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Microscopy-based particle characterization tools fail on complex images, produce fixed uncorrectable 
outputs, and lack integrated size, shape, and surface analysis; comprehensive solutions remain commer-
cial or instrument-dependent, with no open-source alternative. This work presents IPGSS (Interactive 
Prompt-Guided Segmentation System) and DRCS (Depth-based Roughness Characterization System), a 
training-free pipeline built on open-source vision models for comprehensive particle characterization 
from standard microscopy images without specialized instrumentation. IPGSS combines zero-shot seg-
mentation, hierarchical post-processing, and interactive correction; DRCS extracts ISO-compliant rough-
ness from a single SEM image. Certified 390 lm polystyrene particles validated accuracy at equivalent 
circular diameter D50 = 388.8 lm  (−0.3%). On complex aluminum oxide images, number-weighted 
D50 = 49.9 lm  (−0.2%) and volume-weighted D90 matched QICPIC within 0.4–4% across >9,000 particles;
IPGSS outperformed OpenCV and Cellpose. DRCS replaces the tilt-series approach of Hülagü et al. (2024)
with two tracks from a single zero-tilt SEM image. The contour track achieved Spearman r = 0.983
(RMSE = 1.48 nm for near-spherical particles; 96.3% concordant pairs); the depth track provided 3D
descriptors including a coating classifier that separated coated from uncoated nanoparticles with zero
overlap. A ∼20 nm noise floor caused roughness overestimation, though between-type ordering was pre-
served. IPGSS resolved primary particles (D50 = 0.54 lm) within solid-state battery agglomerates mea-
sured by laser diffraction at 9.47 lm, a 17.5-fold discrepancy critical for electrode design.
© 2026 The Society of Powder Technology Japan. Published by Elsevier B.V. and The Society of Powder 

Technology Japan. This is an open access article under the CC BY license (http://creativecommons.org/ 
licenses/by/4.0/). 
1. Introductio n

Particle characterization is fundamental to understanding and 
controlling the properties of particulate materials across diverse
applications including pharmaceuticals, ceramics, energy storage,
and advanced manufacturing [1,2]. Conventional measurement 
techniques such as laser diffraction, sieve analysis, and dynamic
image analysis provide quantitative assessment of particle size dis-
tributions (PSDs) and morphological properties, yet encounter sig-
nificant limitations when analyzing complex samples containing
overlapping particles, agglomerates, or heterogeneous surfaces
[3,4]. In particular, laser diffraction measures agglomerates rather 
than primary particles and requires dispersion media that may 
alter material properties, while sieve analysis cannot capture mor-
phological information. Microscopy-based image analysis offers a
compelling alternative by enabling direct observation of individual
particle boundaries and morphologies, but the extraction of quan-
titative data from such images remains a persistent bottleneck.

Traditional computer vision approaches for particle segmenta-
tion employ classical algorithms including threshold-based meth-
ods [5], edge detection, and watershed segmentation [6,7]. While 
effective for well-separated particles with uniform contrast, these
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methods systematically fail on complex microscopy images featur-
ing touching particles, varying illumination, and textured back-
grounds. Deep learning has emerged as an alternative, with
architectures such as U-Net [8] and Mask R-CNN [9] demonstrating 
improved segmentation performance. Cellpose [10], a generalist 
deep learning model trained on diverse biological microscopy 
datasets, represents the current state of the art for cellular and par-
ticulate segmentation. However, these approaches share funda-
mental limitations: they require domain-specific training
datasets, struggle to generalize across different particle systems
and imaging conditions, and critically, produce fixed outputs with
no mechanism for the user to correct errors.

Vision foundation models, trained on massive datasets, have 
recently demonstrated remarkable zero-shot generalization to spe-
cialized domains [11]. The Segment Anything Model (SAM) [12], 
built on vision transformer (ViT) architectures [13,14], achieves 
state-of-the-art interactive segmentation without domain-
specific training. Several studies have begun applying SAM to
microscopy: lSAM [15] fine-tunes SAM for biological light and
electron microscopy, NP-SAM [16] explores zero-shot nanoparticle 
segmentation with post-filtering, and Monteiro et al. [17] demon-
strate SAM-based morphological characterization of subdivided 
nanoparticles with size discrepancies below 2%. Uncertainty-
aware Mask R-CNN approaches have also been proposed for scan-
ning electron microscopy (SEM) particle analysis at varied length
scales [18]. However, these works address segmentation in isola-
tion: none provide integrated quantitative particle characteriza-
tion with ISO-compliant size, shape, and surface analysis; none 
offer interactive post-segmenta tion correction where the user
can refine the model’s output; and none validate against both cer-
tified reference standards and industrial measurement systems.

