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Small angle x-ray scattering (SAXS) is an advanced technique for characterizing the particle size distribution (PSD)
of nanoparticles. However, the ill-posed nature of inverse problems in SAXS data analysis often reduces the accuracy
of conventional methods. This article proposes a user-friendly software for PSD analysis, GranuSAS, which employs
an algorithm that integrates truncated singular value decomposition (TSVD) with the Chahine method. This approach
employs TSVD for data preprocessing, generating a set of initial solutions with noise suppression. A high-quality initial
solution is subsequently selected via the L-curve method. This selected candidate solution is then iteratively refined by the
Chahine algorithm, enforcing constraints such as non-negativity and improving physical interpretability. Most importantly,
GranuSAS employs a parallel architecture that simultaneously yields inversion results from multiple shape models and, by
evaluating the accuracy of each model’s reconstructed scattering curve, offers a suggestion for model selection in material
systems. To systematically validate the accuracy and efficiency of the software, verification was performed using both
simulated and experimental datasets. The results demonstrate that the proposed software delivers both satisfactory accuracy
and reliable computational efficiency. It provides an easy-to-use and reliable tool for researchers in materials science,
helping them fully exploit the potential of SAXS in nanoparticle characterization.
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1. Introduction

Particle size distribution (PSD), as an important structural
parameter of materials, plays a crucial role in many fields
including semiconductors, biology, medicine, and food.[1–3]

In materials science, the PSD directly influences their physi-
cal and chemical properties.[4–6] For instance, in metal pow-
ders, PSD shows impact on its bulk density, flowability, sin-
tering behavior, and the mechanical properties of the final
product.[7,8] Proper mixing of fine and coarse particles can in-
crease packing density in metal powders.[9] In pharmaceutical
sciences, the PSD of drug particles could affect solubility, dis-
persibility, and bioavailability, thereby impacting drug efficacy
and safety.[10,11] Consequently, accurate PSD characterization
is essential for understanding material properties and optimiz-
ing material performance.

Small angle x-ray scattering (SAXS) is a practical method
for characterizing PSD.[12–14] It measures x-ray scattering
images within a small angle range of 0◦–5◦ near the in-
cident beam passing through the sample.[15] For polymer
materials, SAXS can measure the size and shape of poly-
mer particles, analyze the phase structure of blended poly-
mers, and determine long-period spacing, branching degree

and molecular chain length.[16] Moreover, SAXS is powerful
for characterizing pore architectures in nanostructured materi-
als, including their size distribution, morphology, and spatial
arrangement.[17,18]

In the computational analysis of PSD, two primary
methodological frameworks are commonly employed: model-
dependent analytical method and numerical matrix inversion
method.[19] The conventional stepwise tangent method is a
classic model-dependent approach,[20] which segmentally lin-
earizes the scattering intensity curve and sequentially solves
for the distribution characteristics across different size inter-
vals using the Guinier approximation. While computation-
ally efficient for monodisperse systems, this analytical method
demonstrates reduced accuracy when applied to polydisperse
systems. The numerical matrix inversion method transforms
this problem into solving a system of linear equations, es-
sentially addressing a Fredholm integral equation. Trun-
cated singular value decomposition (TSVD) is a commonly
used method,[21–23] which improves computational stability
by removing noise through matrix decomposition. However,
the truncation process can lead to information loss, result-
ing in non-physical phenomena such as negative values. The
Chahine algorithm iteratively refines a pre-set PSD to approx-
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imate the true distribution from the SAXS data.[24] However,
it depends on the accuracy of the initial values, and if the
pre-set value is inaccurate, the algorithm may fail to con-
verge. Meanwhile, the Monte Carlo method (for the open
source software — McSAS) may solve problems through ran-
dom simulation,[25,26] but its slow convergence speed (may
require minutes or even hours of PSD computation) renders
it impractical for time-resolved SAXS experiments. In the
maximum entropy method (for the commercial software Igor
Pro — Irena), the objective function is the maximization of
entropy. In the absence of prior information, this approach
preserves as much diversity in the particle-size distribution as
possible. However, in many cases, this method may fail to
converge upon a solution.

