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A BSTRACT PSP

The text of this chapter is based on the following publication:

Dan Chicea, Silviu Rei, A fast artificial neural network approach for dynamic light
scattering time series processing, Measurement Science and Technology, 29(2018) 105201
(15pp), IOP Publishing, https://doi.org/10.1088/1361-6501/aad937 [300].

1. INTRODUCTION

Dynamic Light Scattering (DLS) is an innovative experimental method for measurement of
the properties of small particles (in ranges from 10~ — 10 m) found in suspensions and colloids
[1]. The method is typically used to determine particle hydrodynamic sizes but it could also be
used for determining the speed of movement of the particles or to analyze the flow in fluids.

The technique involves shining an incident monochromatic coherent light beam onto a
sample of fluid containing small particles which are of interest. Each particle absorbs and re-
emits light and acts as a secondary light source. As the particles thermally move, the secondary
light waves combine and create interference patterns. The scattering image which is observed
in a far field is that of boiling speckles. The technique is measuring the intensity variation at a
fixed point. The measurement is recorded into a time series which is used to extract the particle
parameters of interest.

In the current work we will be mainly interested in extracting information regarding particle
size by analyzing the time series obtained from a typical DLS experiment using a novel
procedure using an artificial neural network. The method we considered as reference for DLS
time series processing consists of fitting the analytical form of the Lorentzian line to the
frequency spectrum of the recorded scattered light intensity. A set of artificial neural networks
were designed, trained and tested. The training data consisted of a big set of autocorrelations of
simulated time series for monodispersed spherical particles with diameter in the range 10 —
3000 um. The artificial neural network output precision was tested both on simulated and on

experimental time series recorded on fluids containing nanoparticles and microparticles

Particles, whether nanoparticles or microparticles, when suspended in a carrier fluid, have
a complex motion consisting of both sedimentation and random, Brownian motion [17, 264].
When a light beam is incident on a fluid containing suspended particles, each particle scatters
light and therefore becomes a secondary light source as elastic scattering occurs. We will name
the particles scattering centers (SC). If the incident light beam is coherent, the scattered waves
will be coherent as well, and, consequently, they will interfere in the far field. The consequence
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of the complex motion of the SCs is the dynamic character of the far interference field, which
appears as “boiling speckles”. Several articles report on the variation of several parameters,
such as the average intensity, speckle size and speckle contrast, with the size and the
concentration of the SCs, references [264, 265, 266] being some of them. But the physical
method that exploits the correlation of the speckle dynamics with the Brownian motion is called
Photon Correlation Spectroscopy (PCS) or Dynamic Light Scattering (DLS) and the theoretical
basis of the method is explained in many studies, [1], [7], [33], [267], [268] being just some of

them.

In the early days of DLS, photomultiplier tubes (PMT) were used as detectors. They had
a chain of dynodes maintained at progressively bigger electric potential that produces a pulse
of millions of electrons that is recorded. The PMTs have a fast response, linear over a broad
range with a very good amplification and a narrow pulse with, in the range of nanoseconds
[105]. Photodiodes (PD) were used later on with the improvement called avalanche photodiodes
(APD). P-I-N diodes were introduced in DLS setup later on, as they improve the quantum
efficiency of the device by replacing the depletion region with an intrinsic layer of
semiconductor sandwiched between the P- and N- sides of the diode [105]. An autocorrelator
was another typical part of the DLS setup, and contained the hardware to compute in real time

the autocorrelation of the recorded signal.

As time passed, improvements in the DLS setup were done. A Laser diode can be used
as coherent light source. A PD with a data acquisition system can be used to record the DLS
time series on a PC, which can be used later on to process it, and examples of simple yet
functional experimental setups can be found in papers like [105] and [269], among others.
Certain improvement still can be done in time series processing, towards making the process
faster and less computational intensive, aiming to turn DLS into an almost real time particle
sizing procedure. Using artificial neural networks might be an alternative that can be used to

accomplish this purpose.

An artificial neural network (ANN) is a computer implementation of a model that imitates
the biological structure of a brain. The ANN can be described as being an object that has an
output which depends on a set of input values. It uses artificial neurons which process
information based on transfer functions. The neurons are interconnected and the connections

are described using weights and biases. These complex interconnections enable the code of the

VII



ANN to “learn”, that is to iteratively update the weights and the biases, using a large set of input

values in such a manner to compute the expected output.

Once the ANN is trained, it can perform different tasks that emulate intelligent actions.
Some of such actions are to compute the output of a function that has an unknown analytic
form, based on the training of the ANN with sets of input data with known output. Pattern
recognition, like faces and objects classification, image processing, sound filtering, general
regression are some examples where ANNSs are successfully used. The limits in using ANNs
are imposed by the human imagination and skills in representing the problem correctly, within
the limits of the universal approximation theorem [172, 173, 174]. This often leads to proper
selecting of the type of ANN, of the training algorithm and training set of data. The ANN
concept is not quite new and has been explained in detail in books like [178] and [270], among

others.

ANNS s have previously been considered for data processing in Physics and, in particular,
in Optics. Reference [271] reports on using the polarized light signature in the shape of Mueller
matrix as input for a ANN. The trained ANN was successfully used to detect amino acids and
other solid organic compounds. Reference [272] reports on using ANN to retrieve the size and
the refractive index angle-dependent light scattering measurements. Reference [273] presents a

procedure for measuring the radius of spherical particles using the angular distribution of the

Amplifier
/. 1
Filter H

Soundcard

Figure 1. DLS Experimental Setup Example

scattered light and a three level ANN. In [274] the authors present a pattern recognition ANN
approach in a flow cytometer type design together with the results in identifying the presence

of hazardous fibers, like asbestos, in air. Reference [275] presents the results on assessing the
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size and the refractive index of suspended particles from angle-dependent light scattering

measurements using a radial function based ANN.

The work presented should be viewed as a step toward designing a miniature DLS particle
sizer, stand alone type, that uses a very light computing platform, rather than a PC or a laptop

computer.

The experimental setup used for testing the algorithm proposed, presented in Figure 1
consists of a He-Ne laser, 10 mW, working in continuous regime, a 5 ml diameter circular glass
tube for sample, a detector, a preamplifier with a linear response in the audio frequency range

and a PC.

2. THEORETICAL FOUNDATION OF DYNAMIC LIGHT
SCATTERING

Due to Brownian motion the particles from the sample under investigation are
constantly translating and rotating, which creates fluctuations in the dielectric constant of the
medium. The suspended particles can be viewed as secondary light sources. If the incident light
is coherent, the secondary light waves emitted by these sources are coherent, therefore they
interfere, both in constructive and destructive way, leading to a “boiling speckles” aspect of the
far interference field. The fluctuation of the intensity of scattered light in a point is the result of
the change in phase of the scattered light. Basically, we can easily reason that the faster the
particles move, the faster are the fluctuations of the intensity measured. Also, due to Brownian
motion, the smaller particles move faster than the bigger particles, as it can easily be seen in the

Einstein-Stokes relation [1].

kpT

D =-2L (1)

3nn

In (1) D is the diffusion coefficient which indicates how fast the particle diffuse, ks is
Boltzmann's constant, 77 the dynamic viscosity coefficient of the solvent, 7 the temperature of

the sample and d the hydrodynamic diameter of the particle.

The approach on which we will rely as frame for our further ideas is described in detail in
[1], [6], [104], [105]. The method uses the scattered intensity time series measured with a data
acquisition system and then computes the power spectral density, which is the frequency

spectrum of the experimentally recorded intensity of the scattered light. The power spectral
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density is then fitted to the Lorentzian line, described by equation (2), using a nonlinear least

square minimization procedure, and the parameters of the best fit are determined.
— a1
S(f) - aO (27.[ )2+a% (2)

In this expression, frepresents the frequency in the spectrum, and a¢ and a; are parameters.
The parameter ay is scaling the shape of the function to reach the initial value. The parameter

a; is directly related to the size of the particles, as of equation (3).

__ 2mkgTq?
- 6mna,

3)

In this equation (3), the variables have the following meaning: k3 — Boltzmann's constant,
n — the dynamic viscosity coefficient of the solvent, 7 — temperature of the sample, q — the

modulus of the scattering vector, as described by equation (4).
q =" sin(3) “)

In equation (4), n is the refractive index of the solvent, 4 is the wavelength of the laser

light in vacuum and 6 is the scattering angle. The procedure involves finding the two parameters

Time Series
(Stochastic)

Sample of

Dynamic Light Scattering
Interest

Fourier Transform
(Fast Fourier Algorithm)

Particle S_ize Lorentzian Fitting Frequency
Information Spectrum

Average
Particle Size

Figure 2. The flow chart of the reference DLS procedure

and then, based on parameter a;, estimating the average particle size using equation (3). This
method was considered as reference in assessing the DLS diameters, hereafter reference DLS

diameters. Figure 2 illustrates the flow chart of the reference DLS procedure.