Surface roughness characterization represents another critical 
dimension of particle analysis, traditionally requiring specialized 
instrumentation such as atomic force microscopy (AFM) or stylus 
profilometry. AFM provides nanometer-scale resolution but is lim-
ited to localized surface regions, requires complex sample prepara-
tion, and demands significant operator expertise [19]. Monocular 
depth estimation using dense prediction transformers (DPT)
[20,21] has emerged as a computer vision technique for 3D recon-
struction from single images, with zero-shot generalization across 
diverse domains. This capability has not previously been applied to
particle surface roughness quantification.

This work presents the Interactive Prompt-Guided Segmenta-
tion System (IPGSS), a unified transformer-based pipeline for par-
ticle characterization that addresses these gaps through several 
contributions. First, we combine zero-shot SAM segmentation 
(supporting both SAM 1 ViT-H and SAM 2.1 Hiera architectures) 
with a hierarchical post-processing cascade that achieves accurate 
particle identification across diverse imaging conditions without 
domain-specific training or manual parameter tuning. Second, we
introduce a hybrid workflow in which automatic segmentation
results can be interactively refined. This interactive post-
segmentation refinement is, to the authors’ knowledge, novel in
particle characterization and addresses the fundamental limitation
of existing tools that produce fixed, uncorrectable outputs. Third,
the IPGSS computes ISO-compliant size and shape metrics (ISO
9276–6 [22], ISO 13322–1 [23]) alongside depth-based surface 
roughness parameters (ISO 4287/4288 [24,25]) from standard 
SEM images via DRCS, enabling comprehensive characterization 
without specialized instrumentation or multi-image tilt-series 
acquisition. Fourth, measureme nt accuracy is validated against
certified 390 lm polystyrene standard particles and QICPIC
dynamic image analysis [26] under both dispersed and dry prepa-
ration conditions, with statistical adequacy evaluated following
Masuda and Gotoh [27] and Matsuyama [28]. Finally, a solid-
state battery (SSB) case study demonstrates the pipeline’s ability
2

to resolve primary particles within agglomerated structures that 
conventional laser diffraction cannot distinguish. The IPGSS work-
flow and all measurement formulas are illustrated in Fig. 1.
2. Methodol ogy

2.1. Materials and sample preparation

For size and shape validation, aluminum oxide samples (Noxid 
Pulver-160, Final GmbH, 99.8% purity, D50 ≈ 50 lm) were prepared 
under two conditions designed to generate images of increasing 
segmentation complexity. In the dispersed condition, samples 
were ultrasonicated in water for 5 min at room temperature using 
standardized power settings to ensure reproducible dispersion 
without particle fracture. Suspensions were deposited by cali-
brated micropipette drop-casting and imaged with a WITec
alpha300 R optical microscope under standardized settings. In
the dry condition, powder was gently spread on glass slides to form
a monolayer, yielding images with touching particles, complex
backgrounds, overlapping boundaries, and varying contrast. Refer-
ence distributions were obtained in parallel with a QICPIC dynamic
image analysis system (Sympatec, Germany) operated according to
ISO 13322–2 [29], with three repeat runs per condition providing 
statistically robust ground truth: approximately 950,000 particles 
per run under dispersed conditions (three runs of 935,000– 
965,000) and 217,000–934,000 per run under dry conditions (three 
runs; higher variability due to dry feed rate). Note that the IPGSS
operates on any calibrated microscopy image; the aluminum oxide
size and shape validation used optical microscopy, while the stan-
dard particle accuracy validation and the DRCS surface roughness
validation used SEM.

For measurement accuracy validation, certified polystyrene (PS) 
size standard particles (PS/Q-ST-L4178, nominal diameter 390 lm,
microParticles GmbH, Berlin, Germany [30]) were imaged by scan-
ning electron microscopy under dry conditions. Seven images 
yielding 107 particles were analyzed to assess deviation from the
certified size.

For surface roughness validation, 17 nanoparticles across four 
types (polystyrene (PS), PS/Fe3O4 (polystyrene core with iron oxide 
shell), PS/Fe3O4/SiO2 synthesis batch 1 (B1), PS/Fe 3O4/SiO2 synthe-
sis batch 2 (B2)) were selected from the publicly available SEM
dataset of Hülagü et al. [19]; their SEM images served as DRCS 
input and their tilt-series roughness measurements (Rq values 
derived by merging contour profiles from 6 to 10 SEM images
acquired at multiple tilt angles) served as reference, spanning an
approximately tenfold surface roughness range.

For the solid-state battery (SSB) case study, Li3InCl6 (LIC) solid 
electrolyte (SE) was synthesized via a solvent-based route [31] 
and subsequently comminuted for 8 min at 600 rpm. SEM images 
of the resulting agglomerated clusters were used to demonstrate
the IPGSS’s capability to resolve submicron primary particles
within agglomerates.

