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Abstract

Large electron microscopy datasets require extensive annotation and review before they can be
converted into reliable measurements. ACORN is an open-source, locally executable application
that offers image preparation, reviewed annotation, task-specific model training, batch inference,
calibrated measurement, and statistical analysis in a single format. Users can create and correct
annotations manually or with promptable segmentation and use the reviewed annotations to
train models directly within ACORN. Its Cryo-EM Lab Utility (CLU) assistant also allows
users to request any analysis or training operations in plain language. To show its use cases, we
evaluated ACORN using low-dose cryogenic TEM images of polymeric nanoparticles and SEM
images of bacterial spores. YOLO models trained in ACORN produced validation F1 scores of
0.906 ± 0.013 and 0.624 ± 0.016, respectively. Controlled simulations built in ACORN provided
25,983 exact object annotations for further model development and a controlled evaluation
of software performance. On held-out simulation images, equivalent-circular-diameter mean
absolute error was 3.60 nm (10.1%) for TEM particles and 31.48 nm (3.7%) for SEM spores
among matched detections. The software logs every interaction, training step, and annotation in
a sample history for provenance tracking. ACORN provides an environment where annotations,
image calibration, model checkpoints, object measurements, and statistical records are easily
accessible and traceable. This software provides a traceable path from electron microscopy
images to quantitative results in multiple user-friendly formats.

Keywords: cryogenic electron microscopy; low-dose imaging; quantitative imaging; image segmen-
tation and machine learning; data provenance; simulation; model training
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1 Introduction1

In the life sciences, automated electron microscopy (EM) generates images faster than researchers2

can convert them into quantitative results. As EM automation reaches into materials science,3

a similar analysis bottleneck is occurring. A dataset may be acquired in hours with little user4

input, whereas identifying objects of interest, tracing their boundaries, converting pixel-based5

measurements into physical units, and comparing measurements across experimental conditions6

can require days of analysis. Manual annotation remains suitable for small datasets but becomes a7

problem when studies contain hundreds of images or thousands of objects. Automated segmentation8

can reduce this burden as long as these predictions can incorporate image calibration, annotation9

history, morphological measurements, and statistical analysis.10

General computer-vision platforms use an iterative annotation and training process. Users11

label an initial subset of images, train a model, apply that model to unlabeled images, correct its12

predictions, and retrain it using the expanded dataset. Roboflow, CVAT, and Label Studio support13

different stages of this process through browser-based or self-hosted interfaces [1, 2, 3]. Applying14

this process to EM is difficult because the objects of interest vary widely among modalities and15

may include biological particles, cells, fibers, pores, precipitates, nanoparticles, atomic columns, or16

interfaces. Image contrast may arise from electron scattering, phase contrast, diffraction, composition,17

or detector response. Low-dose transmission electron microscopy (TEM) introduces additional18

processing requirements, including frame selection, motion correction, dose weighting, and contrast-19

transfer correction. Specialized particle-picking packages support structural-biology analyses, while20

cell-segmentation tools cover biological imaging more broadly [4, 5, 6, 7]. However, the outputs for21

these processes are generally designed for specific downstream tasks, such as coordinate files for22

single-particle analysis or masks in pixel units for cell counting.23

For EM applications outside of established structural-biology protocols, researchers often combine24

general-purpose annotation, model-training, image-processing, measurement, and statistical software25

from varying programs. Microscopy Image Browser, µSAM, AtomAI, and DL4MicEverywhere are26

some examples of software for segmentation, model training, quantitative analysis, and reproducible27

execution [8, 9, 10, 11].Moving between these programs can separate annotations from calibration,28

processing history, and source images. In the case of upload-dependent platforms, these may also be29

unsuitable for large, proprietary, unpublished, or export-controlled datasets.30

Promptable segmentation models can accelerate initial annotation of EM data. However, the31

masks still require review and performance may not generalize across EM modalities given the initial32

training in these cases commonly occur on non-EM images. For users wanting repeated analysis of33

a particular specimen type, these foundational-based prompt masks can feed into training a smaller34

task-specific model. Training such a model commonly requires scripting, dataset formatting, and35

hyperparameter selection that places the process beyond the experience of many microscopists. EM36

researchers need accessible, iterative model training in software that retains calibration, provenance,37

and quantitative measurements.38

An additional limitation with EM is that labeled datasets are scarce. For these cases, simulation39

micrographs offer a possible starting point because object locations, boundaries, and properties are40

known. These simulations used for model training or evaluation must capture enough variation in41

specimen structure, acquisition conditions, contrast, and noise to support transfer to experimental42

images [12, 13, 14, 15, 16, 17, 18, 19, 20]. ACORN (Annotate, Curate, Observe, Review, and43

Navigate) is an open-source application for local EM analysis. It reads microscopy data in its native44

format, preserves calibration from image headers, supports multiple annotation methods, trains45

task-specific models, and calculates measurements and statistics from large datasets. CLU (Cryo-EM46

Lab Utility) converts natural-language requests into registered ACORN operations and records47
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those actions in the session history. End users can develop their own task-specific capabilities and48

integrate those into the ACORN base package via plug-ins. To showcase its abilities, we evaluated49

ACORN using low-dose cryo-EM micrographs of nanoparticles and SEM micrographs of bacterial50

spores. Figure 1 presents the software overview and use cases.51

Figure 1: ACORN connects EM images to quantitative analysis. ACORN links microscopy
images and metadata with reviewed annotations, task-specific model training, calibrated measure-
ments, statistical analysis, and provenance records. CLU provides natural-language access to the
same registered software operations.

