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Abstract

Small-angle X-ray scattering (SAXS) is widely used for characterizing the particle size
distribution (PSD) at the mesoscale. Conventional extraction of PSD from SAXS data typically
relies on traditional numerical methods such as the Monte Carlo algorithms. However, these
approaches often suffer from low computational efficiency or inherent difficulties in resolving
complex multimodal distributions, thus limiting their applicability in high-throughput or real-
time SAXS data analysis. To overcome these limitations, here we develop a feed-forward
neural network (FNN) model for the accurate and efficient PSD analysis. By embedding
physical constraints via iterative fine-tuning, the FNN model yields physically plausible
predictions and resolves key PSD features accurately, including peak positions, peak widths,
and low-abundance subpopulations for both the simulated and experimental SAXS data.
Validation against synchrotron radiation SAXS measurements and scanning electronic
microscopy (SEM) characterization of silica and polystyrene nanoparticles shows strong
agreement with PSDs obtained from the Monte Carlo algorithm (McSAS) and direct imaging
analysis. Importantly, the FNN model achieves approximately 1800-fold acceleration in

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

computation speed with a processing time of ~50 ms per one-dimensional scattering curve, far
surpassing the conventional McSAS method while maintaining robust predictive performance
for both monodisperse and polydisperse systems. This work provides a practical tool for the
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rapid, high-precision analysis of complex particle systems in materials science and

8

L] nanotechnology, partially addressing the long-standing challenge of real-time scattering data
analysis.
Keywords

Small-angle X-ray scattering; Particle Size Distribution; Spherical nanoparticles; Machine
Learning

1. Introduction

Particle size distribution (PSD) is a critical physical characteristic of nanoparticles, playing
a vital role in their performance across various fields including nanomedicine [1-4], coatings
[5-7] and lithium-ion battery [8-10]. In the field of nanomedicine, Copelli et al. demonstrated
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that the PSD of active pharmaceutical ingredients affects the performance of a pharmagentiea
drug product significantly [11]. Similarly, another study on biodegradable microspheres for
pulmonary showed that a narrow PSD not only enhances drug delivery efficiency but also
facilitates clearer investigation of drug release behavior [12]. In the field of coatings, PSD
exerts a significant impact on both coatings performance and preparation processes. For
example, calcium carbonate with a broad PSD induces the formation of a distinct particle-size
gradient in the cross-sectional microstructure of coatings, leading to an irregular stress
distribution and potentially compromising the coating stability [6]. Zhang et al. further revealed
that during the Cu coating process of silicon carbide (SiC) nanoparticles, a broad PSD of SiC
nanoparticles results in preferential coating of Cu on large particles, whereas small particles
are barely fully encapsulated [5]. Thus, a narrow PSD of SiC nanoparticles is essential for
achieving uniform Cu coatings. In the field of lithium-ion batteries, PSD profoundly influences
charge-discharge performance [8]. Farkhondeh et al. highlighted that spherical graphite
particles with a narrow PSD deliver better electrochemical performance than those with a broad
PSD, achieving higher Coulombic efficiency over cycling [13]. Furthermore, Zhang et al.
reported that a uniform PSD helps suppress polarization buildup in the late discharge stage,
thereby enhancing cycling stability [14]. Chung et al. also showed that electrode materials with
a monodisperse PSD yield higher power density at high discharge rates, whereas polydisperse
systems favor higher energy density at low C-rates [15]. Beyond material performance, PSD
also governs flow stability in particulate systems. Kasper et al. observed that in slowly rotating
drums containing wet granular matter, both liquid viscosity and particle size dictate the
transition from intermittent avalanching to continuous flow [16]. Balmforth et al. further linked
avalanche amplitude to the initial free-surface angle, which itself depends on particle size and
system geometry [17]. Mao et al. noted that while PSD has negligible effects in dry avalanches,
the presence of a fluid phase strongly amplifies its influence on the motion of fluid-grain
mixtures [18].