2.2. Segmentation p ipeline

Prior to segmentation, the user performs scale calibration by 
drawing a line along the scale bar and entering its corresponding 
real-worl d length, from which the pixel size (lm/px) is computed.
The IPGSS uses the Segment Anything Model (SAM) [12] as its core 
engine, supporting both SAM 1 (ViT-H/16, trained on the SA-1B 
dataset comprising over 1 billion masks across 11 million images)
and SAM 2.1 (Hiera backbone with improved segmentation quality
[32]). Both models operate in zero-shot mode without domain-
specific fine-tuning. All results presented in this work were
obtained using SAM 2.1. The IPGSS implements two complemen-
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Fig. 1. IPGSS pipeline overview. Microscopy images are calibrated and segmented using SAM/SAM2 in Manual (bounding box) or Hybrid mode (grid prompting with cascade 
filtering), followed by interactive review. Two parallel branches then run: Size and Shape analysis (ECD, D10/D50/D90, seven ISO 9276–6 shape metrics) and DRCS surface
analysis (contour rms_rq from the mask boundary; MiDaS depth estimation with macro-form subtraction yielding hemisphere Rq, surface descriptors and ISO 4287
roughness metrics). All results are exported per particle alongside depth heatmaps and 3D reconstructions.
tary segmentation modes and a shared review step, as illustrated
in Fig. 1. 

In hybrid mode, SAM automatically generates particle masks 
across the entire image via grid-based prompting. The raw output 
passes through a four-stage hierarchical cascade (confidence scor-
ing, area filtering, contrast threshold, and circularity) that rejects 
artifacts without manual parameter tuning, followed by a two-
pass touching-particle separation using adaptive thresholding
and distance-transform watershed segmentation, and morpholog-
ical cleanup. Full algorithmic detail is provided in Supplementary 
Information Section S2. 

In manual mode, the user draws bounding box rectangles 
directly on the image. For each box, SAM predicts multiple candi-
date masks and selects the one with the highest intersection-
over-union (IoU) confidence score. A real-time overlay provides
immediate visual feedback, and full undo support is available.

Both modes converge at a shared review step where the user 
can interactively add or remove particles. In remove mode, any 
existing mask with more than 20% overlap with the drawn rectan-
gle is deleted. Manually added masks maintain the same boundary
quality as automatically generated ones, since both use SAM’s pre-
diction engine.

2.3. Quantitative analysis

Following segmentation approval, the IPGSS computes compre-
hensive size, shape, and distribution metrics for all detected parti-
cles. All calculations follow established ISO standards, with
formulas summarized in Table 1.
3

ECD is equivalent to the equivalent projected circle diameter
(EQPC) reported by the QICPIC system [26], enabling direct com-
parison between static microscopy and dynamic image analysis
results.

Particle size distributions are computed following ISO 9276–1
[33] and ISO 9276–2 [34] using four weighting bases: number 
(Q0), length (Q1), area (Q2), and volume (Q3). Characteristic per-
centile diameters D10 (10th percentile, fine fraction boundary), 
D50 (50th percentile, median size), and D90 (90th percentile, coarse 
fraction boundary) and the Span is computed as (D90 − D10)  /  D  50.
Three binning methods are provided: Sturges’ rule (k = 1 + 3.322 ×
log10(n)), square root rule (k = n), and complete distribution
(each particle as an individual data point). All distribution plots
in this work use Sturges’ rule.

Measurement uncertainty follows the analytical framewor k of
Matsuyama [28] for percentile standard deviations and Masuda
and Gotoh [27] for minimum required particle count. Expanded 
uncertainty is reported as U = 2r (k = 2, 95% confidence); weighted 
distribut ions (Q1–Q3) use bootstrap resampling (B = 5000). Full for-
mulations are given in Supplementary Information Section S4. 

2.4. Depth-based surface roughness analysis

Surface roughness is estimated using the Depth-based Rough-
ness Characterization System (DRCS) from a single standard SEM 
image with no threshold tuning. DRCS runs two parallel tracks 
on the same image: a contour track (SAM/SAM2 boundary →
rms_rq) and a depth track (MiDaS depth map → hemisphere Rq,
sdr/snr, and further descriptors).
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Table 1 
Measurement parameters and formulas for particle size, shape, and surface roughness characterization. A = particle area, P = perimeter, Fmax and Fmin = maximum and minimum 
Feret diameters, Pconvex = convex hull perimeter, N = number of surface points, zi = height of point i, z = mean surface height.

Parameter Formula Description 

Size Metrics (ISO 9276–6, ISO 13322–1)
Fmax maxh [max proj(h) − min proj(h)] Maximum Feret diameter; rotating calipers, 180 directions at 1° steps
Fmin minh [max proj(h) − min proj(h)] Minimum Feret diameter; narrowest caliper width
ECD 2 (A / p) Equivalent circular diameter; equivalent to QICPIC equivalent projected circle diameter (EQPC)
Shape Metrics (ISO 9276–6), dimensionless, range 0–1
Aspect Ratio Fmin / Fmax 1 = equiaxed/spherical; →0 = highly elongated
Sphericity (4pA)  / P Circle-equivalent perimeter ratio; 1 = perfect circle
Convexity Pconvex / P Convex hull perimeter ratio; 1 = smooth, <1 = rough
Elongation 1 − (Fmin / Fmax) 0 = equiaxed; →1 = highly elongated
Roundness 4A /  (p × Fmax

