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ABSTRACT

The precision of Near Infrared (NIR) spectroscopic instrument used for
measuring the total soluble solids (TSS) content of mango was measured by
calculating the repeatability and reproducibility. Short wave UV-Vis-NIR fiber optic
diode array spectrometer and whole NIR range Fourier Transform (FT) NIR
spectrometer was used for the measurement. Online and offline condition was
applied to measure the precision of the instrument. Fiber optic diode array
spectrometer was used for the online measurement condition and FT-NIR
spectrometer was used for the offline measurement condition. It was observed that
the repeatability and reproducibility of offline scanning is low, 0.000775 and 0.008262
compared to the value obtained for online scanning 0.00419 and 0.032041,
respectively. The precision of reference method to measure the TSS of mango was
determined by calculating the repeatability and maximum coefficient of
determination (R%yax). The error from reference method was found to be 3.3% and
with the accuracy value of 96.7%.

For the online measurement AvaSpec 2048 standard fiber optic spectrometer
(short wave 200-1100 nm) was used. Offline scanning was done using the MPA FT-NIR
spectrometer (full wave 800-2500 nm). Total number of sample used for model
development after removing the outlier was 182. The TSS content of mango
measured in this research was in the range of 14-20%. Partial least squares (PLS)
regression was applied to develop the model for both conditions. The coefficient of
determination (R?) and root mean square error of estimation (RMSEE) of the optimum
model of offline scanning was 0.70 and 0.729% with the PLS factor of 8. Similarly, for
the online scanning R? and root mean square error of calibration (RMSEC) was
obtained to be 0.61 and 0.726% with the PLS factor of 6. The model was further
used to measure the TSS content of unknown sample set. The standard error of
prediction (SEP), bias and ratio of predictive deviation (RPD) of the unknown set using

the optimum model from offline scanning condition was 0.97%, 1.57% and 1.27



respectively. The unknown set of sample was scanned using the conveying system
equipped with the mango sorting system for validating the model obtained by online
scanning. The SEP, bias and RPD obtained were 1.24%, -1.06% and 1.02.
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Chapter 1

Introduction

1.1 Introduction to the research problem and its significance

Mango (Mangifera Indica L.) well known as the queen of fruit that has an
excellent exotic flavor .Because of the wide distribution of the growing regions, these
fruits are produced in 115 countries. Although Mango production is over in 100
countries, the large production is concentrated within 10 countries. According to the
statistics, from January to December 2017, 30,783,364 kilogram of fresh mango worth
32,402,976 Baht were exported to several countries from Thailand [1] which
represented a 29 fold increase and is listed on world’s third largest mango exporting
country for selected year since 2000 [2]. This data shows that, Mango production is
playing a vital role in increasing the economic standard of Thailand .In order to
increase the export rate of mango, the quality attributes of the fruit should be
maintained accordingly .Thus, to maintain the quality of fruit advance technologies in
the production plant should be developed.

The traditional quality control method are moreover based on the manual
sampling and destructive measurement. The process involved in such method are
slow and that arises the problem of quality degradation because of the time lag
between product processing and actual result [3]. Therefore, conventional methods
for the determination of quality parameters are very time consuming and labor
intensive [4]. Also, the fruits are damaged after the destructive analysis for measuring
different parameters which is not the feasible solution for the fruits like Mango. In
order to check the quality of fruit after harvesting there is the need of quick and
non-destructive method so that the fruit remain unharmed and the quality can be
analyzed within few minutes before it is ready to export.

One of the possible way to solve the mentioned problem is the use of online
detection techniques. There are several advantages of these techniques such as it
can be assembled in the production line and can be used for real time condition,
any sign of possible failure can be detected early, assessment of condition at any
desired time is possible and permanent monitoring of the system can be done [5].
Fruits and vegetables of same kind may have different shape, size, color, taste and

chemical compositions even when they are harvested at the same time .It is now



important for the farmers to know the difference among the same variety of fruits
and sort them on the basis of their quality.

According to Sirisomboon (2013), NIR spectroscopy measures the interactions
between the electromagnetic radiation in the NIR region (780-2500 nm) and the
molecules in the analytes. NIR spectroscopy technique has shown its performance
on evaluating different parameters in fruits and vegetables. NIR spectroscopic
technique can provide rapid results in seconds or continuously online, rather than in
hours or days, with an accuracy and reproducibility equivalent to most reference
methods. As the main advantages of NIR include cost efficiency, no uses of harmful
chemicals, flexibility in sample presentation and continuous testing. NIR spectroscopy
is the method based on molecular overtone and combination vibration of C-H, O-H
and N-H bonds. Total soluble solids contain sugar compound mainly sucrose which
molecular structure consist of C-H and O-H band, so the NIR spectroscopic
techniques can be used to analyse the TSS content in fruits.

Many research has shown the robustness of the model in laboratory condition
(offline) but online monitoring condition for quality analysis is more desirable
nowadays. Although there is requirement of the online monitoring techniques and
several researches are ongoing, the acquisition of spectral data during an online
process, on a conveyor belt or through a pipe, is quite complex [7]. Spectral
acquisition from a moving sample depends on particle size, shape, orientation, type
and also composition [8].

Sanchez 2012, reported that increasing awareness of the consumer on food
quality has led to emphasize more on the fruit's sorting systems based on internal
quality attributes. The commercial application of NIR spectroscopy in fruit grading
lines at pack-houses, for sorting fruits by its SSC, was initiated in Japan in the mid
1990s. Use of the NIR sensors in the grading line are applicable for fruit sorting
system. Since, the system still lack the accuracy so this issue has been subject of
some reviews [10-13], although the research on target specific is limited.

Some researches done by using the concept of online monitoring has shown its
feasibility. The use of NIR spectroscopy for determination of sugar content in intact
peaches and mandarins, and reported an automated fruit sorting machine based on
this principle by Kawano et al. [14, 15]. Similarly, Choi 1998, used NIR reflectance
spectroscopy in order to develop an online machine based on the real time
determination of sugar content. Result with a low SEP of 0.78 °Brix was obtained in
Fuji apples with minimum error such errors were acceptable for rapid online
detection. He et al. [17] detected sugar content, acidity and internal browning in
oranges and apple using the online reflex, the partially shaded light transmission and

fully shaded light transmission. The result obtained was satisfactory with R? of 0.95



for °Brix, and 0.85 for acidity. Miller and Zude 2002, [18] used both the online
commercial NIR equipment and hand-held NIR units were used to measure °Brix level
of Florida citrus. Salguero-Chaparro and Rodriguez, 2014 [19] performed online versus
off-line analysis of intact olives and draw the conclusion that the combination of a
portable diode-array spectrometer with an adequate regression method is feasible to
meet the industrial requirement for an online, fast, simple and cost-efficient
screening analysis different quality parameters in directly in the process line.
Therefore, we propose a research of feasibility study on online measurement
of quality parameter of mango using NIR spectroscopy for real time environment .NIR
spectroscopy has been used for at lab condition for determination of total soluble
solids of mango .We would like to research if we can develop a model for real time

condition that can be beneficial for the large mango production or distributor firm.
1.2 Objective

The overall objective of this study was to find the possibilities of using rapid
evaluation method, NIR Spectroscopy to determine total soluble solids of mango in
real time conditions .The specific objective were-:

[1] To study the NIR spectral characteristics of Mango using online and offline
scanning condition.