Small-angle X-ray scattering (SAXS) is a well-established technique for determining PSD
in nanoparticle systems [19, 20]. It exploits scattering resulting from electron density
inhomogeneities as an X-ray beam traverses a sample, offering statistical information averaged
over a large ensemble of nanoparticles. Extracting PSD from scattering data typically involves
numerical inversion methods. Widely used approaches include the stepwise extracting size
distribution calculation (SESDC) method [21, 22], truncated singular value decomposition
(TSVD) method [23], and Monte Carlo method [24-26]. The SESDC method segments and
linearizes the Guinier curve, subsequently analyzing the distribution characteristics of different
particle size intervals stepwise via the Guinier approximation. This method is suitable for both
monodisperse and dilute polydisperse systems. Unlike the SESDC method, TSVD is better
suited for polydisperse systems. It conducts singular value decomposition based on particle
shape models (e.g., spheres, cylinders and ellipsoid), and builds an approximate matrix using
a truncation strategy to retrieve the PSD, effectively suppressing high-frequency noise
interference. However, the choice of the truncation parameter directly affects the retention
degree of PSD details, which might lead to substantially divergent solutions. The Monte Carlo
method employs extensive random sampling to simulate scattering data based on predefined
shape models, iteratively tuning parameters until the optimal goodness of fit between simulated
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and experimental SAXS profiles is achieved. McSAS stands as a leading implememﬁa{_m@g 00¢r041667
for this approach [25, 26]. Despite its exceptional efficacy in resolving multimodal and
asymmetric PSDs, the method suffers from low computational efficiency, resulting in lengthy
processing that restricts its utility in high-throughput SAXS data analysis pipelines. In recent
years, as high-throughput experimental techniques have advanced rapidly, the data volume
produced by SAXS experiments has surged exponentially, thereby presenting formidable
challenges to the real-time retrieval of PSD [27, 28].

Recent advances in machine learning (ML) have opened new avenues for scattering data
analysis. For instance, Molodenskiy et al. developed a feed-forward neural network (FNN) for
predicting protein molecular weights and maximum dimensions from SAXS data [29]. Zhou
et al. designed a compact, lightweight yet efficient network (SEDCNN) for denoising
experimental SAXS/wide-angle X-ray scattering diffraction images [30]. Zhao et al. proposed
a variational autoencoder (VAE) multilayer perceptron (MLP) neural network to establish the
comprehensive processing-structure relationship of isotactic polypropylene films [31]. Zhao et
al. developed SAXSNN to reconstruct the morphology from experimental SAXS patterns
directly without modeling by using a physics-aware neural network. By incorporating the basic
scattering principle into the network, the trained SAXSNN has suggested to capture the
complex mapping between the SAXS patterns in reciprocal space and the corresponding
morphologies in real space in an unsupervised way [32]. For nanoparticle-related studies,
SAXS data analysis relies on the shape models, and the model selection and classification based
on scattering data has thus become a research focus attracting extensive attention.
Tomaszewski et al. developed a tool named SCAN, which integrates multiple ML algorithms
to recommend optimal shape models for nanoparticle characterization [33]. This tool takes 11
commonly predefined nanostructure models as the training set, achieving an overall accuracy
0f 95%-97% in model selection and classification. Monge et al. adopted a convolutional neural
network (CNN) for nanoparticle model selection [34], whose training set comprises 75,000
scattering data from 9 nanoparticle models, enabling rapid screening of the optimal form factor
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for users. In addition to the aforementioned works on shape model classification, the
quantification of nanoparticle’s PSD also remains a challenge. Li et al. investigated the dual
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challenges of shape classification and size prediction for nanoparticles. They used simulated
SAXS data of four shape models as the training set to develop SAXSNET, a dedicated network
for nanomorphology classification that achieves a prediction accuracy of over 96% [35]. In
parallel, they adopted the random forest and XGboost regression algorithms for PSD
predictions. However, further improvement on the prediction accuracy of PSD is needed when
this method is applied to experimental SAXS data.

