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ABSTRACT OF THE DISSERTATION 
 
In-Line Near Real Time Monitoring Of A complex fluid separation system Using Spectroscopic 

And Physicochemical Measurements By Multivariate Analysis 
 

By 
 

Ko Nee 
 

Doctor of Philosophy in Chemical And Biochemical Engineering 
 

University of California, Irvine, 2014 
 

Professor Mikael Nilsson, Chair 
 

      Applying spectroscopic tools for chemical processes has been intensively studied in various 

industries owing to its rapid and non-destructively analysis for detecting chemical components 

and physical characteristic in a process stream. The general complexity of separation processes 

for used nuclear fuel, e.g., chemical speciation, temperature variations, and prominent process 

security and safety concerns, require a well-secured monitoring system to provide precise 

information of the process streams at real time without interference. Multivariate analysis 

accompanied with spectral measurements is a powerful statistic tool that can be used to monitor 

this complex chemical system. In this thesis, chemometric models that respond to the chemical 

components in the samples were calibrated and validated to establish an inline near real time 

monitoring system. The models show good prediction accuracy using partial least square 

regression analysis on the spectral data obtained from NIR, Raman and UV/Vis spectroscopies. 

Ultimately, an extraction process using a single stage centrifugal contactor was tested in our 

laboratory to determine the performance of an inline near real time monitoring system for a 

solvent extraction process representative of used nuclear fuel separation processes.
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Chapter 1 : Scope of this thesis 

In this thesis, I investigated the possibility of developing an inline near real time monitoring 

system using spectroscopic tools in combination with multivariate analysis for used nuclear fuel 

separation process. The following sections were studied and accomplished in this thesis. 

1. Different available sensors, e.g., UV, Vis, NIR and Raman spectroscopy, for monitoring 

chemical properties of the solution that simulated the nuclear fuel were compared.  

2. The performance of the detectors under different chemical and physical conditions, e.g., 

varying concentrations and temperatures was inspected. 

3. Partial least square (PLS) regression analysis was used for constructing the chemometric 

models using spectral data at different liquid-liquid extraction conditions for the chemical 

species present in the solution, e.g., HNO3, NaNO3, lanthanides and actinides. Validation 

of the models was followed by different experimental conditions that imitate a real 

solvent extraction process. At the end, all the models for each component in the system 

were archived in a data library, ready to be used for inline monitoring for solvent 

extraction processes. 

4. The inline near real time monitoring system was developed by incorporating computer 

programs, i.e. LabVIEW® and MATLAB® to retrieve spectral data from a 

spectrophotometer installed at the process streams. The generated analyzed information 

and results from the chemometric models were obtained automatically at near real time. 

Figure 1.1 below shows the outline of an inline monitoring system.  
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Figure 1.1 The flow sheet of an inline monitoring system for chemical separation processes. 

As shown in Figure 1.1, the project was initiated using static measurements, such as spectra, 

conductivity and temperature data to train the chemometric models. The chemometric models 

were calibrated by applying multivariate analysis, i.e., partial least square regression. After the 

calibrated models had undergone validation and training with well-defined samples sets, they 

were archived in a central data library. In the end, the chemometric models were implemented to 

analyze data at the fluid streams for monitoring the extraction process. 
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Chapter 2 : Introduction 

2.1 Nuclear energy and used nuclear fuel management: 

Worldwide power demand has been increasing for the past decades due to the growth of energy 

requirements in industry and domestic use. Global warming caused by excessive greenhouse gas 

emission (Figure 2.1), environmental pollution, and the depletion of natural energy resources 

have raised attention towards the possibility of using green energy to replace current fossil fuel-

based power supplies, such as coal and oil.  

 

Figure 2.1 Carbon dioxide emission from 1750 to 20111. 

Nuclear power has a high capacity for generating power without producing any greenhouse gas 

and has potential to substitute fossil fuels for electricity production. In a nuclear power plant, 

energy is produced by fission, a nuclear process where a heavy atom is split into two lighter 

nuclei. During the fission process, large amount of energy is released from the nuclear binding 

energy of a heavy nucleus, e.g., uranium (U). The average nuclear fission event is described in 

Eq. 2.1. 
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235Uranium (235U) + neutron à fission products + 2.5 neutrons + 200 MeV  Eq. 2.1 

For each neutron absorbed in an atom of uranium, fission products and other actinides are 

produced either from fission or neutron capture (n,γ) respectively.  The (n,γ) reaction is a process 

when the nucleus captures a neutron (n), fission does not occur but instead the excess energy is 

released as a gamma ray (γ).  

For a nuclear reactor, most fission products and actinides are unstable, i.e., radioactive, and 

contained in the fuel elements. The activity of the fission products and actinides decreases 

through different radioactive decay, such as alpha (α), beta (β) and gamma (γ) radiation. Some of 

the radioactive elements, especially the fission products, have short half-life and emit strong 

radiation. On the other hand, other elements in used nuclear fuel, especially the actinides, have a 

long half-life and will remain radioactive for millions of years until their radiation level reach 

that of natural background. When used nuclear fuel is discharged from the reactor, it is 

physically hot because of the heat released from the decay of fission products and actinides. 

Therefore, the used nuclear fuel must first be cooled in water pools until it is allowed to be 

transferred to a central spent fuel storage facility2. The United States currently does not have a 

centralized storage for used nuclear fuel. Therefore, all the used nuclear fuel is stored on site at 

the nuclear power plant according to U.S Nuclear Regulatory Commission. As the fuel cools, it 

can be removed from the pool and placed in a dry storage on the power plant site, once 

convection is enough to remove the excess heat. Storing used nuclear fuel onsite for extended 

times places the responsibility to ensure the long-term safety and security of the used fuel on the 

power utilities. In addition, it is not a sustainable option. Currently there are 60,000 tons of used 

nuclear fuels with additional 2000 tons produced each year in the United States according to 

Nuclear Energy Institute3. Most countries, including the U.S., have plans to place used fuel in a 
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final repository, a location isolated from the biosphere. Although nuclear fuel is contained in 

zircaloy cladding, which remains stable during normal operation, the stability of the claddings 

might not be able to ensure the isolation of used nuclear fuel at a geological location for up to 

millions of years required for the radiotoxicity of fission products and actinides to decrease to 

safe levels4. Therefore, before placing the used nuclear fuel in a final repository, additional rigid 

capsules and barriers to prevent any possible leaking and contamination of natural resources, 

such as water aquifers, are required2. A long-term stable remote monitoring system for 

controlling the safety, and security will still be required at the final repository.  

Another option of managing the used fuel is separating and reusing elements present in the used 

nuclear fuel. Recycling used nuclear fuel has both ecological and economical advantages4. After 

discharging from the reactor, the used nuclear fuels still possess more than 95% useful elements 

(Figure 2.2) that can be used for extended energy production and other industrial applications.  

 

Figure 2.2 Compositions of fresh nuclear fuel and used nuclear fuel. 

Recycling the useful material in spent fuel requires applying separation processes as well as 

methods to treat long-lived isotopes, other than plutonium, and handling of high-level radioactive 

waste. Partitioning followed by irradiation to break down the long-lived elements by 

transmutation can lower the required storage time and radioactive waste volume. Moreover, 

extracting the burnable, i.e., fissile, fertile or fissionable, elements from used nuclear fuel for 

extended power production improves material utilization and save the natural uranium (U) and 
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plutonium (Pu) demand for a fresh fuel element. Although there are clear benefits to recycling 

there are also concerns regarding the security and possible misuse of the technology. During the 

1970's cold war period, proliferation concerns became more important than energy security in 

the U.S. As a consequence, in 1976 President Jimmy Carter announced that the United States 

would defer reprocessing of used nuclear fuel in order to reduce any threat of nuclear weapons 

proliferation. However, the technology and commercial implementation of used nuclear fuel 

separation had already spread to countries outside the U.S. and continues to this day. To ensure 

the proper usage of any nuclear material, i.e., non-military purposes and ensure the nuclear 

material accountancy, all the facilities, including nuclear enrichment and used nuclear fuel 

reprocessing plants, are monitored under the International Atomic Energy Agency (IAEA) and 

certain guidelines exist under treaties between the states, e.g., in the Non-proliferation treaty 

(NPT). However, implementation of the safeguards by IAEA and other treaties for nuclear 

material verification can be challenging due to the timeliness and material accountancy precision 

required during the inspection. Therefore, to strengthen the safeguard at a nuclear facility, site 

visits, information gathering, and nuclear material verification must be accomplished to secure 

the timely detection and deterrence of diversion of significant quantities of nuclear material. In 

IAEA’s safeguards, ‘detection time’ is used as a parameter for timeliness and corresponds in 

order of magnitude to the ‘conversion time.’ The ‘conversion times’ are defined as the minimum 

time required to convert different forms of nuclear material to the metallic components of 

nuclear explosive devices and has been estimated for different material categories given in Table 

2.1. 
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Table 2.1 Table for timely detection standards by IAEA5. 

Beginning material form End Process Form Estimated conversion time 

• Plutonium (Pu), 
• Highly Enriched Uranium, HEU 

(235U ≥ 20%) 

Finished Pu or U 
metal components 

Orders of days (7-10) 

• PuO2, Pu(NO3)4, other pure 
compounds.  

• HEU, or U-233 oxide or other pure 
compounds.  

• MOX or other non-irradiated pure 
mixture of Pu or U [(U-233+U-
235)>20%].  

• Pu, HEU, and/or U-233 in scrap or 
other miscellaneous impure 
compounds. 

Finished Pu or U 
metal components 

Order of weeks (1-3) 

• Pu 
• HEU 
• 233U in irradiated fuels 

Finished Pu or U 
metal components 

Order of months (1-3) 

• U contain <20% 235U and 233U 
• Thorium 

 Order of one years 

 

Table 2.2 IAEA quantities of safeguards significance5. 

 Material Quantity of Safeguards 
Significance (SQ) 

Significant Quantities 
applies to: 

Direct-use 
material 

Plutonium (<80% 
Pu-238) 8 kg Total element 

Uranium, U-233 8 kg Total Isotope 
U (U-235≥20%) 25 kg U-235 

Indirect-use 
material 

U (U-235 < 20%) 75 kg U-235 
Thorium 20t (=20,000kg) Total element 

 

Table 2.2 indicates the ‘significant quantity’ of nuclear material that could be taken into account 

for any conversion process. As this table indicates, 8 kg of Pu is considered by IAEA as the 

quantities of safeguard significance. As a comparison, the size of 8 kg of Pu is approximately the 

size of a soda can. Therefore, a reprocessing plant for used nuclear fuel such as the largest 
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nuclear fuel recycling plant at La Hague in France, handles 1700 tons (=1.7*106 kg, composed of 

1% Pu) of used nuclear fuel and requires an extremely precise monitoring system. 

Due to the radiotoxic work environment, direct human monitoring and contact with the nuclear 

waste stream is dangerous. Traditional grab sampling techniques and laboratory analysis as 

practiced today is time consuming and may cause delayed feedback to the operators and possible 

interruptions in the continuous operation. Moreover, large amounts of chemical waste can be 

generated during the laboratory analysis. By implementing a remote real time inline monitoring 

system, the risk of workers being exposed to intensive radiation can be reduced, while the goal of 

process efficiency and security could be accomplished.  

2.2 Process analytical chemistry and inline monitoring systems 

Inline monitoring systems have been widely implemented in a variety of processes and analytical 

chemical industries, e.g., pharmaceutical, food and chemical processes. Knowledge of analytical 

chemistry, process engineering, and multivariate data analysis are required. Obtaining a strong 

understanding in process analytical chemistry6 can improve the product qualities, reduce waste 

production, enhance manufacturing efficiencies, and increase safety of operation. Continuously 

gathering and analyzing information at real time enable a better control of the process system6. 

De Beer et al. define real-time process measurements in the following categories7: 

• At-line: sample is removed, isolated, from and analyzed in close proximity to the process 

stream. 

• On-line: measurements where the sample is diverted from the manufacturing process, and 

may be returned to the process stream. 

• In-line: measurements (invasive or noninvasive) where the sample is not removed from 

the process stream. 
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Implementing an in-line monitoring system to used nuclear fuel separation is challenging due to 

the sensitivity and physical property of the material which might require further treatment, e.g., 

dilution of the process stream, before the measurements by various instruments. Therefore, 

careful planning is required prior installing suitable analyzers at an in-line monitoring system. A 

number of things, listed below, should be considered7: 

1. Selection of a suitable process analyzer that will be able to monitor the desired critical 

process and product information. 

2. Determination of the locations (where and how process analyzers should implemented to 

monitor the required information). 

3. Determination of the optimal measurement conditions for the process analyzer to obtain 

useful data. 

4. Validation of the performance of process stream analyzers (over time). 

By first collecting static data in the lab, in which experimental conditions and set up should 

simulate the actual process, the suitable process analyzer and optimal measurement condition can 

be determined. This is followed by the final validation, which should be carried out in an actual 

or simulated process. Then the final process control can be optimized.  