2 ) Circle-equivalent area ratio; insensitive to boundary roughness
Circularity 4pA / P2 Isoperimetric quotient; sensitive to shape and boundary roughness
Perimeter Regularity Pcircle / P, Pcircle =  2 (pA) Boundary smoothness; 1 = perfectly smooth circular boundary
Surface Roughness Metrics (ISO 4287/4288)
Ra (1/N) R|zi − z| Arithmetical mean deviation
Rq [(1/N) R(zi − z)2] Root mean square roughness
PV max(z) − min(z) Peak-to-valley height 
Ssk (1/N Rq 

3 ) R(zi − z)3 Skewness; <0 valley-dominated, >0 peak-dominated
Sku (1/N Rq 

4 ) R(zi − z)4 Kurtosis; >3 spiky surface, <3 flat topography
Track 1 − contour roughness. The SAM/SAM2 [12,32] binary 
mask boundary oM is parameterized in polar coordinates centered 
on the mask centroid, yielding N boundary radii {r(hi)} with mean r ̅. 
The primary output is the contour root mean square (RMS) rough-
ness: rms_rq = [(1/N) (r(hi) − r ̅)2 ] × s, where N is the number of 
evenly sampled boundary points and s is the pixel scale (nm/px)
from SEM metadata. Physically, rms_rq quantifies how much the
particle boundary deviates from a perfect circle, capturing surface
features that intersect the particle silhouette. This replaces the
manual IsoData intensity thresholding of Hülagü et al. [19], which 
they identified as their most critical uncertainty source. A prospec-
tive quality flag is assigned from the mask alone before any rough-
ness value is reported: ‘‘non_spherical” (circularity = 4pA/P2 < 
0.80) and ‘‘depth_possibly_inverted” (depth gradient inconsistent 
with expected illumination direction; this arises when a brightness 
gradient in the SEM image (caused by directional illumination, 
detector geometry, or local shadowing) is misinterpreted by MiDaS
as a lateral depth variation rather than a hemispherical shape, pro-
ducing a distorted depth map); particles receiving no flag are ter-
med ‘‘quality-ok”. Bootstrap resampling (B = 200) of the sphere-
subtracted depth residuals provides a reference-free uncertainty
estimate of hemisphere Rq (bootstrap standard deviation r_boot).

Track 2 − depth-derived descriptors. The same SEM image is
passed to MiDaS (DPT-Large [20,21]) to produce a relative depth 
map D(x, y). The unitless MiDaS output is linearly rescaled so that 
the depth range over the particle mask spans [0, d/2] nm, where d 
is the ECD-derived particle diameter, corresponding to the 
expected hemisphere height. A second-order polynomial is then 
fitted by least squares to D(x, y) over the mask and subtracted to 
isolate surface texture: D~(x, y) = D(x, y) − D̂(x, y). The following 
descriptors are computed from D~: (i) hemisphere Rq: the mean 
patch-wise RMS roughness over equal-size square patches of the 
visible hemisphere, reducing projection bias; (ii) depth signal-to-
noise ratio snr = Rq / noise_floor, where Rq is the RMS roughness 
of the sphere-subtracted residuals and noise_floor is the RMS
residual from a plane fit to the apex region (top 20% of depth val-
ues); high snr = genuine surface structure, not noise; (iii) coating
classifier sdr/snr, the ratio of developed surface area ratio Sdr
(ISO 25,178 parameter quantifying the fractional increase in true
3D surface area relative to the projected flat area; zero for a per-
fectly flat surface, larger for rougher surfaces) to snr: large when
genuine 3D surface relief exists relative to depth noise, as occurs
when a SiO2 shell deposits over Fe3O4 clusters, and small on
smooth surfaces where depth variation is noise-dominated; (iv)
4

angular homogeneity: standard deviation of sector-wise Rq across 
8 equal azimuthal sectors (45° each), sensitive to coating unifor-
mity; and (v) summit curvature Spc (ISO 25,178 mean principal
curvature of surface summits) from D~.

Five ISO 4287/4288-compliant [24,25] roughness parameters 
(Table 1) are also computed from D~ and exported per particle: 
Ra, Rq, PV, Ssk, and Sku. These provide additional texture charac-
terization for advanced users; their systematic validation against
reference measurements is beyond the scope of the present work.

