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4 ABSTRACT: Real-time and in situ process monitoring is a powerful tool that can empower operators of hazardous processes to
better understand and control their chemical systems without increased risk to themselves. However, the application of monitoring
techniques to complex chemical processes can face challenges. An example of this is the application of optical spectroscopy,
otherwise capable of providing detailed chemical composition information, to processes exhibiting variable turbidity. Here, details on
a novel combined Raman spectroscopy and turbidimetry probe are discussed, which advances current technology to enable flexible
and robust in situ monitoring of a flowing process stream. Furthermore, the analytical approach to accurately account for both
Raman signal and turbidity while quantifying chemical targets is detailed. This new approach allows for accurate analysis without
requiring assumptions of stable process chemistry, which may be unlikely in applications such as waste cleanup. Through leveraging
Raman and turbidity data simultaneously collected from the combined probe within chemometric models, accurate quantification of
multiple chemical targets can be achieved under conditions of variable concentrations and turbidity.
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B INTRODUCTION

The integration of online monitoring technology represents a
key feature of modernization and advancement of all manners
of chemical processing fields.'~* This is particularly true in
chemical processes where harsh conditions or hazards from the
process streams make traditional grab sample collection
challenging or extremely expensive. A key example of this is
nuclear waste cleanup, a major activity at environmental
superfund sites such as Hanford.>>°

Numerous forms of online monitoring could be integrated
to give insight into process flow dynamics, vessel integrity, or
other key process features. Of particular interest to this work is
the monitoring of the chemical composition of a process
stream, information that is needed to control product quality,
improve process efficiency, maintain operation safety param-
eters, or demonstrate regulatory compliance. Again, a number
of instruments can provide this type of process character-
ization, and likely, a comprehensive tool will require the
combination of multiple sensor types. However, an ideal piece
of the process characterization system is optical spectroscopy.

© XXXX American Chemical Society
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Various optical approaches are already leveraged in food
processing or pharmaceutical production and can provide a
unique insight into the chemical composition of a stream, not
only identifying and quantifying chemical targets but also
enabling analysis of oxidation states, speciation, and complex
chemical interactions.”””

Recent advances in data analysis approaches have enabled
the application of optical spectroscopy-based monitoring
approaches under conditions that are traditionally prohibitive.
This includes applications where matrix effects, °~'®> band
overlap,'*™'® or baseline variation interferences'”'® are
present. This expansion of applications is largely due to the
utilization of multivariate analysis approaches such as chemo-
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metric analysis. However, advances in optical probe

materials have also allowed for deployments in radioactive
environments,” highly corrosive processes,'®*” or high temper-
ature systems such as molten salts.'®*® Furthermore, the
incorporation of sensor fusion into probe design has also
expanded the applicability of optical spectroscopy.”*™>°

There are several limitations in quantitative optical
techniques that are common to essentially all forms of
Raman measurement. These challenges include (1) absorption
of Raman laser excitation by one or more constituents causing
a decrease in signal;”’ (2) solute—solute interactions causing
an increase in the number of degrees of freedom in the system,
which is manifested in additional chemical components;'® (3)
photochemistry induced by the excitation laser causing
chemical chan§es to components, adding additional complexity
in the system;”” (4) excitation laser inducing fluorescence from
either primary analyte or unknown interferences in the system,
increasing baseline noise or shifts/changes/new bands in the
Raman spectrum.” Many of these challenges have been
addressed in other papers while this work focuses on a final
and common challenge: (S) solutions can be complex in
composition having inhomogeneity with particles causing
scattering by either completely scattering away from the
detector or 3partial scattering of light causing an increase in
path length.”® Addressing this effect of increased turbidity on
blocking/scattering excitation light on the Raman measure-
ment and allowing for the modular integration of Raman into
large scale for variable turbidity process streams are significant
needs.