Beyond scattering, PSD can also be derived from microscopy images. Kim et al. proposed
an automated algorithm that combines computer vision and ML to extract PSD from SEM
images [36]. This method first adopts a pre-trained CNN for morphological classification, and
then performs size measurement via specialized algorithms such as the distance transform for
core-only particles and watershed-based segmentation for core-shell structures. Moreover, the
physical scale is determined automatically using the efficient and accurate scene text detector
(EAST) to locate the scale bar, and the Tesseract algorithm to recognize scale values and their
units, thus enabling high-throughput PSD analysis. Zahedi et al. further proposed a fully
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automated, high-throughput SEM pipeline that integrates deep learning segmentation:s(bdcrosise;

Net/LinkNet) with automatic scale calibration. Specifically, the scale-bar length is detected via
probabilistic Hough transform, while the scale value and unit are extracted using an EAST-
based text detection combined with an optical character recognition algorithm. This end-to-end
pipeline enables the conversion of pixel-level contours to physically calibrated sizes, and direct
PSD output without manual intervention [37]. Despite these imaging-based advances, ML
methods for directly predicting PSD from scattering data remain underdeveloped [38-40].

In summary, traditional SAXS inversion methods are often too slow for high-throughput
or real-time analysis, while existing ML approaches for PSD prediction from scattering data
still have room for improvement in accuracy and robustness. To address this, we develop an
FNN-based model specifically for PSD prediction of spherical nanoparticles. By leveraging
the nonlinear mapping capability of neural networks and incorporating physical constraints
during training, our approach aims to deliver both high accuracy and computational efficiency,
providing a practical tool for real-time, high-throughput SAXS data analysis.

2. Methods

2.1 Dataset construction

With the advancement of scattering technique, its applications in nanoparticle research
have expanded remarkably, accompanied by the development of various models for
nanoparticle characterization. In this work, a dataset consisting of 50,000 scattering curves was
generated using the form factor model for spherical particles, which served as the training data
for the FNN. The scattering intensity I(Tq, r) can be expressed by the following formula [41]:

=Tmax

I(qr) V() -r*-P(gr)(1)

T=Tmin
where ¢ denotes the scattering vector and r represents the radius of spherical particles. We
assume that » ranges from 1 nm to 500 nm, where V(r) denotes the volume fraction of particles
at radius r, and P(q, r) is the form factor of spherical particle. For spherical particles, P(q, r) is
given by:

P(qr) = (ﬂsm(qr)(;r‘)]—: COSW)]) @

To acquire a sufficiently large and diverse set of scattering intensity data, a series of
distinct PSD profiles were generated. For dataset construction, 1 to 4 Gaussian peaks were first
generated with stochastic assignment of their means, standard deviations and weights. These
peaks were then fitted using a Gaussian distribution function and normalized to a total sum of
unity, after which he corresponding simulated scattering curves were calculated. To mimic real
experimental conditions, 3% random noise was introduced into the scattering intensity data.
The resulting dataset was split into training and validation subsets with a ratio of 8:2. The
former was used for training the FNN, while the latter served for hyperparameter optimization
to alleviate overfitting.

2.2 FNN architecture
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Figure 1. (a) The FNN architecture trained for predicting the PSD; (b) Plots of the training and
validation loss during training.

In this work, a fully connected FNN was built to infer the PSD of spherical particles from
SAXS data with a standard architecture of an input layer, hidden layers, and an output layer,
as shown in Figure 1 (a). The network’s input layer takes the scattering curve 7 as input of a
size 500, and the output layer yields size distribution V(r) of a size 500. Two hidden layers are
included with 2048 and 1024 neurons, respectively. The ReLU activation function is adopted
for the hidden layers, while the sigmoid function is used for the output layer to ensure non-
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negativity of the output values. For the FNN training, the Adam optimization algorithm was
employed with a batch size of 64, a learning rate of 0.001, and a maximum of 300 training
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epochs. The calculations were performed on a computer with the following hardware
specifications: a 12th Gen Intel® Core™ 17-12700K processor with a base speed of 3.60 GHz,
64 GB of RAM, and a 2 TB hard drive, running on a 64-bit version of Windows 11. The root
mean squared error (RMSE) was selected as the loss function, which quantifies the deviation
between the FNN-predicted PSD and the ground-truth PSD, and its expression is given as
follows [42]:

1 n 2
RMSE = |—— %L Z1, (v — 94,)"(3)
where N represents the number of samples, M the size of V(7), y; the ground-truth PSD value

for the j-th radius of the i-th sample, and y the corresponding predicted PSD value. As
illustrated in Figure 1 (b), both the training and the validation subsets were observed to
converge within the maximum number of epochs as the training epochs increases.