2 Results52

2.1 Demonstrating the capabilities of ACORN - image annotation, quantitative53

analysis, and provenance tracking54

ACORN is a Python application of 51,103 lines distributed as eight installable packages that share55

a dedicated core install. End users can choose from the desktop application for interactive analysis56

or a headless command-line interface for image conversion, batch prediction, dataset export, and57

dataset finalization. ACORN includes the Cryo-EM Lab Utility (CLU), an in-application natural-58

language assistant that can access all 57 registered tools for data loading, contrast adjustment,59

segmentation, measurement, plotting, model training, export, and simulation. Image processing and60
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model inference run on various compute setups in an OS agnostic format. It can use either local61

CPU or GPU resources or run on cluster-based systems with GPU parallelization when needed. CLU62

can use locally hosted language models for isolated network deployment or a cloud-hosted model63

through an API key. Supplementary Table S9 compares ACORN with general-purpose annotation64

platforms and microscopy software.65

A benefit of using ACORN for processing and training is spatial calibration remains associated66

with the imported datasets, unlike other instances where this pixel size is lost. The software records67

the pixel size and whether it came from instrument metadata, in-application calibration, or manual68

entry. ACORN marks images lacking spatial calibration as ‘uncalibrated’ or ‘pixel size unknown’69

and automatically adjusts the calibrated pixel size after operations that may modify apparent size70

(e.g., binning). Across 613 post-correction automated tests spanning image import, annotation,71

metadata restoration, binning, measurement, and export, ACORN retained pixel size with zero72

relative error (Supplementary Table S11). Furthermore, ACORN records processing choices that73

can affect object boundaries and alerts the user to the corresponding measurement limitations. This74

means when a user measures a feature of interest with any annotation method in the software the75

output sizes are appropriately calibrated independent of any pre-processing steps. Measurement76

and statistical records retain experimental units, grouping and exclusion variables, statistical tests,77

significance thresholds, correction methods, effect sizes, and exact p values. ACORN associates78

reported measurements and plotted values to their annotations, source images, spatial calibrations,79

and analysis parameters for easy replication. To show this we audited and reported the stored origins80

of all 1,375 final SEM annotation records across 26 source micrographs, comprising 1,085 imported81

annotations (78.9%), 51 prompt-generated annotations (3.7%), and 239 trained-model annotations82

(17.4%) (Supplementary Figure S9). We then traced two representative analysis chains through83

stored identifiers and hashes to document the connections among source images, annotations, model84

checkpoints, measurements, and downstream results (Supplementary Table S12).85

2.2 Motion correction and dose binning allows for measurement of dynamics86

Structural biology cryo-EM routinely uses motion correction of dose-fractionated image stacks87

[21, 22, 23]. ACORN implements two-pass rigid phase cross-correlation for these stacks [24]. It88

preserves the frames on import so users can inspect the acquisition, select a frame range, estimate89

and remove coherent image drift, and construct dose bins from the aligned frames. ACORN displays90

all dose-bin averages and first-bin differences with common intensity scales and reports the recovered91

drift trajectory, frame-to-frame displacement, maximum drift, and total path length in pixels and,92

when calibration is available, physical units. Motion correction and dose binning allow researchers93

to remove global sample displacement that blurs the same structure across frames, while binning94

trades temporal or dose resolution for signal-to-noise ratio.95

We evaluated these functions using a 100-frame simulation of a nanoparticle-loaded polymer96

thin film with programmed global drift, local membrane deformation, nanoparticle motion relative97

to the membrane, and dose-dependent contrast loss (Figure 2).98

The simulation contained 100 frames of 512×512 pixels at 0.5 nm/pixel. Each frame represented99

10 e− Å
−2

giving a total accumulated dose of 1000 e− Å
−2

. Global image translation was programmed100

independently from local membrane deformation and nanoparticle motion relative to the membrane101

(Figure 2A). ACORN recovered the global drift trajectory with a RMSE of 0.61 pixels (Figure 2B).102

Alignment reduced the coherent motion blur in the uncorrected frame average (Figure 2C). The103

aligned frames were then grouped by cumulative dose. The 100 e− Å−2 bins retained the membrane104

and nanoparticle structure across the simulated dose series independent of dose (Figure 2D).105

Dose-bin width was used to balance image contrast and dose resolution (Figure 2E). At a106
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Figure 2: Motion correction and dose binning recover global drift and dose-resolved

local motion. (A) Programmed motion in a simulated nanoparticle-loaded polymer thin film. The
solid and dashed contours show the initial and final membrane positions, respectively. Gold and
magenta arrows indicate global image motion and nanoparticle motion relative to the membrane. (B)
Programmed and ACORN-recovered global drift trajectories RMSE = 0.61 pixels. (C) Average of the
uncorrected frames compared with the average after rigid motion correction. (D) Motion-corrected
structure in four 100 e− Å−2 dose intervals spanning a cumulative dose of 0–1000 e− Å−2. (E)
Comparison of dose-bin widths centered near a cumulative dose of 500 e− Å−2. Increasing the bin
width from 20 to 250 e− Å−2 increased membrane contrast-to-noise ratio. (F) Programmed and
recovered membrane displacement and nanoparticle displacement relative to the local membrane
after global-drift correction. 5



cumulative dose near 500 e− Å
−2

, increasing the bin width from 20 to 100 e− Å
−2

increased the107

membrane contrast-to-noise ratio from 0.92 to 1.14, while nanoparticle-localization error changed108

from 0.26 to 0.25 nm. Increasing the bin width to 250 e− Å
−2

raised the membrane contrast-109

to-noise ratio further to 1.23 but increased localization error to 0.29 nm and averaged motion110

over a longer dose interval. Among the three tested settings, the 100 e− Å
−2

bin gave the lowest111

nanoparticle-localization error while retaining greater membrane contrast than the 20 e− Å
−2

bin.112

After global-drift correction ACORN separately tracked displacement of the membrane and113

the nanoparticles relative to the local membrane (Figure 2F). The recovered membrane and114

nanoparticle-relative trajectories had mean absolute errors of 1.52 and 1.54 nm, respectively. A115

benchmark used 48 simulated movies, with six movies per dose condition and independently generated116

specimen configurations, drift trajectories, and noise realizations. Supplementary Figure S11 and117

Supplementary Table S14 report the alignment errors and the low-dose fail points.118

2.3 ACORN ties segmentation to quantitative analysis119

We evaluated the image import-to-result process using low-dose cryo-EM images of polymeric120