Chemometric techniques have been used for several decades and are widely used in industry 

because it is a rapid non-destructive way to describe chemical data by a combination of 

knowledge in statistics and chemistry6. In addition, chemometric tools are useful to distinguish 

the variation in a great amount of data and to extract useful process information that may be 

hidden in the information-rich data, leading to improved process understanding6. Much research 

has been done on chemometric techniques on analytical chemistry in food, pharmaceutical and 

chemical industries since late 1960s. However, only limited previous literature was found about 
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applying chemometric modeling for used nuclear separation and on-line monitoring related 

research. Bryan and co-workers from Pacific Northwest National Laboratory have published 

several papers regarding the use of spectroscopic tools for chemical streams for nuclear fuel 

separation systems8–13. Applying knowledge of monitoring a chemical system by different 

spectroscopies is useful in our study, as spectroscopic measurements can be taken noninvasively 

and at real-time. A few industrial examples of applying spectroscopic monitoring of chemical 

processes are discussed below.  

Food industry: 

One of the first appearances of chemometrics for analytical chemistry in the open literature can 

be found in food industry6. In food industry, spectroscopic tools have been used for analysis of 

flavor profiles, quality consistency, moisture content, etc., to ensure the final quality of the 

products. 

Pharmaceutical industry: 

Pharmaceutical industry is imposed by a number of strict regulating organizations, e.g. 

pharmaceutical Good Manufacturing Practice (GMP), United States Food and Drug 

Administration (US FDA), and other agencies around the world enforce the highly regulated 

final products. Real-time information of the critical steps in the manufacturing process can yield 

higher quality of the end product, improve the use of raw material, decrease the energy 

consumption and lower the cost6. Spectroscopies, such as Ultraviolet (UV), visible (Vis), near-

infrared (NIR), and Raman are extremely useful due to rapid and nondestructive measurements 

without sample preparation. NIR and Raman have been extensively used because both can 

provide chemical and physical information. Moreover, fiber optic probes can be inserted directly 

into the process streams allowing continuous in-process measurements. A pharmaceutical 
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process involves synthesis, crystallization, milling, blending granulation, drying, tableting, 

coating and packing of active pharmaceutical ingredients and excipients7. Closely monitoring the 

process is required because many parameters may affect the therapeutic and manufacturing 

behavior of pharmaceutical material and products. A combination of different process analyzers 

for real-time process monitoring and control are sometimes essential as they supply 

complementary information, which would not be possible using only one analyzer.  

Inline monitoring system for used nuclear fuel separation processes using spectroscopic tools: 

Previous literature has indicated the benefits of applying an inline real time monitoring system to 

used nuclear fuel reprocessing systems8–12. However, developing an online or inline monitoring 

system is challenging mainly because of the sensitive nuclear material present in the work 

environment. The monitoring system requires stable, precise and secure input and output signals 

in real time to avoid any possible diversion of material and to help optimize the process to 

achieve efficient and reliable separation of the metal ions. One of the solutions is introducing 

optical probes, such as UV/Vis, NIR, and Raman. Applying spectroscopy has advantages of non-

destructive assay and may provide information of the components in solution by the different 

molecular vibrations and absorption at specific wavelengths and the electron transitions on metal 

ions, for nuclear fuel specifically the f-elements (Ln and An)14. Spectral analysis of metal ions 

has been studied widely for the past decades. Many lanthanides and actinides, e.g., neodymium, 

uranium, neptunium, plutonium and americium, have strong UV/Vis/NIR and Raman absorption 

bands that can be used for chemical process monitoring8–11,13,15,16. However, collecting and 

analyzing the spectra of these elements can sometimes be complicated due to the presence of 

inorganic acids, e.g. nitrate ions (from nitric acid) that have absorbance bands in the UV region 

and can form varying chemical species with many of the f-elements. The conditions in the 
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process are also such that there may be changes in the physicochemical properties of the 

samples, e.g. viscosity, density, conductivity, temperature, and flow rate, which may affect the 

signal from the spectrometric measurement17. Therefore, collecting and studying large amount of 

static data at varied physical and chemical conditions is necessary. Alternative measuring 

techniques could be combined with optical measurements to provide additional information 

about the reprocessing system. For example, measuring the dielectric constant of solutions can 

provide information of changes of ion and acid concentrations, redox potentials for adjusting the 

valence of metal ions, which are very important for used nuclear fuel separation18–20. A reliable 

online/inline monitoring system will require collecting and analyzing large sets of rich spectral 

data and physicochemical data in the laboratory that could account for actual process conditions. 

Then the inline monitoring model can be trained, translated, and stored to a library. The library 

for inline monitoring will allow a computer to directly extract the database for comparison to a 

signal detected in the processing stream and provide information on material concentration, and 

possible speciation, in a timely manner. 
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Chapter 3 : Theoretical discussion 

In this thesis, spectroscopy and multivariate analysis were combined to develop a near real time 

inline monitoring system for solvent extraction processes. Raman, near infrared (NIR), 

ultraviolet (UV) and visible (Vis) spectroscopies were applied as the sensors in the chemical 

liquid extraction system. Multivariate analysis, i.e., partial least square (PLS) regression, was 

used for analyzing and constructing the chemometric models. This theoretical discussion will 

cover the basic theories behind spectroscopic tools, solvent extraction and PLS analysis for 

chemometric models. 

3.1. Spectroscopy 

3.1.1 Raman spectroscopy 

Raman spectroscopy works by detecting the energy loss during an inelastic scattering of 

monochromatic light, i.e., laser, from a targeted molecule. When a nuclear motion of the target 

molecule is induced by light, the energy will be transferred from the incident photons to the 

molecules or vice versa. This process is very weak and involves on 106 – 108 photons. There are 

two types of Raman scattering processes – 1). Stokes scattering, and 2). Anti-Stokes scattering. 

Stokes scattering occurs when the initial targeted molecule is brought from the ground 

vibrational state to an excited vibration state of higher energy. Therefore, during Stoke 

scattering, energy is transferred from photons to the targeted molecules. On the other hand, in the 

anti-Stokes process, initial targeted molecules transfer energy to photons resulting in a lower 

vibrational energy state. Previous literature indicates Stokes radiation dominates at room 

temperature and anti-Stokes radiation is more likely to happen at high temperature, e.g., 500oC 

when more molecules are present at a higher vibrational state7. For molecules to be Raman 

active, a change in polarizability is required indicating that the electron cloud can be distorted by 
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the surrounding electromagnetic field, i.e., light irradiation7. Raman scattering is expressed as a 

shift in energy (cm-1). In the later chapters, two different Raman spectral regions will be focused 

on: 1) nitrate stretching band, and 2) hydroxide stretching band. 

3.1.2 Near Infrared spectroscopy 

In NIR spectroscopy, the samples are excited by NIR light to higher vibrational states, e.g., 

fundamental, 1st overtone, and 2nd overtone. A typical NIR light source can be obtained from 

incandescent or quartz halogen light bulbs. Molecules with the ability to change dipole moment 

can absorb NIR radiation and be detected by NIR spectroscopy. In this thesis, NIR water band 

was investigated and compared when different chemical molecules were added at different 

physical conditions. 

3.1.3 Ultra violet and visible spectroscopy 

Unlike both Raman and NIR spectroscopy, which detect molecules based on their vibrational 

energy state, UV/Vis spectroscopy is an absorption spectroscopy in ultraviolet and visible 

spectral region, which are in the electromagnetic spectrum. In this thesis, UV/Vis spectroscopy 

was mainly used for detecting lanthanides. The assigned energy level for all the lanthanides is 

LaF3 and giving a 4fn transition (in which n goes from zero to 14) that brings strong color to the 

lanthanides according to band theory16,21. 

3.2. Extraction equilibrium constants and distribution ratio 

Liquid-liquid extraction, or solvent extraction (SX), is currently the most common and the only 

available commercial method applied for used nuclear fuel separation22. The basic principle of 

solvent extraction is to distribute a solute, e.g., metallic ions, between two immiscible phases, 

e.g., aqueous and organic phases based on its distribution ratio (Eq. 3.1). 

𝐷! =
[!"#!$%&'(,!]!"#
[!"#!$%&'(,!]!"

          Eq. 3.1 
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In Eq. 3.1, DA is the distribution ratio of substance A. Figure 3.1 below is a simplified 

demonstration of a solvent extraction process. 

 

Figure 3.1 Basic principle of solvent extraction 

In Figure 3.1, triangles and circles represent different species initially present in the aqueous 

phase. The two species can be well separated when one of the species have a higher distribution 

ratio relative to the other species. Under the right conditions, a high separation factor can be 

obtained. If distribution ratios of both species are low, a poor separation factor will be obtained 

and separating the two species is more difficult. In this thesis, two types of extractants were used 

– 1.) Di-(2-ethylhexyl)phosphoric acid (HDEHP), and 2.) Tributyl phosphate (TBP). Extraction 

equilibrium constant of the extracted elements by the extractant in a chemical environment is 

helpful for understanding the thermodynamics of an extraction mechanism and improving the 

extraction process. The extraction equilibrium constants are derived and calculated in the 

following section. 

HDEHP 

The extraction mechanism for trivalent metal ions, i.e. Mn+, by HDEHP2 is described below. In 

this thesis, Nd(III), Sm(III) and Ho(III) , denoted as M3+, were extracted by HDEHP2. The over-

bar indicates the species are in organic phase: 

𝑀!! + 3(𝐻𝐷𝐸𝐻𝑃)!!"##
!!",!𝑀(𝐷𝐸𝐻𝑃)!(𝐻𝐷𝐸𝐻𝑃)! + 3𝐻!    Eq. 3.2 

Kex,M expressed in concentrations and activity coefficients, y, is described as the following. 
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𝐾!",! = ! !"#$ ! !"#!$ !    !! !

!!! !"#!$ !
! ∙

!! !"#$ ! !"#!$ !!!
!

!!! !"#!$ !
!      Eq. 3.3 

For the HDEHP extraction, constant activity coefficients were assumed due to the constant ionic 

strength (1M) used. 

TBP 

The general extraction mechanism for trivalent and hexavalent ion extraction with TBP is 

described below. 

𝑀!! + 𝑛𝑁𝑂!! + 2𝑇𝐵𝑃
!!",!   𝑀(𝑁𝑂!)! ∙ 2𝑇𝐵𝑃                  Eq. 3.4 

In this thesis, Mn+ represent either Nd(III) or U(VI), i.e., UO2
2+ , and n = 3 or 2, respectively. 

Kex,M can be represented as the following for trivalent and hexavalent ion extraction with TBP. 

𝐾!",! = [!(!"!)!∙!!"#]
!!! [!"!!]![!"#]!

∙
!!(!"!)!∙!!"#
!!!!"!

! !!"#
!        Eq. 3.5 

Values of Kex,M for Nd(III) and U(V) were not determined in this thesis.  

3.3. Multivariate analysis 

Multivariate calibration models can sometimes provide a more accurate predictive ability 

because more than one data point is used to process the information collected from the data set 

compared to univariate analysis. In most chemical systems, data usually deviate due to 

interferences, such as changes in temperature or speciation caused by other chemical 

components. Due to the difficulty of obtaining ideal and steady measurement in most chemical 

analysis, using univariate calibration model, e.g., Beer-Lambert’s law may not provide accurate 

results. Moreover, under some circumstances, cost and experimental feasibility might prohibit 

workers to perform experiments to calibrate chemometric models. Applying multivariate 

calibration to chemical analysis enable enhanced calibration results even with the presence of 

interference and non-linearity of the signals. 
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Partial least square analysis 

In this thesis, partial least square regression (PLS) analysis was applied for developing 

chemometric models. PLS arose in 1970 when being applied in data-analysis problems in 

economic and social sciences23,24. PLS finds the latent variables representing the maximum 

covariance between the two compressed data matrices: X, e.g., spectral data, and Y, e.g., 

concentrations. One of the advantage of applying PLS is the capability of handling collinearity of 

the variables, which mean variables are linearly dependent which can sometimes have 

detrimental effects on least square analysis23,24. 

In this thesis, the PLS models were developed from a calibration set of the data, which consisted 

of conductivity, temperature measurements and spectral data for samples of well known 

components. The X data matrix is composed of n samples with k variables (i.e., conductivity and 

temperature reading or absorbance at each wavelength). And Y matrix is composed of n samples 

with j variables (i.e., concentrations of species in each of the samples). The X and Y matrices 

were first compressed to reduce variables and then preprocessed. Many spectral data matrices are 

considered to be collinear indicating that the data matrix has some dominating parameters that 

can be used for representing the variability of the data information24. By compressing the data 

matrix to its most dominant factors, represented by T and called scores, redundancy and noise 

can be removed. The data matrix, X, and the dominant factors, T, can be represented 

mathematically as shown below: 

X=(x1,x2,x3, …, xk)         Eq. 3.6 

In this expression, x1, x2, x3, …, xk represent a single variable in the data matrix, e.g., 

absorbance  corresponds to a certain wavelength of a sample. Eq. 3.6 can be projected by an 

expression represented by the scores, T, of X: 
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T=(t1,t2,t3, …, tj)         Eq. 3.7 

T and X are related by : 

𝑡!" = 𝑊!" ∗ 𝑋!"!          Eq. 3.8 

The scores, T-matrix, has fewer variables and is orthogonal. Orthogonal indicates that the matrix 

is no longer collinear. It can be used as the predictor for Y. W is the coefficient and called 

weights. The X matrix can be summarized by the score matrix T as the following25. 