Here, we demonstrate how chemometric analysis and sensor
fusion can be combined to expand optical-based monitoring
approaches into process conditions that traditionally limit
monitoring success: variable turbidity streams. Specifically, the
development and demonstration of a combined Raman-—
turbidity measurement probe is described. Several previous
works discuss methods for overcoming turbidity impacts,
where work discussed here advances both the probe design and
analytical approach to new applications.” >’ The combined
Raman—turbidity probe allows for a unique opportunity to
relate changes in Raman response to changes in turbidity of the
sample or process stream through simultaneous data collection.
Chemometric models that incorporate both data streams are
then uniquely capable of accounting for effects and quantifying
target chemical species. Two points of advancement and
novelty are covered by this work: (1) the compact probe
design allows for flexible in situ monitoring directly on a
process stream or batch, and (2) the analytical approach can
avoid assumptions of stable chemistry that may hinder accurate
applications to dynamic process streams.

B EXPERIMENTAL SECTION

Materials. Reagents, NaNO;, NaNO,, and Na,SO,, were
procured from Sigma and used as received. Solutions were
prepared using 18 MEQ-cm deionized water. Turbidity
standards (Hach) were formazin stock suspension/solution
and were added to training and validation sample/flow sets to
achieve variable turbidity.

Instrumentation. The Raman spectrometer was an
InPhotonics system employing a CCD detector and using a
670 nm, 300 mW, single mode laser (Process Instruments).
This system was integrated with multichannel silicon detectors
for turbidity measurement. Spectral data was collected and
passed through a processing algorithm on the ratio of signals

from the multichannel measurement points to output turbidity.
This analysis system was calibrated using S turbidity standards
covering a range of 0 to 1000 NTU prior to each experiment.
NTU (Nephelometric turbidity unit), while not an SI unit, is
used extensively in the fields of water quality and used for the
estimation of water clarity and/or selected characteristics of
suspended sediment.”**>

Probe Design and Flow Loop Configuration. The
combined Raman—turbidity probe was developed by EIC
Laboratories (Norwood, MA) through a small business
innovative research (SBIR) grant. A picture of the probe can
be seen in Figure 1A. The optical property of turbidity is the

Raman Probe (10 mm focus)

Back scatter fiber channel \ g
Side scatter fiber !
20 mm
channel

10 mm |

10 mm

Forward scatter fiber

channel Quartz window
(10 mm x 1.25 mm)
Transmitted fiber
channel
/\\
C Fibers to Probe
Instrument

/ Integration

Figure 1. (A) Picture of combined Raman—turbidity probe, (B)
training set collection configuration, and (C) flow loop configuration.
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interaction between light and suspended particles in solution,
where the sample scatters light on the basis of the size, shape,
and composition of the particles as well as the wavelength of
the incident light. The intensity of the scattered light collected
at different angles can be calibrated to provide particle
concentration and size 1nf0rmat10n using a well established
optical scattering theory.’® In this design, the dual (Raman—
turbidity) sensor utilizes EIC’s miniature Raman fiber optic
probe (671 nm laser excitation) for Raman excitation and
collection as well as provides the excitation source for the
turbidity sensor. The backscattering Raman probe is fixed
above the turbidity sensing region. The focus of the Raman
probe was adjusted to the edge of the radius of the 10 mm
circle collection region of the turbidity sensor. Four fiber optic
channels were arranged at different angles around the light
scattering collection radius. These turbidity collection angles
are 180° (transmitted), 135° (forward scatter), 90° (side
scatter), and 45° (back scatter); see Figure 1B. The optical
fibers are all equidistant (10 mm) from the center of the
turbidity collection circle. Turbidity was calculated by ratioing
the intensity of light between the four channels (I,s/[Ls + Lo +
I35 + Iig]) and calibrating the result to the turbidity
standards. Standards were procured and used as received
from Hach (0, 20, 200, 1000, and 4000 NTU). These
formazin-based standards can exhibit a random particle size
distribution from <0.1 to >10 pm with varying particle
conformations.

The probe was used to collect training sets, measuring both
Raman signal and turbidity, in static sample vessels; see Figure
1B. It was then integrated into a flow loop to measure flowing
systems; see Figure 1C.

Chemometric Modeling. Data analysis was completed
using MATLAB version 9.7.0.1190202 (R2019b), and chemo-
metric modeling was completed using The PLS Tool Box
version 8.7.1 from Eigen vector Research Inc. Details on model
parameters and metrics are supplied in the Results and
Discussion.