[poly(lactic-co-glycolic acid)-PLGA] nanoparticles in vitreous ice and SEM images of uncoated121

bacterial spores. For both datasets ACORN read pixel sizes from instrument metadata, associated122

reviewed masks with calibrated image frames, trained task-specific models, and returned object123

measurements in physical units. We then used CLU to automatically assign source micrographs to124

training, model-selection, and validation partitions and pick model training parameters. Micrographs125

used during prompt development were assigned to the training partition, and each model was trained126

with three seeds. Supplementary Table S10 reports dataset composition, partition sizes, hyperpa-127

rameters, timing, and performance metrics. We showed this capability with both experimental and128

simulated micrographs. Supplementary Figure S8 presents predictions on representative validation129

micrographs.130

2.4 Cryo-EM of nanoparticles131

The cryo-EM dataset contained 30 micrographs and 881 reference annotations, as shown in Figure 3.132

We assigned 19 micrographs to training, three to model selection, and eight to validation. Precision,133

recall, and F1 on the validation dataset were 0.893 ± 0.027, 0.920 ± 0.009, and 0.906 ± 0.013,134

respectively. Mask mAP50 was 0.957, and mask mAP50–95 was 0.775.135

We generated the initial reference masks using SAM-3. An expert manually reviewed and136

corrected these masks using ACORN. For an orthogonal assessment of particle-recovery performance,137

we evaluated the model against an independently generated CryoBlob selection [25] containing 235138

particles of the same type. The model recovered 0.909 ± 0.010 of the CryoBlob-selected particles.139

2.5 SEM of bacterial spores140

The SEM dataset contained 26 source micrographs and 1,085 selected objects as shown in Figure 4.141

We assigned 14 micrographs to training, four to model selection, and eight to validation. Precision,142

recall, and F1 were 0.750 ± 0.001, 0.534 ± 0.023, and 0.624 ± 0.016, respectively. Mask mAP50 was143

0.580, and mask mAP50–95 was 0.355.144

In this instance, we examined whether modification of image-intensity contributed to the lower145

SEM performance by repeating the analysis with the annotations, source-micrograph partitions,146

hyperparameters, and training seeds held constant. The original per-image 0.5–99.5% percentile147

stretch placed 68.1% of pixels below a digital number of 32 (DN 32), with values ranging from 0148
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DC

Figure 3: Cryo-EM nanoparticle analysis in ACORN. (A) Experimental Cryo-EM micro-
graph with calibration read from the MRC header. (B) Regions obtained using the prompt PLGA

nanoparticle, corresponding to dark round objects. (C) A subset of calibrated measurements
exported by the software for the detected nanoparticles. (D) Equivalent circular diameter for three
PLGA formulations, analyzed using a two-sided Kruskal–Wallis test (p = 0.259, n = 295 objects,
α = 0.05). These object-level comparisons are provided to display ACORN’s measurement and
statistical-analysis outputs and are not intended to support specimen-level conclusions.
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DC

Figure 4: SEM bacterial-spore analysis in ACORN. (A) Experimental SEM micrograph with
pixel size read from the Zeiss CZ_SEM metadata. (B) Regions obtained using the prompt bacterial

spore which corresponds to oval object. (C) Representative calibrated measurements exported for
individual objects. (D) Equivalent circular diameter for the five most populous isolate codes parsed
from file names. The omnibus comparison used a two-sided Kruskal–Wallis test (p = 0.0079, n = 471
objects, α = 0.05). These object-level comparisons are provided to display ACORN’s measurement
and statistical-analysis outputs and are not intended to support specimen-level conclusions.
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(black) to 255 (white), and produced an F1 of 0.6239 ± 0.0158. Preserving the original 8-bit SEM149

intensities reduced the fraction of pixels below DN 32 to 1.9% and produced an F1 of 0.6376±0.0067.150

Applying a single global intensity window across all 26 images resulted in 1.8% of pixels below151

DN 32 and an F1 of 0.6176 ± 0.0314. When we confined scoring to only the morphology-filtered152

confident-spore subset of the reviewed reference annotations the corresponding F1 values were 0.7299,153

0.7338, and 0.7119 for the per-image percentile, raw-intensity, and global-window preparations,154

respectively. Preserving the original intensities increased the overall F1 by 0.0137 relative to the155

per-image percentile stretch. This increase accounts for only a small portion of the lower SEM156

performance. We next tested whether the effect varied among micrographs according to their157

intensity distributions.158

The per-image percentile stretch showed darker SEM micrographs had lower segmentation159

performance. Among the eight validation micrographs, the fraction of pixels below DN 32 was160

strongly negatively associated with F1 (Spearman ρ = −0.881, p = 0.0039). This association161

was absent when the original 8-bit intensities were preserved and when a single global intensity162

window was applied. F1 continued to vary among micrographs under both preparations, indicating163

that intensity preparation accounted for only part of the field-to-field variation. Supplementary164

Figure S10 and Supplementary Table S15 report the complete results.165

ACORN assists in analyzing two diverse datasets through image import, metadata interpre-166

tation, spatial calibration, prompted annotation, YOLO model training and inference, calibrated167

measurement, and statistical analysis. Figures 3 and 4 show the resulting outputs for this process.168

2.6 Simulation images provide reference labels for model training169

Labeled EM datasets are often too small for task-specific model training. ACORN includes TEM and170

SEM forward models that generate simulation micrographs with exact object labels (Figure 5A,B).171

Across the two datasets used in this study, we generated 18,354 labeled nanoparticles and 7,629172

labeled spores, for a total of 25,983 simulation annotations. The simulator recorded the position173

and shape of each object during image generation and automatically created the corresponding174

masks. ACORN saved these masks in the same format as human-generated annotations, allowing175

both sources to enter the same dataset-construction and model-training process.176

2.7 Verifying simulated images prior to training segmentation models177

Before using the simulation images for model training, we benchmarked selected outputs of the178

TEM and SEM forward models (Figure 5C,D). For the SEM model, we calculated backscatter yields179

from 20,000 electron trajectories per material and compared them with published values at 20 keV180

and normal incidence (Table 1).181

Table 1: Backscatter yield at 20 keV. Model yields were calculated from traced electron
trajectories and reference values were obtained from published compilations [26, 27].