[2] To study the feasibility on online monitoring of intact mango fruit using Near
Infrared (NIR) Spectroscopy.

[3] To develop the partial least squares (PLS) regression model using shortwave
Vis-NIR spectrometer and full wave NIR spectrometer for measuring total soluble

solids in Mango.
1.3 Scope of Research

In this research, Namdokmai Sithong variety of Mango, which is very popular in
Thailand, was used .For online scanning Vis-NIR range of 600-1000 nm was selected,
similarly for offline NIR range of wavelength 800-2500 nm, wavenumber (12,500-4,000
cm™) was selected .Total soluble solids of mango was measured and model was
developed using Partial Least Squares Regression (PLSR). The spectral characteristic

of NIR scanning performed by both online and offline condition was studied.



1.4 Expected Result

This research was proposed in order to find the effective solution for the
Mango production firm in order to determine the quality of exporting fruit. So, this
research will be useful for quality monitoring of the Mango by non-destructive
technique after harvesting in the farm. This research will determine the feasibility of
using short wave Vis-NIR spectrometer for online scanning condition for measuring

total soluble solids of Mango.
1.5 Experimental Design

The experiment was divided into two parts, online scanning and offline
scanning. The Figure 1.1 shows the experimental plan for preliminary test. The
experiment was performed to determine the precision of the NIR instrument and
reference laboratory by calculating the maximum coefficient of determination (R%yax)
which indicated whether the standard reference method can be used for measuring
total soluble solids of Mango from repeatability and reproducibility test. After
obtaining the precision of the instrument and reference laboratory further

experiment was planned as shown in Figure 1.2.

Preliminary
Experiment
A 4
NIR Scanning Reference Lab
A4 A 4
Reproducibility Repeatability R%Max Repeatability

Figure 1.1 Preliminary experiment plan.
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Chapter 2

Theory and Literature Review

2.1 Mango

Mango is one of the exotic tropical fruits and is widely produced in the world
for its attractive color, good taste and high level of health-beneficial compounds.
Mango is a fruit having high nutritional value, supplying the human diet with calories
and nutrients such as fiber, vitamins, and minerals. It can be considered as a
functional food, due to the presence of a large number of bioactive compounds that
are beneficial in improving the health and reducing the risk of chronic degenerative
diseases [20]. Mango fruits contains high ‘amount of carotenoids and important
vitamins such as Vitamin A, C and E [21]. Namdokmai Sithong is one of the popular
variety of mango which was originated from Thailand. This variety has the appealing
looks and good taste that leads to the increasing demand of fruits among the
costumers all over the world. The shape of the fruit is oval with pointy tip. The
unripe fruit is green and can be very sour and the fully ripe one has beautiful golden
colored skin with creamy yellow shades and sweet in taste. Each mango can weigh
up to 300-400 grams [22]. This variety is available throughout the year, though the
peak available time is from January to July. Mango fruit of various cultivar differ
greatly in shape, appearance and internal characteristics [23]. The characteristic taste
and flavor of the mango cannot be attained unless the fruit is harvested at the
appropriate stage of maturity. The postharvest quality of mango can be measured by
the dry matter (DM), firmness, fruit color (both peel and flesh), total soluble solids
(TSS), titratable acidity (TA) and aromatic compounds [24-27]. Although mango
production is an important activity worldwide, problems related to fruit quality limit
the consumption of this fruit. One of the main problems is marketing fruits with
different maturity stages and consumer quality in the same batch [28]. Post-harvest
handling of this fruit is very essential because of its firm and soft nature. Small
impact on the skin during the harvesting stage can ruin the whole fruit. The analysis
of the internal quality of Mango has been done by both destructive and
nondestructive techniques [29, 30]. Though the rapid nondestructive quality analysis

of fruit in the firm and production house is still in high demand.



2.2 Total Soluble Solids (TSS)

The TSS is a refractometric index that indicates the proportion (%) of
dissolved solids in a solution. TSS is the sum of sugar, acids and other minor
components in the fruits [31]. During the ripening stage of mango there is increase in
the soluble sugar content which is usually expressed as TSS as most of the solids are
sugar [32]. Total soluble solids content and to a small extent of sucrose, glucose and
fructose are the typical quality attributes for assessing the sweetness of Mango and
have shown the usefulness in determining the physiochemical changes during the
ripening stages [33]. The sugars were identified as glucose, fructose and sucrose in
four mango cultivars by Liu et al, [34], and among which sucrose was the
predominant sugar in four mango cultivars. Total soluble solids concentration is
represented in TSS% or °Brix. Jha et al, [35] during their research reported that, TSS in
mango increases from 6.9-8.1 °Brix till reaching to the maturity stage and gradually
increases from 8-13 °Brix after attaining the maturity. The TSS content of stored fruit
increases up to 19 °Brix.

Bradley, 2010 [36] described different methods to measure TSS. TSS is
measured using the digital and hand held pocket refractometer. The refractometer
has been valuable in determining the soluble solids in fruits and fruit products
(AOAC Method 932.12; 976.20; 983.17). When the light beam passes a specific
wavelength through a glass prism into a liquid in the refractometers, it provides the
reading. Different types of refractometers are available, some refractometers are
designed only to provide results as refractive indices, and some hand-held
refractometers are equipped with scales calibrated to read the percentage of
solids, percentage of sugars. Summary of the different type of refractometers used
in the post-harvest research of different type of fruits like apple [37], orange [38],
pear [39] and many more are reported by Magwaza and Opera, 2015 [40]. TSS of
fruits and vegetables can also be measured by using gravimetric methods using
hydrometer [41].

2.3 Near Infrared (NIR) Spectroscopy

In the 19th century, Sir William Herschel discovered the presence of energy
beyond the visible red spectrum during his experiment and further named the region
“Infrared”. Infrared region of electromagnetic radiation is divided into three regions,
Near Infrared, Mid Infrared and Far Infrared respectively. Among these regions Near
Infrared region range from 700 nm to 2500 nm. NIR spectroscopy is a spectroscopic

technique that uses the NIR region of electromagnetic radiation. The NIR



spectroscopic instrumentation and its development were concerned, credit has been
given to the researchers in agriculture science, foremost Karl Norris, who has
recognized the potential of this technique from the very early stages of its
development [42]. The gradual increase in the development of NIRS instrumentation
has been observed since last few decades.