The artificial neural network approach proposed by us involves computing the
autocorrelation for the intensity of the scattered light intensity time series rather than the power
spectrum. The method is based on recording the scattered light intensity 1(6, t), calculating the
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autocorrelation for the recorded time series and then, using a numerical method for non-linear
least squares fitting, determining the diffusion coefficient and therefore the particles average

hydrodynamic diameter.

When we compare the intensity of the scattered light at two different moments,
separated in time by 7, the values will most likely be different and uncorrelated. If the time z, is
comparable with the characteristic time of the fluctuations, the two values will be quite similar
and most likely correlated. As this time is increased from zero to infinite, the correlation is
decaying, from perfectly correlated to not correlated at all. As the fluctuations in the intensity
are related to the particle sizes, namely, smaller particles generate faster fluctuations, the

autocorrelation function will decay faster for smaller particles.

For a quantitative relation, there are various ways to extract this information from the
time series. The method which we will consider as reference uses the time correlation function

for the intensity, defined as:
- - - . 1 T > -
G(Z) (q: T) = (IS (q' t)IS (ql t + T)) = Tl'z)olo F fo IS (q' t)Is(Q: T)dt (5)

As we can see in the definition of the autocorrelation function, the intensity of light at
time ¢, I;(g, t), is compared with the same signal but delayed with time z, I;(g, t + 7), for all

time values 7 ranging from 0 to infinite. At zero time delay, the signal is perfectly correlated:
Lim(1,(d,0)15(, ) = (I2(@)) (©)

At a delay time much bigger than the fluctuation characteristic time, T > T, the signal

is not correlated at all
lim(1(3, 00144, 7)) = (1))’ (7)
This means that the autocorrelation decays from the mean-square value of the intensity
to the square of the mean.

For practical reasons the normalized autocorrelation function is used:

2 — {I5(4,0)I5(4,1))
g (q' T) - (Is(a))z (8)
A similar autocorrelation function can be calculated, but for the electrical field

(Es(4,0)Es(q,7)) )

o) _
970 == G
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The two autocorrelation functions are connected via the Siegert relation [278], which in

its most general form can be expressed as:

9P, = 4(1+ gD (g D]") (10)

Where f is a factor describing the spatial decoherence of the scattered light over a
detector, determined by the ratio: speckle area — detector area, and having values between 0 and
1 and 4 determines the baseline. When the area of the detector matches the area of the speckle,

the spacial decoherence factor is exactly 1.

To connect the above autocorrelation functions to the particle size, we need to consider
not only the viscosity of the solvent and the temperature, but the diffusion coefficient, D, as
well, which describes the Brownian motion of the particles. For a polydisperse system of
particles, and considering the above, the electrical field autocorrelation can be derived as a

distribution of exponentials
gV @ = [ Ge TTar (11)

Where G(I') is the normalized distribution of exponentials and I' = g?D, with g the
scattering vector and D the diffusion coefficient. This last equation can also be expressed as a

sum of exponentials, for a non-continuous distribution, as in equation (12):
gV @) = X3y Ane™ (12)

For true monodisperse systems, the autocorrelation of the electric field becomes a single

exponential:
gl @ =e"" (13)

In equation (12) the coefficients A, describe the contributions of particles with different

diffusion coefficients, hence different particle sizes, to the overall autocorrelation decay rate:

In
Don =22 (14)

As what we measure is intensity of the scattered light and not electrical field, we shall

go back to the intensity autocorrelation, integrating all the above information. The intensity

autocorrelation can be expressed as:
gP@) =1+ YL, aePia’t (15)
Or

gP) =1+ [ AD)e™PTtdD (16)
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For monodisperse solutions, the autocorrelation can be written as
(2) — -Dq?t
g@ ) =1+ Be (17)

We can extend the normalization procedure of the autocorrelation by subtracting 1 from
the right part of equation (17) to simplify the shape and to use a simply decaying exponential

function, which we actually did and used in this work.

The problem of evaluating the particle diameters can then be reduced to finding the
parameters of the autocorrelation function, more precisely the diffusion coefficient D, which
can then reveal the particle diameters using the Einstein Stokes. This can be done by a nonlinear

least square minimization procedure, not used in this work.

The approach proposed relies on a much faster numerical method, which uses an ANN,
which has as input the normalized autocorrelation function derived from the intensity signal

and offers as output the average particle diameter, in one step.

Sample of Dynamic Light Scattering
Interest

Time Series
(Stochastic)

Time Series Analysis

Particle Size
Information

Neural Network Autocorrelation
Pattern Recognition Function

Average
Particle Size

Figure 3. The flowchart of the ANN based DLS procedure

Figure 3 shows an overview of the novel procedure. The numerical fitting and the post
fitting calculations were completely removed and replaced by an ANN, which does these
actions in one step. One of the main reasons for such a replacement is to be able to miniaturize
the computing system used for the calculations needed. The reference classical method requires
numerical fitting and experience showed that the method needs human intervention, to adjust
the fitting parameters, hence it is not fully automated, also it can be made so, at the expense of

the computation time. The fitting itself generates a lot of floating point operations and even

XIII



more important, the fitting is required each time a diameter is evaluated. For these reasons the
classical method requires a computational platform having enough power and memory, usually
a PC. The ANN method requires indeed training of the ANN which also involves large number
of computational operations, but this is done only once. As soon as the ANN reaches the mature
level, as a result of training, it can be exported to a weaker computational platform, which is a

key for miniaturization.

The ANN method is based on the universal approximation theorem [172], [173], [174].
This theorem states that a feed forward ANN with one hidden layer of finite size, can
approximate continuous functions on compact subsets of R". If ¢ is a monotonic bounded non-
constant continuous function, /, the unit hypercube in m dimensions and C(7,) the space of
continuous functions on 7, then, for any >0 and any function f € C(1,,,), there exists an integer

N, constants v;, b; € R and vectors w; € R™, with i=/,...,N so that:
F(x) =X vipw{ + b)) (18)
is an approximation of the function f, where f'is independent of ¢, or:
|F(x) = f()] <e (19)
for all x € I,,. This is true also when I, is replaced with any compact subset or

This means that a ANN of the type described is an universal approximator. Cybenko
[172], demonstrated that this theorem is true for sigmoid activation functions and Hornik [173],
showed that the approximation power of the ANN is not related to the activation function but
to the architecture of the ANN, which generalized the theorem from sigmoid activation

functions to any activation functions.

X1V



3. DEVELOPMENT OF A DATA ACQUISITION SYSTEM FOR
DYNAMIC LIGHT SCATTERING MEASUREMENTS

The problem of determining the particles size is equivalent to finding the correspondence

between the set of ACRs and the correct average hydrodynamic diameter of the suspended

a Record Time Series for Testing Generate Time Series for Training

\\/"/"' \\ \/ o
Estimate Particle Size with Train the Neural Network TSNS Generated Time M
Series Matrix

Lorenzian Least Squares Fitting

1 /Repeat
i Training if 1
Ly i
: ecessary Vs s
i
i

mma Validate / Test the Neural Network i

>

I
*
--»  Recorded Time
Series Matrix
- L
= \/
Exported Neural Network:

+  Weights Matrix
* Biases Matrix

Figure 4. Neural Network Generation Procedure

particles. This is quite similar to fitting a mathematical function, which, we hypothesized that
can be solved with a ANN with a proper architecture, transfer function and correctly prepared
input and training vector. As with any problem that can be solved with NNs, the most important

point is to correctly represent the problem in the ANN space.

As briefly mentioned before, the artificial ANN is based on a number of interconnected
units called artificial neurons, structured in a certain architecture, usually in layers, and capable
of communicating with some of the other artificial neurons. A ANN has several key
components which together with its structure define the architecture of the ANN: a set of
elementary units called neurons, connections between units, defined by connection weights and
a set of functions for data processing. These functions can be a propagation function, an
activation function and an output function. Also included in the ANN architecture is the

learning strategy, used for adjusting the network to the problem
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For finding the optimal ANN, we used an automated algorithm presented in Figure 4.