Material η model η reference Relative difference

Carbon 0.059 0.060 −2.0%
Silicon 0.172 0.160 +7.5%
Copper 0.326 0.300 +8.7%
Silver 0.441 0.420 +4.9%
Gold 0.548 0.490 +11.8%

The calculated backscatter yields differed from the published reference values by less than 15%182
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Figure 5: Simulation, controlled benchmarks, and transfer to experimental images. (A)
Simulated cryo-EM image of PLGA nanoparticles with generated labels. (B) Simulated SEM
image of bacterial spores with generated labels. (C) Transmission-model check comparing defocus
recovered from the simulated power spectrum with the defocus specified in the simulation. (D)
Scanning-transport check showing the deviation between calculated and published backscatter
yields, η, for five materials relative to a ±15% band. (E) Percentage of simulated images for
which the detected object count matched the known count, separated by specimen preparation for
SEM and dose for TEM. (F) Mask mAP50 on 18 validation SEM micrographs as a function of the
number of annotated experimental micrographs used for fine-tuning. Models were initialized with
simulation-derived or natural-image weights. Points show mean ± 1 SD; connecting lines are visual
guides.
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for all five tested materials. The largest difference was +11.8% for gold, consistent with the reduced183

accuracy of the implemented screened Rutherford approximation for high-atomic-number materials.184

These results evaluate the selected outputs at 20 keV and normal incidence.185

For the TEM model, we generated micrographs at specified defocus values and recovered the186

defocus from each image. The fit matched Thon rings in the image power spectrum to the analytical187

contrast-transfer phase function,188

χ(k) = πλ∆fk2
−

1

2
πCsλ

3k4.

Fits used spatial frequencies from 0.03–0.20 /Å. Recovered and specified defocus values agreed189

with R2 = 0.986, a mean absolute error of 0.163 µm, and a maximum error of 0.449 µm. The largest190

error occurred at −0.8 µm, where relatively few Thon rings fell within the fitted frequency range.191

This comparison tested the internal consistency of the implemented electron wavelength, optical192

parameters, and contrast-transfer-function sign convention.193

2.8 Controlled detection and transfer to experimental images194

The final checkpoints were selected using the simulation model-selection partitions and evaluated195

once on 60-image test partitions. For the target class, F1 was 0.938 for TEM nanoparticles and 0.980196

for SEM spores, while mask mAP50 was 0.935 and 0.990, respectively. Supplementary Table S6197

reports the complete target-class metrics.198

We varied acquisition conditions and held the simulated specimen constant (Figure 5E). We then199

calculated the exact-count rate as the percentage of simulated micrographs for which the detected200

and known object counts matched. For the SEM simulations, exact-count rates were 75% for coated201

spores, 79% for uncoated spores, and 68% for uncoated spores with simulated charging. For the202

TEM simulations, exact-count rates were 45%, 35%, and 57% at doses of 20, 40, and 60 e−Å
−2

,203

respectively. Supplementary Figure S2 reports the complete counting-error distributions.204

The exact simulated object geometries also allowed us to evaluate the mask-to-measurement path.205

One-to-one mask matching covered 2,097 of 2,250 TEM particles (93.2%) and 1,069 of 1,083 SEM206

spores (98.7%).Measurement accuracy was evaluted only for these matched true positives. Among207

matched detections, equivalent-circular-diameter bias and mean absolute error were +2.90 and208

3.60 nm for TEM ( 10%) and +23.21 and 31.48 nm for SEM 3%). The remaining differences are from209

segmentation boundaries. Supplementary Table S16 reports the area, equivalent-circular-diameter,210

and Feret-diameter results.211

We next evaluated whether models trained only on simulation images transferred to experimental212

micrographs without expert-annotated training data. Both detectors recovered nearly all objects in213

the held-out simulation test images (Supplementary Table S6), but their performance decreased214

on acquired images. The TEM detector achieved a precision of 0.970 and a recall of 0.329 against215

295 verified nanoparticles. The SEM transfer results and failure modes are examined below.216

Supplementary Table S7 reports the complete results for each training condition. Supplementary217

Figure S6 presents representative predictions, while Supplementary Figures S3 and S4 present the218

training curves and simulated validation images, respectively.219

2.9 Simulation-based model initialization220

To demonstrate that ACORN can use simulated data for model initialization, we compared simulation221

initialization with natural-image initialization using two, four, or eight annotated experimental SEM222

micrographs for fine-tuning (Figure 5F). For two micrographs validation mask mAP50 was 0.291 ±223
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0.176 for simulation initialization and 0.461 ± 0.045 for natural-image initialization. Performance224

varied substantially among the four two-micrograph subsets which shows the selected images225

strongly affected the result. With four micrographs the two initialization strategies produced similar226

values of 0.510 ± 0.013 and 0.530 ± 0.013, respectively. For all eight micrographs the simulation-227

initialized model produced a fixed mAP50 of 0.529 under deterministic training, compared with228

0.481 ± 0.036 across ten natural-image-initialized executions. These results show that ACORN can229

use simulated images to initialize task-specific models, although simulation initialization did not230

provide a consistent advantage across dataset sizes. Complete replicate values and training details231

are reported in Supplementary Table S13.232

2.10 Failure points for these methods in cryo-EM and SEM images233

The cryo-EM results showed two limitations. First, the simulation-only detector transferred with234

high precision (0.970) but low recall (0.329) against 295 verified nanoparticles. This means most235

returned detections were correct, but approximately two-thirds of the reference particles were missed.236

Training on experimental images improved performance to a precision of 0.893±0.027 and a recall of237

