d



1276 where db are voxel-to-border distances

1277 d. Aspect Ratio:
1278 AR = —

1279
1280 At the organelle level, we simply calculate the connected component’s region
1281 properties, again via Scikit-lmage’s regionprops function.

1282

1283 Finally, at the organellar landscape (image) level, we simply allow all aggregate
1284 statistics of all other hierarchies to be stored for export.

1285



1286 Supplementary Table 1: Table of Nellie’s output features

1287 For each level of the organellar hierarchy, we extract a multitude of features, as

1288 described in Supplementary Note 12.

1289 Voxels:

1290

Feature description (units)

Output name

The physical z location of that voxel (um) Z_raw
The physical y location of that voxel (um) y_raw
The physical x location of that voxel (um) X_raw

The fluorescence intensity image’s value at that voxel (A.U.)

intensity_raw

The preprocessed image’s intensity value at that voxel (A.U.)

structure_raw

Movement directionality wrt local pivot point (N/A)

directionality_rel_raw

Angular acceleration magnitude wrt local pivot point (rad/s?)

ang_acc_mag_rel_raw

Angular acceleration magnitude, no reference point (rad/s?)

ang_acc_mag_raw

Linear acceleration magnitude wrt local pivot point (um/s?)

lin_acc_mag_rel_raw

Linear acceleration magnitude, no reference point (um/s?)

lin_acc_mag_raw

Angular velocity magnitude, wrt local pivot point (rad/s)

ang_vel_mag_rel_raw

Angular velocity magnitude, no reference point (rad/s)

ang_vel_mag_raw

Linear velocity magnitude wrt local pivot point (um/s)

lin_vel_mag_rel_raw

Linear velocity magnitude, no reference point (um/s)

lin_vel_mag_raw

1291 Nodes:

Feature description (units)

Output name

The physical z location of that node’s centroid (um) Z_raw
The physical y location of that node’s centroid (um) y_raw
The physical x location of that node’s centroid (um) X_raw

Distance from the node center to the edge x2 (um)

node_thickness_raw

The sum of the convergence and divergence of vectors to the node center

vergere_raw




1292

(um/s)

The convergence of the flow vectors of the voxels in the node to the node convergence_raw

center (um/s)

The divergence of the flow vectors of the voxels in the node from the node divergence_raw

center (um/s)

Summary statistics of the node’s voxels’ metrics (see above)

voxel aggregate metrics

1293 Branches:

1294

Feature description (units)

Output name

The physical z location of that branch’s centroid (um) Z_raw
The physical y location of that branch’s centroid (um) y_raw
The physical x location of that branch’s centroid (um) X_raw

Label corresponding to its original temporal frame 0 label, assigned
during voxel reassignment, if selected (N/A)

reassigned_label _raw

The number of voxels in that branch divided by the number of voxels
in that branch’s convex hull (N/A)

branch_solidity_raw

The number of voxels in that branch divided by the number of voxels
in that branch’s bounding box (N/A)

branch_extent_raw

Minor axis length of an ellipse with the same normalized second
central moments as the branch (um)

branch_axis_length_min_raw

Major axis length of an ellipse with the same normalized second
central moments as the branch (um)

branch_axis_length_maj_raw

The number of voxels in the branch, scaled by the image resolution
(2D: um? 3D: um?®). In 3D this is the volume.

branch_area_raw

The branch’s tips’ euclidean distance divided by its length (N/A)

branch_tortuosity _raw

The length of the branch divided by its median thickness (N/A)

branch_aspect_ratio_raw

The mean thickness of the branch (um)

branch_thickness_raw

The length of the branch (um)

branch_length_raw

Summary statistics of the branch’s voxels’ metrics (see above)

voxel aggregate metrics

Summary statistics of the branch’s nodes’ metrics (see above)

node aggregate metrics

1295 Organelles:




1296

Feature description (units)