This work proposes a PSD analysis software named
GranuSAS, which is based on a TSVD-optimized Chahine al-
gorithm. The TSVD-optimized Chahine algorithm first em-
ploys TSVD to generate an initial solution with noise sup-
pression, which is then refined through Chahine’s iterative in-
version method. Furthermore, the software innovatively in-
corporates a parallel computing mechanism for multi-shape
modeling, which simultaneously outputs results from multi-
ple models and recommends the optimal shape without requir-
ing any prior knowledge. To validate its reliability, several
tests were conducted using simulated data of various shapes
and dispersity, as well as experimental data from polystyrene
nanospheres. In terms of computational efficiency, GranuSAS
demonstrates a significant improvement over the McSAS soft-
ware, and its superior computational speed provides an effi-
cient and reliable new tool for PSD inversion.

2. Methods
2.1. Mathematical physical model

The SAXS data, rich in nanoscale structural information
— particularly regarding size distribution — enable the ex-
traction of key parameters such as nanoparticle size, shape,
and dispersion state through systematic analysis. To verify
the accuracy of the inversion, it is necessary to generate some
simulated data using the theoretical formula of SAXS. For
dilute systems where interparticle interactions are negligible
(structure factor S(q) ≈ 1), the scattering intensity I(q) is de-
termined by the product of the particle number density, form
factor P(q,r) and particle size distribution. The total scattering
intensity is computed as the weighted integral of form factors
over all particle sizes, expressed as[27]

I (q) ∝

∫ r=rmax

r=0
V (r) ·P(q,r) ·Vol(r)dr, (1)

where V (r) is the distribution of the particle size by volume, q
is scattering vector and Vol(r) is the volume.

For the sphere model, the form factor and volume are
given by[27,28]

P(q,r) =
[

3(sinqr−qr · cosqr)
qr3

]2

, (2)

Vol(r) =
4
3

πr3, (3)

for the randomly oriented cylinder model, the orientation-
averaged form factor was computed via numerical integra-
tion over all possible orientations relative to the incident
beam:[29,30]

P(q,β ) = 2
∫

π/2

0
F2 (q,β ,r,L)sin(β ) dβ , (4)

F (q,β ,r,L) = 2
sin( 1

2 qLcosβ )
1
2 qLcosβ

J1(qr sinβ )

qr sinβ
, (5)

Vol(rL) = πr2L, (6)

where F(q,β ) is the scattering amplitude of a cylindrical
cylinder with different angles β .[31] β is the angle between the
scattering vector and cylinder. The L and r represent the length
and radius of the cylinder. When employing the cylindrical
model to analyze the PSD of solid nanorods, the length distri-
bution is commonly resolved under the premise of a monodis-
perse radius.

For the randomly oriented ellipsoid model, the form fac-
tor is given by[32,33]

P
(
q,Rp,Re

)
= 2

∫
π/2

0
F2 (q,β ,Rp,Re

)
sin(β ) dβ , (7)

F
(
q,β ,Rp,Re

)
=

3(sinqr−qr · cosqr)
qr3 , (8)

Vol
(
Rp,Re

)
=

4
3

πRpR2
e , (9)

where Rp and Re respectively represent the major axis and the
minor axis of the ellipsoid. When conducting PSD calculation
based on the ellipsoidal model, it is necessary to preset the size
ratio of the major axis to the minor axis of the ellipsoid, which
is defined as the aspect ratio. Under the constraint of a fixed
aspect ratio a = Rp/Re,[31] the PSD estimated by this model is
statistically quantified in terms of Re.

2.2. TSVD-optimized Chahine algorithm

In SAXS experiments, the recorded scattering intensity
profile is inherently determined by the structural features of
the scattering form model and the statistical distribution of par-
ticle sizes within the system. This fundamental relationship
between the measured scattering signal and the underlying
particulate properties is mathematically known as a Fredholm-
type integral equation. Notably, this problem is inherently an
ill-posed problem, and its solutions possess non-uniqueness.
After discretization, it can be rewritten as a matrix equation in
the form

I = A× f , (10)
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where A is the form factor matrix corresponding to P(q,r) in
the formula, reflecting the contribution of particles with dif-
ferent sizes to the scattering intensity. f represents the PSD
vector, describing the content proportion of particles with dif-
ferent sizes in the sample, which is to be solved. I is the mea-
sured scattering intensity obtained by devices such as photo
detectors. The matrix A could be decomposed as follows:

A =UΣV T, (11)

where A is a matrix of size m× n and A has rank r. U is the
left singular vector matrix of size m×m. V is the right sin-
gular vector matrix of size n× n. Σ is a diagonal matrix of
size m×n, containing the singular values of A on its diagonal.
The first r singular values in the Σ matrix are non-zero, while
the remaining singular values are zero. It can be described in
detail as follows:

A = [u1u2 · · ·um]


σ1 · · · 0
...