0.920±0.009, and the model recovered 0.909±0.010 of an independently generated CryoBlob particle238

list. And this CryoBlob comparison tested particle recovery rather than mask-boundary accuracy,239

and transfer to other particle types, ice thicknesses, contrast levels, or acquisition conditions was240

not evaluated.241

For the quantitative tests, particle-size error was calculated only for the 2,097 of 2,250 simulated242

particles with matched detections, excluding missed particles and unmatched predictions. This243

means the reported equivalent-circular-diameter mean absolute error of 3.60 nm and mean absolute244

relative error of 10.1% describes size error among detected particles, which must be considered245

when using these methods to analyze population-size distributions. Motion correction was evaluated246

using simulated movies with known shifts. The implemented rigid registration corrects whole-image247

translation but not local or nonrigid deformation, and its low-dose performance should be validated248

for each specimen and acquisition setting.249

Simulation-trained segmentation transferred less reliably to experimental SEM images than to250

experimental cryo-EM images. On the held-out SEM set the simulation-only model had low recall251

and precision (0.253 and 0.432, respectively). Lowering its confidence threshold increased recall only252

to 0.39 and increased false positives. Fine-tuning on four experimentally acquired images improved253

performance (recall 0.512 and precision 0.726), but still had increased false positives. These errors254

were not explained by insufficient pixel resolution as the spores remained 42–213 pixels across after255

resizing, and training at 1024 or 1280 pixels did not improve performance. Adding more than four256

acquired training images also did not improve performance.257

Some error in this analysis comes from ambiguous reference contours. Of 1,085 annotations,258

777 (72%) were confidently single spores, 190 (18%) had plausible size but ragged boundaries259

that could not be classified reliably from the geometry, and the remainder comprised fragments or260

contours that contained aggregates. Evaluating the same predictions against progressively stricter261

reference subsets raised recall from 0.512 for all annotations to 0.572 for plausible single objects and262

0.693 for confident spores. In these cases precision remained nearly constant at 0.726, 0.714, and263

0.699, respectively (Supplementary Figure S7 and Supplementary Table S8). Some false negatives264

corresponded to fragments, aggregates, or objects with uncertain boundaries rather than clear265

single spores. Removing these annotations increased recall, but this filtered value may overestimate266

performance because the filter can also remove genuine small or irregular spores. In this dataset, the267

SEM model was most dependable for isolated, high-contrast spores with clear boundaries. Debris,268

fragments, touching spores, and aggregates remained failure-prone or annotation-dependent cases269
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and should be reviewed before quantitative use.270

3 Discussion271

ACORN connects image segmentation and model training to measurements, provenance records,272

and statistical analysis in one locally executable application. EM analysis often separates these273

image preparation, annotation, training, inference, measurement, and statistics processes among274

several programs. Transfers between programs detaches masks from pixel size calibration and loses275

track of how annotations or measurements are produced. ACORN keeps these components intact by276

having segmentation and subsequent measurement and analysis methods in a shared environment.277

CLU provides plain-language access to the same operations available through the graphical interface,278

command line, and Python library while retaining each operation in the session record.279

General-purpose computer-vision platforms supply annotation and model-training tools for280

natural images, while specialized microscopy packages perform particle picking, cellular segmen-281

tation, motion correction, or image simulation. Microscopy Image Browser, µSAM, AtomAI, and282

DL4MicEverywhere address complementary portions of this workflow [8, 9, 10, 11]. Our previous283

YOLOv11 method connected bacterial detection with morphological analysis in low-dose cryo-EM284

images [28], and other studies have connected particle instance segmentation to size analysis [29, 30].285

These systems target particular applications and may require users to jump across software or286

write task-specific, one-time use code. Within ACORN the same annotation object is used for287

manual drawing, promptable segmentation, supervised prediction, and simulation-derived labels.288

Reviewed annotations keep their identifiers and modification histories during dataset construction,289

model training, batch inference, calibrated measurement, and statistical analysis. In this work290

the same software and processing steps were used for Cryo-EM nanoparticles and SEM bacterial291

spores datasets despite differences in contrast, scale, morphology, background, and image-formation292

physics.293

The Cryo-EM use case showed that prompt-assisted masks could be reviewed, used to train294

a task-specific model, and then applied across a larger image dataset while retaining information295

about input image pixel size. Comparison with the independently generated CryoBlob particle296

list supported particle-recovery performance in these instances. The simulation TEM results297

addressed how well ACORN could be used to measure particle size. These results showed when298

using segmentation to analyze particle size that equivalent circular diameter (ECD) produced a299

more stable estimate than Feret diameter.300

Because the simulated particles had known geometries, we could distinguish errors in the pixel-301

to-distance conversion (e.g., calibration) from errors caused by inaccurate segmentation boundaries.302

The pixel-to-distance calibration remained accurate in the software and the main discrepancies arose303

from differences between the predicted and true particle boundaries. Measurement error varied304

with both object size and measurement type, demonstrating that accurate masking is necessary for305

reliable particle-size estimates.306

ACORN implements phase cross-correlation for inter-frame alignment and dose fractionation.307

Controlled simulations allowed this capability to be evaluated against known shifts and dose308

conditions. Alignment performance declined at the lowest tested doses, and the resulting thresholds309

apply only to the simulated specimens and noise conditions evaluated here. Corrected images310

remain linked to the acquisition and processing record as they enter reviewed detection, calibrated311

measurement, and statistical comparison. The goal is not to replace specialized motion-correction312

or single-particle-analysis packages, but to make these capabilities available within a broader313

quantitative imaging workflow and show they can be implemented and used for analysis in ACORN.314
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Simulation produced exact object labels and allows us to test segmentation ability as a function315

of specimen properties, acquisition conditions, dose, noise, and charging. This differs from previous316

studies that used simulation-only training for experimental HRTEM segmentation, simulation317

pretraining followed by experimental fine-tuning, and co-training with simulated and manually318

annotated cryo-electron tomography data [31, 32, 33]. In our SEM experiment, the effect of319

simulation initialization depended on both the number and identity of the experimental micrographs320

used for fine-tuning and showed that simulation-derived weights can provide a viable initialization321

for experimental fine-tuning.322

The SEM results also show how image-processing and evaluation choices affect model performance.323