Select the Time Series Set

Physical Parameters:

=  Particle Size Range (nm)

= Step Size (nm)

=  Temperature {C)
Medium:

« Refractive Index

*  Viscosity
Light Wavelength (nm)
Scattering Angle (deg)
Sampling Frequency (Hz)
Time Series Duration (s)

Select the Time Series Set
Configuration:

= Sampling Frequency (Hz)

= Time Series Duration (s)

=  Number of Time Series / Size
= Type of Noise Injected

Figure S. Time Series Matrix Generation Procedure Using the Harmonic Functions Method

For each particle size
in the particle size
range generate N

time series with the
configured Noise
injected

Time Series Matrix

The big set of autocorrelation sets used in training the ANN was computed on simulated

time series that had both a 50 Hz and harmonics noise and a random noise added to it. This

algorithm used in generating DLS time series, with noise, presented as an overview in Figure

5, is another novel aspect presented in this thesis being a simple procedure that uses

deterministic functions (harmonic functions) to produce the output of a stochastic system.

Figure 6 presents the top view architecture of the miniaturized device mentioned.

Sensor
Module

Data
Acquisition
Module

Control/Configure

Digital
Time
Series

Digitization Module

Computing/HMI Module

Human
Machine
Interface

Computing

Module

—

21n81juoa/|0l3uo)

Figure 6. Abstract Top View of the System Architecture

The following modules are considered as part of the system:
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- The sensor module. This module has the role of transforming the light
intensity in a stable and accurate electrical signal, within the voltage ranges
required by the next module.

- The data acquisition module. This module has the role of sampling and
digitizing the electrical signal coming from the sensor module.

- The computing module. This module takes as input the digital time series
and performs all the mathematical operations needed to obtain an estimation
of particle size.

- The user-machine interface. This module allows the user to configure the
system as well as to view the results of the estimation offered by the
computing module.

Even though the Sensor Module and the Data Acquisition Module are independent, they
will work together in what was named Digitization Module. Also, the Computing Module and
the Human Machine Interface are not necessary one module, but they will work together in a

module named Computing/HMI Module.

Going from the abstract architecture towards a more practical view, we shall have a look
at the needed parts for the device to function correctly. A brief description of each module
follows.

The sensor module is responsible for transforming the light intensity signal into an
electrical signal. The output is an analog voltage. This module does a little bit more than just
the measurement. It consists of a laser diode, a photo resistor, an amplifier and a cuvette to
place the sample in. The laser diode, due to the objective of having the entire device
miniaturized, is very small, similar to a laser pointer diode. The entire setup has to be placed in
a dark chamber with black walls.

The sensor — data acquisition module shall be built in a way that would allow full
flexibility of the device. Due to the complex interaction patterns of the parameters, as we can
see in the analysis presented in detail in this thesis, the system shall be designed in a way that
would allow the system to self-adapt and adjust to the various possible conditions. We
implemented two layers of signal conditioning, one in the hardware of the system, implemented
in the sensor module, and one in the software, more accurately called time series conditioning,

presented in detail later.
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The sensor module should have 4 sensing units, placed at different angles, and controllable
from the control unit of the acquisition module. The sensor module should also have a laser and
a cuvette for the sample. The design and geometry of the sensing unit is the result of the
investigations in the previous chapters. Figure 7 shows the concept schematic of the entire

discretization unit, sensor + data acquisition module.

Discretization Module

N
Sensor 3

Angle: 90°
Sensor 2 (

,<\-1>\ Sensor 4

LASER %) Angle: 170°

Data
Transfer

Data Acquisition
Control Unit

Temperature
Sensor

S

Control

Sensor Module Data Acquisition Module

Figure 7. Concept Schematic for the Sensor - Data Acquisition Module

As the temperature plays a major role, affecting both the scattered light intensity and the
roll-off frequency, we decided to design the system so that there is also a temperature sensor
available. The sensor can provide the temperature in the dark room. The reading of the
temperature can be done on request of the computing module. The computing module can use

this value to perform some corrections on the estimated values for the particle size

The small room in which the sample is placed should be completely dark, to avoid any noise
generated by environment light. In addition, the walls of the room should be painted in a dark,

light absorbing paint, so that there are no parasitic reflections which reach the sensors.

The algorithm of the computing module will decide the optimum sensor based on several
factors. If the first reading reveals a too low intensity, the system shall try again with a lower
angle sensor. All the decisions are taken at the level of the computing platform. The data
acquisition platform shall offer the software functionality of reading a selectable sensor for a

configurable frequency and time series length.

What is important is that the signal is representing with high accuracy the light
fluctuations resulting from the sample.
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The input for this analog-to-digital module is the analog voltage signal. Using an analog-
to-digital converter this module generates a series of numbers. These numbers are stored in the
memory of the device or can be transferred to the computing module. For this process there are
various possible options: integrating from the market a data acquisition module, implementing
an own data acquisition module or adapting an existing system to work as a data acquisition
module. We investigated the characteristics of a data acquisition module and we looked deeper
into the option of implementing an own data such system.

The computing module processes the digital time series, performs various mathematical
and computational operations and offers as output information about the particle sizes. The
computing module also controls the data acquisition system. Here we also have several options
which we can use. We investigated and implemented the following options:

e a Matlab implementation of a computing module, running on a PC,

e aJava implementation running on an Android device (smartphone, tablet),

e a Python implementation running on a small Linux computing platform (for
example a Raspberry Pi with screen or headless)

e a web html/javascript implementation running in a browser, no matter if on the PC

or on a smartphone.
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4. DEVELOPING THE ALGORITHM FOR DYNAMIC LIGHT
SCATTERING DATA PROCESSING

The algorithm proposed by this work allows a lot of flexibility which in the end leads to maximum

portability of this solution.
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Figure 8. The Artificial Neural Network Approach Proposed for Estimating Particle Sizes

The core of the computing module is the ANN algorithm which will be extensively used
by the end-user. Input is provided to the neural network in the form of a time series and then,
based on the imported weights and biases, the network will estimate the particle size. The
overview of the estimating engine is in this part, presented in Figure 8. In a first step the
autocorrelation function is calculated numerically, with a preselected number of lags. Then each
of the values of the autocorrelation lags is sent to one neuron from the input layer. The first lag
to the first neuron, the second to the second and so on, but each time the same order of lag to
the same neuron. The neural network will offer as output the average estimated hydrodynamic
particle diameter.

This part is implemented in the computing module together with an additional support part
which has the purpose to manage the data acquisition system. This support and acquisition
management part provides the feature of software signal conditioning of the raw time series
offered as input to the neural network, but also manages dynamically the behavior of the data
acquisition system. The main idea of this part is to provide the right readings and a properly
prepared time series to the right neural network. Because we target measurements of a wide

range, both in air and in water, and as we have seen the scattered light varies widely in these

XX



target ranges, both in intensity and in frequency spectrum, we need to reduce the variation of
the input. Also, for certain combinations medium-particle size, different measurement angles
need to be used. For example the measurements of particles in water at an angle of less than 30

degrees is not really possible with 633 nm light while on the other hand for air, we need angles
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Figure 9. The Data Acquisition Management Algorithm

of less than 30 degrees to measure particles with the same light type. Also, even for the same
medium, it might be favorable to select a lower or higher angle based on where in the particle
range is the particle size placed. When we have a low angle we have higher intensities, allowing
us to measure light scattered from smaller particles, but for particles in water for example, we
also have the frequencies in the spectrum more close to each other for different sizes, making
it harder to distinguish close particle sizes. Even more, we can implement a plausibility check
by measuring at 2 different angles at the same time and sending the data to two parallel

networks, cross-checking the answer to verify if the response is correct.

This is the reason why we designed the sensor module with 4 sensors and we need to
implement an intelligent strategy for reading the sensors so that we can get the maximum
precision from the neural network. The idea of the control algorithm is implemented as follows.
First the user selects a medium, water or air then requests via the interface a measurement start.
The computing module will request a temperature reading to the data acquisition. It will store
the value received for later use. Then the computing module will request a time series recording

from one of the sensors. The selection of the sensor, and therefore of the measurement angle,
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is related to the medium selection. This first reading has the purpose to offer data for the system
to evaluate roughly in which part of the size interval is the particle size placed. With this time
series, a first neural network, different for different medium, will estimate the rough size. The

temperature reading is also used as input.

Based on the particle size in the interval, the computing module will request an additional
time series reading, for a more precise determination. Again, the most suited angle will be
selected, based on the medium and particle size in the range. The time series recorded will be
processed with another neural network, specialized for that specific angle and range. For better
precision, we could have tens of neural networks implemented. For example for a size range of
1-1000 nm we could have 10 neural networks for each angle, each of them for a different range:
1-100, 100-200, 900-1000 nm. This would allow a more precise determination as the network
is specialized for those conditions. The general neural network will be trained for the entire size

range and function as a first assessor.