The generalization capability of the FNN model is enhanced via neural network fine-tuning
to improve its consistency with experimental data, where the fine-tuning procedure
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incorporates physical constraints to iteratively refine the predicted PSD. Taking the initial PSE oo ees

prediction V(r),eq of neural network as the starting point, we perform up to 500 optimization
iterations with each iteration comprising three key steps: (i) Calculating the scattering intensity
a1 from the current V(7)q; (1) Deriving a correction vector from the ratio of experimental to
calculated intensities; (iii) Calculating a correction coefficient for V(7),.q through back-
projection, and subsequently updating V(r)yea With non-negativity constraints and
normalization. Specifically, any negative values in V(7).q are clipped to zero, after which the
distribution is normalized so that the total volume fraction over the full radius range equals 1.
This iterative optimization during FNN training improves the PSD inversion accuracy
progressively. The key merit of this method lies in its dual advantage. That is, it synergistically
combines the efficient data-driven prediction of neural networks with physically interpretable
constraints.

2.3 Model performance evaluation

To systematically evaluate the prediction performance of the proposed FNN, 3000 sets of
simulated test data were generated for each type of PSD with 1 to 4 peaks. The mean relative
error (MRE) was employed to quantify the difference between the FNN-predicted PSD and the
ground-truth one [43], and its expression is given as follows:

N
1N vy =il

N& lyillz

MRE = (4)

where ||*|| denotes the Euclidean norm. This metric comprehensively accounts for the error
contribution of all values with a smaller MRE value indicating higher prediction accuracy.
Unlike simple summation, the Euclidean norm is more sensitive to larger error values, thereby
more effectively highlighting the influence of significant prediction deviations on the total error.
This characteristic renders it particularly suitable for evaluating vector similarity and
quantifying the overall deviation between datasets.

The coefficient of determination (R?) is a core metric for evaluating the prediction
performance of ML regression models [44]. Accordingly, this work also adopts this metric to
quantify the degree of agreement between the predicted and ground-truth PSD. R? is expressed
as follows:

M L2
2, vi— 30

M _.2
2,0 =)
where R?ranges from 0 to 1. A value closer to 1 suggests a stronger the explanatory power of
the model and a better the fitting performance.

RZ=1- (5)

For the experimental validation, scattering data of two spherical nanoparticle samples
were collected at the resonant soft X-ray scattering beamline of Hefei Light Source BLO5SU-B.
This beamline features prominent advantages including high photon flux, a small divergence
angle, tunable energy, and an adjustable sample-to-detector distance. One sample is silica (SiO,)
spherical nanoparticle with a nominal radius of 250 nm, and the other is polystyrene spherical
nanoparticle with a nominal radius of 150 nm, both purchased from Nantong Zhichuan
Microsphere Biotechnology Co., Ltd., China. Both samples were prepared by drop-casting onto
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Si3N4 windows and then air-drying. Si3N, windows have an inner frame dimension©fd.&:aharo4166
x 1.5 mm, an outer frame dimension of 5 mm X 5 mm, and a window thickness of 100 nm. The
CCD detector used in the experiments is Greateyes Lotte-1 4k4k, which has a detection area of
61.68 mm x 61.44 mm, a pixel size of 15 um x 15 um, an operating temperature of -80°C, and
a working vacuum of 1x10* Pa. The measurement parameters for the SiO, sample were set as
follows: X-ray energy of 525 eV, exposure time of 1 s, and sample-to-detector distance of 170
mm. For the polystyrene sample, the parameters were: X-ray energy of 410 eV, exposure time
of 10 s, and sample-to-detector distance of 172 mm. In the experiments, the nanoparticle
samples were mounted on a dedicated sample holder for X-ray scattering measurements. Prior
to formal scattering measurements, dark backgrounds of the detector were collected and
subsequently subtracted from the raw sample scattering data. All experimental scattering data
were processed using ScatterX software developed by Xie et al. to obtain the final one-
dimensional scattering curves [45]. For complementary morphological characterization,
scanning electron microscopy (SEM) was performed to directly visualize the spherical
nanoparticles and verify their actual PSD.