Changing the intensity-preparation method had only a modest effect, whereas changing which objects324

were included in the ground-truth annotations (e.g., reference definitions) produced a larger change325

in recall. This shows the reported metrics for segmentation depend on the model, image preparation,326

field composition, annotation, and reference definition. ACORN records these conditions and ties327

each measured object to its source image and annotation history. It also records the experimental328

pixel size, effect size, correction procedure, and statistical test selected by the user.329

We are currently integrating ACORN with our in-house developed microscope-control software330

([https://github.com/sea-ecosystem])to drive analysis at the instrument. Planned future work331

will add STEM-specific analysis. Existing tools outside the scope of this paper include a three-332

dimensional viewer, fluorescence-microscopy functions, and trajectory analysis for moving particles.333

By connecting images with model annotations, calibrated measurements, provenance records,334

and statistical analysis, ACORN supports quantitative comparison of specimens and experimental335

conditions across low-dose cryogenic TEM, conventional TEM, and SEM. Some potential applica-336

tions include evaluating nanoparticle size and morphology during drug-delivery and theranostic337

formulation; characterizing structural changes in biological samples; and quantifying particle distri-338

butions and interfaces in batteries, ionomers, and other soft and energy materials. ACORN provides339

a general workflow for converting electron microscopy data into reproducible measurements that340

can inform sample optimization, formulation development, and materials design.341

4 Experimental Section342

4.1 Software Design343

ACORN uses Python with a PyQt6 interface where plugin packages can be built into the software344

and show up as panels in the interface. CLU maps natural-language requests to the same operations345

used by the graphical, command-line, and library interfaces. The reported analyses used Python346

3.12.13, PyTorch 2.6.0 with CUDA 12.6, Ultralytics 8.4.41, and Ubuntu 22.04.5 on an Intel Xeon347

Platinum 8168 system with NVIDIA Tesla V100-SXM3-32GB GPUs.348

4.2 Data Handling349

ACORN accepts MRC, TIFF, HDF5, and DM4 inputs. The software recognizes multi-frame350

acquisitions during import and maintains them as frame stacks. Users can select a frame range and351

calculate either an average or a sum image. For dose-series analysis, selected frames can be divided352

into equal-dose bins. ACORN can then perform a two-pass rigid registration using phase cross-353

correlation [21, 23]. The first pass estimates the translation of each frame relative to the uncorrected354

stack mean. The translated frames are then averaged, and a second cross-correlation pass refines355

each translation relative to the aligned mean. ACORN displays each bin average and its difference356

from the first bin using common intensity scales. When spatial calibration is available, the software357
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reports the drift trajectory, displacement between successive frames, maximum displacement, and358

total path length in the correct units. Dose-series averages can then be calculated from the aligned359

frames.360

The motion-and-dose simulation used for Figure 2 contains 100 frames of 512 × 512 pixels at361

0.5 nm/pixel and 10 e−Å
−2

per frame. For our case we simulated a phase-separated thin-film with362

a membrane-like interface and embedded nanoparticles. Local interface deformation and particle363

displacement relative to the interface were determined after rigid alignment. Dose-dependent364

contrast loss, structural redistribution, and Poisson counting noise were applied over a total dose of365

1000 e−Å
−2

. Equal-dose averages were calculated from the aligned frames. Membrane position was366

estimated from the local cross-interface intensity minimum. Particle centroids were detected in the367

corrected dose bins and tied between bins using ACORN’s distance-gated Hungarian assignment368

and the measurement error was calculated against the known simulated coordinates. Bin-width369

comparisons were centered near a cumulative dose of 500 e−Å
−2

and used intervals of 20, 100, and370

250 e−Å
−2

. The noise-free, zero-dose panel represents simulation ground truth Global-drift error was371

calculated as the RMSD between the recovered and programmed two-dimensional translation vectors372

across frames. Membrane-displacement error was the absolute difference between the recovered and373

programmed membrane positions. Nanoparticle-relative displacement error was calculated after374

subtracting the local membrane displacement from the nanoparticle displacement. Reported mean375

absolute errors were averaged over the corresponding tracked positions and dose bins. Nanoparticle-376

localization error in the bin-width comparison was the Euclidean distance between each recovered377

centroid and its programmed position.378

Motion and dose performance was evaluated separately using 48 independently simulated379

movies, with six movies per dose condition and a new specimen configuration, drift trajectory, and380

noise realization generated for every movie. Alignment root-mean-square error was calculated by381

comparing the recovered trajectory with the known simulated trajectory. These results are reported382

in Supplementary Figure S11 and Supplementary Table S14. Image sharpness was defined as the383

variance of the vertical finite-difference image gradient,384

S(I) = Var(∇yI) .

Sharpness gain was calculated as385

GS = 100

[

S(Icorrected)

S(Iuncorrected)
− 1

]

.

The independent registration results are reported in Supplementary Figure S11 and Supplementary386

Table S14.387

Calibration-retention tests propagated known pixel sizes through metadata import, sidecar388

restoration, image binning, measurement, and export. We evaluated geometry consistency by389

comparing object dimensions calculated from exported COCO polygons with dimensions calculated390

from the corresponding source masks. Test definitions and results are provided in Supplementary391

Table S11.392

4.3 Statistical analysis393

We analyzed the nanoparticle and spore examples using Kruskal-Wallis omnibus tests with α = 0.05.394

Post hoc pairwise comparisons used two-sided Mann–Whitney U tests with Bonferroni-adjusted p395

values. The omnibus p values, numbers of analyzed objects, and largest absolute Cliff’s δ values396

are reported in the captions of Figures 3 and 4. The values of n in those figures corresponds to397
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numbers of objects counted in those images and these comparisons are meant to display the software398

output and do not support specimen-level biological conclusions. Reported training values are means399

and standard deviations across seeds unless otherwise stated. We calculated image-level variation400

using each input micrograph as the sampling unit. A micrograph containing reference objects and401

no correct detections was assigned F1=0. We used Spearman rank correlations for exploratory402

associations among dark-pixel fraction, object size, confident-reference fraction, and validation F1.403

Exact sample sizes and micrograph-level values are reported in Supplementary Table S15.404