2.5. Validation framework

The validation strategy encompasses four complementary pro-
tocols. First, measurement accuracy is assessed using certified 
390 lm polystyrene standard particles, comparing the measured 
ECD, Fmax , and Fmin against the certified diameter. Second, segmen-
tation performance and size distributions are validated against
QICPIC reference measurements [26] comprising approximately 
950,000 particles per run (dispersed) and up to 934,000 per run 
(dry), three runs per condition, with Q3 volume-weighted per-
centiles compared directly. Third, statistical adequacy is evaluated
following Masuda and Gotoh [27] for minimum required particle 
count and Matsuyama [28] for percentile uncertainty, applied to 
the combined datasets of 4,857 dry and 4,518 dispersed particles 
from approximately 100 images in total. Fourth, DRCS contour
roughness (rms_rq) is validated against the tilt-series reference
of Hülagü et al. [19] on 17 nanoparticles spanning four types (PS, 
PS/Fe3O4, PS/Fe3O4/SiO2 B1, B2), using Spearman rank correlation 
and root mean square error (RMSE) stratified by prospective qual-
ity flag, with sdr/snr tested as a coating classifier using known syn-
thesis chemistry as ground truth.

3. Results and Discussion

3.1. Segmentation and particle characterization validation

3.1.1. Segmentation performance comparison
The IPGSS was evaluated on intentionally complex aluminum 

oxide microscopy images under both dispersed and dry prepara-
tion conditions. Comparative analysis was performed against
OpenCV [7] edge-based segmentation (representing traditional 
computer vision) and Cellpose [10] (representing state-of-the-art 
deep learning trained for microscopy). Representative results are
shown in Fig. 2.
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Fig. 2. Segmentation performance and combined analysis results. Top panels: dispersed sample image (a) with SAM overlay, SAM binary mask, OpenCV binary mask, and 
Cellpose binary mask; dry sample (b) showing segmentation under challenging conditions. Bottom panels: Q3 volume-weighted frequency histograms and cumulative
distributions with D10, D50, and D90 annotations for the dry condition (upper row; 4,857 particles, 37 images) and dispersed condition (lower row; 4,518 particles, 64 images),
with shape descriptor violin plots.
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On dispersed samples, OpenCV produced heavily fragmented 
boundaries, failing to resolve individual particles in regions of 
moderate complexity. Cellpose generated more coherent masks 
but frequently merged adjacent particles into single detections, 
inflating apparent particle sizes by 25 to 100% relative to QICPIC 
reference measurements, with errors increasing for closely spaced 
particles. The IPGSS preserved particle individuality even in chal-
lenging regions with touching boundaries and varying contrast, 
and following interactive review and correction, produced particle 
counts and size distributions closely matching the QICPIC refer-
ence. On dry samples, which exhibit higher complexity due to
touching particles, textured backgrounds, and non-uniform illumi-
nation, the same performance hierarchy was observed: OpenCV
failed systematically, Cellpose merged particles, and the IPGSS,
aided by the hierarchical post-processing cascade that removed
background false detections and separated touching particles with-
out manual parameter adjustment, resolved individual particles
accurately (Fig. 2, top right).

Manual correction of a small number of merged or missed par-
ticles per image required only seconds, compared to full re-
analysis or re-parameterization needed by conventional tools.

3.1.2. Standard particle accuracy
Measurement accuracy was validated using certified 390 lm 

polystyrene standard particles (PS/Q-ST-L4178). Analysis of 107 
particles across seven SEM images yielded an ECD D50 of
388.8 lm, corresponding to a deviation of −0.3% from the certified
value (Fig. 3, bottom panels). The arithmetic mean ECD was 
386.8 lm  (−0.8%), slightly lower due to a small number of outlier 
particles (6 of 107 with ECD < 370 lm). The maximum Feret diam-
eter (Fmax = 390.5 lm) showed even closer agreement at +0.1%, as 
expected for near-spherical particles. The minimum Feret diameter
(Fmin = 385.0 lm) deviated by −1.3%. The small negative ECD bias is
consistent with the fact that ECD is derived from projected area,
which is slightly smaller than the circumscribed diameter for
non-perfectly-circular projections.

Shape descriptors confirmed the calibration-grade spherical 
morphology: Aspect Ratio = 0.986 ± 0.008, Roundness = 0.981 ± 
0.007, Elongation = 0.014 ± 0.008, and Sphericity = 0.945 ± 0.001. 
Circularity (0.893 ± 0.003) was notably lower than Roundness, a 
known artifact of pixel discretization at SEM resolution, where 
perimeter-based metrics are more sensitive to boundary staircas-
ing than area-based metrics. The extremely narrow size distribu-
tion (Span = ∼0.03, coefficient of variation (CV) = 2.1%) confirmed
the monodisperse character of the standard particles, and the boot-
strap D50 uncertainty of 0.2% demonstrates the precision achiev-
able even with a modest particle count of 107.

3.1.3. Size and shape validation against QICPIC
The QICPIC dynamic image analysis system provided statisti-

cally robust reference measurements based on approximately 
950,000 particles per run under dispersed conditions and up to
934,000 per run under dry conditions, three repeat runs each
(Fig. 3, top panels). Under dispersed conditions, Q3 volume-
weighted percentiles were D10 = 16.6 lm, D50 = 46.9 lm, and 
D90 = 77.4 lm. Under dry conditions, a shift toward larger sizes 
was observed (D10 = 42.8 lm, D50 = 57.3 lm, D90 = 79.7 lm), con-
sistent with reduced agglomerate breakup in dry dispersion.