NIR spectroscopic technique is based on the measurement of NIR radiation
absorbed, reflected or transmitted by the component of the sample that has to be
determined. Each radiation has interaction with the molecules in the different way.
Sandorfy et al. [43] explained the fundamental vibrations of molecules lead to
absorption in the infrared (200-4000 cm™Y), while their overtones and combination
tones appear in the infrared and in the near infrared. The NIR spectrum is located
between the infrared and the visible, from 2500 nm to 800 nm or from 4000cm ™ to
12,500cm™". It is sometimes called the overtone region. Certain groups of atoms,
such as carbon-hydrogen C-H, oxygen hydrogen O-H, and nitrogen-hydrogen N-H are
known as functional group that is present in most of the agricultural products.
Absorption at different wavelength from (700-2500 nm) during the interaction of the

NIR radiation can be assigned to these functional groups [44].

2.3.1 Basic Principle of NIRS

Osborne et al. [45] considered electromagnetic radiation as simple harmonic
wave to explain the properties, but the phenomenon related to the absorption or
emission of energy during the interaction with the molecule is not considered in the
wave model. In order to explain the phenomenon based on the absorption, Siesler,
2007 [46] considered the harmonic diatomic oscillator model, where the vibrating
masses my and m, led to change in the internuclear distance. This model gives the

molecular frequency of the diatomic oscillator )

y=24E (2.1)

~2mm

where, k is the force constant and the reduced mass m is given by (m; m,)/( m+my)

According to the quantum mechanics, molecules can only exist in quantized
energy states. Thus, vibrational energy is not continuously variable but rather can
only have certain discrete values. Under certain conditions a molecule can transit
from one energy state to another Av = +1, in case of harmonic oscillator is given by
equation (2.2) [47].

E= (vi4+ 0.5) hv,v=0, 1,2 (2.2)



As a conclusion to the harmonic model by Miller 2001 [48], it was noted that
when all molecular vibration are assumed to be harmonic, all molecular transition
starts at the lowest possible vibrational energy v=0 to 1, only fundamental
transitions are allowed and this would eliminate the probability for the absorption in
the NIR range as discussed above. Most real molecules undergo anharmonic, rather
than harmonic vibrations.

Anharmonic model for diatomic model explained by Osborne et al, [45], as
two atoms approach one another coulombic repulsion between the two nuclei
cause the potential energy to rise more rapidly than harmonic approximation
prediction. As the interatomic distance approach at which dissociation occurs, the
potential energy level is off. In that case the an empirical function due to Morse,

which fits the solid curve in to a good approximation is,
E=Ep(1-ew)2 (2.3)

where, a is a constant for a particular molecule and Ep is the dissociation
energy.
Solving equation 2.3 using the wave mechanical equations for anharmonic

oscillator,
AE=hv [1-(2v+Av+1] (2.4)
and Av = +1, +2, +3. Thus anharmonicity model can explain the interaction of the

NIR radiation on the molecules with the presence of fundamental, overtone and

combinational vibrations.

ENERGY

Figure 2.1 Harmonic and anharmonic oscillation [49].
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2.3.2 Offline NIR Spectroscopy

Offline analysis is also useful for the control of a process or manufacturing
operations. In this type of analysis, manual sampling is required. Samples are
measured intermittently, as for offline measurements, but in this case, the
spectrometer is located in a space very close to the industrial process itself [50].
Laboratory analysis are commonly done using the offline NIR spectrometers.
Basically, large number of research based on spectroscopic techniques are done in
laboratory conditions. Sample preparation and the operation procedure is easier

using offline analysis technique rather than the online/in-line technique.

2.3.2.1 Fourier-Transform (FT) NIR spectrometer

One of the instrument that can be used for offline NIR spectroscopy is
FT-NIR spectrometer. FT-NIR spectrometer measure the concentration of the analytes
in absorbance, transmittance and diffuse reflectance mode. The FT-NIR
spectrophotometer displays many of the common sampling options used in the NIR
[51] Integrating spheres or other types of diffuse reflectance accessories are utilized
heavily in the NIR. FT-NIR technology offers a lot of advantages it is quick, cost-
effective and safe, since no hazardous chemicals are used. It simply measures the

absorption of near-infrared light of the sample at different wavelensths [52].

2.3.2.2 Michelson Interferometer

This method use dispersive technique discovered by Michelson for
measuring the spectra so the technique is known as the Michelson Interferometer.
This technique consists of a fixed mirror, one movable mirror and beam splitter.
When the incident ray of light passes toward the beam splitter the radiation is
divided into two rays. One ray travels to the movable mirror and another ray passes
through the fixed mirror and reflected back to the beam splitter. Then the output
beam from the beam splitter is detected by the detector placed. As mirror B moves,
a phase difference is introduced between the two beams, and constructive and
destructive interference occurs optical path difference changes through multiples of
the wavelength [53].
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Figure 2.2 Schematic diagram of a Michelson interferometer showing the fixed mirror
(A). the moving mirror (B), and the beam splitter (0 The center of the beam
splitter is denoted by (0). and the optical path of a parallel light ray is
denotedby the arrows [53].

2.3.3 Online NIR Spectroscopy

Online NIR analysis is performed by measuring the spectra on a continuous
flow of sample passing through a flow cell. In such experimental setup the sample is
analyzed while the process is operating [54]. Nowadays the availability of fiber optics
probe and the speed of NIR make them suitable for remote and online sensing of
particle size also providing the chemical information [55]. Diode array spectrometer
are considered to be the best alternative for fast scanning in online or inline analysis
[56].

2.3.3.1 Diode Array Spectrometer

Choi (n.d.) [57] describes the basic principle of diode array
spectrometer, as the polychromatic beam from the source is irradiated onto the inlet
slit of the after passing through the sample compartment, the radiation is dispersed
by the dispersive device such as prism or holographic grating into the narrow band of
the spectrum onto the diode array. The photodiode converts light into electrical

signals and temporarily stores them.
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Figure 2.3 Diode array spectrometer (Choi, n.d.) [62]

2.3.4 Sample Presentation

NIR spectroscopy  has = basically four types of sample presentation:
Transmittance, Reflectance, Transflection and Interactance. These sample
presentation options normally involve the use of separate, detachable accessories
and include the option of using fiber-optic probes for spectral acquisition from
remote sites within a large industrial complex, for example, petrol refineries and
pharmaceutical production facilities [58]. The widely used sample presentation in

modern NIR spectrometers is reflection mode among all the other options.

2.3.4.1 Absorption and Transmission

When the electromagnetic NIR radiation falls into the samples many
modes of interaction occurs. But, mostly, we are concerned with the phenomenon
of absorption of radiation. If the sample is simply illuminated with one wavelength of
radiation after another, one at a time, and the variation of transmission with
wavelength is measured, the spectrum is obtained [59]. The absorption intensity is a
function of three factors as explained in detail by Osborne, et al, [45], according to

the Beer-Lamberts law, the transmittance is converted to the absorbance,
A=log (1/T) (2.5)
and the absorbance is given by,
A=abc (2.6)

where, A is absorbance, a is the absorptivity (moltlem™), b is the thickness

through which radiation passes and c is the concentration of sample. Therefore, we
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can relate the concentration of sample with both absorbance and transmittance for

the interpretation of spectra.