. . .
...

0
...
0

· · ·
· · ·
· · ·

σr
...
0




vT

1

vT
2
...

vT
n

 , (12)

where the vectors u1, u2,. . ., um are the left singular vectors of
size m× 1. The vectors v1, v2, . . ., vn are the right singular
vectors of size n× 1. The scalars σ1,. . ., σr are the singular
values and conventionally listed in decreasing order.[34]

TSVD constructs an approximate matrix by retaining the
first k largest singular values and their corresponding singular
vectors.[35] The matrix can be written as

A≈ Ak = [u1 u2 · · · uk]

 σ1 · · · 0
...

. . .
...

0 · · · σk




vT
1

vT
2
...

vT
k

 . (13)

Therefore, the PSD solution of this inverse problem can be
expressed as follows:

f = ∑
k
i=1

(
uT

i I
)

σi
vi, (14)

only the components corresponding to the first k largest singu-
lar values are retained to avoid noise amplification caused by
small singular values.

The L-curve method was employed to determine k, lever-
aging the logarithmic relationship between residual norm and
solution norm across candidate truncation orders. This method
is effective for ill-posed problems. For each candidate k ∈
[1,kmax] (where kmax is a user-defined upper bound), two met-
rics are computed:

res norm(k) = ‖A fk− I‖2 , (15)

sol norm(k) = ‖ fk‖2 , (16)

where res norm is residual norm, which quantifies the discrep-
ancy between the predicted and experimental scattering inten-
sities. The sol norm is solution norm, which measures the so-
lution stability. fk represents the PSD solution vector obtained
by retaining the first k singular values. The first derivative de-
scribes how the residual norm changes relative to the solution
norm, which is defined as

first deriv(k) =
∆ log(res norm)

∆ log(sol norm)
, (17)

where ∆ log(res norm) and ∆ log(sol norm) denote the differ-
ences in logarithmic residual norm and solution norm between
consecutive truncation orders k and k + 1, respectively. The
second derivative characterizes the rate of change of the first
derivative, indicating how the slope of the L-curve evolves
with k:

second deriv(k) =
∆first deriv

∆ log(sol norm)
, (18)

the L-curve’s curvature is computed as

curvature(k) =
|second deriv(k)|

(1+first deriv(k)2)1.5 , (19)

the optimal solution of k is selected by identifying the maxi-
mum of the curvature.

When solving for PSD, the Chahine algorithm typically
uses a randomly assumed initial value as the starting condi-
tion, which often leads to issues of excessive iterations and
slow convergence. In this work, using the PSD vector corre-
sponding to the optimal k as the initial condition, the Chahine
algorithm is executed to refine the result of PSD through suc-
cessive iterations that enforce physical constraints (e.g., non-
negativity and data consistency). The core principle of the
Chahine algorithm is to iteratively modify the PSD of the hy-
pothesis, ensuring that the theoretically reconstructed scatter-
ing intensity curve aligns with the experimental scattering in-
tensity curve. The iterative process of PSD can be expressed
as

f j+1 (r) = B j� f j (r) , (20)

where j is the number of iterations, r is particle size range, and
B j is an update factor, which is expressed as follows:

B j =
AT · (IEXP� (A · f j))

sum(A,dim = 1)T , (21)

where sum(A,dim = 1)T is column-wise summation of ma-
trix A, returning a row vector. IEXP is experimental scattering
intensity data. Symbol � represents the Hadamard division
between two data, which is used to calculate the ratio of the
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scattering intensity data from experiment to the j-th iterations
results. To ensure the physical plausibility of the inverted re-
sults, two critical constraints are enforced at every iteration:
the particle-size distribution remains non-negative, and its in-
tegral is normalized to unity, guaranteeing both numerical sta-
bility and cross-iteration comparability.