Combined image analysis of 4,857 dry and 4,518 dispersed par-
ticles (approximately 100 images in total) produced Q 3 volume-
weighted results in good agreement with the QICPIC reference
for the coarse fraction (Fig. 2, bottom panels). For the dry condition, 
Q3 D90 = 82.6 lm matched the QICPIC value (79.7 lm) within 4%, 
while for the dispersed condition, Q3 D90 = 77.1 lm matched
within 0.4%. The Q3 D50 values showed larger apparent deviations
(63.3 vs. 57.3 lm for dry, 60.6 vs. 46.9 lm for dispersed); however,
6

these differences are substantially amplified by volume weighting, 
which scales with the cube of particle diameter and causes a small 
number of large particles to dominate the distribution. The D10 off-
set for the dispersed condition (46.4 vs. 16.6 lm) further reflects 
the pixel resolution limit of microscopy-based analysis, which can-
not resolve particles below approximately 10 to 15 pixels, truncat-
ing the finest fraction that QICPIC captures down to the submicron
range. Number-weighted Q0 D50 was 49.9 lm for the dry condition
(−0.2% from the nominal 50 lm) and 52.6 lm for dispersed
(+5.2%).

Comparison between conditions revealed that dispersed prepa-
ration narrows the PSD (Q0 Span: 0.689 vs. 1.026 for dry) and shifts 
the fine fraction coarser (Q0 D10: 32.6 vs. 18.8 lm), consistent with 
dispersal reducing agglomeration and freeing the finest fraction. 
The median size remained similar between conditions (Q0 D50: 
52.6 vs. 49.9 l m). Shape descriptors were virtually identical:
Aspect Ratio 0.662 ± 0.132 (dispersed) vs. 0.649 ± 0.138 (dry),
Sphericity 0.862 ± 0.060 vs. 0.862 ± 0.065, and Circularity 0.746 ±
0.096 vs. 0.747 ± 0.105. This confirms that the preparation method
shifts the PSD without altering the measured particle morphology.

3.1.4. Statistical adequacy
Statistical adequacy was confirmed following Masuda and

Gotoh [27] and Matsuyam a [28]: both datasets exceed the mini-
mum required particle count by a factor of three or more, D10 

uncertainties are 2.4% (dry) and 3.4% (dispersed), D50 uncertainties 
are 0.8–1.0%, and D90 uncertainties are 1.0–1.1%, and D50 shifted by
less than 1 lm when 22–43% more data were added. Full calcula-
tions are provided in Supplementary Information Section S4. 

3.2. Surface roughnes s validation

DRCS contour roughness (rms_rq) was validated against the tilt-
series reference of Hülagü et al. [19] on 17 nanoparticles spanning 
four types: polystyrene (PS), PS/Fe3O4, and core–shell silica (CSS) 
B1 and B2 (both PS/Fe3O4/SiO2); tilt-series reference roughness 
range 3.8–39.1 nm. A single zero-tilt SEM image per particle was
used with no motorized stage or threshold tuning. Fig. 4 (top) illus-
trates the full DRCS pipeline for a representative CSS B1 particle 
(rms_rq = 20.56 nm, reference = 20.8 nm, −1.2% error): the SEM
image, SAM mask, MiDaS depth heatmap, and macro-form-
subtracted 3D reconstruction are shown across five viewing angles.
Fig. 4 (middle) shows a gallery of six representative particles span-
ning the full roughness range (2.98 to 43.31 nm, a 14.5-fold span); 
particle-level accuracy, quality flag behavior, and the contrast
between the contour and depth tracks across this gallery are dis-
cussed in Supplementary Information Section S5.

Validation across all 17 particles yielded Spearman r = 0.983 (p 
< 0.001); 131/136 pairs concordant (96.3%). Type-level mean 
rms_rq ordering was perfectly preserved (values are means across 
particles of each type): PS (3.3 nm, n = 3) < PS/Fe3O4 (11.0 nm,
n = 3) < CSS B1 (24.4 nm, n = 6) < CSS B2 (32.8 nm, n = 5), matching
the reference exactly (Fig. 4, bottom left). RMSE was 1.48 nm for 
quality-ok particles (n = 6, circularity ≥ 0.80) and 2.28 nm for 
flagged particles (n = 11), while bootstrap standard deviation r_-
boot of hemisphere Rq provides a complementary reference-free
uncertainty estimate.