𝑋!" = 𝑡!"𝑃!" + 𝑒!"!          Eq. 3.9 

P is the loading and e is the residual that can be caused by experimental errors or other random 

noise. The Y-matrix can be expressed as the following. 

𝑦!" = 𝑢!"𝑐!" + 𝑔!"!          Eq. 3.10 

u represents the scores of the Y-matrix, and c is the weight and g is the residuals. Using the X-

scores, T, as predictors of Y, Eq. 3.10 can be written as the following. 

𝑦!" = 𝑐!"𝑡!" + ℎ!"!           Eq. 3.11 

h represents the deviations between the predicted values of the model and the measured values. 

The weight, c, is a correlation between the X and Y matrices and is needed for predicting Y from 

X25. 

The main advantages of compression of the variables are to obtain a more stable and easily 

interpretable model by removing the unwanted information and decrease the collinear variables 

to reduce the data complexity. The most challenging decision here is to define the most relevant 

dominant, T. In order to achieve a successful data compression step, a full understanding for 

data, matrix interpretation is necessary to obtain good prediction results. 

Data preprocessing 
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Data preprocessing is performed to filter the noise from the important information contained in 

the data matrix. Although noise in calibration sets is unlikely to be completely removed, 

preprocessing data prior to performing PLS can improve the result of the model by improving 

the signal to noise ratio. One of the methods used to treat our data is smoothing by moving-

average filters, e.g., Saviszky-Golay derivative, for reducing ‘high-frequency’ noise24. Another 

preprocessing method used in this work is auto-scaling, which is done by scaling each variable to 

the unit variance and followed with centering them by their averages. The purpose of auto-

scaling is to give each variable the same weight by adjusting the variables to similar noise levels 

and similar variance. The different noise levels can be obtained from different independent 

measurements. The similar noise level should be maintained during the data analysis to assure 

that each variable does not dominate the other due to noise interference24. Dividing the total 

standard deviation of each of the variables can give similar variance among the variables. This 

method gives each variable an equal opportunity for contributing to the model.  

Cross-validation and validation 

Cross-validation (CV) is an internal validation step and is performed prior obtaining the final 

PLS model. CV is used for assuring that the model is not over-fitted. Over-fitting happens when 

a model is fitting well to the calibration data but not having strong predictive power25,26.  CV 

assures that models are not over-fitted by dividing the data into a number of groups and then 

developing a number of parallel models from reduced data with one of the groups deleted25,26. 

The sum of squares of errors from the predicted values of the model and the actual measured 

value are calculated and used for estimating the predictive ability of the model.   

External validation of the model is desired if the circumstances allow for it. Validation is 

performed to test the predictive ability of the model with the absence of any bias given from the 
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internal sample set used during CV. However, in some cases, samples for validation can be 

difficult to obtain, CV can substitute a real validation set to stimulate the predictive power of the 

model.  
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Chapter 4 : Experimental Procedures. 

The following experimental procedures describe the methods for preparing sample sets for 

calibrating and validating the chemometric models using partial least square regression. The 

experimental methods also include a description of using different techniques for analyzing and 

detecting the liquid samples and the procedures used for extraction. Lastly, we will demonstrate 

the experimental procedures for the inline near real time monitoring for solvent extraction 

processes using a single stage centrifugal contactor. Experimental procedures in this project are 

divided into different sections. 1.) Preliminary study sample preparation, 2.) Analytical methods 

–spectroscopy and conductivity, 3.) Experimental procedures for batch extraction and 

equilibrium constants analysis, 4.) Partial least square regression analysis, and 5.) Centrifugal 

contactor extraction procedures. 

4.1 Preliminary study and sample preparation 

In the preliminary study, we investigated the optimization of variable selection for constructing 

the chemometric models for our complex chemical fluid system. A total 475 aqueous samples 

were used. Samples of varied combinations of concentrations of nitric acid (HNO3 = 0 M to 6 

M), sodium nitrate (NaNO3 = 0 M to 3 M), and neodymium nitrate (Nd(NO3)3 = 0 M to 0.038 

M) were prepared. Ultrapure water (>18 MΩ) was used to dilute all aqueous solutions. HNO3 

were prepared by diluting 70% concentrated stock supplied by MacronTM
 Chemical. NaNO3 were 

prepared from a standardized stock solution of filtered and recrystallized NaNO3 (Fisher 

Scientific). Nd(NO3)3 were prepared from dissolving 99.9% neodymium (III) nitrate 

hexahydrate, supplied from Alfa Aesar. All solutions were analysed for H+, Na+, NO3
- and Nd3+ 

concentration. The final Nd(III) concentration was standardized using an Olis upgraded Cary 14 

UV/VIS/NIR Spectrophotometer at 793 nm at room temperature. Acid samples were titrated 
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with standardized sodium hydroxide using a Metrohm 836 Titrando auto-titrator to determine the 

actual H+ concentrations. Finally, the concentrations of Na+ and NO3
- were determined by a 

Metrohm 850 ion chromatography. 

4.2 Analytical methods – spectroscopy and conductivity 

In the project, for analyzing and detecting the liquid samples, Raman, near infrared (NIR), 

ultraviolet (UV) and visible (Vis) spectroscopic, conductivity and temperature measurements 

were taken.    

4.2.1 Raman spectroscopy 

In the preliminary study, Raman, NIR spectroscopy and conductivity were used to optimize the 

variable selection for constructing the chemometric models. The Raman spectra of the 475 

samples in the preliminary study were collected using an InPhotonics Raman Spectrometer 

equipped with a 670 nm diode laser at five different temperatures (25 oC, 35 oC, 45 oC, 55 oC and 

65 oC). All the samples were placed in a temperature controlled oven during the measurements. 

Each spectrum was collected by placing the sample solution in a vial that was directly attached to 

the Raman probe. For each sample, 10 spectra over a spectral range of 428 cm-1 to 4285 cm-1 

were taken and averaged. 

4.2.2 Near infrared spectroscopy (NIR spectroscopy) 

NIR was used because the characteristic water band absorbance is useful for study the aqueous 

phase. The NIR spectra of all the samples were collected using an Olis upgraded Cary 14 

UV/VIS/NIR Spectrophotometer scanning in the 850 -1350 nm region with a resolution of 0.5 

nm at five different temperatures (25 oC, 35 oC, 45 oC, 55 oC and 65 oC). Air was used as 

reference for all the samples. The temperature control condition was achieved by circulating 

water to the spectrophotometer sample holder chamber from a Julabo CF31 circulating 
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heater/chillier. For all the samples in the temperature controlled experiments, baselines were 

recollected at each temperature, i.e., at 25 °C, 35 °C, 45 °C, 55 °C, and 65 °C.  

4.2.3 Ultraviolet (UV) and visible (Vis) spectroscopy 

In the inline monitoring at near real time, UV/Vis optical are connected to a z-flow cell® 

(provided by Ocean Optics, Inc.) (Figure 4.1 Left) and used for continuously monitoring the 

solvent extraction process. Three sets of z-flow cells are attached at aqueous inlet and outlet and 

organic outlet of the centrifugal contactor (Figure 4.1 Right). 

 

Figure 4.1 A scheme of UV/Vis optical fibers installation at a z-flow cell (Left) attached at 
the inlet and outlets of a centrifugal contactor (Right). 

As illustrated in Figure 4.1, UV/Vis spectral data were collected using fiber optical probes, of 

which the direction of light input and output are denoted. The spectra were collected from 300 

nm to 1100 nm at room temperature (22 ± 1 oC). The aqueous and organic samples for 

calibrating and validating the chemometric models were injected from the bottom of the z-flow 

cell upward illustrated in Figure 4.1 to remove air pockets. 

4.2.4 Conductivity measurements 
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For the temperature controlled conductivity measurements, each sample was put in a 50 ml 

plastic conical Falcon tube, which was placed in a warm water bath. Temperatures of the water 

bath and samples were monitored by two thermo-couples separately in order to adjust and 

maintain the desired sample temperature. A glass/platinum 2-Electrode conductivity cell, 

Thermo Scientific, with a measuring range from 10 µS/cm to 2000 mS/cm was used. The 

conductivity cell was conditioned and calibrated for each temperature before use.  

4.3  Experimental procedures for batch extraction and equilibrium constant analysis 

4.3.1 Extraction batch experimental procedures 

4.3.1.1 Sample preparation 

In order to calibrate the chemometric models, both aqueous and organic samples collected from 

the batch extraction experiments were applied. Two different organic extractants were used – 1.) 

Di-(2-ethylhexyl)phosphoric acid (HDEHP), and 2.) Tributyl phosphate (TBP). The organic 

extracting reagent solution using HDEHP was prepared by diluting purified HDEHP in n-

dodecane to 0.2 M. 95% HDEHP, supplied by Acros, was purified to 99% by the copper 

precipitation method27. 99+% pure n-dodecane, supplied by Alfa Aesar, was used with no further 

treatment. Organic samples using TBP as an extractant were prepared by diluting 99+% pure 

TBP, supplied by Alfa Aesar, in n-dodecane. A final concentration of 30% vol/vol of TBP was 

reached.  

For the trivalent lanthanide (Ln(III)) extraction experiments, all the aqueous samples were 

maintained at 1.0 M ionic strength by adding NaNO3 with varying HNO3
 (0 M to 1.0 M) and 

lanthanides (0 M to 0.05 M Nd(III), Sm(III), and Ho(III)). Nd(III) was prepared by dissolving 

99.9% neodymium nitrate hexahydrate, supplied by Sigma-Adrich, in HNO3. Sm(III) samples 

were prepared by dissolving 99.9% samarium nitrate hexahydrate, supplied by Sigma-Adrich in 
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HNO3. Ho(III) samples were prepared by dissolving 99.9% holmium nitrate pentahydrate, 

supplied by Sigma-Adrich in HNO3.  

In uranyl nitrate (U(VI)), and Nd(III) extraction experiments with TBP, HNO3 concentrations 

vary from 0.6 M to 3.0 M, with no NaNO3 added. Aqueous samples that contained U(VI) was 

prepared by dissolving uranyl nitrate hexahydrate, supplied by International Bio-Analytical 

Industries, Inc., in nitric acid. The aqueous samples containing Nd(III) was prepared as described 

previously. 

The concentrations of H+, Na+, NO3
-, and Ln(III), concentrations were analysed by pH titration, 

ion chromatography, and UV/Vis spectroscopy as described previously. U(VI) concentration was 

standardized by ICP-MS. 

4.3.1.2 Batch extraction procedures 

Prior to performing the batch extraction experiments, the organic solvent was pre-equilibrated 

with aqueous samples with the absence of metal ions, but at the same HNO3 concentration and 

ionic strength. Equal volume of the two phases were contacted for 15 minutes and followed with 

3 minutes of centrifuging at 2100 rpm to ensure that complete two phases separated. During the 

batch extraction step, equal volume of pre-equilibrated organic solution was contacted with the 

aqueous sample containing metal ions for 15 minutes then followed by 3 minutes of centrifuging 

at 2100 rpm. No third phase was observed in any of the samples. Finally, all the aqueous samples 

were analysed for H+, Na+, NO3
- and metal ion concentration using pH titrations, ion 

chromatography, UV/Vis spectroscopy, and ICP-MS.  

4.3.1.3 Centrifugal contactor extraction procedures 
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A single stage BXP-012 annular centrifugal contactor, supplied by Rousselet Robatel was used 

for extraction process study. Aqueous and organic inlets were injected with aqueous and organic 

solutions of varying concentration of chemical species (Table 4.1) 

Table 4.1 Centrifugal contactor operation condition for the different extraction 
experiments at room temperature (22 ± 1 oC). 

Study Aqueous inlet Organic inlet Rotor speed Flow rate 
Off-line 
monitoring using 
NIR (Chapter 6) 

0.0376 M Nd(NO3)3 
0.1 M HNO3 
0.9 M NaNO3 

0.2 M HDEHP2 
in n-dodecane 

Initially at 4500 
rpm then changed 
to 3500 r.m 

2 mL/min 

In-line 
monitoring of 
HDEHP 
extraction using 
UV/Vis 
spectroscopy 
(Chapter 7) 

0.015M Nd(NO3)3 
0.022M Sm(NO3)3 
0.026M Ho(NO3)3 
0.1M HNO3 
0.9M NaNO3 

0.2 M HDEHP2 
in n-dodecane 

4000 rpm 1.5 mL/min 

0.013 M Nd(NO3)3 
0.025 M Sm(NO3)3 
0.025 M Ho(NO3)3 
0.6 M HNO3 
0.4 M NaNO3 

0.2 M HDEHP2 
in n-dodecane 

4000 rpm 1.5 mL/min 

0.015 M Nd(NO3)3 
0.020 M Sm(NO3)3 
0.025 M Ho(NO3)3 
1.0 M HNO3 

0.2 M HDEHP2 
in n-dodecane 

4000 rpm 1.5 mL/min 

In-line 
monitoring of 
TBP extraction 
using UV/Vis 
spectroscopy  
(Chapter 7) 

0.025 M UO2(NO3)2 
0.025 M Nd(NO3)3 
0.6 M HNO3 

1.1 M TBP in  
n-dodecane 

4000 rpm 1.5 mL/min 

0.020 M UO2(NO3)2 
0.020 M Nd(NO3)3 
3.0 M HNO3 

1.1 M TBP in  
n-dodecane 

4000 rpm 1.5 mL/min 

 

4.3.1.4 Extraction equilibrium constant analysis 

The extraction equilibrium constants (Keq, M) can be calculated from the distribution ratio (D) of 

different metal ions extracted by HDEHP and TBP that were measured by performing extraction 

experiments. The pre-equilibration and extraction steps follow the same procedures as described 

in Chapter 4.3.1.  
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In the HDEHP extraction, initial Nd(III), Sm(III) and Ho(III) concentrations in the aqueous 

phase was 0.01 M, 0.02 M and 0.03 M, respectively, while varying the concentrations of HNO3 

between 0 to 1.0 M. The concentrations of HNO3, and Ln(III) were measured before and after 

pre-equilibration and extraction by pH titration and UV/Vis spectroscopy. Ln(III) concentrations 

extracted to the organic phase were calculated by mass balance between initial and final 

concentrations in the aqueous phase. Since third phase was not visually observed during the 

extraction, we assumed the total mass of material was conserved.  