3. Functions and performance of GranuSAS
3.1. Functions of GranuSAS

The SAXS data analysis software (GranuSAS) features a
user-friendly graphical interface designed for intuitive PSD in-
version. The software’s functions are divided into three parts:
data importation and exportation, inversion computations, and
the visualization of results. As shown in Fig. 1, SAXS data can
be imported from experimental files or generated synthetically
to help users rapidly familiarize themselves with the inversion
workflow. When generating SAXS data, users can freely se-
lect the particle shape model (sphere, cylinder, or ellipsoid)
and specify the size-distribution characteristics to match dif-
ferent material systems. The platform supports mono-, bi-,
and tri-modal Gaussian distribution modes, allowing indepen-
dent assignment of peak position, width, and weight for each
mode. In addition, the program features simulation capabili-
ties for Poisson noise (related to fluctuations in x-ray photon
counting). By superimposing this type of noise onto the the-
oretical scattering curve, it can more realistically reproduce
the signal characteristics of actual scattering experiments. For
PSD inversion, the users only need to set two key param-

eters — the maximum truncation value and the number of
Chahine iterations — before launching the computation. The
software employs a parallel architecture that simultaneously
inverts the SAXS data using three shape models, while the
inversion progress of each model is delivered to the graphical
interface in real time. Upon completion, based on the accuracy
between each model’s scattering data and the input scattering
data, the software automatically switches the results interface
to the panel of the best-fitting model, providing users with an
intuitive recommendation of the best-matched model. Finally,
all fitted results are stored for users.

Since the software needs to compute PSD results for three
models (spherical, cylindrical, and ellipsoidal), sequential pro-
cessing of these models would significantly increase the over-
all processing time. To address this, multi-threaded parallel
computing was implemented using the QThread framework.
Specifically, the inversion tasks for each model were assigned
to independent sub-threads, with each sub-thread perform-
ing its respective calculation concurrently in the background.
Upon completion of each computational task, the sub-threads
transmitted the results to the main thread via the signal-slot
mechanism. The main thread then received the results and
updated the corresponding content in the software’s GUI. Fur-
thermore, to prevent blocking of the main thread during com-
putation, all progress updates were handled asynchronously
via the same inter-thread signal-slot mechanism. This ensured
that the software interface remained responsive, delivering un-
interrupted real-time updates throughout the entire computing
process.

Fig. 1. The main window of the GranuSAS’ graphical user interface (GUI) with an example. The GUI is divided into three sections: the left
panel for data import and export, the middle panel for TSVD-optimized Chahine algorithm parameters setting and visualization of the input data,
and the right panel for visualization of the results.
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3.2. Numerical simulation results

In order to verify the performance of GranuSAS, several
numerical cases — encompassing mono-, bi-, and trimodal
size distributions — were designed for spherical, cylindrical,
and ellipsoidal particle models, with a small amount of noise
added to the corresponding theoretical scattering curves to ap-
proximate experimental conditions. The detailed parameters
of each simulated PSD are listed in Table 1. The mathematical
expression for the Gaussian peak-type is

f (r) =
l

∑
1

wl
1

σl
√

2π
exp

(
− (r−µl)

2

2σ2
l

)
, (22)

where r is the radius of the particle, µl is the l-th peak posi-
tion, σl is the standard deviation of the l-th peak and wl is the
weight of the l-th peak.

Table 1. Parameters of simulated PSDs data.

Codenamed Form model
Peak1 Peak2 Peak3

(µ1–σ1–w1) (µ2–σ2–w2) (µ3–σ3–w3)

S1 sphere 50–20–1 – –
S2 sphere 50–20–0.6 180–20–0.4 –
S3 sphere 50–20–0.3 180–20–0.4 250–15–0.3
C1 cylinder 80–15–1 – –
C2 cylinder 80–15–0.4 180–12–0.6 –
C3 cylinder 80–15–0.3 180–12–0.4 250–15–0.3
E1 ellipsoid 50–5–1 – –
E2 ellipsoid 50–5–0.6 120–6–0.4 –
E3 ellipsoid 50–5–0.5 120–6–0.4 170–20–0.1

∗The radius of the cylinder (C1–C3) is 10 nm, and the aspect ratio of the
ellipsoid (E1–E3) is 3.