B RESULTS AND DISCUSSION

Turbidity Impacts on Raman Signal. The combination
of the capability to measure both Raman spectroscopy and
turbidity into a single probe produces a tool that can be highly
valuable to process characterization and control. As an
example, this opens new opportunities in nuclear waste
remediation. Raman is a well-known technique that can be
used to identify and quantify a long list of chemical species that
comprise the majority of Cold War-era nuclear wastes by
mass.” Furthermore, Raman has already been utilized to
quantify multiple analytes in real waste processing samples
from the Hanford site.>>> In this application, Raman is an ideal
approach because of the known optical activity of multiple
analytical targets in the waste and also because of the ease of
remote deployment.”® However, methods discussed here
could be modified to support other optical approaches.

However, with standard probe design, Raman can be
difficult to apply to streams of variable turbidity. Figure 2A
presents a picture of turbidity standard solutions, comparing a
0 NTU (completely clear) solution to a series of solutions at
increasing NTU values. As can be seen, the increasing turbidity
disrupts optical clarity. In the case of Raman, the increase in
turbidity causes significantly more light to be scattered and
results in a decrease of the overall signal intensity. Figure 2B
also demonstrates how the signal of nitrate, a very common
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Figure 2. (A) Picture of samples at 0, 20, 200, 1000, and 4000 NTU.
(B) Plot of Raman data for a series of solutions with a constant nitrate
concentration (S M) as turbidity increases and (C) a double axis plot
showing the simultaneous measurement results of measuring turbidity
and Raman intensity of the nitrate band.

waste species, drops as solution turbidity increases. The
simultaneous measurement of turbidity provides insight into
this behavior, which can also be seen in Figure 2C. As turbidity
is stepped up, overall Raman signal steps down even when the
nitrate concentration is constant.

The increase of turbidity acts roughly like a neutral density
filter. The signal decrease across the entire Raman spectrum is
roughly constant, so while intensity decreases, ratios between
bands remain constant.

Advanced Quantification in the Presence of Variable
Turbidity. The data complexity resulting from both variable
concentrations and variable turbidity lead to a situation where
single variate analysis approaches will be difficult to accurately
apply. Band intensity can no longer be solely related to the
concentration of target analyte. Further complexity is added
when considering the presence of additional chemical species
with interfering bands. Under these conditions, multivariate
approaches such as chemometric analysis are needed to
accurately and quickly process data with any confidence.
Chemometric analysis has been successfully applied to the
analysis of multicomponent solution streams with accordingly
complex Raman data.”'®'"** The general behavior of the
Raman signal as a function of increasing turbidity (i.e., the
consistency of band ratios) initially suggests previously
demonstrated modeling approaches could be leveraged. In
these cases, normalization was used to account for modulations
in overall band intensity caused by changes in laser power or
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Figure 3. For solutions at constant S M NO;~ and increasing turbidity: (A) plotted Raman intensities of the nitrate band (spectra shown in Figure
2B) showing the fit of data regression for eqs 1 and 2; (B) Raman intensities of nitrate bands after applying eq 3 and normalizing for turbidity.
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Figure 4. Comparison of the fitted intensities vs known intensities
comparing fits using (A) quadratic eq 1 and (B) cubic eq 2 for the
Raman intensities of S M nitrate samples as a function of turbidity.

210 the presence of light absorbing species.'” In relatively simple
211 chemical systems, normalization to the water band can

accomplish this. However, when one plans for applications
to treat legacy nuclear waste, monitoring approaches must be
prepared for highly complex process streams (>10 optically
active or interfering species present and very high ionic
strength solutions) where the variability of the water band
prohibits reliable normalization. Without an internal standard,
this optical complexity makes it difficult to apply a normal-
ization without introducing a new error artifact.

Directly accounting for turbidity within the chemometric
model is the best route to accurately compensate for variable
turbidity.