3. Results and Discussion

To validate performance of the trained FNN in predicting PSDs of both monodisperse and
polydisperse spherical nanoparticles, we systematically evaluated test datasets containing 1 to
4 peaks, each consisting of 3000 simulated samples.

As shown in Figure 2, the MREs of the FNN-predicted PSDs are below 0.3 across all
distributions, while the mean of R? exceeds 0.93. Specifically, MRE and R? values across test
datasets with different peak numbers are comparable, and the prediction robustness keeps
stable as the peak numbers increases. These results demonstrate the excellent mapping
capability of the developed FNN model for both unimodal and multimodal PSDs.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.
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Figure 2. Comparison of mean MRE and R? for PSDs with varying peak numbers.

To evaluate the prediction performance of the FNN intuitively, representative samples
were randomly selected from test datasets containing 1 to 4 peaks. The predicted and ground-
truth PSDs along with their corresponding scattering intensity profiles are compared, as shown
in Figure 3. The FNN model achieves high-fidelity PSD predictions across all test cases. For
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the one-peak case (Figure 3(a)), the predicted curve accurately captures both the pg@k@_@ﬁfmpomw

and full width at half maximum (FWHM) of the ground-truth distribution with MRE = 0.1664
and R? = 0.9613. For the two-peak case (Figure 3(b)), the model correctly resolves the peak
separation and relative intensity ratio without peak position misassignment, yielding an MRE
=0.2070 and R? = 0.9318. Figures 3(c)-(d) show that for the three- and four-peak cases, FNN-
based predictions also show good agreement with the ground-truth for all critical parameters
including peak positions, intensity ratios, and FWHM. Notably, even those peaks with
relatively lower content are accurately resolved in terms of position and distribution width,
with MRE = 0.2359, R?= 0.9094 for the three-peak case and MRE = 0.2014, R?= 0.9503 for
the four-peak case. The corresponding scattering intensity curves (Figures 3(e)-3(h)) further
verify the consistency between the FNN-predicted and ground-truth profiles. Across all cases,
the MRE between the FNN-predicted and ground-truth scattering curves is below 0.04 with R?
values all exceeding 0.999. This suggests an excellent match for both monodisperse and
polydisperse systems. The stable performance confirms the reliability of the FNN in
deconvoluting complex scattering signals and accurately reconstructing multi-peak PSDs.

(2)0.030 Predicted @ 10: E Predicted
0.0251 — Ground-truth 10 ] Ground-truth
0.020 - MRE=0.1664 1075
0.015 1 R*=0.9613 1073
0.010 10°5 1]

0.005 4 , 1 MRE=0.0235
e Vil AN 107" R%=0.9994
0.000 T T T 1072+ o r -
0 200 400 600 0.001 0.01 0.1 1

(b)0.025 Predicted ® 10:: Predicted
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£ 0.005] 10 ] MrE=0.03132
2 T 10771 rR*=0.999 ‘
8 0.000- 3 0,
L= T T T s 10 T r r
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=)
= (c) 0.020 - : 3
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d - h)10?
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0.04 4 MRE=0.2014 107" \
R*=0.9503 1074 Sy
0.02 1 A\N 1“_:: MRE=U.0]728\
1077 4
0.00 ] o R=0.9997
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r (nm) g (nm™)

Figure 3. Predicted and ground-truth PSD curves for (a) one-peak, (b) two-peak, (¢) three-peak,
(d) four-peak distributions, and the corresponding predicted and ground-truth scattering curves
for (e) one-peak, () two-peak, (g) three-peak, (h) four-peak distributions.