Output name

The physical z location of that organelle’s centroid (um) Z_raw
The physical y location of that organelle’s centroid (um) y_raw
The physical x location of that organelle’s centroid (um) X_raw

Label corresponding to its original temporal frame 0 label, assigned
during voxel reassignment, if selected (N/A)

reassigned_label_raw

The number of voxels in that organelle divided by the number of voxels
in that organelle’s convex hull (N/A)

organelle_solidity_raw

The number of voxels in that organelle divided by the number of voxels
in that organelle’s bounding box (N/A)

organelle_extent_raw

Minor axis length of an ellipse with the same normalized second central
moments as the organelle, scaled by the image resolution (um)

organelle_axis_length_min_
raw

Major axis length of an ellipse with the same normalized second central
moments as the organelle, scaled by the image resolution (um)

organelle_axis_length_maj_
raw

The number of voxels in the organelle, scaled by the image resolution
(2D: um? 3D: um3). In 3D this is the volume.

organelle_area_raw

Summary statistics of the organelle’s voxels’ metrics (see above)

voxel aggregate metrics

Summary statistics of the organelle’s nodes’ metrics (see above)

node aggregate metrics

Summary statistics of the organelle’s branches’ metrics (see above)

branch aggregate metrics

1297 Image

1298

Feature description (units)

Output name

Summary statistics of the image’s voxels’ metrics (see above)

voxel aggregate metrics

Summary statistics of the image’s nodes’ metrics (see above)

node aggregate metrics

Summary statistics of the image’s branches’ metrics (see above)

branch aggregate metrics

Summary statistics of the image’s organelles’ metrics (see above)

organelle aggregate metrics
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1299

1300 Supplementary Data Fig. 7: Additional performance metrics from organelle unmixing random
1301 forest classifiers

1302 The precision, recall, and F1-score for Golgi (a) and mitochondria (b) classification of the motility-only,
1303 morphology-only and motility and morphology combined random forest models. ¢, The combined

1304 accuracy metric of the same three models for overall classification. N=11 leave-one-out cross validation
1305 experiments. All bars are mean +/- 95% confidence intervals.

1306



1307 Supplementary Note 13: Multi-mesh graph-based representation of cellular

1308 organelle networks

1309 In the construction of the multi-mesh network from organelle segmentation masks, the
1310 methodology employs a systematic approach to transform the intricate spatial

1311 relationships of organelles into a structured graph representation. This transformation is
1312 achieved through a series of computational steps designed to map the skeletonized
1313 representations of organelles onto a graph where nodes represent skeleton voxels that
1314 carry features of their surrounding voxels, and edges that delineate the spatial

1315 connections between these nodes, capturing the underlying organizational topology of
1316 the organelle network.

1317

1318 The initial step involves the utilization of a k-d tree for the efficient identification of

1319 immediately neighboring nodes. This radius is chosen to ensure that all immediate

1320 neighbors in a cubic voxel grid are considered, facilitating the accurate representation of
1321 spatial adjacencies within the graph. Each node, corresponding to a skeleton voxel, is
1322 then associated with a list of its neighbors, excluding self-references, to establish the

1323 basic graph structure. For each skeleton voxel v:

{ueV : |lv—u||<1.74}
v

1324 Nw) =

1325 where V is the set of all skeleton voxels, and ||-|| denotes Euclidean distance.
1326
1327 Subsequently, the algorithm identifies a starting node for the graph, preferentially

1328 selecting a node with a singular neighbor (a tip node) to anchor the construction



1329 process. In the absence of such nodes, indicating a closed network, the first node in the
1330 branch’s list is selected by default.

1331 start_node = first(n for n in nodes if len(neighbors(n)) == 1)

1332 if not start_node:

1333 start_node = nodes[0]

1334

1335 The construction of the multi-level mesh within the graph is then initiated by calculating
1336 the jump distances from the start node to all other nodes within the network:

1337 J(v) =min{d : 3 pathp = (vo, Ve vd) where v = s, v = v, and (vi' Vm) €k

1338 for0 <i < d}

1339 where s is the start node and E is the set of edges between neighboring voxels v.