2.3.4.2 Reflection

If the sample is homogeneous and non-scattering liquid the Beer’s law
is satisfied, but if the sample is powdery or granular material, non-homogeneous and
scattering Beer’s law is not completely satisfied [55]. When the radiation passes
through the weakly absorbing material it is reflected in both specular and diffuse
reflection. Only diffuse reflection provides information on the nature of the surface.
The theory of diffuse reflection is very complex and is still incomplete. The most
widely accepted model was developed by Kubelka & Munk [60]) and relates the
diffuse reflectance, R, of an infinitely thick sample to the molar absorption

coefficient, k, and the scattering coefficient, s [61].

I 2
LRI 2.7)
S

2R WA

As explained by Osborne et al, [45], the absorbance coefficient k in the
equation is equal to the multiplication of concentration (c) and absorptivity

according to Beer-Lambert law.

(1-Ry)? ax*c

e (2.8)

For a practical purposes the diffuse reflectance is measured with respect to a
non-absorbing standard and converted to the common logarithmic to produce nearly

linear relationship with the concentration.
R’ 1 ) _ac
log—=log—+logR" = — (2.9)

R'- Reflectance of the standard and R of the sample (R'>R). ror

monochromatic light R" is constant and can be ignored. Therefore

1 ac
The presence of scattering causes increase in the path length hence apparent
increase in A. The equation represents the mathematical model in which the NIR

spectroscopic analysis is depend upon.
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2.3.5 NIR Instrumentation

2.3.5.1 Light Source

Tungsten halogen light bulb is the most commonly used visible,
ultraviolet, near infrared light source with (wavelength ~2.5 pm). The main
characteristic of halogen light source is it consists of small quantity of active halogen
gas filled in the lamp. This type of light source is inexpensive, with higher stability
and longer life [62]. Light Emitting Diodes (LED) is another light source used for
narrow waveband ranging from 600-900nm. The intensity of this source is higher than
the tungsten halogen light bulb. LEDs surpass incandescent lamps through their
longer lifetime, high brightness, low power consumption and the possibility for
electrical modulation. The disadvantages of LEDs often faced in demanding sensor
applications are a high sensitivity of wavelength and intensity to variations in
operating temperature as well as a eradual degradation of optical output in the

course of operating time [65].

2.3.5.2 Fixed and Variable Filters

Filters are the first method to be used in spectrometry for wavelength
selection. Filters are fixed or variable such as interference filters, multiple filter Light
Emitting Diodes (LEDs), Acousto-optical tunable filter (AOTF), Liquid crystal tunable
filtter (LCTF) are the type used in NIR spectrometers. Interference filters have a
bandwidth of 10+2 nm and a peak transmission of 40% and are usually mounted in

a rotating wheel [66].

2.3.5.3 Diffraction Grating

Diffraction grating is the type of instrument commonly used to split the
beam of radiation in spectrometers. It is a collection of reflected or transmitted
elements separated by a distance comparable to the wavelength of radiation. An
electromagnetic wave incident on a grating will, upon diffraction, have its electric
field amplitude, or phase, or both, modified in a predictable manner [65]. Diffraction
grating consist of plate or a metal mirror engraved with a large number of parallel
lines or grooves, which produces a spectrum when light passes through or is
reflected [66].

2.3.5.4 Prism
There are three types of prism, dispersion, reflection and polarization.
Dispersion and reflection type prism are widely used for spectrometers [67]. In

spectrometers, prism is used to split the incident light into spectrum of different
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wavelength. The dispersion of the prism depends upon the refractive index of the
prism material and wavelength. Prism can provide wide range of spectrum although

the dispersion is low as the wavelength increases. [68].

2.4 NIR Spectroscopy Model Development

Multivariate calibration is a method for finding the relationship between one
set of measurement which is easy or cheap to acquire such as NIR data in
spectroscopic techniques and other data which are either expensive or labor
intensive [69]). Cluster of data set is obtained from the NIR instrument for prediction
of constituents in the analytes. These data are analysed using multivariate analysis
which is very important part in chemometrics. Chemometrics is the branch of science
which deals with mathematical and statistical methods to solve understand the
chemical information and correlate the quality parameters or physical properties to
analytical instrument data [70]. NIR instrument measure the constituent by log (1/R)
values that must then be related to the amount of the component determined by
some other methods called Reference or Standard methods [71]. This relationship is
established using the multivariate analysis such as Principal Component Analysis
(PCA), Partial Least Squares Regression (PLSR). Before calibration modeling the spectra
is treated by some preprocessing technigues in order to remove the unwanted

factors such as noise, baseline shift, scattering effects.

2.4.1 Data Pretreatment

2.4.1.1 Smoothing

Smoothing is a method to reduce the noise in the spectrum. There are
two types of smoothing: running mean smoothing and Savitzky-Goley. Running mean
simply replaces the value at each point by the mean of the values in the wavelength
surrounding it. The advantage of this type of smoothing is ease to calculate. On the
other hand, Savitzky-Goley is based on principle to fit the spectrum in a wavelength
interval with a polynomial by least square method, and the parameters are the

degree of the polynomial and number of point to fit [71].

2.4.1.2 Derivatives

Derivative are applied to the spectral data in order to enhance the
appearance and improve calibration for the constituents [71]). It simply calculates
first and second derivative of the spectrum. First derivative, the signals with steep

edges will get more emphasis than the signal with relatively flat bands. But with the
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second derivative even more flat bands can be evaluated [72]. The main drawback
of this derivative pretreatment is the enhancement of spectral noise after using this

preprocessing.

X1 = Xi-Xi-1 (2.11)

X" = Xi-X"i-1 (2.12)

Where, X'1 denotes the first derivative and X'"1 the second derivative at point
wavelength (i) [73]

2.4.1.3. Normalization

This method suppresses the unwanted sources of variability by making
a group of spectra having more common features. There are different type of
Normalization such as Mean Normalization, Max Normalization and Range
Normalization. Normalization is used to eliminate the influence of different optical
path lengths in case of transmission measurement. Similarly for diffuse reflectance
the interfering influence of different material densities or particle sizes can be

minimized by Normalization (Conzen, 2006 [72].

Mean Normalization

In Mean Normalization each row in data matrix (Xik) is divided by its average
value X [74].

= Xik
Xl,k— X| (213)

Maximum Normalization

In this normalization each row in data matrix (Xik) is divided by its maximum
absolute value Max|X;| [74].

Xik

Xik= Max(X] (2.14)

Range Normalization
In this normalization each row in data matrix is divided by the range of the

total value (max value —min value) [74]).

Xik

~ Max(X)-Min(X) (2.15)

Xik
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2.4.1.4 Multiple Scatter Correction (MSC)

In order to remove the scattering effect and baseline correction in the
spectra The technique to calculate MSC explained by Buddenbaum and Steffens
(2012) [75], in this preprocessing the mean spectrum X(i) is considered the ideal
spectrum. This spectrum represent mean scattering and offset. Each spectrum X(i)’ is

then fit to the mean spectrum using the least square method
X(@{1) =u+ vX(i) (2.16)

where, X(i) is the transformed spectra, X(i) is the mean spectra and u and v
are chosen such that the difference between the mean and transformed spectra is
minimum. Hence, the MSC spectrum is calculated by determining the coefficients for
each spectrum and then transforming the spectrum as,

MSC; = X(DV'_“ (2.17)

2.4.1.5 Standard Normal Variate (SNV)
SNV is a transformation usually applied to spectroscopic data in order
to center and scale each individual spectrum. SNV is sometime used with Detrending

in order to reduce multicollinearity, baseline shifting and curvature in the spectrum.
[76])

X-X

SNV = SOE%)

(2.18)

where, X is the individual value in a row X is the mean value of the row.