The first challenge is determining how to best integrate
turbidity data within models. Appending turbidity measure-
ments to Raman data through multiblock modeling approaches
is one option, but it carries the risk of underrating the
importance of turbidity to the analysis. This is particularly clear
when comparing turbidity measurements (typically 1000 NTU
or less), which are unidimensional (rank 1) to Raman spectral
data (with peak intensities >3000 counts), which are
multidimensional (high rank in latent variables). Weighting
the various blocks can be used to mitigate this but can be
challenging in cases with different underlying latent variable
dimensionalities,”” as was the case here, and our simplistic
attempts at this still saw an underrating of turbidity impact.

A straightforward alternative that can also provide valuable
insight into the optical impacts of turbidity is to normalize
Raman results by turbidity values. To explore this pathway, the
Raman peak intensity of the NO;~ band in 5 M solutions was
plotted across a range of turbidity values. Figure 3A presents
this and indicates a nonlinear relationship between Raman
signal and turbidity. To determine the best mechanism for
turbidity normalization, several curves were fitted to build
regression coeflicients for intensity based on nitrate intensity
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regression, eq 3, to the data prior to model building.

Table 1. Model Details and Metrics Including Number of
Latent Variables (LVs) and R” of Fits to Both Calibration
(cal) and Validation/Prediction (pred) Sets

y = by + byx + byx® + by’ (2)

where y represents the Raman intensity for the nitrate band (at

RMSEC, RMSECV, R of cal, 1048 cm™') and x represents the turbidity (in NTU units).
analyte model LVs RMSEP pred The regression coeflicients a,, a;, and a, from eq 1 are
nitrate  not accounting for 2 0.92489, 0.96334, 0.556, 73 826.79, 175.05, and 0.11, respectively, and the regression

turblflfy 0.87939 0.521 coeflicients by, by, b,, and b, from eq 2 are 75 702.17, —228.95,
a8 fo water 4 0'8?2836198’20'11000’ 0'(9)'9959’4 0.26, and —0.00010, respectively. The g, term from eq 1 and
normalizing using 4 0.08110, 0.08949, 0.997, the corresponding b, term from eq 2 represent the Raman

eq 3 0.13407 0.996 nitrate intensity (y) at zero turbidity units (y = a4 or y = b,

nitrite  not accounting for 4 0.38233, 0.41698, 0.55S, — : :

turbidity 034066 oass Whlil-ld-x 0)1 The mea; Ran;aﬁ 1n.tens1ty for1 th.e lo.west
normalizing to water 4 0.03300, 0.04584, 0.997, turbidity samples (NZO N U) of the nitrate samples in Figure

band 0.05615 0.994 3A is 71 666, which is expectedly slightly lower than the g, and
normalizing using 4 0.05283, 0.06018, 0.992, by values from the fit in eqs 1 and 2, owing to the slightly

- etq ¥ e 4 0 (1)6131055330 11163 o (5)'1959 higher NTU value of these samples from zero.
suiate n(;u:];fﬁ:yn g for '0.08613 ’ "0.445 The cubic fit (eq 2) was determined to best fit the data on
normalizing to water 3 0.01692, 0.01821, 0.986, the basis of the comparison of the fitted intensities vs known

band 0.02445 0.985 intensities by comparing the quadratic (eq 1) vs cubic (eq 2)
normalizing using 2 0.0163S, 0.0174S, 0.988, ; s :

2 3 0.00660 0.086 fits of the Raman intensities of S M nitrate samples as a

245 regressed on turbidity using the quadratic and cubic equations
246 shown in eqs 1 and 2, respectively:
y=ay+ax+ azxz

1

247

function of turbidity, as shown in Figure 4. The root-mean-
square-error (RMSE) of the quadratic fit is 1940 compared to
the RMSE for the cubic fit of 763. After normalizing the
Raman data based on eq 3 (below), data could be replotted to
show a constant Raman response for 5 M nitrate across a range
of turbidity values (Figure 3B):

E https://doi.org/10.1021/acs.analchem.1c05228
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Y,
by + byx, + byx,” + byx,

norm; 5~

(©)