To validate the performance of the FNN model on experimental data, synchrotron radiation
X-ray scattering and SEM measurements were performed on SiO, and polystyrene samples.
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As displayed in Figures 4(a)-(b), SEM analysis reveals that the S10, sample consists psimarikyrosise)
of uniformly sized particles with a tiny fraction of smaller nanoparticles and double-particle
aggregates, while the polystyrene sample is primarily composed of monodisperse spherical
particles with a minor fraction of smaller particles. Experimental scattering data for the two
samples were collected, and the PSD inversion was carried out using the FNN and McSAS
method, respectively, with the corresponding scattering curves generated for each approach.
Notably, the structural parameters for McSAS and FNN were identical, with both methods
using a spherical shape model and a particle size range of 1-500 nm. For McSAS, the minimum
uncertainty estimate was set to 1%, and the convergence criterion was set to 1, ensuring that
the simulation results achieved sufficient convergence. A comparison with experimental
scattering data confirms close agreement between the scattering profiles obtained from FNN
and McSAS and the measured curves for both samples, as presented in Figure 4(c)-(d).
Specifically, both methods exhibit strong consistency with the experimental data, whether in
terms of the peak intensity, overall trend, and detailed fluctuations of the scattering curves.
This indicates that the FNN and McSAS can accurately reproduce the global features and key
details embedded in the scattering signals. Regarding the fitting accuracy of scattering curves,
the FNN achieves R? values of 0.9952 and 0.9973 for the SiO, and polystyrene samples, while
the corresponding values for McSAS are 0.9714 and 0.9845, as shown in Table 1. Consistently,
the FNN yields MRE values of 0.06528 for SiO, and 0.04638 for polystyrene, which are lower
than those of McSAS (0.147 for SiO, and 0.1033 for polystyrene). These results confirm that
both methods achieve good reconstruction accuracy with FNN delivering higher R? and lower
MRE, demonstrating its superior performance. Notably, while achieving comparable
reconstruction accuracy, the FNN completes processing in approximately 50 ms per sample, in
contrast to the 15 minutes required by McSAS per sample, representing an approximately
1800-fold improvement in computational efficiency.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

Table 1. Performance of the FNN and McSAS methods in reconstructing the scattering curves
of Si0, and polystyrene against experimental data
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Sample Method R? MRE
A . FNN 0.9952 0.06528
& 510, McSAS 09714 0.147
FNN 0.9973 0.04638
Polystyrene

MCcSAS 0.9845 0.1033
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Figure 4. SEM images of (a) SiO, and (b) polystyrene; Comparison of the experimental
scattering curves with those generated by the FNN and McSAS inversion methods for SiO, (¢)
and polystyrene (d). The corresponding 2D scattering patterns are displayed in insets, where
the rectangular region indicates the beam stop used to block the direct X-ray beam.

Further comparison of the PSD results obtained by the FNN and McSAS methods for both
samples shows good agreement, particularly in the peak positions of the main and secondary
distribution peaks. As seen in Figures 5(a)-(b), the PSD of SiO, exhibits a multi-peak feature.
The dominant peak lies around 260 nm spanning 250-270 nm, and a secondary peak appears
in the range 300-330 nm. A smaller distribution is observed between 175-200 nm. Trace
amounts of particles also present around 130-140 nm and 50-60 nm. Similarly, the PSD of
polystyrene in Figures 5(d)-(e) also displays multiple peaks. The strongest peak is centered at
160 nm (155-165 nm), with additional populations in the ranges 180-210 nm, 220-250 nm, and
110-140 nm together with a trace distribution between 60-90 nm. For the PSD analysis, the
MRE between the FNN-predicted and McSAS-retrieved is 0.5363 and 0.754 for the SiO, and
polystyrene samples, respectively. These results confirm that the FNN and McSAS methods
are highly consistent in identifying the positions and relative intensities of the multi-peaks
features, supporting the reliability of the FNN model in analyzing complex multi-modal PSD.

Notably, the radius distributions of spherical particles were also obtained by analyzing
SEM images of SiO, and polystyrene samples in this work. As shown in Figures 5(c)-(f), the
main radii of SiO; and polystyrene are 260 nm and 160 nm, respectively. This suggests that the
PSDs derived from SEM are consistent with those obtained from scattering measurements in
terms of the main radius sizes. However, PSDs derived from SEM fail to capture the
distribution features in other radius ranges revealed by the FNN and McSAS. This discrepancy
fundamentally arises from the inherent statistical advantages of scattering technique over SEM,
particularly their capacity to perform ensemble averaging over large nanoparticle populations.