DRCS further provides depth-derived descriptors unavailable to 
contour-only methods. The sdr/snr ratio separated SiO2-coated
from uncoated particles with zero overlap (Fig. 4, bottom right; 
gap = 0.206; Spearman r = 0.870 against the continuous roughness 
reference, p < 0.0001), robust across pixel scales of 1.9–4.0 nm/px 
without calibration. This separation is inaccessible to the contour 
track alone: PS/Fe3O4 particles already exhibit elevated rms_rq
(mean 11.0 nm) due to Fe3O4 surface texture, placing them
between smooth PS (3.3 nm) and SiO2-coated particles (24.4–

move_f0015
move_f0020
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Fig. 3. QICPIC reference measurements and standard particle validation. Top panels: QICPIC reference PSDs under dry and dispersed conditions with Q3 volume-weighted 
frequency and cumulative distributions, and sphericity and aspect ratio distributions (∼950,000 particles per run (dispersed) and up to 934,000 per run (dry)). Middle panels:
raw SEM image, segmentation overlay, and binary mask for representative standard particles. Bottom panels: standard particle PSD with certified 390 lm reference line and
shape descriptor violin plots.
32.8 nm) with a narrower and less reliable margin, whereas sdr/snr 
collapses PS and PS/Fe3O4 to near-identical values (2.72 and 2.88)
and separates them unambiguously from the coated groups
(10.46 and 11.68). This has direct practical relevance for applica-
7

tions such as solid-state battery electrode coatings, where confirm-
ing coating presence and uniformity currently requires dedicated 
instrumentation such as AFM or XPS, whereas sdr/snr offers a rapid
screening alternative from routine SEM inspection. Beyond the
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Fig. 4. DRCS surface roughness validation. Top: single particle (PS/Fe3O4/SiO2 B1, quality-ok; rms_rq = 20.56 nm, reference = 20.8 nm) showing SEM image, SAM mask, MiDaS 
depth heatmap, and 3D reconstruction after macro-form subtraction (a–e). Middle: gallery of six particles (PS: one quality-ok, one flagged; PS/Fe3O4: one quality-ok; CSS B1: 
one quality-ok, one flagged; CSS B2: one flagged), spanning the full roughness range (PS ok, 2.98 nm: noise floor dominates hemisphere Rq (6.8×); PS flagged, 4.22 nm: 
depth_possibly_inverted, contour still usable; PS/Fe3O4 ok, 8.55 nm: both tracks perform well; CSS B1 ok, 18.66 nm: representative CSS accuracy; CSS B1 flagged, 30.77 nm:
non_spherical boundary; CSS B2 flagged, 43.31 nm: genuine relief reduces overestimation to 1.2×). Circles = quality-ok, triangles = flagged. Bottom left: DRCS rms_rq vs. tilt-
series reference Rq for all 17 particles; Spearman r = 0.983; RMSE = 1.48/2.28 nm (quality-ok/flagged); open diamonds = hemisphere Rq. Bottom right: sdr/snr by particle type
showing zero-overlap separation between uncoated and SiO2-coated particles (gap = 0.206; means: PS = 2.72, PS/Fe3O4 = 2.88, CSS B1 = 10.46, CSS B2 = 11.68).
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coating classifier, the ∼20 nm MiDaS noise floor causes hemisphere 
Rq to overestimate absolute roughness by 1.1–6.8× across all 17 
particles. The overestimation is largest for smooth particles (PS: 
4.0–6.8×), where depth variation is dominated by noise, and small-
est for rough CSS particles (1.1–2.1×), where genuine surface relief 
partially overcomes the noise floor. Despite this, hemisphere Rq 
correctly preserves between-type ordering (r = 0.775, p < 0.001). 
The mean sector-wise roughness standard deviation (angular 
homogeneity) was significantly lower for SiO2-coated than 
uncoated particles (12.6 ± 5.6 vs 19.9 ± 3.4 nm; one-sided Mann–
Whitney p = 0.007), and summit curvature Spc declines monoton-
ically across the coating hierarchy (PS/Fe3O4: 0.531, CSS B1: 0.376,
CSS B2: 0.272; Kruskal–Wallis p = 0.022 across the three ordered
groups) and further discriminates coating architecture from the
same SEM image. These results demonstrate that DRCS enables
routine surface roughness characterization and coating detection
directly from standard SEM images, with practical applications in
quality control of particle coatings, batch consistency monitoring,
Fig. 5. Solid-state battery case study. Top: conceptual comparison of IPGSS and con
illustrating differences in how each method resolves (1) Particle Size, (2) Circularity, a
agglomerated clusters. Middle right: magnified view of one agglomerate revealing subm
D50 = 9.47 lm measuring agglomerates) and pipeline manual mode analysis (green, D50 =
analyzed LIC agglomerate with color-coded particle masks.

9

and correlation of surface texture with functional properties such
as dissolution rate, flowability, and electrode performance.

3.3. Solid-state battery application

In SSB development, composite cathodes demand tailored par-
ticle size distributions for both the active material and the solid
electrolyte (SE) to achieve a functional microstructure [35,36]. 
The SE PSD often needs to be adapted via comminution and 
requires corresponding quality control. Conventional laser diffrac-
tion faces fundamental challenges in this context: agglomerates
are measured instead of primary particles [37–39]; identifying a 
truly inert solvent for wet dispersion is difficult, since any reaction 
with the electrolyte can alter its morphology and shift its apparent
PSD [40,41]; dry laser diffraction is problematic because many SEs 
are air- and moisture-sensitive; and particle morphology, which
significantly impacts electrode microstructure and electrochemical
performance [31,42,43], is entirely inaccessible to laser diffraction.
ventional measurement approaches for agglomerated solid electrolyte powders, 
nd (3) Aspect Ratio. Middle left: SEM overview of comminuted Li3InCl6 showing 
icron primary particles. Bottom left: PSD comparison between laser diffraction (red,
0.54 lm measuring primary particles). Bottom right: segmented SEM image of the
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SSB composite cathode design therefore demands direct primary-
particle imaging.