Y and Y, represent the matrix of the original Raman spectra
and normalized spectra, respectively, in which the intensities of
each wavenumber (1) for each i spectrum is divided by the
cubic expression given in eq 2, and «; is the turbidity value
measured for the sample represented by the i spectrum.
The spread of the data in the normalized nitrate peak
intensity increases at higher NTU values as observed in Figure
3B and is expected, since as the total Raman signal decreases
with increasing NTU while the absolute noise of the system is
expected to remain constant, the signal-to-noise ratio of the
Raman bands decreases. As the signal-to-noise decreases, the
relative error of analysis is then expected to increase, as can be
seen in the “normalized” data in Figure 3B. The sensitivity of
the results would be expected to be affected by this reduced
signal-to-noise caused by increases in turbidity. This can be
thought of in terms of the limit of detection (LOD) of the
analyte, as defined by the equation LOD = 3 X Sg/ m,”® where
Sg is the standard deviation of the blank readings and m is the
slope of line obtained by plotting the intensity of the analyte
peak versus its concentration. As the signal is decreased in

solutions of increasing turbidity, the slope value (m) decreases,
while the measured blank samples, and therefore the standard
deviation of the blank (Sg), remain constant. This would lead
to an expected increase in the measured LOD (and decrease in
the sensitivity of the measurement) with increasing turbidity.

Chemometric Modeling. An optical training set was
collected to capture the fingerprints of nitrate, sulfate, and
nitrite across a range of concentrations and turbidities. For the
comparison of the performance, multiple modeling approaches
to account for turbidity were utilized. The first involved
normalizing data to the water band to account for signal
intensity dependencies on turbidity. Because this data set is
relatively simple chemically, normalization to the water band
will not introduce the same challenges as it would in real
nuclear waste samples. This approach can provide a baseline
for performance characterization. The second approach relied
on the normalization of data to turbidity by applying the
regression, eq 3. In addition to these approaches, modeling
without accounting for turbidity impacts was also completed to
provide insight into the magnitude of the impact of variable
turbidity to data complexity.

Data treated through both turbidity accounting methods was
then utilized to build chemometric models. Baseline effects in
the form of minor constant offsets were observed due to
variable light scattering in these solutions of variable turbidity.
A first derivative applied to each spectrum during preprocess-
ing was used as the primary means to remove these baseline
effects.”” In both cases, partial least squares (PLS) models were
used to correlate concentration to Raman signal.”” Parity plots
comparing performance of the three modeling approaches for
NO;™ are shown in Figure S, and model parameters are
outlined in Table 1. Without accounting for turbidity, models
cannot effectively quantify nitrate (Figure SA) and model
metrics such as the root-mean-square error of calibration
(RMSEC) and cross validation (RMSECV) show poor
performance. Accounting for turbidity by normalizing to the
area under the water band dramatically improves RMSECYV,
which can be interpreted as a +error value on model outputs.*’
While these results indicate excellent model performance, it
should be emphasized that significant error can be introduced
into this approach if additional solution species impact the
shape of the water band.'”*' Significant improvement in model
performance is also observed when accounting for turbidity by
applying regression, eq 3. This route provides a more robust
approach to integrating turbidity impacts without building in
vulnerabilities to complex and changing solution composition.
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Note, data shown in Figure S represents a combination of 339

nitrate-only samples and mixtures containing nitrate, nitrite,
and sulfate with compositions represented in Figures 6A and 7.
This provides a clear first step to compare and determine the
accuracy of the regression/modeling approach. This modeling
approach will be further tested in the following sections by
looking at models for nitrite and sulfate in multicomponent
mixtures to demonstrate performance in the conditions more
closely approximating waste treatment steps.

Data included in Table 1 shows the metrics of model

340
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342
343
344
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performance across a range of parameters as well as details of 349

the model specifications. This includes the number of latent
variables (LVs) used by the model as well as RMSEC,
RMSECYV, and RMSEP. Overall, LVs were kept low to avoid
model overfitting, and root-mean-square errors were roughly
similar, internal to each model, indicating robust models. It
should be noted that error or uncertainty in model outputs can
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Figure 7. Plot showing (A) Raman signal and (B) measured turbidity over the course of the flow test and (C) the chemometric model results for

quantification.

be roughly interpreted as +RMSECV."’ Here, those errors
were relatively low compared to the analyte concentration
ranges, indicating accurate model performance.