2.4.2 Calibration Method

Sanchez, 1991 [77] explain the multivariate calibration and validation in
detail. The calibration method is used to establish the calibration equation or model
for prediction between the measured values by NIRS usually absorbance (X) and the
concentration of analyte measured by standard method (Y). There are two different
objectives to establish the calibration equation, for predicting the constituents in the
sample (quantitative analysis) and for classifying group of samples (qualitative
analysis). Multivariate regression modeling like Multiple Linear Regression (MLR),
Partial Least Squares Regression (PLSR), Principal Component Regression (PCR), is
used for quantitative analysis. Principal Component Analysis (PCA), Partial Least

Squares Discriminant Analysis (PLS-DA) is used for qualitative analysis.
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MLR is used to quantify the relation between a set of independent variable
(X) and a single dependent variable (Y). But, MLR is not usually preferred for
multivariate calibration because the number of available sample is much smaller
than the number of x-variable and this leads to the problem of multicollinearity [78].
PCR is full spectrum method for the quantitative analysis as it uses all the
information of the full spectrum and compresses it into a number of small variable.
It reduces the amount of optical data (x-data) by constructing small amount of
factors known as Principal Components (PC). PCR in a way solve the problem of
multicollinearity, but it can only explain the variance in X variable by converting it
into the score and loading and does not used the information related to the Y
variables. PLSR is the method that uses both the information between data matrix

(X) and concentration matrix (Y) [78].

2.4.3. Partial Least Squares Regression (PLSR)

PLSR is widely used multivariate technique that uses both information related
to X and Y variable in the data set. PLS regression solves the problem of PCR by
relating the spectral data and property of interest with the outer relation called
latent variables or loading weights and also endures the maximum correlation
between them during calibration and compresses the data in such a way that most
of the variance in both X and Y is explained [79-81]

The algorithm for PLS NIPALS is given below explained by Shrestha, 2016 [82]
with the graphical representation by Andrade-Garda et al. [79].

In X-block
Let u;= any y (reference value)

Calculating the weight of X-block using the score of Y-block

T
T _ WX
wi = (2.19)
T W'{ ..
wy; = (normalizing) (2.20)
llwll
defining the X-score using original X-data
t1 = Xw1 (2.21)
in Y-block
using X-score to calculate the Y-loading
T
qf = 4% (2.22)

tIty



Calculating Y score,

T
the inner relation is given as
u; = bita
The inner regression coefficient is
calculating X-block loading
p1 = g—z
Calculation of residual
E= X-t{py
F=Y-btlq,
Finally regression coefficient vector is
b = W(PTW)-1q

q=(TTT)*T'y
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(2.23)

(2.24)

(2.25)

(2.26)

(2.27)

(2.28)

(2.29)

(2.30)
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Figure 2.4 Calculation of regression coefficient between t and u of PLS model [79].
2.5 Model Performance

2.5.1 Coefficient of correlation (r)

Correlation coefficient (r) shows the degree to which two X from NIRS and Y
from the reference lab agree with each other. If X and Y correlated with each other
completely r-value will set 1.000 but in the real situation X and Y data exhibit some
error which is unavoidable which will not allow the correlation to be 1.000. The X

and Y data may be correlated either positively or negatively [44].

2 (2x? = R W '
(Ex2=| = PR Y2 2 Y

2.5.2 Coefficient of determination (R?)

The coefficient of determination (R?) shows the proportion of the variance in
X data that can be explained by the variance in the Y data. For example if R? is given
0.950 that means 94.1% of the variance in X can be explained by the variance in V.
and 5 % of the variance in X is attributable to other factors such as sample

preparation, reference testing and so on. R?is given by the formula [83].

2 = g ZXV?
R* = 1-5o (2.32)

X is the reference value, Y is the predicted value, X is the mean of X (Conzen,
2006) [72].
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2.5.3 Standard error of Prediction (SEP)

SEP is the SD of differences between NIR reflectance and reference value. SEP
should be computed from the results of the prediction of set of samples that have
not been used in the development of the calibration. The sample set is prediction or

validation sample set [83].

B (x-y)2-EE0
2.5.4 Ratio to SEP to SD (RPD)
Residual Prediction Deviation (RPD) value is the percentage of the standard
deviation (SD) of the reference values and the bias-corrected mean error of
prediction of the validation (SEPy;,s) [44].

SD
SEPpjas

RPD= (2.34)

2.5.5 Bias

Bias is the systematic averaged deviation between the data set of the true
and the predicted value. It is calculated by averaging all the particular deviations
between the data sets [72].

M ymeas_,pred
Zi=aYi Y

v (2.35)

Bias =

2.5.6. Root Mean Square Error of Estimation
Root Mean Square Error of Estimation calculates the analysis error of the
calibration set [72]. RMSEE can be calculated using the equation (2.36) where, M is

the number of sample and R is the rank or factor used.

SSE
M-R-1

RMSEE =

(2.36)

2.6 Validation Method

After obtaining a calibration model or equation, the model is used to
determine the percentage of constituents in a set of special samples also called
“unknown”. Comparison of NIR instruments and reference method measurement on

a new set of samples provides a basis for calculation of the true measurement error.
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This comparison is called validation of the calibration model [71]. This validation can

be done by two methods full cross validation and test set validation.

2.6.1 Cross Validation

Cross validation is the validation techniques based on calibration data set. In
this technique, first, sample one in the calibration set is deleted. Then the calibration
is performed on the rest of the sample before it is tested on the first sample by
comparing ¥, and Y;. Then the first sample is placed back and the process is repeated
by deleting sample two [78]. The differences between the predicted data and

reference data, which is also called the residual is the root mean standard error of

RMSECV= /ZN (Y‘ (2.37)

2.6.2 Test Set Validation

Test set Validation is also known as external validation. In this validation the

cross validation.

calibration model is set by using all calibration spectra and to validate the model,
separate data set (unknown) with known concentrations are used. For large
population this type of validation is used. Root mean square error of prediction

(RMSEP) represents the quantitative measure for the predictive accuracy of test set

validation [72]).
RMSEP= }ZN Sari) Y) (2.38)

2.7 Literature Review

NIR region of the electromagnetic spectrum as the wavelength range of 700-
2500 nm corresponding to the wave number range 12820-3959 cm-1. NIR
spectroscopy is a spectroscopic technique that uses NIR region of electromagnetic
spectrum. The most prominent absorption bands occurring in the NIR region are
related to overtones and combinations of fundamental vibrations of -CH, -NH, —OH
(and -SH) functional groups [84]. Near Infrared Spectroscopy (NIRS) is known as a
rapid technique to evaluate the quality traits of fruits and vegetables. Many
researches related to the methods for implementation of NIRS has been successfully
published and some are ongoing. There are several advantage of NIRS compared to
some traditional chemical methods like fast speed, accuracy, minimal sample

preparation, no use of toxic reagents, fast processing and result etc. Despite of these
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advantages, limited work has been able to publish in the field of online monitoring
by NIRS in industrial plant [85]. Some of the disadvantages of traditional NIRS
laboratories instrument like low scanning speed, high cost and non-portable might be
the reason of this limited implementation [8].