In the TBP extraction with Nd(III) at varied Nd(III) and HNO3 concentrations, HNO3, NO3
- and 

Nd(III) concentrations were measured before and after pre-equilibration and extraction. The 

concentrations in organic phase were also calculated based on the mass balance assuming the 

mass of material was conserved. 

4.4 Partial least square analysis 

Partial least square (PLS) regression was performed on our data collected from spectroscopy, 

conductivity, temperatures and concentrations of the chemical species. All the data was analysed 

and compiled in MATLAB® from MathWorks, Inc. PLS fitting was carried out using 

PLS_ToolBox, supplied by Eigenvector Research using different selections of variables followed 

by data preprocessing as described below. 

4.4.1 Calibration of chemometric model 

Before constructing a chemometric model, all the data were compiled to a matrix, in which the 

rows represent the variables and columns represent the samples (Figure 4.2). 
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Figure 4.2 Matrix compiled from the measured data. Each row represents a variable and 
each column represents a sample. 

In the following sub-section, the procedures of compiling data sets into a matrix for calibrating 

the chemometric model are discussed. Due to different sizes of samples sets taken for each 

individual sub-project, the matrix dimensions are different with varying number of samples and 

variables. Effectively, different chemometric models were constructed for each different 

chemical species separately. Therefore, only one chemometric model could correspond to one 

certain selected chemical species.  

Variable selection study  

In the preliminary study, we investigated variable selection of our data using Raman, NIR and 

conductivity measurement. In this study, the NIR data set contained 475 samples scanned from 

850 nm to 1350 nm with 0.5 nm resolution (total 1001 variables). Raman intensities were 

collected in a region of 480 cm-1
 to 4285 cm-1 with resolution of 0.4695 cm-1. The Raman data set 

contained 475 samples and 8217 variables. The conductivity and temperature data set contained 

475 samples and 2 variables, conductivity (mS/cm), and temperature (degree kelvin). The final 

data matrix is composed of 475 rows (samples) and 9624 columns (variables, i.e., the 

combination of wavelengths, wavenumbers, conductivity and temperature measurements). The 
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variable selection on the spectral matrices was performed after the data pre-processing step, 

which will be discussed in Chapter 4.4.3. After variable selection was applied, the number of 

variables (number of columns) decreased. Therefore, the matrices used have a smaller numbers 

of columns then the initial data matrices. 

Off-line monitoring of HDEHP extraction processes using NIR spectroscopy 

In this study, 95 total samples collected at room temperature (22 ± 1oC) were used with 1001 

variables from NIR (850nm to 1350nm with 0.5nm resolution). Hence, the final data matrix has 

the dimension of 95 by 1001.  

Inline near real time monitoring using UV/Vis spectroscopy 

In this study, three different sets of chemometric models were built for aqueous inlet, aqueous 

outlet and organic outlet individually. Aqueous inlet and outlet have the same spectral variables 

but different numbers of samples. The dimensions of the data matrices for the final aqueous inlet, 

aqueous outlet and organic outlet spectra are 236 by 3192, 232 by 3192, and 142 by 3342, 

respectively. 

4.4.2 Variable selection 

Sometimes chemometric models can benefit from reducing the number of variables in order to 

reduce noise and other interfering signals to improve the predictive ability of the model. 

Therefore, after the spectral matrices (discussed in section 4.4.1) were compiled, some selection 

of different variables was applied. Consequently, the final dimension of the data matrices might 

be reduced, depending on the experiments and results of the spectrocopy. 

4.4.3 Data pretreatment and building PLS models 

The final data matrices were loaded to the X block in PLS_ToolBox for either model calibration 

or model validation. The composition information (concentrations of metal ions, HNO3, NaNO3, 
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and NO3
-), and the physical conditions (temperatures, conductivity measurements) were loaded 

to the Y block in PLS_ToolBox for either model calibration or validation. 

When different detectors were used, i.e., NIR, Raman, conductivity and temperature, 

normalization was applied to the individual detector data set to remove any bias from different 

measurement scales before creating the data matrices. The pre-processing method for the spectral 

data (NIR and Raman) was performed by first applying a Savitzky-Golay filter (1st derivative, 

2nd polynomial, and with 15 filter width) to the NIR or Raman spectra data separately8. Then 

normalization was applied on the individual data set from NIR, Raman, conductivity and 

temperature measurements. At the end, the spectral, conductivity, and temperature data were 

normalized by their maximum intensity prior appending the data. After all the data were 

appended together, mean centering and variance scaling were applied to remove the bias from 

the variables and ensure the equal “weight” in a data set 8. 

In the experiments in which only one type of spectroscopic method was used, the data matrix 

was pre-treated with Savitzky-Golay filter followed by mean centering and variance scaling. 

The Y-block containing information of the samples was preprocessed using mean center and 

variance scaling by its standard deviation. 

Once the data pre-processing step was done, Cross-validation was performed using the Venetian 

Blind method. This is done by removing a subset of samples. The remaining samples is then used 

for building a model and the removed set is used for validating. This is repeated for different 

subsets and final model is obtained when all the samples have been tested and validated. 

4.4.4 Validation of chemometric models 

After obtaining validation data (of which the concentrations are known), the data matrices were 

constructed in a similar way as the calibration data matrices. The number of variables (or number 
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of columns) of a data matrix for validating the chemometric models must match the number of 

variable of the calibration set of the corresponding chemometric models. Therefore, the same 

spectral range must be selected for both calibration and validation data. However, the numbers of 

samples do not need to be the same.  

4.4.4 Chemometric model evaluation 

R-square (R2) values, Root Mean Square Errors Calibration (RMSEC), and Root Mean Square 

Errors Cross Validation (RMSECV) were obtained at the end to evaluate the performance of the 

chemometric model. R2 demonstrates the accuracy of the model over the entire tested range and 

as the data from the fit is presented in a graph where predicted data is compared to actual data, 

the closer the R2 is to a value of unity (1), the closer the data can be represented by a straight 

line. RMSEC and RMSECV indicate the errors of model calibration and model from cross 

validation. RMSEC correspond to the prediction power of model based on the data provided. 

RMSECV correspond to the prediction power on new data by applying cross-validation to the 

model simulation. Root mean square errors (RMSE) a0re calculated as the following: 

RMSE = !!"#$%!!!"#$%&" !!
!!!

!
        Eq. 4.1  

Where yModel is the predicted values from the model (of either calibration or cross validation for 

RMSEC or RMSECV) and ymeasure is the measured values obtained from standardization of the 

species to be determined.  
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Chapter 5 : Preliminary Study - Variable Selection Results and Discussion 

In the preliminary study, chemometric models of NIR and Raman spectra in combination with 

physicochemical data, i.e., temperatures and conductivities, were developed. In addition, 

different variable selection, i.e., ranges of wavelength and physical parameters were compared 

and adjusted to determine the potential of improving the prediction of the model. As shown in 

the previous literature, advantages of reducing variables are lowering the complexities of the 

model, reduction of noise contributing from unwanted variables of the model, and decrease the 

cost of operation28. In order to optimize the selection of variables in this study, a fundamental 

understanding of NIR and Raman spectral responses to the chemical species in our sample is 

required and discussed in the following section. In the result section, we demonstrate the 

feasibility of the choice of NIR, Raman spectroscopy, conductivity and temperature for 

monitoring the chemical species in the aqueous samples. We also looked into how the selection 

of the variables influence the performance of model. 

5.1 Preliminary results 

In the preliminary study, both NIR and Raman spectroscopy were applied due to their active 

response to the chemical species in our system. Representative NIR and Raman spectra are 

shown below in Figures 5.1. Regions of interest for the analysis are highlighted in the figures. 
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Figure 5.1 Representative spectra collected at 25 oC: A.) NIR spectrum: 0.0376 M 
Nd(NO3)3, 6.0 M HNO3, 0.5 M NaNO3. B.) Raman spectrum: 0.0376 M Nd(NO3)3, 6.0 M 
HNO3, 0.5 M NaNO3. Interested absorption peaks and regions are indicated. 

As illustrated in Figure 5.1, the water band in the NIR spectra and NO-
3

 and OH stretching bands 

in the Raman spectra can provide very useful information regarding the changes in concentration 

and possible speciation for water and nitrate molecules in the aqueous samples. 

Near-Infrared spectra for samples at varied temperature and composition 

A set of NIR spectra collected at different temperatures is shown below in Figure 5.2.  

 

Figure 5.2 NIR spectra of at different temperatures. A) 0.0188 M Nd(NO3)3. 0 M HNO3, 0 
M NaNO3. B) 0 M Nd(NO3)3, 4.0 M HNO3, 0 M NaNO3. C). 0 M Nd(NO3)3, 0 M HNO3, 2.0 
M NaNO3. 

Figure 5.2 shows that the water band at 975 nm has a very small response to changes in 

temperature due to weaker water absorption at that region. However, the water bands at 1160 nm 
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to 1300 nm are more strongly affected by temperature. Impact of changes in temperature on NIR 

water band have been observed and discussed previously14,29–32. Our results show that NIR water 

band absorptions increased at 1160 nm; narrowed at 1200 nm; and weakened at 1250 nm, with 

increasing temperatures. At higher temperatures, the translational and rotation motions of the 

water molecules are more rapid. This violent motion may cause the hydrogen bonding between 

the OH groups of water to break 30,31. Previous literature have suggested that the absorptions 

bands of water at 1160 nm, 1200 nm and 1250 nm correspond to water molecules with no OH 

groups binding (by hydrogen bonds) to another molecule; water molecules with one OH group 

binding; and water molecules with two OH groups binding, respectively29,30. Therefore, the 

absorption at 1160 nm increases at higher temperature due to numbers of water molecules with 

zero bonded OH groups increasing. At the same time, the absorption band at 1250 nm decrease 

at higher temperature due to fewer water molecules binding via both OH groups. The broadening 

effect observed at 1200 nm is correlated to the structure of the water molecules. In the work by 

Yamatera et al., they demonstrated that the structure of water become more organized with the 

presence of stronger hydrogen bonding at lower temperature which broadened the absorption 

peak at 1200 nm31. The absorption peak for Nd3+ at 860 nm is not affected to any great extent by 

the changes in temperature. 

In addition to the temperature effects, adding chemical components, e.g., ions, acid, and salt, can 

impact the behavior of the water molecules in solution 31. In Figure 5.3 below, water band shifts 

are shown as the concentrations of HNO3, Nd(NO3)3, and NaNO3 are varied. 
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Figure 5.3 NIR absorption of samples at 25 oC. A) Varied [HNO3], B) Varied [NaNO3], C) 
Varied [Nd(NO3)3], D). Varied total nitrate [NO3-]tot. 

In Figure 5.3, the NIR absorptions shift only slightly at 975 nm due to the weak absorption as 

mentioned earlier. At 1200 nm, a narrowing of the shoulders was observed when increasing the 

concentrations of HNO3, NaNO3 and total nitrate (NO3
-)tot due to disruption of hydrogen bonding 

when the concentrations of ions is increased14,31. However, different size and electronic 

characteristics of certain ions may alter the structural order of water differently33. As a 

consequence, the absorption bands in NIR may respond dissimilarly depending on the ions14. 

Figure 5.3A shows that the whole water band absorption decreases and narrows when HNO3 

concentration increases, likely due to the dilution effect of water by HNO3 and breaking of 

hydrogen bonds. Figure 5.3B shows a decrease in absorption and a narrowing of the spectral 

shoulders when increasing the NaNO3 concentration. The Nd peak has a direct relation to the 

concentration of Nd(NO3)3 as shown in Figure 5.3C as expected from Beer-Lambert’s law. 

Figure 5.3C also shows that the addition of Nd(NO3)3 concentration has no visible effect on NIR 
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water band absorption. Figure 5.3D shows the water band in the NIR spectra is affected by 

changes in total NO3
-. Although the NIR absorptions shift down as NO3

- concentration increases 

(represented by the total NO3
- calculated from the summation of NO3

- concentrations in HNO3. 