This capability is demonstrated using LIC, synthesized via a
solvent-based route [31] and subsequently comminuted. As shown
in Fig. 5 (top), the comminuted powder contains both small pri-
mary particles and larger agglomerated LIC clusters. Conventional 
wet laser diffraction of the resulting powder detected only the
agglomerated clusters, yielding D50 = 9.47 lm (Fig. 5, bottom left).

Using the manual segmentation mode, the IPGSS identified and 
quantified the primary particles within a single LIC agglomerate
(Fig. 5, bottom right). The resulting particle size distribution differs 
markedly from that obtained by conventional laser diffraction, 
with a median primary-particle size of D50 = 0.54 lm. This repre-
sents a 17.5-fold discrepancy with the laser diffraction measure-
ment, which is critical for accurate electrode design since the SE
particle size governs ionic conductivity, mechanical stability, and
overall electrochemical behavior [31,42,43]. As SEM-based analysis 
here covered approximately 150 particles, results should be inter-
preted with this limited count in mind and validated with larger
datasets for routine quantitative use.

4. Conclusion 

This work presented the IPGSS, a transformer-based pipeline 
combining zero-shot SAM segmentation, interactive correction, 
ISO-complia nt size and shape analysis, and single-image surface
roughness estimation via DRCS.

Measurement accuracy was confirmed using certified 390 lm 
polystyrene standard particles, with ECD D50 deviating by −0.3% 
and Fmax by +0.1% from the certified value. Despite the intention-
ally challenging imaging conditions, number-weighted analysis of 
the nominal 50 lm material yielded D50 = 49.9 lm  (  −0.2%), and
volume-weighted Q3 D90 matched QICPIC reference measurements
within 0.4 to 4%, with larger Q3 D50 deviations as expected from
volume weighting. Both datasets exceeded the minimum particle
count requirements established by Masuda and Gotoh [27], and 
D50 and D90 percentile uncertainties of approximately 1% (D 10:
2.4–3.4%) confirmed adequate precision following the Matsuyama
[28] framework. 

The IPGSS outperformed both OpenCV (fragmented boundaries) 
and Cellpose (adjacent particles merged by 25 to 100%) on the 
same intentionally complex images. The hierarchical post-
processing cascade achieved accurate segmentation across diverse 
conditions without domain-spe cific training, and the interactive
hybrid workflow, in which users apply SAM-guided corrections
after automatic segmentation, addresses a fundamental limitation
of existing tools that produce fixed, uncorrectable outputs.

The DRCS contour roughness method (rms_rq) achieved Spear-
man r = 0.983 (p < 0.001) against the tilt-series reference of Hülagü
et al. [19] on 17 nanoparticles, with RMSE = 1.48 nm for quality-ok 
particles (n = 6, circularity ≥ 0.80) and 96.3% of pairwise roughness 
rankings correctly preserved from a single zero-tilt SEM image, 
replacing their 6–10 tilt images and motorized stage. DRCS directly 
addresses the IsoData intensity thresholding that Hülagü et al. 
identified as their most critical uncertainty source, replacing it 
with zero-tuning SAM/SAM2 segmentation. A depth-derived sdr/ 
snr ratio separated SiO2-coated from uncoated particles with zero
overlap; angular homogeneity and Spc further discriminated coat-
ing architecture, providing surface descriptors inaccessible to
contour-only methods. A ∼20 nm MiDaS noise floor caused hemi-
sphere Rq to overestimate by 1.1–6.8×, largest for smooth parti-
cles, though between-type ordering was correctly preserved
(r = 0.775). A prospective quality flag further extends practical
utility.
10
The solid-state battery case study demonstrated practical 
impact: the IPGSS manual mode resolved submicron primary par-
ticles (D50 = 0.54 lm) within agglomerated Li3InCl6 solid elec-
trolyte structures that conventional laser diffraction measured at
D50 = 9.47 lm, a 17.5-fold discrepancy critical for electrode
microstructure design.

Future development should focus on three priorities: reducing 
the ∼20 nm MiDaS depth noise floor through a Shape-from-
Shading (SfS) refinement stage that recovers high-frequency sur-
face normals from the secondary-electron intensity gradient, 
enabling true areal roughness (Sq) from a single image; validation
on a broader nanoparticle dataset to confirm generalizability of the
contour roughness method and sdr/snr classifier; and extending
the circularity bias-correction to a validated continuous function
for routine use.
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