After several research and development of new technologies in the field of
NIRS, in/online analysis has been proved to be one of the most efficient technique
for controlling process and product quality in food processing industries [4]. Online
detection techniques have advantages like it can be assembled in the production
line in the real time condition, early detection of possible failures, permanent
monitoring of the condition and assessment of conditions at any desired time [5]. By
the use of diode array spectrometers online implementation of several parameters in
fruits and vegetable is possible. From the research we came to know that NIR
reflectance measurements allow obtaining valuable information about chemical and
physical properties of several components in motion

Analytical techniques such ‘as liquid chromatography using different
separation techniques (reversephase, ion-exclusion, ion chromatography) and
detectors (refractive index, UV absorption, amperometric), thin-layer chromatography,
and gas chromatography have been commonly used for qualitative and quantitative
analyses of fruit juices in order to detect several essential components [86]. NIRS has
shown its high potential in measurement of several constituents in the intact fruits,
vegetables and also for the food product during offline or at-lab conditions. As the
molecular structure of sucrose consist of C-H and O-H overtone and combination
bond, NIRS has shown feasibility in measuring sugar compounds in different fruits.
Research has been done in many fruits including Apple [87], Peach [88], Pears [89]
etc. for measuring the total soluble solids content using NIR spectroscopy in offline
condition. Though the requirement of in-site or online measurement for quality
analysis of different agricultural products has been increasing, only few research has
been conducted for searching the possibilities of this technology for online
conditions. Firmness and soluble solids (SSC) of the Red Fuji apples were examined
by the Vis-NIR transmittance using the wavelength range from 650-920nm by Fan et
al. [95] in order to determine the important factors to be considered for online
measurement. In the research it was concluded that the NIR calibration equations
developed by transmission spectra were sufficiently accurate to determine the
internal quality, SSC and firmness, of apple nondestructively and it is possible to use
this non-destructive technique for online detection of apple internal quality. NIR
spectroscopic method with fiber optics in interactance mode was evaluated by
Kawano et al. [14] for measuring SSC in the intact peach and obtained good

prediction model with minimal error. He et al. [17] compared three NIR measuring
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methods: the online reflex, the partially shaded light transmission and the fully
shaded light transmission. They detected sugar content, acidity, and internal
browning in oranges and apples by a fully shaded light transmission detecting device.
Satisfactory results were obtained with R?of 0.95 for °Brix, and 0.85 for acidity. Several
researches has shown the online measurement of the fruits using NIRS transmittance
mode. For measuring the quality of products at the real time situation Choi (1998)
[16] has built up an apple sorter using the photodiode reflectance NIR spectrometer
and similarly a feasibility study was conducted to measure grain quality (moisture
and protein content) with near-infrared reflection (NIR) technology combined with
harvestor by Maertens et al. [9]. There is a possibility of using NIRS for online quality
analysis in fruits specially the total soluble solids content which is one of the key

factor for determining the quality of mango.



CHAPTER 3

Methodology

3.1 Preliminary Test

The test was conducted to obtain the precision of the NIR spectroscopic
instruments that were used for the scanning of Mango and to test the precision of
the reference laboratory method for measuring the TSS of mango. Repeatability and
reproducibility of the online and offline instrument were calculated. In order to
measure the precision of the reference laboratory, the repeatability test was

performed and the maximum coefficient of determination (R%na) Was calculated.

3.1.1 Sample Preparation

Sample, Mango cv. Namdokmai Sithong were brought from Chacheangsao
province on June 3, 2017. The 3 mangoes were selected for the precison test in NIRS
Research  Centre of Agriculture Product and Food  (www.nirsresearch.com),
Department of Agricultural Engineering, Faculty of Engineering, King Mongkut’s
Institute of Technology Ladkrabang, Thailand.

3.1.2 Offline Scanning

The samples were scanned by using NIR Multi-Purpose Analyzer (MPA)
Spectrometer (Bruker optics, Germany) with the scanning resolution of 16 cm™ in
absorbance mode and there were 32 scans for 1 average spectrum of the sample.
Wavenumber was from 12,500-4,000 cm Gold plate was scanned as the reference

background scanning before starting the sample scanning.

3.1.3 Online Scanning

For the online scanning, UV-Vis-NIR Spectrometer, AvaSpec-2048 - USB2
standard fiber optic spectrometer, wavelength range from 200-1160 nm was used.
Integration time was set to be 3.7 ms using auto integration and a focal length of 2.5
mm approximately was set, according to the fruit size. White Teflon material was
scanned for reference scanning. The sample was placed in a conveyor belt inside a
black box.
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3.1.4 Repeatability and reproducibility of the scanning test

Repeatability test was conducted by loading and scanning sample 10 times in
the same position for both offline and online condition. And for the reproducibility
samples were reloaded and rescanned for 9 times. After scanning by both conditions,
three important wavelength were selected for calculating repeatability and
reproducibility. The standard deviation of the absorbance log (1/R) obtained at the

corresponding wavelength gave the repeatability and reproducibility.

3.1.5 Reference method

The samples were brought for reference laboratory after scanning. Each
samples were cut into halves and total soluble solids of the samples were measured
using Digital Hand-held “Pocket” Refractometer (PAL-1 S/No 1218454, Atago Japan)

and the distilled water was used as a calibration liquid.

3.1.6 Repeatability for reference method

Repeatability (Rep) of reference method can be defined as the standard
deviation of the difference between the repeat measurements. Mango is divided into
three parts to measure total soluble solids and each part has three repeat

measurements. R%. was calculated then by using the formula

SD?—Rep?

Rzmax = SD?

(3.1)

where, SD was the standard deviation of repeat measurement of reference test.

3.2 Sample

Samples were brought from the mango orchard located in the Chacheangsao
province of Thailand. Mangoes ready to be exported from the orchard were brought
for the experiment. 200 samples were used for the calibration and 119 samples were
used for the validation using the unknown sample set. Samples were placed in the
room temperature of 25+1°C for 2 hours before scanning as shown in Figure 3.1. The
fruit size was approximately 10 cm in length, 8 cm in width and 6.5 cm in height or
thickness.
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Figure 3.1 Sample presentation before experiment.

3.3 Online and Offline Spectroscopic Test

3.3.1 Offline NIR scanning

NIR scanning was done by using Fourier Transform (FT) NIR Multi-Purpose
Analyzer (MPA) Spectrometer (Bruker optics, Ettlingen, Germany) range from 12,500-
3,600 cm™ (800-2,500 nm).