Nd(NO3)3, and NaNO3), there is no clear representation for how the absorption bands are 

affected by NO3
-
 itself. The result on Figure 5.3D is most likely due to the dominating effects by 

the cations such as H+ and Na+.  

Overall, the NIR spectra collected suggest that changes in the physical parameters, e.g. 

temperature, and the chemical parameters, e.g. concentrations, may be detected by NIR. As a 

result, NIR holds promise as a useful sensor for monitoring a system that has varying physical 

parameters and varying chemical composition.  

Raman spectra for samples at varied temperature and composition 

From the Raman spectra result shown in Figure 5.1, the two regions of interest in our study are 

the narrow NO3
- stretching band at 1050 cm-1 and the broad water OH stretching band from 

~2800 cm-1 to ~4000 cm-1. Our observations are in line with previous literature that has shown 

that Raman has a strong response to NO3
- and water due to their different vibrational states8,34–36. 

From the Raman spectral data, we observed a poor correlation between the Raman responses 

versus temperature change for small temperature increments of 10 oC. However, as can be seen 

in Figure 5.4, comparing the Raman spectra for a sample measured at 25 oC and 65 oC the 

Raman response in the 3300 cm-1 region decreased as the solution temperature increased. This 

weakening of the Raman water OH band intensity at higher temperatures is due to the disruption 

of the hydrogen bonds which weaken the symmetric OH stretching (the response is analogous to 

that observed in the NIR spectra8). 
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Figure 5.4 Symmetric O-H stretching bands on Raman spectra at 25 oC and 65 oC of : A.) 
4.0 M HNO3, B.) 2.0 M NaNO3, C.) 0.0188 M Nd(NO3)3. 

The intensity of the Raman water OH band was also affected by changes in the ionic 

composition in our samples8. Figure 5.5 below show some of the changes in Raman response in 

the water OH band at constant temperature when introducing chemical substances to water.  

 

Figure 5.5 Symmetric O-H stretching bands on Raman spectra at 25 oC of varying 
concentrations of : A) HNO3. B) NaNO3. C) Nd(NO3)3. 

Increasing H+ concentration disrupts the hydrogen bond and OH symmetric stretching weakens 

the Raman intensity, which was observed in Figure 5.5A. The peak also shifts to higher 

wavenumbers, and the shoulder narrowed when HNO3 concentration increases. Changing 

NaNO3 concentrations did not produce a strong Raman response in the 2000 – 4000 cm-1 region 

(Figure 5.5B). Casella et al deconvoluted the broad OH stretching band in the Raman spectra 

into five different of Gaussian components8. As shown in their study, Raman intensities at 3393 

cm-1 and 3490 cm-1 increase with increasing NaNO3 concentration, while the Raman intensity at 

3277 cm-1 decrease with increasing NaNO3 concentration. Furthermore, the Raman intensity at 
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3051 cm-1 and 3628 cm-1 do not have any pronounced effect with varying NaNO3 concentrations. 

Therefore, the combination of NaNO3 Gaussian component intensities, i.e. the total broad stretch 

from ~2800 cm-1 to ~4000 cm-1 result in a complex Raman response that is difficult to interpret. 

In Figure 5.5C, the Raman intensity increases with increasing Nd(NO3)3 concentration at ~ 3400 

cm-3, which appears to have the opposite effect compared to HNO3. The effect of Nd(NO3)3 can 

be explained by increasing Nd(III) concentrations in water enhanced the polarizablity of water, 

which induce OH symmetric stretching and lead to a stronger Raman intensity. Moreover, 

previous studies have shown that some ions can either induce or distort the surrounding 

hydrogen bonds, which are also known as kosmotropic or choatropic, respectively33. The 

kosmostropic effect of Nd(III) on water may be reflected by the Raman spectra33. 

In addition to the symmetric OH stretching bands shift at 2800 cm-1
 to 4000 cm-1, another active 

Raman response for a symmetric NO3
- stretching at 1050 cm-1

 was examined in our study. 

Figure 5.6 below show the Raman responses in the 900  - 1000 cm-1 region when varying NO3
-

concentrations for the samples analyzed in this study. The Raman intensity and peak half-width 

have a proportional relationship with NO3
- concentration. Similar results were found in previous 

literature37,38. The Raman intensity increased with increasing NO3
- concentration due to higher 

NO3
- vibration response. As can be seen in Figure 5.6 the Raman intensity shifts with nitrate 

concentration for all ion species, i.e, HNO3, NaNO3 and Nd(NO3)3. Thus, Raman spectroscopy 

should provide a direct measurement for the total nitrate concentration. 
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Figure 5.6 Raman symmetric stretching NO3
-
  band at 25 oC of varying concentrations of: 

A) HNO3. B) NaNO3. C) Nd(NO3)3. 

Conductivity Measurements 

In a system with varying proton concentration, ionic strength and temperatures, conductivity 

measurement for physicochemical data could potentially improve the precision of chemometric 

models. The results from our conductivity measurement are shown in Figure 5.7.  

 

Figure 5.7 Conductivities of samples with different concentrations and temperatures. 

In Figure 5.7, the conductivities of the samples rise as expected when the ionic strength 

increases. HNO3, which has a lower ionic concentration than NaNO3 (0.48 M HNO3 versus 0.64 

M NaNO3) has higher conductivity than NaNO3 (Figure 5.7) due to the much higher mobility of 

H+ than Na+39. The temperature also provides a correlation with conductivity although the 

response is much weaker especially for dilute aqueous systems. 
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5.2 Preliminary study discussion  

Partial Least Square (PLS) regression analysis 

As was discussed in the previous section, NIR, Raman spectroscopy and conductivity 

measurements can provide useful information for characterizing the aqueous solution of different 

chemical and physical properties. Chemometric models were developed for each component, i.e. 

total NO3
-, HNO3, NaNO3, and Nd(NO3)3, using data from different NIR, and Raman spectral 

range, as well as conductivity and temperature measurements in different combinations to 

evaluate the response of each detector in combination with PLS analysis. 

The results from the PLS model showed, unexpectedly, that including the conductivity and 

temperature measurement did not improve the prediction ability of the model for the greatly. The 

RMSEC, RMSECV and R2 values did not improve to an appreciable extent. An attempt to model 

the different components in the system using only conductivity and temperature measurements 

are shown in Figure 5.8 below. RMSCE, RMSECV and R2 values of each component in the 

solution are listed in Table 5.1.  
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Figure 5.8 Predicted versus measured values by the partial least square model using 
conductivity and temperature measurement for: A.) HNO3, B.) NO3

-, C.) NaNO3, D.) 
Nd(NO3)3, E.) Ionic strength (mol/Kg), F.) Temperature.  Red line indicates R2 =1. 

Table 5.1 Partial least square parameters for the model obtained from conductivity and 
temperature measurements. 

Component LV RMSEC RMSECV R2 

HNO3 2 0.920 0.921 0.825 
NO3

- 2 1.403 1.404 0.638 
NaNO3 2 1.171 1.173 0.0096 
Nd(NO3)3 2 0.0122 0.0123 0.0073 
Ionic Strength 2 1.037 1.038 0.682 
Temperature 2 7.526 7.527 0.717 

 

Poor models were obtained from using only conductivity and temperature. The result indicates 

that although the physical parameters may give important information they are not important 

variables for building models. Moreover, having only two variables to describe a chemical 

system is insufficient (compared to more than 1000 variables from the spectral data in our study). 

The data in Figure 5.8 demonstrates that the best correlation between measured and predicted 

concentration is found for total nitrate concentration, i.e. ionic strength, and for nitric acid 
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concentration, i.e. acidity. The Nd prediction is especially poor due to the fact that the low 

amount of Nd(NO3)3  used did not change the conductivity of the solution to a significant degree.  

In the models below different regions of the NIR and Raman data was used in an attempt to 

improve the fit. Each measurement method separately as well as in combination was tested for 

comparison. 

 

Modeling total nitrate concentration  

The result of the PLS models for total NO3
- prediction are shown in Figure 5.9 and Table 5.2. 

During the data collection for the model it was noticed that the NO3
- band for Raman (from 600 

cm-1 to 1500 cm-1) had a strong correlation between Raman intensity and NO3
- concentration. 

Thus, one of the models developed used only the Raman region of 600 cm-1 to 1500 cm-1. 

Models were also developed using NIR alone, Raman alone or a combination of all NIR and 

Raman data. 
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Figure 5.9 Predicted versus measured NO3
- concentrations by A.) Both Raman and NIR, 

B.) NIR only, C). Raman only, D). Raman only in the region from 600 cm-1 to 1500 cm-1. 

Table 5.2 Results from the PLS model for total nitrate. 

Raman 
(cm-1) 

NIR 
(nm) 

Latent 
Variables RMSEC RMSECV R2 

All All 4 0.192 0.208 0.992 
None All 4 0.278 0.298 0.984 
All None 4 0.215 0.232 0.990 

600-1500 None 4 0.218 0.239 0.989 
 

The model using all the NIR and all the Raman data was slightly better than the other models as 

the data in Table 5.2 show by comparing RMSEC, RMSECV and R2. When selectively using 

600 cm-1 to 1500 cm-1 from the Raman data, RMSEC and RMSECV increased compared to the 

model that used the whole Raman and NIR spectra. The RMSEC and RMSECV values of the 

model using only NIR spectra indicate that this model is less accurate than the model using only 

Raman. This result suggests that the water band in the NIR region is not interacting as strongly 
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with NO3
- as in the Raman spectra. Hence, for a highly accurate PLS model for total nitrate, 

Raman spectroscopy, and especially in the region around 1050 cm-1, is important. 

Modeling nitric acid concentration  

The result of the PLS models for HNO3 prediction are shown in Figure 5.10 and Table 5.3. As 

shown in the result section above both NIR and Raman have OH bands that respond to changes 

in H+ concentration. For Raman, the OH band was in the region of 2500 to 4000 and a separate 

model was built using only this region. For NIR, the region around 850 nm is where Nd(III) 

absorbs and thus removing this region may reduce interferences from neodymium. Four different 

models were developed, one using all Raman and NIR data together, one using Raman alone, 

one using Raman only in the 2500 cm-1 to 4000 cm-1 region and one model using NIR only in the 

896 nm to 1350 nm region. 

 

 



	  
	  

45 

 

Figure 5.10 Predicted versus measured HNO3 concentrations by A.) Both Raman and NIR, 
B.) NIR (896nm – 1350nm), C.) Raman, D). Raman (2500 cm-1to 4000 cm-1). 

Table 5.3 Nitric acid model results 

Raman 
(cm-1) 

NIR 
(nm) 

Latent 
Variables RMSEC RMSECV R2 

All All 4 0.117 0.124 0.997 
None 896-1350 4 0.158 0.169 0.994 
All None 3 0.228 0.236 0.988 

2500-4000 None 5 0.366 0.385 0.969 
 

Table 5.3 shows that the model using all the NIR and all the Raman data was slightly better than 

the other models. Using only Raman decreased the accuracy of the model and using only the 

water OH band in Raman (2500 cm-1 – 4000 cm-1) decreased the accuracy of the model even 

further when the 1050 cm-1 region is excluded. This result indicates that there is a strong 

relationship between HNO3 and NO3
-. On the other hand, using only the NIR data in the 896 nm-

1350 nm range provided a model that was almost as accurate as the combined NIR and Raman 
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model. The models developed for HNO3 indicate that the model can be improved by having 

more spectral data from a combination of detectors, i.e., Raman and NIR. NIR appears to be 

more sensitive than Raman regarding the H+ concentration, possibly due to the multiple regions 

correlating to varying degrees of hydrogen bonding in the water band on NIR, as discussed 

previously.  

Modeling neodymium concentration  

The result of the PLS models for Nd(NO3)3, prediction are shown in Figure 5.11 and Table 5.4. 

As discussed earlier, Nd(III) has a strongly correlated peak in the NIR spectra from ~850 nm to 

~900 nm. There is also a response in the Raman OH stretching band. Four different models were 

developed, one using all Raman and NIR data together, one using Raman only in the 2500 cm-1 

to 4000 cm-1 region, one using NIR alone and one model using NIR only in the 850 nm to 895 

nm region. 
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Figure 5.11 Predicted versus measured Nd(III) concentrations by A.) Both Raman and 
NIR, B.)  Raman (2500 cm-1to 4000 cm-1),  C). NIR, D). NIR (896nm – 1350nm). 

Table 5.4 Neodymium (III) model results. 