The Human Machine Interface depends on the selection of the computing module,
running together with it. It can either be the Matlab standard interface (for the Matlab
implementation of the computing platform) or it can be an Android application, a web page or
a touchscreen interface (for the standalone computing platform Raspberry Pi).

The solution proposed can run in the following combinations:

- A PC running Matlab, with a soundcard (or an USB soundcard) used as data
acquisition module and with the sensor module connected to the soundcard

- A PC running Matlab, with the sensor connected to the own implemented
data acquisition system, connected to the USB port of the PC

- A small, standalone device, with touchscreen, containing all the modules in
one

- A small, standalone device for data collecting and storing, which can later
be connected to the USB port of the PC for downloading of data and analysis

- The sensor and the data acquisition system connected to the USB of the PC
for computing in a web page

- The sensor and the data acquisition system connected via Bluetooth to either
a smartphone, tablet or PC, each with a application allowing computation of

results.
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5. PRELIMINARY SIMULATION AND TESTING RESULTS

We performed a detailed analysis on how should the data acquisition module be constructed

together with details about how the computing platform should be designed. As a result of this

analysis, we can conclude that, from intensity of scattered light point of view, we can be able

to measure particles in the range 5-1500 nm, with the correct choices in the configuration of the

system. From the list of parameters listed in the previous paragraph, we can control: the

scattering angle, the light intensity, the light wavelength and the distance between sensor and

scattering volume, and sometimes we can control also the concentration of the sample. As we

have seen, one specific major problem for a miniaturized system is to detect the small intensity

variations for the low end range of sizes. To maximize the scattered intensity we have the

following possibilities:
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Using a low scattering angle: this makes sense judging only from the intensity point
of view, but extra-care should be taken here as the scattering angle influences also
the roll-off frequency in the spectrum, as we will see in the next chapter. For

particles in water, using a low scattering angle is not optimal in all situations.
Using a small distance sensor-scattering volume

Increasing the initial light intensity by using a high power laser: this should also be
used with extra care, as the laser power affects directly the temperature of the
sample. The higher the laser power, the higher the temperature increase induced in
the sample. The temperature, as we have seen, affects both the light intensity through
the refractive index, but will also affect the roll-off frequency, which will lead to
very imprecise measurements. [deally, the laser should be as low power as possible,
so that the heating effects are reduced to a minimum. The problem of studying the
heating effects of laser on nanoparticle solutions was already addressed in several
papers such as [148] [149][150][151] and, as the topic is out of scope for us, we will

not place details here.

Using a low wavelength for the light: this parameter affects also the roll-off
frequency and we, again, need to be careful when adjusting it. However, this
parameter will not be adjustable in the final system, as that would mean to have

various laser types, which is considered impractical.

Increasing the concentration: this may or may not be possible, depending on the

measurements conditions. For example for real-time measurements on the field, for



particles in air for example, it will be difficult to adjust the concentration. Also, most
of the time, only dilution is possible.

e Anadditional idea to increase the size range is to use an analog sensor and to amplify
the signal from the sensor with a performant amplifier. Of course this can work only

if the sensor is still able to detect low light variations.

But, none of these rules can be applied blindly because, as we have seen when analyzing
each of them, they all have influence on other key parameters than just the scattered intensity,

and even the influence on the scattering intensity is quite complex.
We found that it is realistic to target the following ranges for our own designed system:

e Medium: air. Range: 5 - 1000 nm
e Medium: water. Range: 50 — 1500 nm

To achieve the proposed ranges, we need to use a smart combination of parameters, in a
dynamical way, in order to be able to assess the selected range of particle sizes, both for water
and air solvent. Figure 10 shows the general picture of the dependencies between physical

parameters and data acquisition performance parameters.

Number of Particles in the i Dwm‘ mﬁﬂg RE]BW@BFHHIE‘BI’S
Scattering Volume T R .
Particle Material
Refractive Index/Density
Medium Material

Refractive
Index/Density/Viscosity

e
— v s
(deg) e nm)
Sensor-Sample Distance £ e 7\ » \\
(mm) [ TN
Light Wavelength =i i
(i) = /‘ Rol[—Off Frequency

' ".ﬁ‘r’@:ﬁmum Famﬁfﬁm J

(nm)
,-'.

Laser Characteristics
Power/Spot
Diameter/Divergence

Light Sensor Resolution | i
(W/m2)

Data Acquisition Module Parameters ' Global Device Parameters /
] Performance Requirements

Figure 10. Light Scattering, Sensor, Data Acquisition and Global Device Parameters and Connections between Them

As the interactions are quite complex, we cannot state a clear value for all the parameters.

We performed and extensive and detailed analysis on the impact of each of these parameters
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on our system. One of the purposes of this exercise was to find out first if it is possible and

realistic to design a system for the medium and size range targeted, and the answer is yes, we

consider it is possible. The other purpose was to picture and realize the connections between

variables.

We summarize the main parameters of the data acquisition system in Table 1.

Data Acquisition Parameters Global Device Parameters
Data Time Series ADC Minimum Maximum | Medium
Acquisition Maximum | Representation | Particle Size Particle
Frequency Length (bits) (nm) Size
(Hz) (seconds) (nm)
16000 4 16 50 1500 Water
16000 4 16 5 1000 Air

Table 1. Device Parameters Overview

After a review of the objectives and of the theoretical foundation for signal processing, we

identified the key physical parameters which influence the design of the system. We

investigated each parameter in detail and evaluated what should be the target performance of

our acquisition system. We reached the following performance requirements:

e Particle size range:

o In water: 50 — 1500 nm
o Inair: 5 - 1000 nm

e Acquisition Frequency: 16000 Hz

e Acquisition Time: 2 seconds

e Acquisition Angle: 5, 30, 90, 175 degrees

e Laser Power: 0.05-10 W

e Sensor Resolution: 0.001 W/m?
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We also concluded that there is no single universal solution, therefore we need to design an

adaptable system, capable of switching between various configurations.

After all the executed tests and simulations for the ANN algorithm, we established that we
will use a mx100-n-1 neural network with Fletcher-Power Conjugate Gradient training
algorithm in the next steps of tests. However, these is just a rough indication on the
configuration of the network, as the actual network configuration needs to be fine tuned to be
optimal for the problem to be solved. For this configuration we will use the neural network

hidden layer size tool for 2 main time series training:

e Particle size range: 1-1-1000 nm, scattering angle: 4°, wavelength: 532 nm,

temperature: 20C, sampling frequency: 16 kHz, time series length: 2s

e Particle size range: 1-1-1500 nm, scattering angle: 90°, wavelength: 633 nm,

temperature: 20C, sampling frequency: 16 kHz, time series length: 2s

6. EXPERIMENTAL AND PERFORMANCE RESULTS

We will describe in the next paragraphs in a first step the procedure we used to generate
the time series used for training the ANN. In order to use a ANN for solving a particular
problem, the ANN structure has to be trained for it [178], [270]. Training requires big amount
of data, consisting of sets of inputs with known outputs. The input to a ANN cannot be the time
series, which can have different lengths and look totally different from each other, yet being
produced by the same SCs. The work in [276] used NNs trained with the frequency spectrum
of the intensity of the scattered light, also known as the power spectrum and the details will not
be repeated here. In the work described in this paper we will use the autocorrelation of the time
series, which, as previously shown, has the same unique shape for SCs of a certain diameter,
regardless the length of the time series, should this length be bigger than a minimum value and

this aspect is presented in this subsection.

Using recorded experimental DLS time series is not a solution, because the typical latex
balls have a certain error in manufacturing them for a particular diameter. Moreover, they
cannot be manufactured with a diameter step of 1 nm with a good precision, which is the

diameter step we used in generating the inputs.

The alternative was to simulate DLS time series with the desired diameter, frequency,
scattering angle and number of data points. The time series generation algorithm is actually an

improvement of the algorithm used in [276]. The fast Fourier transform algorithm [101], [280]
XXVI



can be used to compute the absolute value of the frequency spectrum of the light intensity time
series, also known as the power spectrum (PS). We can compare the spectrum calculated from
the experimental data with the theoretically expected spectrum, which is described by the

Lorentzian line S(f) (2) [7], [281], and this is used in the reference DLS.

The challenge we met at this stage was to produce the outcome of a stochastic system,
which is the time series produced by coherent light scattered by a suspension, using a totally
deterministic procedure. Such a simple procedure consists of summing harmonic functions, like
sine or cosine, having different frequencies and amplitudes, at different times, to compose the

time series. Equation (20) describes the sum:

x(®) = XN A(f) - sin@rfit + @) (20)

In (20), A(fi) is the amplitude of the i-th component, f; is the frequency of the i-th
component, @; is the initial phase of the i-th component, t is the time when we compute that
particular data in the DLS time series and Nt is the number of frequencies used in generating
the time series. The ag is selected to be a fixed value, of the order of tens, the same for all series,
while is calculated from equation (3) for each particle diameter, hence radius R. A(f)) was

selected to be the square root of S(fi) computed with equation (2).