Samples were placed on the cylindrical aluminum platform of thickness 10
mm which was placed above the integrating sphere window as shown in Figure 3.2.
Before scanning the sample, the gold plate was scanned as a background. Each
sample was scanned on both side (A and B) with the scanning resolution of 32 cm™
in absorbance mode. There were 64 scans for obtaining one average spectrum of the
sample. For one Mango sample, two spectra were obtained, resulting a total of 200

spectra for developing a calibration model.
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Figure 3.2 Scanning mango offline using FT-NIR spectrometer.

3.3.2. Online Vis-NIR scanning

Online scanning was done by UV-Vis-NIR AvaSpec-2048 - USB2 standard fiber
optic spectrometer (Avantes, the Netherlands), wavelength from 200-1160 nm with
integration time of 3.7 ms using auto integration and an approximate focal length of
2.5 mm. Before sample scanning calibration was done using a white reference Teflon
material. For online scanning, 5 samples were placed at a time in a horizontal belt
conveyor. Metal rods was attached in the conveyor to guide the sample. The speed
of the belt was fixed at 0.11 ms™. Each sample was passed through the black box (60
cm long) which was attached on the conveyor, thus eliminating the influence of
interference from the external light. Integrating sphere (Avasphere 50-REFL, Avantes,
The Netherland) probe was placed in the middle of black box, mounting on the top
of the black box as shown in Figure 3.3. The proximity sensor Arduino model E18-
D8ONK was fixed on the side of black box such that the probe and the proximity
sensor were aligned in the same vertical plane. Since the samples were scanned
during the motion, the proximity sensor acted as the external trigger for
spectrometer. First, side A was scanned and then samples were reloaded in the
conveyor for scanning side B simultaneously. In this way, two individual average

spectra were obtained from one sample.
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Figure 3.3 Online scanning system for measuring TSS of mango using UV-Vis-NIR
Spectrometer. a. Infrared motion sensor, b UV-Vis-NIR Spectrometer, c

Proximity sensor, d Integrating sphere.
3.4. Reference Laboratory Test for Measuring TSS

After the spectral acquisition from both, online and at line scanning, the
samples were brought for the reference lab analysis i.e. TSS measurement. Both side
of each sample was sliced longitudinally and then each side was separated into
three parts: head, middle and tip as shown in Figure 3.4 (a). Pulp was squeezed
directly into Digital Hand-held “Pocket” Refractometer (PAL-1 S/No 1218454, Atago
Japan) as shown in Figure 3.4 (b) and the distilled water was used as a calibration
liquid for measuring total soluble solids. Repeat measurement was done for each
part. The TSS measured from the middle part was used in model development for
the offline scanning system and the average of the three parts was used for the

online scanning system.
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(a) (b)
Figure 3.4 (a) Sample sliced and cut into three parts (b) Mango pulp squeezed

directly into the refractometer.

3.5. Outlier removal

The outliers in the reference data were identified using the following

equation [92],

X=X

<GS
i SD

> +3 (3.2)

where, X; is the measured value of sample i. X; and SD are the average and standard
deviation of the measured values of all samples, respectively. Sample that satisfies
the equation was eliminated from data set as an outlier. From the unknown sample
set the TSS value obtained outside the range of the optimum models obtained has

been removed

3.6 Spectral preprocessing and model development

For offline spectroscopy, OPUS program (version 7.0.129, Bruker, Ettlingen,
Germany) was used for the multivariate analysis which includes spectrum pre-
processing and model development. The spectra were used for model development
with and without pre-processing using the following methods: constant offset
elimination, straight line subtraction, vector normalization, min-max normalization,
multiplicative scatter correction (MSC), first derivatives, second derivatives, first

derivatives + straight line subtraction, first derivatives + vector normalization, and first
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derivatives + MSC. Partial least square regression (PLSR) multivariate technique was
used to develop the model.

Similarly, for the online scanning, Realbase In-house developed program was
used. Program uses Python programming language. The program followed the
flowchart as shown in the Figure 3.5 for spectra acquisition. Spectra from online
scanning was preprocessed using first and second order derivatives, multiple scatter
correction (MSC), Min-max normalization, moving average smoothing, standard

normal variate (SNV), and baseline offset.

Start

A

Initial Set of Parameters

Calibration Set

5 -

External Trigger
Mode enable?

A

Get an externa
trigger pulse?

Manual
measurement

| % e

Spectra of mango Acquisition

!

Pre-processing
(averaging, conversion to
absorbance)

!

Perform PLS regression
Prediction models
to estimate TSS

Yes

Is there more
sample to test?

Figure 3.5 Flowchart of the Realbase In-house developed program.
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3.6.1. Model for offline scanning

After the outlier removal, 182 spectra were used to establish the calibration
model for both online and offline scanning condition. For offline, cross (internal)
validation and test set (external) validation technique were used to develop the
model. For external validation the spectra was divided into two sets: Calibration and
Test sets. 80% of the total spectra was used for calibration and 20% for the test set.
Thus, the model obtained by both methods were evaluated based on coefficient of
determination (R?), root mean square error of estimation (RMSEE), bias and RPD and
the best model was selected with low error and high R? for validating the unknown

sample spectra.

3.6.2. Model for Online Scanning

Same sample data set as used for developing the offline scanning model was
used for online model development. Calibration model was established using the
full cross validation and the performance was evaluated based on coefficient of
determination (R?), root mean square error of estimation (RMSEE), bias and RPD and
the best model was selected with low error and high R? for validating the unknown

sample spectra.

3.6.3. Sorting system for the online model validation

After selecting the appropriate model, the second part for the online
scanning was for the validation using unknown samples, the mango grading system
was added in the previously discussed conveying system as shown in Figure 3.6. First
conveyor is equipped with the integrating sphere and UV-VIS-NIR spectrometer for
scanning and the second conveyor consist of the sorting system as shown in the
figure. As labeled in the picture the sample moved from station “a” to station “d”.
At first, system start by placing the sample in the first station “a” which is the
infrared motion sensor and as the conveyor start moving, sample passes to the
spectrometer “b” for scanning. Passing through the black box, sample reaches
station “c” pneumatic sticker press, where the sticker is attached to the skin of the
mango and finally sorted into the three grading plates “d” according to the TSS
predicted. Three plates were graded according to the TSS as “A” TSS>17 “B” TSS

15<TSS<17, “C” TSS<15.



Figure 3.6 Grading and sorting online system by measuring TSS of mango.

33



Chapter 4

Result and Discussion

4.1 Precision test of NIR spectroscopic instrument and reference

laboratory method for measuring total soluble solids of mango.

4.1.1 Repeatability and Reproducibility of instrument

Three wavenumber 10306 cm™ (970nm) i.e. band of water, 6943 cm™ (1440
nm) i.e. band of sucrose and 6326 cm™ (1580 nm) band of starch were selected (Figure
4.1) in order to obtain the repeatability and reproducibility for offline scanning by
Fourier Transform NIR spectrometer. Similarly the wavelength selected for the online
scanning by fiber optics spectrometer were 760 nm [45] i.e. band of water, 680 nm [93]

i.e. band of chlorophyll, 913 nm i.e. band of sucrose [45] (Figure 4.2).
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Figure 4.1 Average Spectra from Offline Scanning.
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Figure 4.2 Average Spectra from Online Scanning.