In order to evaluate the reconstructed results, the coeffi-
cient of determination (R2) and mean square error (MSE) are
employed. The formula of R2 is defined as

R2 = 1− ∑
N
i=1 (yi− ŷi)

2

∑
N
i=1 (yi− y)2 , (23)

where yi is the input data, y is the mean value of the input data
and ŷi is the predicted data. An R2 value nearing 1 signifies an
excellent fit of predicted data to the input data, whereas a value
approaching 0 indicates a poor fit. Negative R2 values reflect
an anomalous fit, which generally results from model misspec-
ification. The MSE is a commonly used metric to measure the
discrepancy between the predicted values and the true values.
The formula of MSE is defined as

MSE =
1
N ∑

N
i=1 (yi− ŷi)

2 . (24)

A smaller MSE value indicates a higher prediction accuracy.
To demonstrate computational efficiency and accuracy,

GranuSAS software was tested against other software, such
as McSAS and Irena. McSAS is a commonly used software
in SAXS, and we compared it with GranuSAS by analyzing

nine simulated scattering datasets (S1–E3). In this study, all
software were run on a computer with the following hardware
and software configuration: an AMD EPYC 7J13 processor
(base frequency of 2.6 GHz, 64 cores, 128 threads), 512 GB of
RAM, 1 TB of storage, an NVIDIA GeForce RTX 3060 graph-
ics card, and Windows 10 (64-bit) as the operating system.
Leveraging a parallel architecture, GranuSAS simultaneously
fits each scattering curve to sphere, cylinder, and ellipsoid
models and, upon completion, automatically reports the best-
fitting shape. As shown in Table 2, the software-recommended
models match the geometries originally used to generate every
curve. Beyond this advantage, GranuSAS exhibits superior
computational efficiency compared with McSAS. Specifically,
for spherical model samples (S1–S3), GranuSAS maintained a
stable runtime of 2.86–2.90 s, while McSAS required signifi-
cantly longer at 9.83–14.6 s — with GranuSAS taking only ap-
proximately one-third to one-fifth of McSAS’s runtime. The
runtime gap between the two software tools widened further
in the case of cylindrical model samples (C1–C3). GranuSAS
completed the PSD analysis efficiently in 2.14–2.66 s, whereas
McSAS’s runtime surged to 96.5–442.5 s, showing an order-
of-magnitude difference in efficiency. For ellipsoidal model
samples (E1–E3), GranuSAS still demonstrated superior effi-
ciency: its runtime ranged from 4.36 s to 6.71 s, while Mc-
SAS took 28.05–62 s. Specifically, GranuSAS’s runtime was
roughly one-fourth to one-ninth that of McSAS.

Table 2. Comparison of calculation times.

Code named
Model suggestions Time (s)

by GranuSAS GranuSAS McSAS

S1 sphere 2.86 9.83
S2 sphere 2.90 14.07
S3 sphere 2.89 14.6
C1 cylinder 2.18 96.5
C2 cylinder 2.66 316
C3 cylinder 2.14 442.5
E1 ellipsoid 6.71 28.75
E2 ellipsoid 6.61 62
E3 ellipsoid 4.36 28.05

∗The fitting parameters for McSAS are as follows: the minimum
uncertainty estimate is 5% and the convergence criterion is 1.

Table 3. Comparison of accuracy for reconstructed SAXS data.