Raman 
(cm-1) 

NIR 
(nm) 

Latent 
Variables RMSEC RMSECV R2 

All All 3 0.0017 0.0017 0.982 
2500-4000 None 7 0.0015 0.0018 0.978 

None All 3 0.0015 0.0016 0.983 
None 850-895 3 0.0014 0.0014 0.986 

 

It can be seen from Figure 5.11 that all models were able to predict the Nd(III) concentration in 

the system to a reasonable degree. In this case, focusing on the NIR spectra in the region where 

Nd(III) absorbs provides the most accurate model. Using the entire range of NIR data, as well as 

the combination of NIR and Raman decreases the accuracy slightly, most likely due to the 

inclusion of data that is only weakly correlated with Nd(III). Using only the Raman data for the 

OH water band (2500 cm-1– 4000 cm-1) provided the least accurate fit and also required 7 latent 
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variables to fit the data compared to only 3 latent variables for the other models. The Nd(III) 

prediction suggests that providing large amounts of data does not improve the fit if the data is not 

well correlated but may in fact decrease the strength of the model. As neodymium have a rich 

spectral response in the UV-VIS region it is likely that introducing a spectrometer or detector 

that can measure at lower wavelengths would provide an even better model.  

Modeling sodium (NaNO3) concentration  

The result of the PLS models for NaNO3, (Na+), prediction are shown in Figure 5.12 and Table 

5.5. As was indicated previously, Na+ has no strong correlation with NIR absorption in the water 

band and a weak response in the water OH stretching band in Raman. Four different models 

were developed, one using all Raman and NIR data together, one using Raman only in the 2500 

cm-1 to 4000 cm-1 region, one using NIR only in the 896 nm to 1350 nm region, and one model 

combining the Raman in the 2500 cm-1 to 4000 cm-1 region with the NIR in the 896 nm to 1350 

nm region. 
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Figure 5.12 Predicted versus measured NaNO3 concentrations by A.) Both Raman and 
NIR. B.)  Raman (2500 cm-1to 4000 cm-1).  C). Raman (2500 cm-1 to 4000 cm-1) and NIR 
(896 nm – 1350 nm). D). NIR (896 nm – 1350 nm) 

Table 5.5 Sodium model results 

Raman 
(cm-1) 

NIR 
(nm) 

Latent 
Variables RMSEC RMSECV R2 

All All 4 0.260 0275 0.946 
2500-4000 None 4 0.358 0.368 0.904 
2500-4000 896-1350 6 0.174 0.204 0.970 

None 896-1350 6 0.170 0.199 0.971 
 

It can be seen from Figure 5.12 and Table 5.5 that the prediction of sodium was the least 

accurate compared to models developed for NO3
-, H+ and Nd(III). All models displayed 

scattering around the perfect fit (predicted = measured). The model using spectral data from 

Raman only provided the least accurate fit. Including the entire range of Raman and the NIR 

improved the model some and reducing the range of the NIR spectra to exclude the Nd(III) 
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absorption peak yielded even higher accuracy. Removing the Raman spectra and using only the 

NIR in the 896 nm to 1350 nm range provided a model that was somewhat better than when the 

Raman was included.  

Modeling ionic strength  

 

Figure 5.13 Predicted versus measured ionic strength by A.) Both Raman and NIR, B.)  
Raman,  C). NIR. 

Table 5.6 Ionic strength model results. 

Raman  
(cm-1) 

NIR  
(nm) 

Latent  
Variables RMSEC RMSECV R2 

All All 5 0.136 0.164 0.992 
All None 5 0.156 0.177 0.991 

None All 4 0.229 0.244 0.982 
 

Figure 5.13 and Table 5.6 indicate that when combing both Raman and NIR spectroscopic data, 

the prediction accuracy of the models improved compared to using only one spectroscopy type. 



	  
	  

51 

However, Raman spectroscopy has higher prediction accuracy for total ionic strength compared 

to NIR spectroscopy, for this chemical system.   

Modeling temperature  

 

Figure 5.14 Predicted versus measured temperature by A.) Both Raman and NIR, B.)  
Raman,  C). NIR. 

Table 5.7 Temperature model results. 

Raman  
(cm-1) 

NIR  
(nm) 

Latent  
Variables RMSEC RMSECV R2 

All All 4 2.069 2.337 0.973 
All None 4 2.460 2.648 0.965 

None All 4 2.922 3.139 0.951 
 

Figure 5.14 and Table 5.6 also indicate that combing both Raman and NIR spectroscopic data 

can improve the prediction accuracy of the models. Furthermore, Raman spectroscopy has higher 

prediction accuracy compared to NIR spectroscopy.  However, the prediction errors from the 
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models are relatively large, compared to the previous results. The results suggest that using 

spectroscopy may not be as optimal, efficient and economical compared to using a 

thermocouple, which can directly measure the temperature. 

From the results of the PLS models for the different components, it was noticed that combing 

multiple detectors does not always improve the prediction accuracy of a system. Moreover, for 

some measurement, such as temperature, spectroscopic detection might not be as precise as using 

a simple tool that is easy to handle and has lower cost. Wise selection of detectors that show a 

specific response to the component in the system is also extremely important. It was shown, 

however, that NIR and Raman both have the ability to predict with reasonable accuracy the 

concentration of nitrate, protons, sodium and neodymium over a fairly large range of 

concentrations and over a range of 40 degrees centigrade (from 25 °C to 65 °C). 

5.3 Preliminary study conclusion 

The results of the PLS models in the preliminary study suggest that carefully selection of robust 

detectors is useful to characterize a chemical system and capture the variance in an aqueous 

system. However, having a combination of spectroscopy probes with the detectors for physical 

properties, e.g., NIR and Raman probes with conductivity electrodes and thermometers, might 

not improve the strength of a model significantly. However, measuring the temperature, 

conductivity and other physical properties of a process stream is important for monitoring 

reasons other than predicting the concentration of different components. Having detectors that 

respond to chemical species in an aqueous system is desired to improve the predictability of a 

model. Moreover, we notice that both Raman and NIR spectroscopies are not very useful for 

predicting temperatures. Therefore, attaching thermometers to a process can be more efficient 

and economical for the temperature measurement than obtaining results from spectral analysis. 
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We also found that NIR was superior to Raman for the prediction of neodymium concentration 

while Raman provided greater accuracy for nitrate prediction. NIR was also better for sodium 

prediction although this component was predicted with the least overall accuracy. Prediction of 

proton concentration and ionic strength were improved using the combination of both NIR and 

Raman. Overall the results from the models suggest that an abundance of data is not necessarily 

better than a more focused and well-defined dataset. Preprocessing data for calibrating models 

separately accordingly to a single component using only one sensor can enhance the overall 

predictability. Having more sensors undoubtedly improves the security. However this comes at 

the cost of increased amounts of data that must be treated and analyzed. Finally, for any model to 

be trained successfully significant amount of carefully analyzed data is required.  
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Chapter 6 : Study of off-line monitoring of solvent extraction using Near 

Infrared spectroscopy. 

In Chapter 5, we demonstrated the feasibility of using NIR and Raman spectroscopy for 

building the chemometric models of different chemical species in aqueous solution at varied 

chemical and physical conditions. From the result, we learned variable selection could enhance 

the predictive ability of the chemometric models by reducing the interfering signal. Selecting 

sensitive detectors and spectral ranges could also greatly improve the predictive capabilities of 

the models. We have found that NIR is a powerful tool for monitoring Nd(III), NO3
-, HNO3, and 

NaNO3. In this study, monitoring a solvent extraction process using a single stage centrifugal 

contactor was investigated. Extraction efficiency of Nd(III), calculated by the distribution ratio, 

with TBP compared with di-(2-ethyhexyl) phosphoric acid (HDEHP) under different chemical 

conditions by varying the concentrations of acid and NO3
- was investigated. NIR spectra 

collected from a set of aqueous samples were obtained to calibrate the chemometric models 

using PLS regression analysis. The calibrated PLS model was then validated by the NIR spectra 

of the aqueous samples collected from aqueous outlet of a single stage contactor during the 

extraction of Nd(III) with HDEHP. 

6.1 Extraction equilibrium study for tributyl phosphate and di-(2-ethylhexyl) phosphoric acid 

To estimate the Nd(III) extraction efficiency during a single stage centrifugal contactor, the 

extraction efficiency of Nd(III) in batch extraction using TBP or HDEHP was investigated by 

measuring the distribution ratios (Eq. 3.1). The aqueous and organic samples in this study were 

prepared according to the method described above in Chapter 4. The distribution ratio results 

are indicated in Figure 6.1. 
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Figure 6.1 Distribution ratio of Nd(III), DNd, (A) in 30% vol/vol at varied HNO3, (B) in 1.1 
M TBP varied NO3

- concentration, (C). 0.2 M in HDEHP2 at varied HNO3 at 1.0 M NO3
-. 

As demonstrated in Figures 6.1A and 6.1B, more Nd(III) was extracted with TBP at lower 

initial HNO3 concentration and higher NO3 concentration. Since HNO3 is extracted by TBP, 

higher HNO3 concentration leads to more competition for Nd(III) to associate with TBP40. 

Moreover, because of the solvating extraction mechanism of TBP, the complexes formed 

between TBP and the metal ion must contain anions, e.g., NO3
- to maintain charge neutrality. 

Therefore, higher concentration of NO3 can drive Nd(III) extraction by TBP more efficiently. 

The values obtained for DNd shows poor extraction efficiency (low values of DNd) overall 

because trivalent lanthanides, i.e., Nd(III), can barely be extracted with TBP41. A three order 

magnitude increase in DNd was obtained using HDEHP compared to TBP suggesting that a better 

extraction efficiency of Nd(III) can be obtained when using HDEHP instead of TBP as a 

extraction reagent, as has been seen before. Therefore, HDEHP was selected in our solvent 

extraction process, using a single stage centrifugal contactor. 

6.2 NIR Spectral analysis 

In the previous chapter, we have demonstrated and discussed the results of Nd(III) and water 

band absorbance on NIR spectra in aqueous phase (Figure 5.1 and 5.3 ).  
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6.3 Off-line monitoring using NIR and PLS - Results and discussion 

By applying the aqueous NIR data from the batch extraction experiments, we investigated the 

possibility of applying partial least square regression for an off-line monitoring of the solvent 

extraction process. The condition of the extraction process by a centrifugal contactor is 

demonstrated in Table 4.1. A 3D plot of NIR spectra at the aqueous outlet is shown below 

(Figure 6.3).  

 

Figure 6.2 Three-dimention plot of NIR spectra of aqueous outlet at contactor run time.  

In Figure 6.3, the Nd(III) absorption peak at 860 nm decreases over the operation time of the 

centrifugal contactor run, indicating that Nd(III) was progressively extracted by HDEHP to the 

organic phase. The changes in the water band on the NIR spectra are more difficult to observe 

visually. Figure 6.4 below demonstrate the results from the chemometric models of each 

chemical species for calibration (black closed circles) and validation (green triangle) at room 

temperature (22 ± 1 oC). The result of the prediction accuracy of the model is shown in Table 6.1 

below. 
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Figure 6.3 Partial least square models for (A). Nd(NO3)3 (B) NaNO3. (C) HNO3. (D) NO3
-. 

Table 6.1 Partial least sqaure analysis for the solution components. 

 Latent 
Variables RMSEC RMSECV RMSEP R2 

Nd(NO3)3 5 0.00055 0.00065 0.00099 0.998 
HNO3 3 0.185 0.198 0.151 0.977 
NaNO3 4 0.196 0.221 0.175 0.966 
NO3 4 0.216 0.245 0.160 0.961 

 

The results from the calibration and validation of the model show a good agreement between 

predicted and actual measured data, i.e., validation values overlap with the calibration values in 

Figure 6.4 and R2 deviate less than 5% in Table 6.1. The slope and the intercept (indicated by R2) 

illustrate the small deviation from accurate fit for the data points, and suggest low bias and 

absence of systematic regression errors (Figure 6.4). The results from the PLS models suggest 

that UV/Vis is good for monitoring Nd(III) in an aqueous system. The RMSEC, RMSECV and 
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RMSEP are low, with average calculated errors less that 0.001 M (Table 1). HNO3, NaNO3 and 

NO3 have much higher RMSEC, RMSECV and RMSEP values compared to Nd(III). Unlike 

Nd(III), that possess a distinctive absorbance peak at 860 nm in NIR, monitoring of other 

chemical species is more complicated and might require deconvolution of spectral peaks. We 

further compare the predicted values and the measured values versus time during the extraction 

by the centrifugal contactor. The data is shown in the following figures. 

 

Figure 6.4 Predicted versus measured values of concentrations in aqeuous outlet of (A) 
Nd(III) (B) NaNO3 (C) HNO3 (D) NO3

-, (E) DNd during a centrifugal contactor extraction 
using 0.2 M HDEHP2  in n-dodecane as the extractant. 

The data above in Figure 6.5 shows the comparison results from the measured and predicted 

concentration of Nd(III), NaNO3, HNO3 and NO3
- concentrations in the aqueous outlet, 

calculated by PLS models, from the centrifugal contactor extraction process over 45 minutes. In 

Figure 6.4A, the PLS model demonstrates good performance in predicting Nd(III) concentration 

using NIR spectral data and the errors bars are small. Moreover, the extraction equilibrium was 
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achieved after 12 minutes when the Nd(III) concentration reaches a plateau. HDEHP was fed to 

the organic inlet after Nd(III) solution started existing from the aqueous outlet. Therefore, a 

maximum Nd(III) concentration as illustrated at 0 minute at aqueous outlet. During the first 12-

15 min of extraction process, Nd(III) was progressively extracted to the organic phase and the 

aqueous outlet Nd(III) concentration gradually decreased as expected.  

