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Machine learning for determining the size distribution of metallic and

pharmaceutical submicron particles based on scattered light extinction

and indicatrices
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A method for determining the size distribution of submicron particles (from 1 to 4000 nm) is proposed, based

on training a convolutional neural network using scattered light indicatrices and extinctions. The training was

carried out on optical response matrices synthesized within the Mie theory for metallic (gold) and pharmacological

(ibuprofen) particles, taking into account their complex refractive indices. The proposed neural network model

allows for reconstructing the parameters of the lognormal particle size distribution in less than 1 s on a graphics

processor, providing an average discrepancy with scanning electron microscopy data at the level of 30%, which is

comparable to the accuracy of manual analysis with a significant reduction in time costs.
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Rapid and accurate determination of submicron particle

size distribution is a critical task for nanotechnology, materi-

als science, pharmacology and environmental monitoring [1].
In particular, size control of metallic (e. g., gold) nanopar-

ticles is necessary to ensure their functionality in catalysis,

sensorics, and biomedicine [2], and in the case of pharmaco-

logical submicron particles (such as ibuprofen), size directly

affects the bioavailability, solubility, and efficacy of drugs [3].
Although electron microscopy remains one of the main

methods of analysis, it is associated with labor-intensive

sample preparation and significant time costs. A promising

alternative is light scattering-based methods, which allow

for non-destructive and rapid in situ analysis. However,

extracting particle size information from experimentally

measured scattered light phase functions and extinctions is

a complex inverse problem. Conventional approach based

on a
”
manual“ selection of the direct problem solution is

very time-consuming, especially for polydisperse systems.

It should also be noted that the development of modern

data collection techniques makes it possible to achieve a

spectral data collection rate of 100−1000Hz, which makes

it impossible to process them in
”
manual“ mode. In this

view, the development of autonomous determination of the

nano- and microparticles sizes using optical scattering data,

including neural network approaches, is actively being devel-

oped [4–7]. For example, in [5,6] the possibility of determin-

ing the size of monodisperse nanoparticles from extinction

spectra using neural networks was demonstrated, however,

the problem of reconstructing the complete particle size

distribution in polydisperse systems is somewhat less stud-

ied. In [7] a method for estimating distribution parameters

based on dynamic light scattering data is proposed, but its

application is limited to the submicron range and requires a

priori information about the distribution shape. Paper [8] de-
scribes a neural network method for reverse engineering of

arbitrary scatterers based on spherical harmonic expansion,

which allows predicting multipole coefficients and structural

parameters of single particles with given electromagnetic

properties. This method is focused on the design of meta-

atoms and does not solve the problem of determining the

size distribution in polydisperse assemblies. The given study

delves into these methods by proposing a hybrid technique

that combines rigorous Mie theory-based calculations with

deep learning to reconstruct lognormal particle size distribu-

tion parameters from both extinction spectra and scattering

indicatrices. Extinction spectra are sensitive to particle

size over a wide range of wavelengths, and scattering

indicatrices provide information on scattering anisotropy,

which significantly expands the technical capabilities for

monitoring the production of nano- and microparticles.

The method was tested in applied problems related

to the generation of gold nanoparticles by laser ablation

and the formation of ibuprofen particles by method of

rapid expansion of supercritical solutions (a description of

the experimental setup is given in [9]). To automate the

particle sizing process, a hybrid method was developed that

combined rigorous calculations based on Mie theory with

machine learning algorithms. In the first stage, the newly

developed software is used to solve the direct problem of

light scattering and generate extensive databases linking the

particle distribution parameters with their optical response.

For gold particles, we used dispersion relations from

paper [10], the refractive index values for ibuprofen were

measured by us on a refractometer DR-M2/1550 (Atago).
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Figure 1. Architecture of neural network.

At the second stage, the neural network trained on this data

solves the inverse problem — it reconstructs the particle size

distribution based on experimentally measured scattering

indicatrices or extinction spectra. The key advantage of the

approach lies in the ability of the neural network model to

approximate complex nonlinear dependencies, which pro-

vides its significant superiority over classical minimization

methods based on linear approximation. Thus, the proposed

approach expands the possibilities for precise control of

nanoparticle sizes in various technological processes.

The software package performs database calculations

based on Mie theory for spherical particles. The calcula-

tions consider classical problem of scattering of a planar

monochromatic electromagnetic wave with wavelength λ0
by a spherical particle of radius a with complex refractive

index m = p + ik , located in a non-absorbing medium with

refractive index nm [11,12]. A dimensionless parameter of x

size is used:

x = kma =
2πnm

λ0
a, (1)

where km — is the wavenumber in the surrounding

environment. For an ensemble of particles with a given size

distribution p(a), the optical response matrix is calculated as

a convolution of the Mie problem solution for monodisperse

particles. It is assumed that the system is rarefied and

interparticle interaction can be neglected, which is similar to

the experimental conditions (low concentration of particles

in the liquid or gas phase):

Mbase(z ) =
∑

a

Tscat(x , z ) · p(x). (2)

For the extinction spectra z is itself a radiation wavelength

z = λ, and Tscat(x , z ) = Qext(x , λ) — is the extinction

efficiency factor. For scattering indicatrices, z represents

the scattering angle z = θ, whereas Tscat(x , z ) = S(x , θ)
is the scattering amplitude function. For comparison with

the real experiment, the relative magnitude of forward and

backward scattering Ratio(θ) = M for (θ)/Mback(π − θ)
was calculated. As p(a) the lognormal distribution was

chosen, which has proven itself well for describing such

systems [9,13] and is justified by the physics of laser ablation

processes and rapid expansion of supercritical solutions:

p(a) =
1

aσ
√
2π

exp

(

−
(ln a − µ)2

2σ 2

)