Code named
R2 MSE

GranuSAS McSAS GranuSAS McSAS

S1 0.99999925 0.95392903 7.04×10−8 4.32×10−3

S2 0.99999883 0.97600112 4.02×10−8 8.03×10−4

S3 0.99999942 0.96965924 1.5×10−8 7.64×10−4

C1 0.99999938 0.63456193 6.46×10−8 3.819×10−2

C2 0.99999934 0.67353844 5.11×10−8 2.511×10−2

C3 0.99999994 0.64099623 4.1×10−9 2.524×10−2

E1 0.99999995 0.98380362 3.7×10−9 1.28×10−3

E2 0.99999997 0.99881102 2.1×10−9 9.2×10−5

E3 0.99999989 0.97982918 8.3×10−9 1.54×10−3
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Fig. 2. PSD and scattering curves of simulated and reconstructed data. PSD curves are plotted on the bottom-left axis, with the following color
coding: simulated PSD (orange), PSD inverted by GranuSAS (green), and PSD inverted by McSAS (purple). SAXS curves are plotted on the
top-right axis, with the following color coding: simulated SAXS curve (black), SAXS curve reconstructed by GranuSAS (red), and SAXS curve
reconstructed by McSAS (green). (a)–(c) Spherical models for unimodal, bimodal, and trimodal size distributions, where the bottom abscissa
represents the radius of the spheres; (d)–(f) cylinder models for unimodal, bimodal, and trimodal size distributions, where the bottom abscissa
represents the half-length of the cylinders; (g)–(h) ellipsoid models for unimodal, bimodal, and trimodal size distributions, where the bottom
abscissa represents the minor axis of the ellipsoid.

In terms of the reconstruction of scattering curves,
GranuSAS also exhibits a distinct advantage. As shown in
Table 3, the R2 for GranuSAS’s reconstructed results is sig-
nificantly higher than that of McSAS and approaches 1, and
MSE of GranuSAS is much smaller than that of McSAS.
In addition, figure 2 visually presents all 9 simulated scat-
tering curves and comparatively shows the respective recon-
structed SAXS curves of GranuSAS and McSAS. It demon-
strates that GranuSAS has superior reconstruction accuracy
for SAXS curves. Notably, it can be observed from the re-
sults in Table 3 and Fig. 2 that: GranuSAS exhibits excel-
lent reconstruction quality for spherical, cylindrical, and el-
lipsoidal models; in contrast, McSAS shows differences in its
reconstruction performance, it achieves better reconstruction
quality for spherical and ellipsoidal models than for cylindri-
cal ones. Subsequently, a comparative analysis was conducted

on the PSD results calculated by the two software tools. For
the calculation of the S1 and S2 curves, the peak position, peak
width, and height obtained by GranuSAS were highly consis-
tent with the theoretical values, as shown in Figs. 2(a) and
2(b). In contrast, there was a certain deviation between the
peak position calculated by McSAS and the theoretical PSD.
As shown in Fig. 2(c), in the PSD reconstructed by GranuSAS,
the peak positions and peak widths of the three characteristic
peaks are accurate, but there is a certain discrepancy between
the peak proportions and the theoretical PSD. However, the
PSD reconstructed by McSAS only exhibits two characteristic
peaks, with a significant deviation in the predicted peak posi-
tion of the first peak. By comparison, in the calculation of the
S3 curve, the PSD results calculated by GranuSAS are more
consistent with the theoretical PSD. Moving on to the C1–C3
curves, the peak positions and peak widths of the PSD recon-
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structed by GranuSAS matched well with the theoretical pa-
rameters of PSD as shown in Figs. 2(d)–2(f). However, minor
discrepancies were observed in the peak height ratios between
the reconstructed bimodal and trimodal distributions and the
theoretical values. In stark contrast, the PSD results recon-
structed by McSAS showed no match with the theoretical val-
ues at all. For the E1 curve, the PSD calculated by GranuSAS
was completely consistent with the theoretical PSD. In con-
trast, the distribution width obtained from McSAS was broader
than that of the theoretical PSD, as illustrated in Fig. 2(g). For
the E2 curve (see Fig. 2(h)), the positions of the two peaks in
GranuSAS’s PSD results matched the theoretical PSD. How-
ever, the width of the second peak was broader than the theo-
retical width, and its peak height was lower than the theoretical
value. But even worse was that McSAS only yielded a concen-
trated distribution around the peak position of 50 nm and failed
to capture the bimodal distribution characteristic. A similar
characteristic was observed for PSD reconstruction of the E3
curve as shown in Fig. 2(i). The GranuSAS again achieved
accurate peak position calculations, but slight inconsistencies
existed between its predicted second and third peak widths and
heights and the theoretical values. Meanwhile, the PSD of Mc-
SAS exhibited solely a peak around 50 nm, with no indication
of the second or third peaks. Hence, the above results demon-
strate that GranuSAS delivers outstanding resolving power for
both unimodal and multimodal size distributions. Collectively,
GranuSAS significantly surpasses McSAS in computational
efficiency and accuracy when analyzing PSDs from simulated
scattering curves, which is also further validated by comparing
with the Irena software (Figs. S1–S2 and Table S1).