The performance of monitoring the concentrations of NaNO3, HNO3 and NO3
- is shown in 

Figure 6.4B, in which larger error bars are observed. As we discussed previously, much higher 

RMSECV and RMSEP were obtained for NaNO3, HNO3 and NO3
- concentrations leading to the 

predicted values deviating from the actual measured concentrations. In order to improve 

monitoring NaNO3, HNO3 and NO3
- incorporating additional sensor, e.g., Raman spectroscopy 

might be necessary. Small concentration changes in NaNO3, HNO3 and NO3
- indicate that those 

three chemical species can hardly be extracted by HDEHP. Results of DNd from the actual 

measurements and from the predictions are shown in Figure 6E. DNd values were calculated 

from the ratio between the concentrations of Nd(III) in organic phase and aqueous phase. Nd(III) 

concentrations in organic phase was calculated by subtracting the initial Nd(III) concentration in 

the aqueous inlet by Nd(III) concentration in the aqueous outlet at the corresponding  time. 

Figure 6E indicates that maximum Nd(III) extraction with HDEHP was achieved after 15 

minutes.  

NIR shows potential of monitoring chemical species in aqueous system, especially, Nd(III). 

Further, using partial least square regression, a real time inline monitoring system for a solvent 

extraction process can be established. Careful selection of detectors and careful sample 

preparation for calibration of the models are required.  
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6.3 Conclusion 

In this study, batch TBP and HDEHP extraction of Nd(III) were carried out at varied 

concentrations of HNO3 and NO3 for determining the extraction efficiency. 

Partial least square regression analysis was applied for building the chemometric models. Due to 

the distinctive absorbance of Nd(III), a good prediction accuracy was achieved in the PLS model. 

However, the performances of the models for predicting the concentrations of HNO3, NaNO3 

and total NO3 were weaker. Poor model performance suggests the NIR spectral response to 

HNO3, NaNO3 and total NO3 is more complicated and the prediction capability is not as direct as 

to Nd(III), in line with our previous study (Chapter 5). The calibrated models from batch 

extraction experiments were validated by the aqueous sample collected from the aqueous outlet 

of a centrifugal contactor extraction with HDEHP. Although the validation data agree well with 

the calibration data, discrepancy from the results of the models was observed. Conclusively, our 

study demonstrates the potential of monitoring chemical components in an aqueous system using 

chemometric models by applying spectroscopy and multivariate analysis. 

  



	  
	  

61 

Chapter 7 :  Inline near real time monitoring of trivalent lanthanide 

extraction with di-(2-ethylhexyl) phosphoric acid using ultraviolet and visible 

spectroscopy.  

In the previous chapters, implementation of NIR and Raman for monitoring aqueous samples in 

the extraction processes using partial least square regression was demonstrated. In the following 

section, I will be illustrating and discussing implementing the developed and well-trained 

chemometric models inline at near real time monitoring for a trivalent lanthanide extraction 

process using HDEHP. The extraction efficiency of three different lanthanides (Nd(III), Sm(III) 

and Ho(III)) with HDEHP in n-dodecane at solvent extraction process under three different acid 

environments operated by a single stage centrifugal contactor were compared.  

7.1 Equilibrium constant analysis of neodymium (III), samarium (III) and holmium (III) 

Equilibrium constants of Nd(III), Sm(III) and Ho(III) were compared. The experimental 

preparation is described in Chapter 4. Keq of Nd(III), Sm(III), and Ho(III) were calculated from 

the  data points shown in Figure 7.1 using the intersection of the straight line at x=0. 
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Figure 7.1 logD vs -3log[H]+3log[HDEHP2] of Nd(III), Sm(III), and Ho(III). 

Calculated Keq of Nd(III), Sm(III), and Ho(III) are 3.62, 23.39 and 2511.89, respectively. Keq of 

Ho(III) is two order-of-magnitudes and three-order-of-magnitudes higher than Sm(III) and 

Nd(III), respectively. The increased strength of the complexes are generally attributed to the 

smaller ionic radius of Ho(III) compared to Nd(III) and Sm(III). As the atomic numbers increase 

across the lanthanides series, the ionic radius becomes smaller, i.e. the lanthanide contraction. 

Smaller ionic radius allows better extraction with HDEHP due to increased charged density. 

Previously literature have shown an approximately linear relationship between the logarithm of 

the distribution ratio with the extraction using HDEHP and the atomic number of lanthanides 

42,43. Elements that have great differences in Keq could potentially be selectivity extracted if the 

operational and experimental conditions are prepared accordingly. The implementation of 
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centrifugal contractors to solvent extraction processes can provide improved separation 

efficiency, especially if implemented in amulti-stage process.  

7.2 Results of the Chemometric models. 

The absorption bands of Nd(III), Sm(III) and Ho(III) in the visible spectral range of the 

electromagnectic spectrum provide distinctive absorbance in the UV/Vis region(Figure 7.2). 

 

Figure 7.2 UV/Vis spectra of lanthanides at varied concentrations. A). Nd(III), B). Sm(III), 
and C). Ho(III). 

Figure 7.2 demonstrate the selective UV/Vis absorbance of three different Ln(III) at different 

concentrations. The absorbance of Sm(III) is the weakest compared to Nd(III) and Ho(III) and 
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has some overlaps with the absorbance of Nd(III) and Ho(III) in the region between 300 nm and 

500 nm. Results of the chemometric models from partial least square regression are shown in the 

figures and table below. 

 

Figure 7.3 Results from the chemometric model. A). Nd(III) at aqueous inlet, B). Sm(III) at 
aqueous inlet, C). Ho(III) at aqueous inlet, D). Nd(III) at aqueous outlet, E). Sm(III) at 
aqueous outlet, F). Ho(III) at aqueous outlet, G). Nd(III) at organic outlet, H). Sm(III) at 
organic outlet, I). Ho(III) at organic outlet. 
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Table 7.1 Chemometric results for Ln(III) extraction with HDEHP. 

 RMSECV R2 
Aqueous Inlet 
Nd(III) 0.00068 0.996 
Sm(III) 0.00116 0.992 
Ho(III) 0.00126 0.992 
Aqueous Outlet 
Nd(III) 0.00080 0.994 
Sm(III) 0.00199 0.986 
Ho(III) 0.00116 0.994 
Organic Outlet 
Nd(III) 0.000873 0.983 
Sm(III) 0.00149 0.969 
Ho(III) 0.00108 0.994 
 

Figure 7.3 and Table 7.1 show that Sm(III) has the largest errors in the prediction of the models 

likely due to the weaker UV/Vis spectroscopy absorbance compared to Nd(III) and Ho(III). 

However, we observe that the detection limit of the instrument was reached, i.e., a high ratio of 

background noise to signal was observed when the concentrations of Nd(III), Sm(III) and Ho(III) 

are less than 1 mM, 2 mM and 2 mM, respectively. Therefore, the discrepancy of the 

chemometric results falls within a reasonable range (< 2 mM) for the detection limit of the 

UV/Vis spectroscopy.  

7.3 Implementation of the inline near real time monitoring system using UV/Vis spectroscopy 

To accomplish an inline near real time monitoring system, with less than 2 minutes delay, a 

LabVIEW® program was written to control spectral data retrieval during the process 

accompanied with MATLAB®, which implemented the calibrated chemometric models on the 

collected spectra. Figure 7.4 demonstrates an overall experimental set up for the inline near real 

time monitoring system for the single stage centrifugal contactor. 



	  
	  

66 

 

Figure 7.4 Pictures of the experimental setup of inline monitoring of a single stage 
centrifugal contactor. 

The single stage centrifugal contactor is assembled with three pairs of optical fibers at the 

aqueous inlet, aqueous outlet and organic outlet. A multiplexer was used to control the channels 

of light output and input from the lamp between the different measuring ports, shown in Figure 

7.4. LabVIEW® codes were written to control the multiplexer, i.e., which channel would be 

monitored. The absorbance at the inlet and outlets were collected continuously by a UV/VIS 

spectrophotometer (Ocean Optics Inc. Jaz). The LabVIEW® program was also used to 

continuously retrieve and store the absorbance automatically. The retrieved spectral data was 

compiled instantaneously and pre-processed accordingly to the methods selected for constructing 

the chemometric models, e.g., Savitzky-Golay, mean center followed by variance scaling, using 

MATLAB®. The calibrated chemometric models stored in the data library were then applied to 
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the pre-treated spectral data for prediction of the metal ion concentrations. The schematic 

description of the overall inline near real time monitoring system for the extraction process is 

demonstrated in Figure 7.5. 

 

Figure 7.5 Schematic descriptions of the online near real time monitoring process. 

The inline near real time monitoring system had a less than 2 minutes time delay due to the time 

elapsed between switching and collecting data between the different channels. The time delay 

could potentially be overcome if a spectrophotometer is able to collect the absorbance from all 

the channels simultaneously instead of individually.  
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7.4 Results and discussion for in-line near real time monitoring of a Ln(III)-HDEHP 

extraction process 

By combining the use of powerful analytical detectors, e.g., spectroscopy in this study, and 

sophisticated chemometric models developed by applying multivariate analysis, the extraction 

process was monitored in-line at near real time. As we demonstrated here UV/Vis spectroscopy 

is a useful non-destructive sensor for monitoring Nd(III), Sm(III) and Ho(III) due to their 

distinctive absorbance. Our PLS models also yield good results and provide the possibility of 

continuous monitoring.  

The ability of incorporating computer software, i.e., LabVIEW® and MATLAB® to control 

instruments, e.g., the multiplexer, and the spectrophotometer was confirmed by the results shown 

in Figure 7.6. The temperature inside the centrifugal contactor was elevated by approximately 5 

oC. However, as illustrated in Chapter 5, the Nd(III) absorbance is independent of the  

temperature in that small range. Hence, the temperature effects on the UV/Vis spectra were 

neglected. The results of in-line near real time monitoring of Ln(III) extraction from 0.1 M, 0.6 

M and 1M HNO3 using HDEHP with a single stage centrifugal contactor are shown below. 
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Figure 7.6 In-line near real time monitoring Ln(III) extraction with 0.2 M HDEHP in n-
dodecane at varied HNO3 concentration: A). 0.1 M, B). 0.6 M, C). 1.0 M. 

 During the extraction process, Ln(III) in varied HNO3 concentrations solution was fed in the 

centrifugal contactor aqueous inlet. When the concentration of Ln(III) started to appear in the 

aqueous outlet, the organic phase pump was started and a mixture of HDEHP in n-dodecane was 

injected in the organic inlet. After the organic phase pump was started, the concentration of 

Ln(III) in the aqueous outlet quickly decreased indicating that Ln(III) was extracted to the 

organic phase. At the end of the extraction process, aqueous solution prepared with the absence 

of Ln(III) ions, but with the same HNO3 and NaNO3 concentrations was injected in the aqueous 

inlet to rinse the contactor, causing Ln(III) concentrations drop to zero quickly in Figure 7.6. 

When the rinsing solution was injected, the Ln(III) remaining in the centrifugal contactor was 

diluted. Therefore, concentrations of metal ions in aqueous and organic outlets slowly 

approached zero toward the end of the process. During the process, air bubbles formed may be 
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trapped in the z-flow cell which interfered with the light throughput and affected the measured 

absorbance. Disturbances in the absorbance resulted in poor prediction results from the 

chemometric models. For example, concentration fluctuations in the aqueous inlet at 

approximately 43 minutes is shown in Figure 7.6 A. In addition, at 5 – 20 minutes into the run 

the aqueous inlet in Figure 7.6 C show some fluctuations due to air pockets. Hence, air bubble 

traps or other methods to eliminate air pockets must be implemented in an inline monitoring 

system to enhance the stability and material accountancy of a process relying on optical 

spectroscopic detectors. 

In this study, Ln(III) dissolved in three different solutions of varying HNO3 concentrations were 

fed to the aqueous inlet of the centrifugal contactor. Ln(III) extraction efficiency improved when 

lower initial HNO3 concentration was used due to the extraction behavior of HDEHP, which 

favors lower acid concentration. As we demonstrated previously in Section 7.1, Ho(III) has a 

much higher equilibrium constant compared to Nd(III) and Sm(III). Figure 7.6 demonstrates that 

in all the extraction processes, Ho(III) was extracted the best to the organic phase compared to 

Nd(III) and Sm(III) regardless the initial HNO3 concentration. Moreover, as we increased initial 

HNO3 concentration from 0.1 M (Figure 7.6 A) to 1.0 M (Figure 7.6 D), Nd(III) and Sm(III) 

concentrations in organic outlet decreased as expected. Ho(III) extraction efficiency is affected 

less even when initial HNO3 increased to 1.0 M.  The results suggest that selectively extracting 

heavy Ln(III) can potentially be achieved by controlling the acid concentration in the initial 

aqueous feed solution. 