, a > 0,

µ = ln

(

M2

√
V + M2

)

, σ =

√

ln

(

V

M2
+ 1

)

. (3)
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Figure 2. The particle size distributions for a sample of gold nanoparticles obtained by scanning electron microscopy (EXP),
”
handwork“

(HW) selection from optical data, and predicted by a neural network (NN), compared. a — experimental and simulated extinction spectra;

b — probability particle size distributions. The observed discrepancy is about 30% and is primarily due to the deviation of the particle

shape from spherical one.
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Figure 3. The particle size distributions for a sample of ibuprofen particles (RESS method) obtained by scanning electron microscopy

(EXP), handwork selection (HW) and predicted by a neural network (NN), compared. a — probability particle size distributions; b —
experimental and model scattering indicatrices. The accuracy of reconstruction is comparable to Fig. 2.

The parameters µ and σ are related through an average

arithmetic size M and variance V . The database formation

algorithm consists of the following stages. First, a parallel

calculation of Tscat(x , z ) is performed for all specified

parameters and the obtained results are saved. The obtained

results are then used to calculate the optical response

matrices using formula (2). To augment the data, Gaussian

noise is added to the obtained results to increase the model’s

robustness to experimental errors. As a result, an exten-

sive database is formed that establishes a correspondence

between the parameters of the log-normal distribution (µ,
σ ) and the synthesized optical response matrices. For

each material (gold, ibuprofen), a separate database was

generated taking into account its optical constants.

To solve the inverse problem of determining the particle

distribution parameters (µ, σ ) based on light scattering

data, a convolutional neural network was developed and

trained with its architecture shown in Fig. 1. The model

deployed using the PyTorch library solves the task of

multidimensional regression [14]. Its purpose is to predict

the parameters of the lognormal distribution (µ, σ ) from

the input extinction spectrum or scattering indicatrix. The

network architecture includes one convolution layer and

four fully connected layers with sizes of 128, 64, 32 and

16 neurons. The output layer contains 2 neurons (µ and

σ ). Further increasing the number of layers does not result

in higher model accuracy; reducing the number of fully

connected layers or abandoning the use of a convolutional

layer leads to a significant (more than twofold) drop in

the quality of reconstruction. Training was performed

on Nvidia RTX 3070 graphics accelerator using Adam

(learning rate = 0.001) optimizer and MSE loss function.
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Figure 4. Loss function values for the training and validation sets and comparison of the predicted distribution with the model one. a —
losses for the training and validation sets depending on the number of epochs with early stopping; b — probability distributions of particle

sizes; c — error histogram for parameter µ.

The batch size was 64. No significant influence of batch

size and training speed on the final result was found.

The input data are pre-normalized and represented as one-

dimensional vectors of fixed length. For the extinction

spectra: 751 points which stands for the wavelength range of

250−1000 nm with a 1 nm step. Experimental indicatrices

were measured at eight angular positions and interpolated to

200 points for feeding into the neural network; indicatrices

calculated with high angular resolution (1◦) were used in

the training set.

The learning convergence was controlled by the dynamics

of the loss function on the training and validation samples

with the training stop function. To validate the method,

databases containing 100,000 unique distributions for each

type of experiment were generated. Figures 2, b and 3, a

show a comparison of the distributions obtained using scan-

ning electron microscopy (SEM) with those reconstructed

by classical
”
manual“ selection and the proposed neural

network model for samples of gold nanoparticles (average
size ∼ 80 nm, obtained by laser ablation in water) and

ibuprofen particles (average size ∼ 200 nm, obtained by the

RESS method). Figures 2, a and 3, b show the result of

modeling the extinction spectrum for gold and the scattering

indicatrix for ibuprofen based on neural network data on the

distribution of particles, as well as its comparison with the

experiment. The average discrepancy between the predicted

and reference distributions was about 30%, which is primar-

ily explained by deviation of the shape of real particles from

the spherical one used in Mie theory. The loss function

graph (Fig. 4, a) shows that it took about 165 epochs to

reach convergence. The neuronetwork model demonstrated

low error of parameters prediction (MSE ∼ 2.5 · 10−3)

on the test sample (Fig. 4, a, b), the accuracy of sizes

reconstruction (within 3%, Fig. 4, b, c) weakly depends

on the particles sizes (within 1 nm−1.5µm). Additional

testing on synthetic monodisperse distributions showed that

the network correctly reconstructs the size with an error

of less than 5% for particles in the specified sensitivity

range.

Thus, the study provides a universal, accurate and

automated approach for determining the size distribution

of submicron particles in real time. The developed

complex method that combines rigorous calculations based

on Mie theory with neural network data analysis, enables

to overcome the key limitations of traditional methods,

such as time-consuming
”
handwork“ selection and linear

approximation.
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The major benefit of this method is the ability of the

convolutional neural network to identify complex nonlinear

relationships between the optical response and distribution

parameters, which ensures high prediction accuracy based

on synthetic data (MSE ∼ 2.5 · 10−3) and fast convergence

(about 165 epochs). Testing the method on real experi-

mental data proved that this method is valid in practice. A

30% observed discrepancy with SEM data is natural and

is primarily associated with deviation of the shape of the

studied particles from spherical, which is a fundamental

limitation of the optical model used, and not of the neural

network approach itself. The obtained results demonstrate

the potential of the method for effective particle size control

in various technological processes.
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