(c) BOL-+6-+039/D5CP04166J
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Nevertheless, the SEM results strongly corroborate the accuracy of the FNN-predi&g@doE(S CPO4166)
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Figure 5. PSD of (a-c) SiO; and (d-f) polystyrene obtained from scattering data using (a, d)
FNN, (b, €) McSAS, and from (c, f) SEM image analysis.
To assess the performance of the FNN model under varying conditions, its robustness and

Open Access Article. Published on 03 March 2026. Downloaded on 3/24/2026 2:04:24 AM.

efficiency were systematically evaluated by considering factors such as noise levels, hidden
layer sizes, and peak width. The results indicate that noise levels had minimal impact on the
model’s computational efficiency (see Figures S1-S2 and Table S1 of the Supplementary

(cc)

Information). The effect of hidden layer size on computation time and accuracy was also
assessed, as presented in Tables S2-S3 of the Supplementary Information. Computational time
was found to be unaffected by the size of the hidden layers and the number of peaks in the
PSD, remaining steady at around 50 ms per sample. The model achieved the best performance
with two hidden layers consisting of 2048 and 1024 neurons. Additionally, the accuracy of the
FNN model was not influenced by changes in peak width, as demonstrated in Figures S3-S5
of the Supplementary Information. The performance validation of the FNN model on both
simulated and experimental scattering data exhibit its feasibility and versatility for accurate
and efficient PSD extraction of both monodisperse and polydisperse systems. These results
further underscore the model’s robustness and adaptability across different types of data and
system complexities. Unlike traditional methods, the FNN synergizes machine learning’s
capacity for high-dimensional nonlinear mapping with physics-informed optimization,
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employing neural network training for pattern recognition and physics-constraineg-parameter o166,

fine-tuning. This dual strategy enables efficient, high-precision SAXS analysis of intricate
PSDs while ensuring physical plausibility. The computational efficiency of the FNN make it
especially valuable for scenarios requiring large-scale scattering data processing. In real time,
high-frequency monitoring or high-throughput batch analysis, its millisecond-level inversion
speed per curve can overcome the efficiency bottleneck of traditional methods, offering a new
technical method for the rapid characterization of complex particle systems.

4. Conclusion

In this work, we developed an FNN model for the accurate and efficient prediction of PSD
from scattering data, demonstrating distinct advantages over traditional methods. The FNN
achieves high-precision PSD characterization for both monodisperse and polydisperse systems.
For simulated systems containing 1-4 peaks, the FNN maintains a mean relative error (MRE)
below 0.5 while accurately resolving critical features, including peak positions, full width at
half maximum (FWHM), relative intensities, and even low-abundance minor peaks.
Experimental validation using SiO, and polystyrene nanoparticles confirms that the FNN-
predicted PSDs closely match those obtained by the conventional McSAS method.
Furthermore, SEM analysis independently verifies key peak positions (260 nm for SiO, and
160 nm for polystyrene), corroborating the reliability of the FNN for PSD analysis. Remarkably,
the FNN model exhibits unprecedented computational efficiency. It infers the PSD from a
single scattering curve in approximately 50 ms, which is roughly 1800 times faster than McSAS
(15 minutes per curve). This breakthrough addresses the long-standing efficiency bottleneck of
traditional inversion approach, and enables real-time processing in scenarios such as in-situ
and high-throughput experiments. The method effectively synergizes the advantages of ML
with physical plausibility by integrating physical constraints through iterative fine-tuning,
ensuring the predicted PSDs adhere to the fundamental physics of scattering while preserving
the strong capability of ML to map high-dimensional nonlinear relationships. Additionally, by
leveraging the statistical advantage of scattering measurements, the FNN model can identify
minor size populations that are undetectable by SEM, thus enabling more comprehensive
structural characterization. In summary, the FNN model with its exceptional accuracy, speed,
and physical consistency offers a novel technical approach for the rapid, high-precision
analysis of complex particle systems in materials science and nanotechnology.
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