1340 This calculation employs a depth-first search algorithm, incrementally increasing the
1341 jump distance as the search progresses through the network. The jump distances serve
1342 as a basis for establishing a hierarchical structure within the graph, where connections
1343 between nodes are formed based on increasing powers of two. This hierarchical

1344 connectivity facilitates efficient message passing at multiple distances, enabling the

1345 graph to capture a wide range of spatial relationships within the organelle network.

1346

1347 For each scale within the multi-level mesh, the algorithm generates a list of nodes that

1348 are valid at that scale, determined by their jump distances:
k—1
1349 sz{veV:](v)%Z =0}

1350 where k is the scale level (k > 1).



1351 This selective inclusion of nodes at each scale allows for the dynamic adjustment of the
1352 graph's hierarchy, ensuring that both local details and global organizational patterns are
1353 adequately represented. The edges within the multi-scale edge list are then generated
1354 by direct accessibility queries within the graph, establishing connections between nodes
1355 based on their proximity and mutual accessibility across the different scales of the

1356 mesh:
1357 E = {(w,v): yve V. and d(u,v) < K+ 1}

1358 where d(u, v) is the shortest path distance between u and v in the original graph.

1359

1360 This detailed and systematic approach to constructing the multi-mesh network from

1361 organelle segmentation masks and their respective skeletons encapsulates the complex
1362 spatial organization of organelles within a scalable and interpretable graph framework.
1363 By leveraging the principles of graph theory and computational geometry, the

1364 methodology provides a robust foundation for analyzing the dynamic alterations in

1365 organelle organization, offering insights into the functional implications of spatial

1366 arrangements within cellular environments.

1367



1368 Supplementary Note 14: Graph autoencoder model construction for organelle
1369 multi-mesh network analysis

1370 The graph autoencoder model is structured to transform multi-dimensional data into a
1371 comparable latent space and subsequently reconstruct the original data, aiming to
1372 retain significant biological features and spatial relationships. This allows for latent
1373 space analysis of encoded features and complex interactions within organellar

1374 networks. The graph autoencoder comprises an encoder for data compression and a
1375 decoder for data reconstruction, each built with layers specifically chosen for their
1376 effectiveness in graph-structured data processing.

1377

1378 The encoder initiates with a Multilayer Perceptron (MLP) to project the initial feature set
1379 into a 512-dimensional embedding. Following the MLP, a Swish (SiLU) activation

1380 function introduces non-linearity, enhancing the model's ability to capture complex
1381 patterns. Layer normalization is applied to ensure consistent training dynamics across
1382 layers by normalizing the layer outputs:

1383 E(x) = LN(SiLU(Wex + be))
1384 where LN is Layer Normalization, W, and be are learnable parameters.

1385 The core of the encoder consists of 16 graph neural network (GNN) layers. These

1386 layers are designed for effective feature transformation and aggregation within the

1387 graph, utilizing mean aggregation for message passing. The independent weighting of
1388 each GNN layer allows for flexibility in learning distinct aspects of the data. Residual
1389 connections are incorporated to facilitate deeper learning without the vanishing gradient

1390 problem:



(+1) _

1391 h LN(SiLU(WI : {h]I,: jeN@)) bi) + 1)

1392 where N (i) is the set of neighbors of node i, and w, and b are layer-specific

1393 parameters. For the encoder output:

L
1394 z=nh

1395 where L is the number of GNN layers (16 in this case).
1396

1397 The decoder mirrors the encoder's depth but switches to graph attention network (GAT)

1398 layers:
= "w h|lw h
1399 a, = softmaxj(a [ 4 l,|| J }])
1400 = LN(SiLU(Z W h’_) + 1)
i joijodj i

1401 where a and W are learnable parameters, and || denotes concatenation. For the
1402 decoder output:

1403 x'=h

1404 where L' is the number of GAT layers in the decoder.