3.3. Experimental results

To systematically verify the performance of the algorithm
proposed in this study for nanoparticle characterization, ex-
perimental verification studies were carried out. The exper-
imental data were collected at the BL05UB soft x-ray scat-
tering beamline station of the National Synchrotron Radiation
Laboratory. In this work, polystyrene nanospheres were se-
lected as experimental samples. Polystyrene nanospheres sam-
ple serves as standard material for soft x-ray scattering exper-
iments. Their excellent chemical stability can provide stan-
dardized experimental objects for algorithm verification, en-
abling the evaluation of algorithm accuracy and robustness at
the typical nanoscale. The sample for SAXS test is prepared
by dropping monodispersed polystyrene solution onto the con-
cave side of a Si3N4 window (1.5× 1.5 mm2, 100 nm thick-
ness, 5×5 mm2 outer frames). Before that, the polystyrene so-
lution was ultrasonicated for 10 min to ensure uniform disper-
sion. After air drying, weakly attached nanoparticles were re-
moved by gentle air flow to prevent contamination to vacuum
chamber. Relying on the synchrotron radiation light source,

this beamline station has significant technical advantages such
as high photon flux, low divergence angle, and wide energy
tuning range. The core technical parameters of the beamline
station, including the photon energy range, beam spot size dis-
tribution, detector quantum efficiency, etc., are detailed in Ta-
ble 4.

Table 4. Basic performance parameters of BL05UB.

Optical performance Result

Light source EPU50
Energy range 220 eV–700 eV

Resolution power: E/∆E 1619 @ 244.4 eV
Photon flux > 2.74×1012 phs/s @ 244.4 eV, 360 mA
Beam size 0.375×0.15 mm2 (H×V )

Detector model Greateyes Lotte-i 4k4k
Detector pixels 4112×4096

Unit pixel size of detector 15 µm×15 µm
Detector area 61.68 mm×61.44 mm

The Greateyes detector was used to record the scattering
image, which has the significant advantages of high sensitivity
and a wide dynamic range, enabling precise capture of scatter-
ing signals with different intensities. During the experiment,
the photon energy was set to 410 eV, the exposure time was
10 s, and the sample-to-detector distance was 165 mm. As
shown in Fig. 3(a), the two-dimensional image is the collected
scatting figure of the detector. The rectangle in the lower
right corner of the 2D image is the beam stop, which serves
to block the incident x-ray. Figure 3(b) shows the SEM im-
age of polystyrene nanospheres, revealing a radius of approxi-
mately 150–160 nm for major particles, along with few larger-
diameter and smaller-diameter particles.

Fig. 3. (a) Two-dimensional experimental SAXS image of polystyrene
nanospheres sample, (b) the scanning electron microscope image of
polystyrene nanospheres sample.

Then, one-dimensional curves are obtained from the 2D
scattering images using ScatterX.[36] For this experimental
scattering data, GranuSAS identifies the sphere as the best-
fitting shape model, consistent with the actual particle mor-
phology observed in the SEM images. Consequently, the
spherical model was likewise adopted for PSD calculation
in McSAS. GranuSAS completed the inversion in 1.96 s,
whereas McSAS required 30.15 s. This more than fifteen-fold
reduction in runtime demonstrates the superior computational
efficiency of the GranuSAS software. To verify the accuracy
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of the GranuSAS results, this study compared the fitted scat-
tering curves generated by GranuSAS and McSAS (Fig. 4). It
is showed that R2 and MSE between the fitted scattering curve
from GranuSAS and the experimental scattering curve reached
0.992683 and 4.295×10−4, respectively; for McSAS, the cor-
responding R2 and MSE of its fitted results were 0.983355 and
9.71× 10−4, respectively. It can be seen that the goodness of
fit of GranuSAS is superior to that of McSAS.
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Fig. 4. Comparison of the experimental scattering curve with the scat-
tering curves reconstructed by GranuSAS and McSAS. The experimental
scattering curve is derived from the polystyrene nanospheres sample.