Flow Test Demonstrations and Validation. To simulate
the added complexity anticipated in real waste streams, a series
of flow tests were conducted. Not only did these add the
challenge of measuring a flowing stream while the training set
was collected on static solutions, but also three chemical
targets with interfering bands were simultaneously included,
NO;~, SO, and NO,”, all of which were independently
varied. Finally, turbidity was varied to fully test chemometric
modeling accuracy in the presence of flowing streams,
interfering bands, varying concentrations, and varying
turbidity. Figure 6 presents the Raman fingerprints of the
target species along with parity plots for SO,>~ and NO,~
where models were built after regressing data to turbidity.
Ideally, parity plots will show intercepts of zero and slopes of
unity with data fitting into confidence intervals. Near-zero
intercepts and near-unity slopes are observed in all models,
including those presented in Figures 5B,C and 6B,C. However,
in Figure 6B, while the fitted line has a near-zero intercept, the
predictions in the zero-nitrite data show a notable spread,
likely due to poorly defined latent variables (LVs) within the
model. This indicates higher uncertainty in nitrite results and
could likely be improved in future efforts by expanding the
nitrite training set.

Raman signals and turbidity that were measured during the
flow run are presented in Figure 7. During the flow run,
standards would periodically be added to the flow loop. The
system would be allowed to reach equilibrium, and then,

conditions would be held constant for several minutes before
the next addition of a standard. Periods of varying target
concentration and varying turbidity are labeled in Figure 7B,C.
As anticipated, intensity fluctuations of bands are observed
with both changing concentration and turbidity. This provides
a clear demonstration of data complexity that challenges the
accurate measurement of target concentrations under variable
turbidity and solution composition.

Models were applied to collected data and resulting
measurements of concentration are shown in Figure 7C.
Overall, through accounting for turbidity, models are able to
accurately quantify all three targets despite variable concen-
tration and turbidity. It is notable that the training data set
used to establish the turbidity correction (eqs 2 and 3)
contained only a limited number of samples consisting of one
concentration of nitrate (S M) at four NTU values (~20, 330,
550, and 1100), while the validation data in Figure 7 (which
was not utilized to build the model) includes NTU values that
ranged from ~20 to ~1100 NTU in increments of ~100 NTU
units. This approach can provide significant insight into the
chemical composition and behavior within complex processing
streams, enabling real-time process control and optimization.
This system captures the complexities of variable 3-component
concentrations and turbidity. While this is a robust training
and demonstration system, the expansion to solution
conditions with >5 target analytes will begin to better
approximate real waste conditions. This monitoring and
analytical approach can be transitioned to those higher
compéegigf systems using approaches described previ-
ously.” ™
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416  Furthermore, due to the particle size and shape distribution
417 common to formazin standards, these results indicate this
418 approach can be applied to systems with variable particle
419 morphologies. Note, particles of different color or reflectivity
420 would further impact the spectrum, resulting in reductions of
#21 signal (for dark particles) or changes in baselines shape (more
42 reflective particles). The data preprocessing algorithms used
423 here, normalization and a first derivative, should also account
424 for these variations in signal. Overall, the approach described
425 here should be widely applicable to turbid streams.

—

B CONCLUSION

427 The combined Raman—turbidity probe described here was
428 able to simultaneously measure two key aspects of solution
429 behavior. Raman spectroscopy was able to successfully identify
430 the unique fingerprints of the chemical species present: nitrate,
431 nitrite, and sulfate. Turbidimetry was able to successfully
432 measure the optical clarity of the solution. However, the
433 increase in turbidity resulted in a decreased Raman signal,
434 making quantification of the chemical species difficult to
435 complete accurately. When Raman output was regressed by
436 measured turbidity, data sets could be used to build accurate
437 chemometric models for the quantification of chemical targets
438 under conditions of both variable concentration and turbidity.
439 This was demonstrated in a complex flow sheet and lays the
440 foundation for the integration of combined Raman and
441 turbidity monitoring into complex, variable turbidity processes.
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