All the o; initial phases were generated using random numbers with uniform distribution
in [0, 2x]. The f; values were generated equally spaced in the interval [0, fi/2], where f; is the
sampling rate of the data acquisition system supposed to have recorded the time series, sampling
rate hereafter. The reason for not using frequencies bigger that fy/2 is explained by the
Whittaker—Nyquist—Kotelnikov—Shannon theorem [58, 282, 283, 284, 285], which in Shanon’s
version states: “If a function x(t) contains no frequencies higher than f hertz, it is completely
determined by giving its ordinates at a series of points spaced 1/(2f) seconds apart” [101, 280].
Moreover, having a time series recorded or generated with a sampling rate f;, the fast Fourier
transform will produce a frequency spectrum in the interval [0, fs] that is symmetrical to fs/2
[101, 280]. The amplitude A(fi) of the i-th component is determined using the square root of
S(fi).

For a best use of the computation resource during training data generation process, we
investigated the influence of the number of frequencies Nr and of the number N; of data
contained by the time series, on the precision of assessing the diameter. We concluded that the
best result for a generating a time series with Nt=2" data is obtained when the time series is

generated using a minimum number of N=2"! + 1 frequencies. Also, the time series that can
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be used in training the ANN should have a number of data N=2" where n should be minimum
13. For a time series having N=2"a number of frequencies N> 2"+1 should be used, in order

to get an accurate diameter when computing it with the reference DLS algorithm.

For the purpose of solving the problem of determining the particle size with a ANN, we
used a supervised training model. We will describe below in more detail the steps we performed

for training the ANN.

First we generated the set of time series for selected diameters. We selected n=15,
therefore each time series had 32768 data points and a number of 16385 frequencies were used
in generating each of them. The range of diameters was 10 — 1200 nm and 20 time series were
generated for each diameter. The step for increasing the diameter was 1 nm. Random numbers
with uniform distribution in the [0 — 27t] were used in generating the phase ¢; of each harmonic
component, which assured that the series generated for the same diameter were not identical
and corresponded to slightly different diameters when computed with the reference DLS

procedure. The angle was chosen to be 90° and the data acquisition frequency 16000 Hz.

Moreover, as the electric power grid was operated at 50 Hz, we added noise to the
generated time series, consisting of a sum of sine functions, as in equation (20), having
frequencies of type 50*i, i being a natural number in the range 1 — imax. Imax is the sampling
frequency divided by 50, therefore it is the maximum frequency of the 50 Hz harmonic that is
smaller than fs. The amplitudes of the 50 Hz noise harmonics decreased exponentially with the
number of the harmonic, as in equation (21), where Ay is the amplitude of the time series,
assessed as the difference between the maximum and the minimum of the time series and i is
the harmonic number. The initial phases of the harmonics @i were generated using random
numbers with uniform distribution in [0, 21t]. The power grid noise time series xn, was computed

apart from the time series and added to it.
X (£) = 2% 0,03 - Ay - exp(—0.25 - i) - sin(2ufit + ;) 21)

In addition to the 50 Hz noise, random noise was also considered. The random noise time
series, xn, was computed apart from the time series using equation (22), where Nmgq is the
number of frequencies f; generated using random numbers with uniform distribution in the

range [1 — f;]. For the work reported here Nig was selected to be 300.
x,(t) = Z?]:r{‘d 0.01 - A - exp(—0.005 - i) - sin(27zfit + ;) (22)

After computing the series with the power grid noise and with the random noise, these

series were added to the generated time series to produce the (relatively) noise time series. The
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particular values of the coefficients in equations (21) and (22) were selected after a trial and
error process of comparing the frequency spectrum of the generated time series with the
frequency spectrum of the experimentally recorded DLS time series. We must mention at this
stage that this feature of adding noise in data used for training NNs is crucial for producing a

ANN that can handle experimental time series as input, as they contain noise.

The second step consists of computing the ACR of each time series. This was achieved
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Figure 11. The ACR of three computed time series with noise added, for diameters of 100 nm the blue continuous line,
700 nm the red dashed line, and 1200 nm the black dots

using the Matlab function autocorr. The ACR of each time series was computed on 350 lags

and loaded as a column in an array with 350 lines and as many columns as the time series. The

targets were the diameters computed for each time series using the reference DLS procedure.

Figure 11 illustrates the ACR of three computed time series with noise added, as described
above, for diameters of 100, 700 and 1200 nm.

Examining Figure 11 we notice the effect of the added noise as a distortion from the ideal
exponentially decaying form. The distortion is evident on the ACR of the time series generated

for smaller diameters, as the ACR gets closer to the lags axis faster than the ACR of time series
generated for bigger diameters.

The Matlab package was used in generating and training the ANN which was a ANN for
fitting type, having three layers, as previously described. The first (input) layer had 350 neurons,
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the hidden layer had 26 neurons and the third (output) layer had one neuron, as the output is the
average diameter. The training algorithm was Levenberg-Marquard [286]. Training stopped
after 58 iterations, as the regression coefficient R value reached 1. Training lasted for 38
minutes on a laptop having an Intel 17 7300 processor. 70% of the data sets was used for

training, 15% for testing and 15% for validation.

A Matlab function was generated at the end of the training process, having the arrays with
the biases and weights saved in the code, which makes the function portable to other platforms,

like Octave and allows an easy translation to other programming languages.

In order to compute the diameters using this function, the ACR on 350 lags of each time
series is computed first and placed as a column in an array. Running the function involves
matrix multiplications and addition, which is less computing intensive than fitting a function to
data using a nonlinear minimization procedure for the y?, which involves a big number of

function evaluations.

After implementation, the algorithm and approach proposed was tested in detail both on

simulated and experimental data. We will briefly review some of the results here.
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Figure 12. The relative errors versus the reference diameter

First, we tested the approach using simulated data. The ANN was tested on the simulated
data that was used for training it, more precisely on the whole set of data, not only on the 70%
of data chosen for training. The diameters that were used as targets were computed with the
reference DLS method. We named these diameters reference diameters, drer. These reference

diameters were compared with the diameters computed with the ANN, hereafter ANN
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diameters, dnn. Plotting the ANN diameters versus the reference diameters them will reveal a
straight line, if observed by eye, therefore we will not present it here. More relevant is an

analysis of the relative errors, err, expressed in %, defined by equation (23).

err = “N=5rel . 100 (%) 23)

rev

A plot of the relative errors versus the reference diameter is presented in Figure 12.

Figure 12 reveals that the relative errors are bigger in the diameter range smaller than 500

nm and are negligible for diameters bigger than this value. Looking deeper, we notice that the
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Figure 13. The relative errors versus the reference diameter — the small diameter range

errors are quite big in the very small diameter range. A possible explanation is related to the
added noise in the generated data, which distorts the ACR of the time series generated for small
diameters much more than the time series generated for bigger diameters. Zooming in Figure
12 in the small diameter range we find Figure 13. We notice that for diameters bigger than 40
nm the relative error is smaller than 3% and decreases fast with the diameter, therefore we can
conclude that the ANN approach for DLS time series processing is accurate for diameters in
the range [40 — 1200] nm.

The next set of tests we performed on experimental data. For the reference, non ANN
procedure, we used a data set measured on samples containing yeast, for the ANN approach we

used three data sets: clay, milk (proteins) and waste water.

The first experimental data set was using the reference procedure which evaluates the

particle sizes by a non-linear least squares fitting and not the artificial neural network approach.
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The purpose of this is to present an example which illustrates with experimental measurements

the reference procedure.