4.4 Provenance handling405

Every annotation is assigned a stable identifier and connected to the input micrographs. The record406

includes origin, path, creation and modification timestamps, modification count, review status,407

parent and batch identifiers, spatial calibration, and statistical analysis methods. Model-generated408

annotations record the model name and checkpoint hash to aide in provenance tracking. To handle409

repeated instances of changes to an annotation, annotation geometry is serialized as sorted-key410

JSON after vertex coordinates are rounded to 10−3 pixel and then hashed using SHA-256. The411

geometry identifier stores the first 16 hexadecimal characters of this hash. The model-checkpoint412

retains the complete SHA-256 hash, file size, and fingerprints from bytes at the beginning and end413

of the file. During an audit the stored geometry hash is compared with a calculated hash from the414

current annotation geometry.415

Dataset records tie the input images and annotations to their training, model-selection, and416

validation assignments. These also keep random seed, tiling parameters, augmentations, and417

negative-sampling settings. Image-processing records keep the intensity-processing method, intensity418

limits and stage at which the processing was applied. Each training-run record includes a dataset419

version, model configuration, software environment, timestamp, and resulting checkpoint hash.420

Prediction records identify the checkpoint used for inference. Measurement and statistical-analysis421

records have the contributing annotations, source images, spatial calibrations, experimental units,422

selected variables, exclusion criteria, statistical tests, and test parameters.423

The provenance audit we ran examined the stored origins and had fields of all 1,375 final SEM424

annotation records across 26 source micrographs. The final store contained 1,085 imported-sidecar425

records, 51 SAM-origin records, and 239 YOLO-origin records. Rejected masks remained in the426

review log but were excluded from this denominator for our report. The measurement export427

contained one row per final annotation. We then selected two representative records and traced their428

complete analysis chains through the associated identifiers and hashes. The full audit results and429

the two illustrated chains are reported in Supplementary Table S12 and Supplementary Figure S9,430

respectively.431

4.5 Simulation for TEM and SEM432

TEM images are produced by multislice propagation with Fresnel transfer between slices and a weak433

phase contrast transfer function (including spherical aberration, amplitude contrast, and defocus)434

in the convention used by CTFFIND and RELION [34]. Coherence envelopes, inelastic thickness435

loss, dose-dependent damage envelope, parameterized detector response, and Poisson counting are436

all contained in the simulation. Six column configurations and nine detectors are provided in the437

software and more can be added by end-users.438

SEM images are produced by Monte Carlo electron transport using screened Rutherford elastic439

scattering with the relativistic correction and a modified continuous slowing-down approximation440

[27]. Secondary and backscattered yields come from traced trajectories in the simulation. Interaction-441

16



volume kernels are traced once per material, beam energy, and tilt. Kernels reproduce full trajectory442

quantiles to better than 1% (Supplementary Figure S1). Seventeen materials and six scenes are443

included by default with ACORN install, but others can be added by end users. Supplementary444

Tables S1 and S2 report the full parameter sets, Supplementary Table S3 reports the specimen445

models, and Supplementary Table S4 reports the generated datasets.446

4.6 Forward-model benchmarking447

Published backscattered yields and electron-range values were used to benchmark selected outputs448

of the SEM forward model [26, 27, 35]. TEM implementation consistency was evaluated by449

recovering specified defocus values from simulated image power spectra. These comparisons test the450

implemented models under the stated conditions but do not establish general physical accuracy.451

Accepted benchmark outputs were encoded as regression tests so that subsequent software changes452

that alter the results can be detected.453

4.7 Dataset preparation and training454

We used ACORN to produce SAM-3 generated masks for the SEM and cryo-EM imgaes. These455

annotations were then reviewed and verified by experts. Regions were accepted based on visible456

boundary of the target structure. Accepted annotations were used to construct model-training457

datasets. During dataset finalization, ACORN extracted image tiles, applied augmentations, sampled458

negative regions, and generated reproducible data partitions using a recorded random seed. Source459

micrographs were assigned to the training, model-selection, and validation partitions prior to tiling.460

Micrographs used during prompt development are in the training partition.461

For simulation test evaluation, we applied the final checkpoint selected on each model-selection462

partition once to the disjoint 60-image test partition without additional tuning. Reported precision,463

recall, F1, and mean average precision values are for the target class rather than macro averages464

over target and debris classes. For measurement evaluation, predicted and ground-truth instances465

were assigned one-to-one in descending mask intersection-over-union, requiring matching class and466

an intersection-over-union of at least 0.5. Bias, mean absolute error, and mean absolute relative467

error were calculated among matched detections, and source images were used as the resampling468

unit.469

Detection and segmentation models were trained within ACORN (Supplementary Tables S5 and470

S10; Supplementary Figure S3). Recorded training settings include the model implementation and471

version, pretrained checkpoint, input normalization, image size, optimizer, learning rate, number472

of epochs, batch size, augmentations, negative-sampling settings, and random seed. Datasets can473

be exported in COCO format with run-length and polygon representations for each instance, in474

detection-label format, and in NeXus format with calibrated axes. Models and associated metadata475

can be prepared through a public model hub.476

The experimental TEM and SEM models were trained through ACORN using three seeds477

per condition. For the SEM intensity-preparation the annotations, input micrograph partitions,478

hyperparameters, and training seeds were held constant. Three pre-export intensity preparations479

were compared: first the original per-image 0.5-99.5% stretch; second, the original 8-bit SEM480

intensities; and third, a single global intensity window applied across all 26 images. ACORN’s481

training exporter subsequently applied its standard percentile normalization before tiling in all three482

conditions.483

For the simulation-initialization experiment, training micrographs were resampled from a pool484

of eight for the two- and four-micrograph conditions and performance was evaluated on 18 separate485
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validation micrographs. This legacy partition was distinct from the later 26-micrograph SEM486

benchmark. Four independently resampled training sets were evaluated for each initialization487

strategy and micrograph count. For the eight-micrograph condition, the complete pool was used488

and ten recorded fine-tuning seeds were evaluated for each initialization strategy. All simulation-489

initialized conditions reused one simulation-pretrained checkpoint and therefore were not independent490

simulation-pretraining replicates. Under the configuration recorded as deterministic=True, all491

simulation-initialized models produced identical weights and predictions. The natural-image-492

initialized models produced distinct weights.493

4.8 Spore processing494

Bacterial spores used for SEM imaging were produced by nutrient exhaustion. Bacillus thuringiensis495

strains were sporulated in liquid modified G medium [36] containing yeast extract (2 g,L−1),496