1405 These layers leverage attention mechanisms to prioritize the most relevant features
1406 from neighboring nodes, crucial for accurately reconstructing the original feature space
1407 from the compressed latent representation. Dropout (DO) is incorporated at a rate of
1408 20% within the GAT layers to prevent overfitting by randomly omitting subsets of

1409 features during training:

1410 hDO = h - mask, mask ~ Bernoulli(p = 0.8)

1411 Applied in GAT layers with 20% dropout rate.



1412 Similar to the encoder, the decoder employs Swish activation and layer normalization
1413 post each GAT layer, concluding with a transformation back to the original feature size.
1414 This design ensures that the decoder can effectively reconstruct the original data,

1415 highlighting changes in organelle configurations.

1416

1417 The initial embedding is essential for transitioning from the high-dimensional raw feature
1418 space to a more comparable representation without significant information loss. The
1419 MLP efficiently achieves this transformation, while the SiLU activation function is chosen
1420 for its property of smoothing nonlinearities, improving model performance over

1421 traditional ReLU functions. The choice of GNN layers for the encoder stems from their
1422 ability to capture the dependency and interaction between intra-organellar nodes in a
1423 graph. Mean aggregation is used for its simplicity and effectiveness in summarizing

1424 variable-range neighborhood information, essential for understanding the context of

1425 each organelle node within the network. The adoption of GAT layers for the decoder is
1426 motivated by the need for a nuanced reconstruction of the original data. The attention
1427 mechanism within GAT layers allows the model to focus on the most informative parts of
1428 the input graph, crucial for detailed and accurate data reconstruction. Layer

1429 normalization and residual connection components are integral to the model for

1430 maintaining stable learning rates across training and enabling the effective training of
1431 deep networks by allowing information and gradients to flow through the network

1432 without diminishment.

1433



1434 The model implementation leverages PyTorch and PyTorch Geometric, facilitating
1435 efficient graph data processing and neural network operations'®'. Training involves
1436 minimizing the Mean Squared Error (MSE) between the original and reconstructed
1437 datasets, with the Adam optimizer chosen for its adaptive learning rate capabilities,

1438 especially suited for sparse data commonly found in graphs:
1439 Loss = MSE(x, x")= %Ei(xi - x'i)z

5 Gt—n~mt
t+1
\/17: +&

1441 where m, and v are the first and second moments of the gradients, computed by the

1440

1442 Adam optimizer.

1443

1444 For training and validation of our model, we randomly assign 70% of the graphs in each
1445 dataset for training and 30% for validation, evaluating the model on unseen data.

1446 Training uses an Adam optimizer with a 0.01 learning rate and implements early

1447 stopping to prevent overfitting. We monitor validation loss and halt training if no

1448 improvement occurs for 10 consecutive epochs, with a 0.001 minimum improvement
1449 threshold. We plot and compare training and validation loss curves to visually identify
1450 divergence indicating overfitting. We prevent data leakage by strictly separating training
1451 and validation datasets, performing normalization and feature scaling independently on
1452 each set. We use a batch size of 1 to process each graph individually, avoiding

1453 information sharing between samples. The model's performance is continuously

1454 evaluated on the validation set, with the best-performing model saved based on lowest

1455 validation loss (Supplementary Data Fig. 8). This approach to training and validation,


https://www.zotero.org/google-docs/?sQYe9q

1456 coupled with checks for overfitting and data leakage, ensures the integrity and reliability

1457 of our GNN Autoencoder model.
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1459 Supplementary Data Fig. 8: Loss curves for the Multi-mesh GNN

1460 Loss curves for the multimesh GNN are shown for training (blue) and validation (red) datasets. The model
1461 was trained for a total of 47 epochs. The model was saved for the lowest validation loss epoch (37, red
1462 arrow).
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