To obtain the particles suspension, small amount of solid “baker's yeast”
(Saccharomyces cerevisiac) was dissolved into water. A concentrated brown sugar solution
(15% weight in water) was created. A yeast suspension with volume of 0.2 cm3 was added to
3.5 cm3 of syrup and placed in a cuvette in the path of a laser beam (632 nm). The sample

temperature was 20 degrees C. The intensity of light was monitored and recorded, creating time
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Figure 14. Autocorrelation function data (dotted) and non-linear exponential fitting for the 175" time series

recorded (estimated particle size 2209.2 nm)

series of 8 seconds duration. Time series were recorded each 0.5 hours for about 160 hours,

roughly 1 week.
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The average size of the yeast cells was estimated using the reference Dynamic Light
Scattering procedure. Figure 14 and Figure 15 show the autocorrelation decay and the result of
the non-linear least squares fitting for two distinct measurements during the 1 week recording.
We can observe in the examples that the experimentally observed decay is fitted quite well by
the non-linear algorithm. We also can see in the examples the particle sizes estimated using the

reference method.
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Figure 15. Autocorrelation function data (dotted) and non-linear exponential fitting for the 185th time series

recorded (estimated particle size 2030.1 nm)

Figure 16 shows the evolution of the average yeast cell size during 1 week. We can
observe that in the first days there is a growth of particle size, from around 600-700 nm to a
maximum of around 2600-2700 nm. After that peak, the average yeast cell size starts to
decrease slowly for the remaining period. The possible explanation of this evolution is the
following: during the first 3 days, yeast cells are growing, as they can feed on the sugar solution
in which they are placed. When the sugar solution gets depleted, the yeast cells stop growing
but also start dying. The decrease in size is caused by the disintegration of the yeast cells and

their death.
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We can also notice that the yeast cell size estimated is consistent with the sizes for

bacteria and yeast: 1000-5000 nm [291].
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Figure 16. Yeast cells size estimated during the 1 week measurement

The results show that the method allows evaluation of biological cell sizes and monitoring
of the dynamics of the process affecting the size, like cell growth, cell split, cell death, etc.
Yeast cell size and dynamics of the fermentation process, as example, can be easily monitored,
with this method. The method can be used in general to monitor the variation of the particle

sizes for various suspensions.

After testing the ANN based DLS time series processing approach on simulated time series,
that is time series computed for monodispersed SCs, we tested the ANN function on data
recorded during DLS experiments. The first type of suspension used as SCs consisted of burned
clay particles manually ground and placed in a transparent tube. Grinding in a mortar produces
spherical particles with a wide diameter size distribution. Prior of starting the DLS time series
recording, the suspension was allowed to sediment for 4 hours, to make sure that the remaining

particles have the diameter in the range of hundreds of nanometers.

As the consequence of the null resultant of three forces: gravity, buoyant force and the
viscous force in laminar flow regime (Stokes), the sedimentation motion of the SC carries on

with a constant velocity, vs, which, for a spherical shaped particle is:

Vg on
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where 1 is the radius of the sphere, p is the density of the scattering centers material, po is the
density of the fluid, 1 is the dynamic viscosity coefficient of the fluid. More details on the role
of the sedimentation and of the Brownian motion in the fluctuations of a DLS time series can

be found in [104].

We notice from equation (24) that the sedimentation velocity increases with the square
of the particle radius/diameter, which makes the bigger particles to sediment faster. Following
this sedimentation procedure, by adjusting the distance from the upper part of the solution to
the beam to be 1 mm, in a long lasting experiment, of the order of days, we can select
suspensions that have suspended particles smaller that a certain value of the diameter, which
can be as small as roughly 200 nm. The variation of the diameter of the biggest remaining
particles versus the sedimentation time is presented in Fig. 1 of reference [276], not repeated
here. We must mention at this point that this procedure is not precise regarding filtering of the
particles by their diameter, simply because the 1 mm distance cannot be measured with very
good accuracy, as the superficial forces create a concave surface at the upper part of the fluid
in contact with air, but the same recorded time series is processed in both manners, using DLS
as reference and ANN as an alternative method, therefore the precision of the sedimentation
method is not crucial. The sedimentation method described here should be viewed just as a
sample preparation procedure, which assures that the particles in the beam have diameters in a

relatively small range, which is smaller than a certain diameter.

For the clay particles measurements, suspensions of different average diameters were
prepared by manually milling burned clay in a mortar for different amounts of time. Milling
was dry at the beginning and lasted for 10 minutes and continued for 25 more minutes after
adding a small amount of deionized water. A small amount of the mix was extracted and diluted
with deionized water to reach a good degree of transparency and was placed in a transparent
cylindrical tube and sealed. The carrier fluid was water at 20 °C. The burned clay density was

1362 kg/m3, water density 1000 kg/m3, n=1.002 mPa-s.

The diameters computed with the ANN function are hereafter considered the ANN
diameters. Figure 17 illustrates the variation of the diameters of the particles in the active area
of the sample tube, which is in the laser beam, versus time (measured from the beginning of the

recording).
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Figure 17. The reference diameters (circles) and the ANN diameters (stars) versus time

We notice that there is very good correlation of the diameters computed with the two
methods. Actually the linear dependency dNN=a*dreff+b has a linear correlation coefficient
[287, 288], R=0.9998 and we notice that the errors increase in time, as the diameter (average
diameter actually) decreases, which is consistent with the conclusion of the previous sections

describing the errors for simulated time series.

We can also notice that the diameter is decreasing, which is consistent with the physical

process that takes place in the suspension, namely the sedimentation process.

The second suspension that was used in testing the method consisted of milk proteins. 30
ml of skimmed milk having 1.5% fat was centrifuged at 3000 rpm for 10 minutes and the protein
content was extracted from the bottom of the vessel and stored using a plastic flask at 0.4 oC.
Prior of the DLS experiment the sample was diluted in deionized water till the sample was
transparent for the laser beam, slightly looking bluish in white light. For this purpose 0.05 ml
of milk proteins separated as described above was diluted in 3.45 ml of deionized water. Milk
proteins aggregation has been induced by Calcium lactate, in its most common form of
pentahydrate C6H10Ca0O6-5H20. In order to prepare the aggregation inducer, 0.0333 g of
Calcium lactate was dissolved in 20 ml of deionized water, thus making a solution of 0.1665 %

(weight). A volume of 0.5 ml of such solution was injected in 3.5 ml of protein aqueous
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suspension and induced protein aggregation. Time series each lasting for 8 s each were recorded
with 172 s time delay between them and the average diameter was assessed both using the

reference DLS time series processing and the ANN based time series processing procedures.

The sample was bovine milk , which contains about 30-35 grams of protein per liter.
Most of the proteins (80%) are casein, which can be found in the form of casein micelles, which
are aggregates of several thousand protein molecules. The size of the proteins suspended in
bovine milk has been measured and data is reported in papers like [289, 290], and the reported
results indicate that the most of the proteins have a diameter in the range 77 to 115 nm [289]
and bigger in [290], but the preparation process was filtration, to remove fat particles, rather
than centrifugation. We used centrifugation and the samples were extracted from the bottom of
the recipient. We found a reference diameter of 118 nm, in very good agreement with [289] and

[290].
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Figure 18. The variation of the proteins diameters during aggregation. Circles are the reference diameters and the

triangles are the ANN diameters

Figure 18 illustrates the variation of the SCs diameters, computed both using the reference
DLS and the ANN based DLS in time. The moment 0 was selected to be the moment prior of

injecting the aggregation agent.
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Figure 18 reveals that the milk proteins aggregation is quite fast, as in about 6 minutes
the aggregates reached a maximum of the diameter. But relevant for this work is that the ANN
diameters are closed to the reference diameters, yet slightly overestimated. This feature could

be found in Figure 17 as well, depicting the diameters of a different type of suspension.

The third experimental data set selected was based on measurements on waste water.
Waste water is water which results from domestic usage (toilet, bath, sinks) that is collected in
the sewage system. The waste water is collected via pipes into a treatment center. The water
treatment has typically three stages. The first stage is the screening phase, which has the purpose
to remove large objects from the waste water. Large objects can be stones, sticks, sanitary items
(diapers, cotton, wipes) but also bottles or clothes. These big objects can block and damage the
treatment equipment for the following stages. In this same stage the grit is removed. The second
stage consists of the primary treatment of water which involves separation of solid organic
material (usually human waste) from the waste water. For this purpose the waste water is placed
into large tanks to allow the solids to sink to the bottom. The solids which settle are called also
‘sludge’. These tanks are usually circular and they have scrappers that scrape the floor of the
tanks to move the sludge towards the center so that pumps can take the sludge away. Water is
then moved to the next stage, the third one, where water undergoes secondary treatment. In this
stage water is placed into aeration tanks, which are usually rectangular shaped. Aer is pumped
into water and bacteria are stimulated to consume the organic material that remained after the
first stages in the water. The fourth stage is where water is placed again into settlement tanks
to allow sinking of new sludge formed as a result of the bacterial action. The process is then
similar to the one used in stage 2. Water is allowed to flow over a wall and it is further filtered
by sand to remove other harmful substances. The resulting water is then released into a stream
in nature. Sometimes in the last phase water is also treated with chlorine or ultraviolet light to

remove harmful bacteria.