(NH4)2SO4 (2 g,L−1), CaCl2 · 2H2O (25 mg,L−1), K2HPO4 (0.5 g,L−1), MgSO4 · 7H2O (0.2 g,L−1),497

MnSO4 ·4H2O (50 mg,L−1), ZnSO4 ·7H2O (5 mg,L−1), CuSO4 ·5H2O (5 mg,L−1), and FeSO4 ·7H2O498

(0.5 mg,L−1), adjusted to pH 7.1. B. subtilis, B. spizizenii, B. vallismortis, B. mojavensis, and B.499

inaquosorum strains were sporulated in liquid Difco sporulation medium (DSM) [37].500

Strains were grown overnight in 5 mL of lysogeny broth containing casein peptone (10 g,L−1),501

NaCl (10 g,L−1), and yeast extract (5 g,L−1) in a shaking incubator at 37 ◦C and 250 rpm. Cells502

were washed with 1× phosphate-buffered saline (pH 7.4). The resulting pellets were resuspended in503

either modified G medium or DSM, and the cultures were incubated at 37 ◦C for 72 h.504

Spores were harvested by centrifugation at 1,000 × g for 15 min at room temperature and505

resuspended in 350 µL of 20% Histodenz. Each spore suspension was carefully layered over 1.5 mL506

of 50% Histodenz in a microcentrifuge tube and centrifuged at 16,000 × g for 30 min at room507

temperature. The resulting pellets were washed five times with sterile Milli-Q water. Purified spores508

were resuspended in Milli-Q water and stored at 4 ◦C until analysis.509

4.9 Spore SEM data collection510

SEM images were acquired using a Zeiss Merlin scanning electron microscope operated at an511

accelerating voltage of 1 kV and a beam current of 100 pA. Images were collected using either512

the in-lens or SE2 detector with Zeiss SmartSEM software (version 6.06). A 50 µL aliquot of the513

prepared spore suspension was deposited onto carbon tape mounted on an aluminum pin stub. The514

sample was loaded into the microscope and dried during the initial chamber pump-down before515

imaging.516

4.10 Nanoparticle synthesis517

PLGA (Resomer RG 503 H; poly(D,L-lactide-co-glycolide), 50:50 lactide:glycolide, acid-terminated,518

MW = 24,000–38,000, and the designated formulation components were dissolved or dispersed in519

acetone solutions. An aqueous solvent solution containing vitamin E-TPGS (D-alpha-tocopherol520

polyethylene glycol 1000 succinate was prepared (0.5% wt in 18.2 MΩ · cm deionized water) as521

collection solution. The organic solutions of PLGA (40 mg/mL) in acetone and payload formulation,522

described below, were rapidly combined in a confined impinging jet mixer, and the effluent was523

collected in the aqueous TPGS solution. The resulting suspensions were reacted at 37 °C for 3 days524

to allow particles to harden, then solvent was removed by evaporation. Nanoparticles were collected525

by centrifugation (15,000 rpm, 20 min, 8 °C), washed at three times with deionized water, and526

resuspended in 1 mL deionized water after each wash. Three formulations were prepared: (1) control527

PLGA nanoparticles; (2) nanoparticles treated with La(NO3)3 in NH4OAc, at a La concentration528
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of 5.8 mM; and (3) nanoparticles treated with DOTA and La(NO3)3, at nominal concentrations of529

0.17 mM DOTA and 5.8 mM La.530

4.11 Nanoparticle cryo-EM preparation531

Nanoparticle samples were prepared on Quantifoil R2/2, 300-mesh copper grids. Before sample532

application, the grids were glow discharged for 45 s at 5 mA using a GloQube glow-discharge system.533

Vitrification was performed using a Vitrobot with the chamber maintained at 4 ◦C and 100% relative534

humidity. A 5 µL aliquot of sample was applied to each grid. After a 4 s wait time, the grid was535

blotted once for 5 s using a blot force of −2 and then vitrified in liquid nitrogen cooled liquid ethane.536

4.12 Nanoparticle cryo-EM data collection537

Nanoparticle cryo-EM data were acquired on a ThermoFisher Titan Krios G4 operated at 300 kV538

in energy-filtered TEM (EFTEM) nanoprobe mode. Imaging used a 70 µm C2 aperture, spot size539

9, and no objective aperture. Images were recorded on a Gatan K3 direct electron detector at540

nominal magnifications ranging from 8,700× to 61,000×. The total accumulated electron dose was541

approximately 60 e−Å
−2

.542
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evaluation records, model-checkpoint hashes, training and simulation configurations, random seeds,589

motion-correction trajectories, dose-response data, selected example images, and scripts for repro-590

ducing the reported figures, metrics, and statistical analyses.591

The complete archival dataset, including native microscopy files, representative raw cryo-EM592

and SEM data, derived and simulation datasets, reference annotations, trained model checkpoints,593

analysis records, final figures, and manuscript materials, is available through the Oak Ridge594

Leadership Computing Facility Constellation repository at doi:10.13139/ORNLNCCS/3920044. File-595

level SHA-256 manifests are provided with both packages to support integrity and provenance596

verification.597

ACORN-owned software is distributed under the MIT License. Data, images, annotations,598

measurements, figures, and other publication materials are distributed under the Creative Commons599

Attribution 4.0 International License unless otherwise identified. Model checkpoints trained using600

Ultralytics YOLO are distributed under the GNU Affero General Public License version 3 and601

remain subject to applicable Ultralytics upstream licensing terms.602

9 LLM use603

Claude was used to assist with grammatical editing, software formatting/coding issues, and LaTeX604

organization/scripting errors.605
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