Meanwhile, the PSD obtained by statistically analysing
SEM images is compared with the PSDs reconstructed from
the experimental scattering curve by GranuSAS and McSAS
as shown in Fig. 5. It can be seen from the three PSD results
that the radii of the vast majority of polystyrene nanoparti-
cles exhibit a concentrated distribution characteristic, with the
main distribution range being 150–160 nm. This consistent
main distribution range across different characterization ap-
proaches confirms the reliability of GranuSAS for the studied
system. In addition, the scattering-based inversions reveal mi-
nor populations of larger and smaller particles, with their peak
positions at approximately 90 nm, 200 nm, and 270 nm, re-
spectively. This finding highlights the high sensitivity of scat-
tering techniques to low-abundance particles, which is benefi-
cial for obtaining a complete understanding of the size distri-
bution in the materials. The direct comparison shows that the
PSDs reconstructed by GranuSAS and McSAS are basically
consistent with each other, not only in the main distribution
range of 150–160 nm but also in the peaks of the minor dis-
tribution particle populations. In contrast, the PSD obtained
from SEM image statistics fails to capture the full particle size
distribution. This comparative analysis not only verifies the
consistency and accuracy of PSD results from two indepen-
dent scattering inversion software (GranuSAS and McSAS)
but also explicitly demonstrates the advantage of scattering
techniques in terms of statistical representativeness for partic-
ulate systems. The advancement of the proposed GranuSAS is

also verified by applying RSoXS analysis on the SiO2 sample
with radius around 260 nm (Figs. S3–S5 and Table S2).
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Fig. 5. PSD obtained from statistical analysis of SEM images compared
with the PSDs reconstructed by GranuSAS and McSAS.

4. Conclusion
Small angle x-ray scattering (SAXS) has become an im-

portant method for analyzing particle size distribution (PSD).
In this work, a user-friendly software — GranuSAS — is pro-
posed to the PSD analysis from SAXS data. The software inte-
grates one-click data import/export, simultaneous multi-model
inversion, and real-time visualization, enabling non-specialists
to conduct high-quality PSD analysis efficiently. Its core
algorithm employs the TSVD-optimized Chahine algorithm.
Specifically, it determines the optimal truncation parameter
through truncated singular value decomposition (TSVD) com-
bined with the L-curve method, which effectively suppresses
noise interference and addresses the ill-posed nature of the in-
verse problem. Subsequently, by using the TSVD inversion
result as the initial value for the Chahine algorithm, it sig-
nificantly reduces the number of iterations, thus achieving a
balance between computational efficiency and inversion accu-
racy. The performance of this software is verified via both
numerical simulations and experimental data. Compared to
the commonly used McSAS software in the field of SAXS,
GranuSAS demonstrates several significant advantages. (i) It
can perform particle size inversion calculations for spherical,
cylindrical, and ellipsoidal models simultaneously, and auto-
matically identify and inform users of the shape model that
best matches the input scattering curve based on the inversion
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accuracy (e.g., the degree of agreement between the recon-
structed scattering curve and the input curve). (ii) It boasts
significantly higher computational efficiency, with an oper-
ation speed at least three times faster than that of McSAS.
(iii) It can deliver accurate inversion results of PSD. (iv) It
exhibits high sensitivity in identifying minor peaks in mul-
timodal size distributions. A comparison of the PSD results
inverted by GranuSAS and McSAS, and the PSD statistically
obtained from the scanning electron microscopy (SEM) im-
age reveals that all three consistently show the main radius of
polystyrene nanoparticles is concentrated in the range of 150–
160 nm. Among them, the PSD results of GranuSAS and Mc-
SAS are highly similar, and this cross-validation result fully
confirms the reliability of the inversion results of GranuSAS.
In the future, GranuSAS will be further upgraded to expand its
functionality: more complex particle shape models (e.g., core–
shell structures, irregular polyhedrons) are planned to be inte-
grated. It aims to improve the software’s universality for char-
acterizing diverse nanomaterials, thereby providing a powerful
tool for the application of SAXS technology in a wider range
of materials fields.

Program availability
The source code is openly available in Science Data Bank

at https://www.doi.org/10.57760/sciencedb.29272.
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