Figure 19 shows a schematic for the water treatment station that was used for the
measurements presented here. The figure also shows the places were the measurements were
taken. At point 1, the untreated water was used for measurement. We consider this measurement
as water input measurement. At point 2, water which went through the screen grit chamber and
aeration tank active sludge was used for measurements. At point 3 the water which went through

final sedimentation was used for measurements. Samples of water from the three mentioned
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points were taken and measurements for short time (5 minutes) and long time (10 hours) were

made. For the short duration, time series were recorded every 10 seconds. For the long time

i k r ™ - ™

1
screen aeration tank 2 final 3

|:> grit chamber :: active sludge |:> sedimentation |:>

Figure 19. Schematic of the Water Treatment Station
duration, time series were recorded every 20 minutes.

Figure 20 shows some pictures taken at the actual wastewater treatment station used for

taking the samples.

The ANN was slightly different due to the wider range of particle sizes that we expected

Figure 20. Various Water Treatment Station Stages

to find in the water. The ANN had an input layer of 350 neurons, corresponding to 350 lags.
The hidden layer had 26 neurons and the output layer had 1 neuron, outputting the average
diameter for the particles found in the wastewater. The training data was consisted of sets of
simulated time series, for a diameter range of 10 to 3000 nm, generated with a step of 1 nm,

with 20 sets per diameter.

Figure 21 shows the average particle size estimated during different stages of wastewater

processing.
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Figure 21. Average size of the suspended particles measured during different stages of wastewater processing

The wastewater at input, measurement at location 1, contains sand, silt and organic
suspensions. The average diameter estimated was 4700 nm. It is worth to note that the input
water is already pre-filtered so that the big particles are not in. After sedimentation, only the
organic particles remained in the aeration tank. After about 7 — 8 hours average time spent in
the aeration tank with aerobe bacteria, the size of the remaining particles was about 660 nm.
This is visible in the measurement at location 2. At location 3, the water exits the sedimentation

tank having small particles of 550 nm.

What can be observed and deduced from the observations is that with one type of physical
measurement only, DLS, and monitoring the diameter variation in time, we can identify the
type of suspended particles. We will present below some cases which we encountered also in

our measurements.

When we have a decreasing trend in size, we have inorganic particles only, as this
evolution is a characteristic in general of the sedimentation process, and sedimentation happens

when the density of the particle material is higher than the density of water.

When the particles are organic, the density of the particles is comparable to the density
of water and the particles do not sink. When we have an increasing size trend, we can deduce
that we have organic particles, as the organic particles tend to grow by aggregation or by

evolution and cellular growth.
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However, when we have a decreasing size followed by a spurious output and then by
constant big size, we have a mixture of inorganic and organic suspensions. This is the result of
the fact that the size reported by the algorithm is the size of the predominant particles, with all
the mentioned particularities of this phenomenon, for example bigger particles having bigger
impact on the measurement, as seen in the theoretical foundations sections. The initial
decreasing is caused by sedimentation of inorganic particles, but then the increase is caused by
the fact that only organic big particles, originally lesser in number than the sediments, but now

the only ones remaining floating, will impact the measurement.

7000 | . T

6000 - g

5000

4000 - =

, hm
o

© 3000

2000

1000 - ® -

0 50 100 150 200 250 300
t,s

Figure 22. Size Monitoring at Location 1. Short Time Measurement.
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Figure 22 shows the size monitoring at location 1, the input water, for a short time

measurement of 300 seconds.
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Figure 23. Size Monitoring at Location 1. Long Time Measurement.

Measurements for the same location but this time for a long period of 10 hours are presented in

Figure 23.
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Figure 24. Size Monitoring at Location 2. Short Time Measurement.
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Figure 25 presents the results of the size monitoring at location 2, the aeration tank. The figure
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Figure 25. Size Monitoring at Location 2. Long Time Measurement.

also contains a linear fitting showing an overall size decrease trend, corresponding to the line

described by the equation y = -0.065x + 370, R? = 0.095.
Figure 26 shows the size monitoring for the measurements at location 3, the exit location.

At location 1, the short time monitoring shows a fast sedimentation of the inorganic
particles which initially dominate the measurement as they are in much higher number. As soon
as their number decreases, the organic particles, which do not sink, as they have a density equal
to the water density, start to dominate the measurement. This is the reason of the jump from
low particle size value to a higher value after about 150 seconds. In the long time monitoring
at location 1 we can observe that the organic particles remain in the water, which makes sense

as the water did not undergo yet the stages of the treatment meant to reduce the organic content.

At location 2, the short time monitoring show that there are still inorganic particles that
dominate the measurement, most likely particles which were not filtered out and were moved
in the water due to movement through tanks. In the long time monitoring it can be seen that

these particles sediment and the size tends to decrease slowly. This is consistent with the
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treatment stage which involves mixing the water with active sludge which has small particles

and bacteria in higher concentration.
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Figure 26. Size Monitoring at Location 3. Short Time Measurement.

At location 3, the exit, there is a smaller amount of particles but with a mixture of sizes
in the low range. The evolution of sizes can be explained noting that the measurement takes
place for the particles in the scattering volume, in the way of the laser beam. The result is
consistent with particles which are organic but have a density slightly smaller than water. As
time passed, particles drifted towards surface, the bigger the diameter, the bigger the velocity.
Smaller particles drifted also but with a smaller velocity. In the end, some organic particles

remain in wastewater after processing.

Interpreting the results for the clay and milk particles, we notice that while the
sedimentation process acts as a filtering procedure, the protein aggregation does not have such
a physical process once aggregation started, therefore the polydispersity is bigger and we
selected this type of suspension to test the robustness of the ANN procedure. More insight
though brings a plot of the relative errors of the ANN compared with the reference, defined as
in eq. 9 for the two types of suspensions, prepared by sedimentation and aggregation, which is

presented in Figure 27 .
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Figure 27 reveals that the relative errors of the ANN based DLS procedure are bigger
for protein aggregation samples than for sedimentation samples, yet reasonably small. The
bigger errors are caused by the wider size distribution. Even so, the ANN based DLS procedure

proved to be reasonably precise in computing the average diameter of the particles in

10 R i

error ,%

sedimentation aggregation

Figure 27. Plot of the relative errors of the ANN compared with the reference for the two types of suspensions, clay and
milk , prepared by sedimentation and aggregation
suspension, despite being considerably faster than the reference DLS. The whole set of 30 time
series recorded on the sedimentation clay sample were processed with the reference DLS and
the procedure lasted for 0.12846 s, fitting only, after the PS had been computed. The ANN
based DLS procedure lasted for 0.000019 s after the ACRs had been computed, which makes
the ANN DLS procedure 6761 times faster. We should bear in mind that the time required for
fitting a function to a set of data strongly depends on the start values selected for the parameters
to be determined, therefore we can conclude that the ANN based DLS is thousands of times

faster.

The DLS with ANN assisted time series processing is fast and can be implemented on light

computing platforms. One single, simple physical method, DLS, can be used in monitoring the
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size of the particles suspended in wastewater. The variation of the particle size on short and
longer time can provide information on the type of suspended particles, without the use of a

chemical procedure, of reagents or other type of consumables.

7. ALTERNATIVE DYNAMIC LIGHT SCATTERING
ARTIFICIAL NEURAL NETWORK IMPLEMENTATION

After obtaining the results presented in the previous sections with the Matlab
implementation, we aimed to optimize the approach even further and to test the limits of the

precision which we can obtain with an ANN approach.

We considered that an own implementation of an ANN in a programming language
would allow us more flexibility than the Matlab ANN toolset, which would then enhance our
possibilities to optimize the approach. For implementing the ANN we selected the
programming language Python [292], due to its inherent advantages, namely being easy to learn
and work with it, excellent support and a multitude of already available libraries. For the ANN
implementation we used the open source libraries TensorFlow [293], Theano[294] and Keras

[295].

For the Python implementation we chose a different strategy than the Matlab used one.
If on the Matlab implementation of the ANN we used a fixed architecture, which was chosen
at the beginning and kept for the entire operation of the ANN, in the Python implementation

we wanted to experiment with different architectures.

TensorFlow is a flexible architecture library which allows development of
computational algorithms in a tensor paradigm. It is a library used in many scientific areas but
it has a good level of support for machine learning and artificial intelligence, including neural

networks [293].

Theano is a Python library used to operate multiple-dimensional arrays for numeric

computations [294].

Keras is an application programming interface written in Python and interacting with

TensorFlow and Theano. It is usually used for high level neural network programming [295].

Using these three libraries allows us to define and implement our own ANN, in a flexible
way, controlling all the possible parameters of the network. In this way we were able to

gradually evolve and modify our design until we reached the optimal performance. In the first
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steps we searched for the optimal training strategy and then for the optimal neural network
architecture, including optimum number of layers, neurons, activation functions and learning
algorithm. After many trials we automated the process by implementing various Python scripts

which varies in an intelligent way the key parameters of the network to search for the optimum.