7.5 Conclusion 

In this chapter, the successful implementation of an innovative inline near real time monitoring 

system was achieved and demonstrated. The batch extraction study showed Ho(III) has the best 
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extraction efficiency with HDEHP compared to Sm(III) and Nd(III). Nd(III) is extracted the least 

among the three lanthanides tested here. The chemometric model for Sm(III) has the weakest  

predictive ability due to the weakest UV/Vis spectroscopic absorbance. However, deviation of 

the predicted values of the chemometric models from actual measured values is within the 

acceptable range compared to the detection limit of the instrument. The advantages of applying a 

non-destructive spectroscopic detection techniques accompanied with the powerful multivariate 

analysis method were presented by an actual extraction process. We provided LabVIEW® and 

MATLAB® codes to control the communication between the computers and instrument 

automatically to establish a near real time inline monitoring system. The extraction results from 

the inline at near real time monitoring process show a good agreement with distribution study 

from the batch extraction suggesting selective extraction can be achieved by altering acid 

concentration. 
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Chapter 8 : Inline near real time monitoring of a simulated PUREX process 

by UV/Vis spectroscopy using partial least square regression analysis. 

The ultimate goal of this thesis is to establish a near real time inline monitoring system for 

separation of used nuclear fuel. PUREX, described the previous chapter, is one of the most 

common used technologies for separating and recycling uranium and plutonium from used 

nuclear fuel.  In this chapter, I will demonstrate an inline near real time monitoring system for a 

simplified simulated PUREX process using UV/Vis spectroscopy and partial least square 

regression analysis. In the simplified PUREX process, a separation process was conducted by 

extracting U(VI) and Nd(III) with 1.1 M TBP in n-dodecane from aqueous solutions of varied 

concentration of HNO3  (at 0.6 M and 3.0  M), by a single stage centrifugal contactor. Prior to 

performing an inline extraction process, the chemometric models for the aqueous inlet, aqueous 

outlet, and organic outlet were constructed using partial least square regression analysis, as 

described in the previous chapters. The results, discussion and conclusion of the experimental 

data from the stationary and process analysis and measurements will be demonstrated in the 

following sections. 

8.1 Spectroscopic analysis for uranium 

Formation of uranyl-nitrate complexes in the aqueous phase introduces a challenge for an inline 

analysis of the used nuclear fuel separation process. There is an abundance of previous literature 

describing studies of uranyl speciation44–46. In my study, different uranyl complexes were 

observed when varying NO3
- concentration (Figure 8.1). 
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Figure 8.1 Changes in uranyl spectra due to speciation when varying HNO3 concentrations. 

Couston et al., mention in their paper that the weak complexation between nitrate ions and 

uranium cause the free uranyl (UO2
2+) and uraniyl-nitrate complexes (UO2NO3

+ and UO2(NO3)2) 

to coexist in concentrated nitric acid (i.e., nitrate) medium44. The formation mechanism of 

different uranyl species in nitric acid medium can be described in the following44 : 

𝑈𝑂!!! + 𝑁𝑂!!
!!!!.!" 𝑈𝑂!𝑁𝑂!! 

𝑈𝑂!!! + 2𝑁𝑂!!
!!!!.!"# 𝑈𝑂! 𝑁𝑂! ! 

β1
 and β2 are the formation constants for the two different uranyl-nitrate complexes. Our spectral 

results shown in Figure 8.1 agree with their findings. Some UV/Vis spectra for constant uranyl 

concentration at varied HNO3 concentrations are illustrated in Figure. 8.1. At lower HNO3 

concentrations (0.6 M and 1.5 M HNO3), the effect of uranyl-nitrate speciation is less 

pronounced compared to 3.0 M HNO3. Moreover, the uranyl spectral shoulder at approximately 

400 nm decreases while at 430 nm in increases when increasing HNO3. By deconvoluting the 

uranyl spectra, the peak at 400 nm corresponds to UO2
2+ absorbance and is expected to decrease 

when increasing NO3
- concentration. Whereas both UO2NO3

+ and UO2(NO3)2 have absorbance at 

higher spectral wavelength than 400 nm to approximately 475 nm. Details of uranyl spectra 
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deoconvolution can be referred to the work  by Couston et al.44 The overlapping uranyl spectra 

from speciation when varying NO3
- can cause delay on inline monitoring analysis and make the 

assay challenging if only univariate analysis was applied. In this work, chemometric models built 

by using partial least square regression were applied to tackle the obstacle of uranyl speciation in 

the UV/Vis spectral region. 

8.2 Results of the chemometric models for uranium and neodymium in aqueous and organic 

phases 

Chemometric model calibration was done by using samples from batch extraction of U(VI) and 

Nd(III) with 1.1 M TBP in n-dodecane. The experimental procedures and set up are discussed in 

Chapter 4. UV/Vis spectra taken from the aqueous and organic samples were analyzed by 

partial least square regression. The results of the chemometric models for different chemical 

components in aqueous and organic inlets and outlets are shown in the figure and table below. 
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Figure 8.2 Chemometric model results. A). Nd(III) at aqueous inlet, B). U(VI) at aqueous 
inlet, C). Nd(III) at aqueous outlet, D). U(VI) at aqueous outlet, E). Nd(III) at organic 
outlet, F). U(VI) at organic outlet. 
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Table 8.1 Chemometric model results for U(VI) and Nd(III) extraction with TBP 

 RMSECV R2 
Aqueous Inlet 
Nd(III) 0.00033 0.999 
U(VI) 0.00141 0.984 
Aqueous Outlet 
Nd(III) 0.00157 0.987 
U(VI) 0.00122 0.986 
Organic Outlet 
Nd(III) 0.00171 0.759 
U(VI) 0.00156 0.962 
 

The results from the model calibration for U(VI) in both aqueous and organic inlets and outlet 

have a good agreement between measured versus predicted values (R2 ~ 1) and low predictive 

error (RMSECVs < 1.5 mM). Nd(III) aqueous inlet and outlet models also show good results 

with a R2 close to 1 and low RMSECV values. However, the values predicted by the model for 

Nd(III) in organic phase are more scattered due to very low Nd(III) extraction efficiency by TBP 

and hence only limited amount of Nd(III) was presented in the organic samples. Although the 

predicted values for Nd(III) are visually more scattered, the RMSCV is acceptable with  a value 

of 0.00171 M. The results of the chemometric models indicate that the powerful multivariate 

analysis easily overcome the obstacle of nitrate speciation of uranyl causing shifts in the spectral 

data.  

8.3 Inline near real time monitoring of simplified PUREX process using UV/Vis spectroscopy 

with partial least square regression 

The inline near real time monitoring system, that was developed using LabVIEW® and 

MATLAB® discussed in Chapter 7, was implemented for the simplified PUREX process using 

UV/Vis spectroscopy. A selective result of aqueous and organic inlets and outlet in 3-dimension 
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plots of time versus arbitrary unit (derived from wavelength) versus absorption is shown in the 

figure below.  

 

Figure 8.3 Three-dimension plot of time versus absorbance during a simplified PUREX 
process with initial 3M HNO3 in the aqueous inlet: A.) Aqueous inlet, B.) Aqueous outlet, 
C.) Organic outlet. Arbitrary units are used to represent the wavelength on the three-
dimension plot because the wavelength units were replaced when constructing the data 
matrices (see Figure 4.2). 

Figure 8.3A illustrates the near real time spectral measurement at aqueous inlet and indicates 

that constant concentration of U(VI) and Nd(III) were fed to the centrifugal contactor until 

approximately 30 minutes when the aqueous feed was replaced by the rinsing aqueous solution. 

In Figure 8.3B, both U(VI) and Nd(III) absorbance slowly increase when solution fed from the 

aqueous inlet started to exit from the centrifugal contactor at the aqueous outlet, at which point 

the solution of 1.1 M TBP in n-dodecane was injected into the organic phase inlet. After 10 

minuets, U(VI) absorbance appears in the organic outlet, indicating U(VI) was extracted by TBP 

(Figure 8.3C). The disappearance of U(VI) in aqueous outlet synchronized well as shown by the 

picture from the appearance of U(VI) in organic outlet after 10 minutes. Moreover, because 

Nd(III) is hardly extracted by TBP, only small reduction in Nd(III) absorbance at 794nm after 10 

minutes can be observed in Figure 8.3B. Whereas, due to the minimum Nd(III) concentration 

extracted to the organic phase, the Nd(III) can barely be seen in the spectra in Figure 8.3C. 

Figure 8.3 demonstrates that a successful automated near real time spectral measurement 
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retrieval system was established. Figure 8.4 below shows the results from the chemometric 

model prediction versus centrifugal contactor operation time at near real time at two different 

HNO3 concentrations (0.6 M and 3.0 M) in the feed.  

 

Figure 8.4 In-line near real time monitoring U(IV) and Nd(III) extraction with TBP at 
varied HNO3 concentration: A). 0.6 M, B). 3.0 M. 

Figure 8.4 shows that aqueous inlet have a steady Nd(III) and U(VI) concentrations until the 

aqueous rinsing solution was injected at the end of the extraction process after ~40 minutes. The 

gradual increase shown in the aqueous outlet is due to metal ions starting to exit the centrifugal 
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contactor after the solution was replaced by the feed into the aqueous inlet. Organic outlet results 

show U(VI) was rapidly extracted after 17 and 23 minutes in Figure 8.4 A and B. Nd(III) was 

minimally extracted to the organic phase at 0.6 M HNO3 and progressively extracted to the 

organic phase at 3M HNO3. Low Nd(III) extraction efficiency with TBP was expected because 

TBP is known for extracting trivalent-metal ions poorly. On the other hand, TBP extracts hexa-

valent metal ions very well, and high U(VI) extraction efficiency with TBP was expected and 

observed during the extraction process47. Higher U(VI) concentration was reached in the organic 

outlet than aqueous inlet in at shown in Figure 8.4. This may be due to the low initial ratio of 

organic to aqueous phase in the mixing region of the contactor. When the centrifugal contactor 

started operating, aqueous solution was first injected in the feed, and then followed by the 

organic solution after the aqueous solution had filled the inner centrifugal contactor bowl and 

existed at the aqueous outlet. Because the contactor was continuously filled with aqueous 

solution, a smaller organic solution volume was inside the contactor, i.e. the operation was with 

the aqueous phase as the continuous phase. During the operation, we observed that air bubbles 

formed in the z-flow cells causing signals disruption in organic outlet at approximately 30 

minutes and aqueous outlet at 40 minutes in 0.6 M HNO3 extraction (Figure 8.4 A) and at 24 

minutes in the aqueous outlet in 3.0 M HNO3 extraction (Figure 8.4B). On the other hand, the 

steady signals resulted in stable prediction results from the chemometric models, as shown. 

Conclusively, Figure 8.4 shows that inline near real time monitoring system was successfully 

implemented for Nd(III) and U(VI) extraction with TBP at varied initial HNO3 concentrations in 

the aqueous inlet, although process control can still be enhanced in the future. 
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8.4 Conclusion 

In this chapter, we explored the feasibility of implementing a near real time inline monitoring 

system developed in the lab using partial least square regression analysis with UV/Vis spectral 

data. We successfully demonstrated the inline, near real time monitoring of a processes of Nd(III) 

and U(VI) extraction with TBP. Despite speciation of uranyl with nitrate observed in the spectral 

data, the concentration of uranium was no problem to analyze by partial least square regression. 

We observed different Nd(III) and U(VI) extraction efficiency at varied HNO3 concentrations. 

U(VI) possessed a much better extraction efficiency than Nd(III) with TBP, as expected. Again 

we observed in this study that air pockets formed inside the z-flow cell is a prominent challenge 

that must be resolved when using spectroscopic detector that relies on light signals. However, we 

successfully implemented an inline near real time monitoring system for a simplified PUREX 

process. 
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Chapter 9. Conclusion 

Used nuclear fuel separation process involves sensitive nuclear material. In the current operation 

reprocessing plants for used nuclear are being monitored closely for process safety, security and 

efficiency. IAEA’s safeguard objective requires all the nuclear material involved in any 

industrial and research process to be secured. In this thesis, I explored the advantages of applying 

chemometric models to solvent extraction processes to achieve a powerful monitoring technique. 

Chemical separation processes involves complex chemistry and physicochemical character and 

brings the challenge of providing precise information at real time. Multivariate analysis provides 

a powerful tool for quick data analysis in process monitoring. Spectroscopic tools have shown 

promise for detecting and providing measurement data from the complex fluid system in this 

thesis. Development of chemometric models using the combination of multivariate analysis and 

spectroscopy could ultimately benefit process analytical technology. However, lack of 

understanding the complex phenomena involved in the measurement data and the statistical 

meaning behind data processing and analysis could cause detrimental effects on the original 

purpose of chemometric models. Therefore, in this thesis, the ideology of chemometric models 

was first introduced by examining the fundamental understanding of the spectra collected in 

static lab measurement and variable selection for building robust chemometric models using 

partial least square regression (Chapter 4). The purpose of variable selection not only serves as a 

prelude for understanding the meaning hidden in the spectral data set, but also greatly benefits by 

lowering the complexity of the models in the future. Abundant calibration data sets were 

prepared throughout the whole study to imitate circumstances at a real process and detect any 

possible failures early. We aimed to develop an innovative system that exploits chemometric 

models to enhance monitoring of an extraction process of simulated used nuclear fuel in the lab. 
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In the end, we have shown the success of developing a near real time inline monitoring system 

for a simplified PUREX processes using a single stage centrifugal contactor.   
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