As it can be seen in the section describing the ANN, the architecture can have a big
impact on the quality of results obtained. In the first step we tried various architectures based
on a structure with neurons ranging from 100 to 600 in the input layer, one hidden layer with
neurons ranging from 5 to 100 and one output layer with one neurons. As activation functions
we searched the optimal in the following functions in the hidden layer [296]: the rectified linear
unit, the hyperbolic tangent, the sigmoid, the softmax, and the linear activation function. In our
first tries we used the same activation function also in the output layer but during our research
we found that it is optimal to use one of the above in the hidden layer but the linear activation

function in the output layer.

For the training algorithm, we also searched the entire space offered by keras [297].
After extensive research, we found that the optimal algorithm for our problem is the Adam

algorithm [298, 299].

In the next step we built Python code that varied the number of input and hidden
neurons, but also varies the activation functions and the training algorithms and for each
iteration trained the network and verified its performance on experimental data. All the
networks having an average error higher than a threshold, defined in our research as 10% in a

first step then 5% in a second step, were discarded, all the others saved.

In our search for the best ANN to solve the DLS problem we pushed the architecture
one step forward and searched for optimum configuration when the neural network has two
hidden layers. We automated the search in the space of activation functions, training algorithms

and layers sizes and obtained an optimal configuration for the ANN.

The ANN configuration we considered as optimal, and which we used also to obtain the
experimental results presented in the following section is the following (including various key

parameters for the code):

e Input layer size (neurons): 350
e Hidden layer 1 size (neurons): 26
e Hidden layer 2 size (neurons): 10

e Output layer size (neurons): 1
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Number of training epochs: 40000
Training algorithm (keras optimizer): adam
Learning rate: 0.001
Activation functions:
o Hidden layer 1: softmax
o Hidden layer 2: rectified linear unit
o Output layer: linear

Performance indicator monitored: mean absolute percentage error (MAPE)

For training the network, we used generated time series, following the same approach as

described previously. We used time series for particles in range 50 — 400 nm, 20 time series per

value, with induced noise of 50Hz and its harmonics.

After training, we used for validation of the network the experimental data for clay

particles, the same dataset as the one used for testing the MATLAB implementation.

As a result of this set of trial runs we reached the following conclusions:

A decent performance can be obtained on experimental data with this type of
network. Best performance obtained was around 8.5% relative error but this was
only for seed=7. For random seed, a performance of around 6% was observed in
other runs.

For an optimal experimental data performance, the overall performance of the
network will not be optimal. This means that when the network will fit well on
the experimental data, it will not fit good even experimental data for a larger
interval. Just check the training fit plots.

When the seed was randomized, the network performance was each time
different.

For generated data, obviously, the best performance is obtained when the
training and testing set were identical

For generated data, training with noisy series gives better results.

Further on, we tried various combinations of architecture and training data, on similar toy

ANN models as in the previous trial set. For a specific choice of architecture/training data, a

fixed number of neural networks were built. The lowest error network was recorded as the final

result. Then the architecture/training data was changed, and results were compared.
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In the next step we used the results obtained so far together with the architecture
described. After 4409 training cycles, the ANN reached the optimal performance. The batch
size for the training cycle was 7820. The performance of the ANN in training is described by

the following indicators: error in training was 0.66% and error in testing (on simulated time

series) was 2.12 %.
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Figure 28. ANN Relative Error Evolution in Training

After the network was trained, we estimated the particle sizes for the clay particles data

set. The error of the ANN approach relative to the reference approach was a very good value of
0.197 %.
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Figure 28 shows the relative ANN error evolution during training. We can observe that

the ANN converges towards the optimal performance and reaches the optimum after 4409
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Figure 29. Estimated Particle Diameter for the Entire Generated Data Set Used for
Training (range 20-400 nm)
cycles.

Figure 29 shows the estimated particle diameter of the trained ANN on the generated
time series used for training. We can observe that in the range 50 — 350 nm the fit is perfect.
The extremes, at around 20-30 nm and above 350 nm, the trained ANN does not make a perfect
estimation, leading to the mentioned validation error of around 2.2%. However, if the generated

range is covering the range in which the ANN is planned to be used, a trained ANN can function
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Figure 30. ANN Particle Size Estimation on Clay Experimental Data Set



close to perfect. This means that if we want to use an ANN for a certain interval, we shall
generate the training time series for a bigger interval which includes the one in which the ANN
is planned to operate.

Figure 30 presents the trained ANN size estimation for the clay particles data set. With
green dashed line we represented the simulated expected particle size based on a sedimentation
model. With blue we represented the size estimated with the Lorentz fitting approach. The light
green line and the red line represent the reference and the ANN estimation respectively. We
can observe first that all the methods follow a sedimentation pattern which is a sign that the
measurements and estimations are correct qualitatively. We also can observe that the ANN and
the reference estimations are very close to each other, fact that can also be seen in the low value
of relative error of the ANN, namely 0.19 %. The ANN method is therefore a successful and

precise way to estimate particle sizes, with all the advantages presented.

8. FURTHER DEVELOPMENT IDEAS

The approach presented here focuses on obtaining the average particle size. Most of the
times, a suspension has a polydisperse system of particles. As we have seen in the experimental
results sections, obtaining the average particle size is of great use, allowing an intelligent
analysis of the suspension, but the next step would be to extend this work so that the output of
the algorithm is the size distribution and not only the average size. Theoretical ideas and
computer simulation results on how this could be achieved were already presented in this work
but experimental and practical work is also required to put those ideas into practice. In addition,

various other improvement ideas were explored and presented in the thesis.

9. CONCLUSION

In this work we investigated the possibility to improve the methods based on dynamic light
scattering for assessing nano and micro particle sizes for particles found in liquid or gaseous
fluids. The vision was that a miniaturized portable device capable of delivering these
assessments can be implemented in future. The main objective was to implement a novel
procedure for particle sizing using dynamic light scattering measurements assisted by an
artificial neural network. The procedure should be simpler than the existing methods and shall

allow smaller amount of computing time leading to the development of the mentioned vision,
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namely the miniaturized equipment. As a secondary objective, we aimed to present ideas for a
simple setup for achieving signal conditioning and conversion to a digital time series for a
dynamic light scattering experiment but also to present the results of the investigations on how

to integrate the novel procedure into a miniaturized device.
Having these objectives in focus we achieved the following in our present research:

e A brief but targeted review of the existing dynamic light scattering based methods
and an analysis of the limitations they have

e A brief review and analysis of various theoretical and practical aspects of signal
processing, data acquisition and artificial neural networks

e An investigation based on computer simulation results based on own developed
code, on the connections and dependencies between the various physical parameters
and the miniaturized device performance parameters

e A detailed design from architecture to hardware and software implementation of the
various modules needed for the miniaturized device

e An implementation of a novel procedure for dynamic light scattering assisted by
artificial neural networks

e An integration of the hardware and software as well as the algorithm proposed and
an implementation of 5 constructive variants of the device

e A complete set of tests on simulated and experimental data for the procedure,
revealing the performance and precision of the novel approach proposed

e An optimization of the proposed artificial neural network dynamic light scattering
procedure, with an own implemented code based on Python

e A brief but valuable analysis of the further development steps

The ideas presented in this work can be further developed to implement a miniaturized
device that can estimate particle sizes on the field. The advantages brought by the ANN
approach would allow extremely fast computing times, practically the result can be obtained
instantly, on the fly. The training of the ANN took less than one hour on an ultrabook laptop,
which is optimized for power consumption and not for computing. Once the ANN is trained, it
can be used to compute the average diameters of a set of input data. This computing is thousands
of times faster that fitting a function by a nonlinear least squares procedure, because it resumes
at matrix multiplication and addition rather that computing a function and computing
numerically gradients many times. The precise time can vary depending of the size of the data
set, of the disk access time and so on, but remains thousands of times faster.
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The work presented stands as proof of concept in using NNs for DLS time series processing
and a step toward designing a small, very low cost, portable DLS particle sizer, that can use a
light computing platform, like a cell phone or a developing platform rather that a PC or laptop.
It stands as a step towards designing a very fast DLS particle sizer, almost a real time sizer, for
assessing the average diameter of the suspended particles. The application of such a device can
be found in any domain in which there are micro and nano-particles of interest, both in knowing
the sizes of them but also in studying the dynamics of the process ongoing, starting from
environmental sciences, medical sciences, engineering and production processes, food industry,

automotive and aerospace but also fundamental sciences such as physics and chemistry.
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