Table 4.1 Spectral repeatability and reproducibility by online and offline scanning.

Scanning Repeatability Reproducibility
Online 0.00419 0.032041
Offline 0.000775 0.008262

The mean absorbance value of the repeatability and reproducibility of offline
scanning instrument was obtained to be 0.632 and 0.675. Similarly, mean absorbance
value of the repeatability and reproducibility of offline scanning instrument was
obtained to be the offline and online scanning instrument was obtained to be 0.472
and 0.514, respectively. From Table 1 it was observed that the repeatability and
reproducibility of offline scanning is low, 0.000775 and 0.008262. Repeatability is the
variation caused by the instrumentation or the variation observed when the same
operator measures the same part more times with the same instrumentation.
Reproducibility is the variation caused by the measurement system or the variation
observed when different operators measure the same part with the same
instrumentation [94]. Reproducibility indicates the homogeneity of the sample. Low

repeatability value means low variation between the measurements that indicate
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highly repeatable and precise scanning instrument. More robust model can be
expected from offline scanning instrument [95]. There are many parameters that
should be considered in online scanning conditions. Parameters such as the surface
roughness of the sample, the average distance from the sample to the optics are
parameters that can also significantly influence the quality, repeatability and
reproducibility of the spectra generated [96]. To obtain robust models for NIR
spectroscopy applications with an acceptable level of accuracy and precision, it is
essential to set up the optimal operational conditions to assess the adequate online

measurement [85].

4.1.2 Precision of Reference Laboratory

Table 4.2 shows the TSS measured for three sample to obtain the repeatability.
Repeatability of reference data was calculated 0.1403. R%,,, was obtained to be 0.967.
RZax is possible only when there is no error in the spectra or model [97]. The error
from reference method was found to be 3.3% and with the accuracy value of 96.7%.

It was concluded that it is possible to develop NIR model using total soluble solids.

Table 4.2 Total soluble solids measured by reference laboratory.

No of

Tip Middle Head
Sample
1 18.3 18.4 184 17.3 v74s 125 18.6 19.0 19
2 17.9 18.0 18.1 18 17.9 17.8 19.9 19.5 19.8
3 21.1 21.1 21.0 WS, (26701 4 «30.1 20.8 ~ 21.1 20.7

4.2. Model from Offline Scanning

4.2.1 Spectral Analysis

In order to analyse the spectral characteristic obtained by offline scanning using

full wavelength spectrometer, the spectra is averaged as shown in the Figure 4.3.
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Figure 4.3 Average raw absorbance spectra obtained from offline scanning.

The Figure 4.3 displays the peaks at 10306 cm™ (970 nm), 6942.9 cm™ (1440
nm), 5623 (1778 nm) and 5145 cm™* (1940 nm). The peak at 10306 cm ™ (970 nm) is due
to absorption band of the second overtone associated with O-H stretching of H,O and
C-H overtone region associated with sugar, at 6908.9 cm™ (1448 nm) is the absorption
band associated with the first overtone O-H stretching of water and starch [45], at 5623
cm™ (1778 nm) is the absorption band corresponding to the (1780 nm) first overtone
of C-H stretching of cellulose and can be related to the sugar [45] and at 5145 cm™
(1940 nm) is the absorption band of the second overtone associated with O-H
stretching and O-H bending combination of H,O [45]. According to the Delwiche et al.
[33], the sugar absorption band generally arising from second or third overtone of
Oxygen-hydrogen (O-H) stretched and third and fourth overtone of Carbon-Hydrogen
(C-H) occur near strong dominating water absorption region in the fruits containing high

amount of water such as mango.
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4.2.2. Total soluble solids prediction using partial least squares regression

for offline condition

The mean, max, min and SD of the Total soluble solids (TSS) measured in the
sample using the reference method has been listed in the Table 4.3. Figure 4.5 shows
the normal distribution of TSS measured using the standard refractometer analysis.
From the Figure 4.5, it was observed that the TSS measured for model development
had the normal distribution ranging from 14 to 20%. In order to confirm the normal
distribution a normal quantile-quantile (Q-Q) plot is shown in Figure 4.6. In Figure 4.6
as the data falls in the reference straight line, it implies that data set obtained has the
normal distribution. Also from the Q-Q plot we can observe any outliers presented in
the data set. As the TSS was measured from the head to the tip of the mango it was
observed that the TSS content in the head part was appeared to be higher and
gradually decreased towards the tip. The standard deviation between the parts of
sample measured (head, middle and tip) was obtained to be approximately between
0.5 to 2%.
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Figure 4.4 Histogram representing TSS measured using the reference method for

model development.
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Figure 4.5 Normal Q-Q plot representing the data set.
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Table 4.3 Total soluble solids of mango measured by reference laboratory used for model development by offline scanning and

validation.
Calibration Test
Model
N Mean (%) Max (%) Min (%) SD (%) N Mean (%) Max (%) Min (%) SD (%)
Offline (Cross
S 182 16.8 20.1 1353 1.3
Validation)
Offline (Test
Set) 146 16.75 20.1 13.3 1.21 36 17.01 19.9 13.9 1.6
~ Validation) 7 7 7 7
where, N is the number of sample, Max is maximum value, Min is the minimum value and SD is the standard deviation.
Table 4.4 Results of the PLS calibration models for the Offline data using cross validation.
Model . Spectral Calibration
Preprocessing Factor . 5
Range R RMSEE (%) r RMSECV (%) RPD
- . 9403.8-6094
NIR Straight line Subtraction 0.70 0.729 0.64 0.776 1.67
5454-4242.9
Table 4.5 Results of the PLS calibration models for the Offline data using test set validation.
Model Spectral Calibration
Preprocessing Factor
Range R*  RMSEE (%) r’ RMSEP (%) RPD
, 9403.8-6094
NIR No preprocessing 10 0.67 0.721 0.83 0.645 2.46

5454-4242.9
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Table 4.4 and 4.5 shows the result of PLS regression model for offline scanning
condition using full cross and test set validation technique The coefficient of
determination (R?), root mean square error of estimation (RMSEE), residual prediction
deviation (RPD) and bias has been shown in the table. The optimum model was
selected based on the statistical data. Model developed using the interactive NIR range
with straight line subtraction preprocessing provided the best result. Figure 4.7 shows
the scatter plot of measured TSS versus predicted TSS in the mango by using offline

scanning condition of calibration and test set.

Figure 4.8 shows the regression coefficient plot of the optimum model for the
TSS content of mango. The band relevant to the prediction of TSS content has been

revealed in the figure.

The band appeared in the regression coefficient plot reveal that most of the
absorption band arise from the overtone and combination of C-H stretch. The band
structure and details are described in the Table 4.6. The X-loading weight plot for the
prediction of the TSS content is shown in Figure 4.9. The highest peak in the graph
indicates the corresponding wavelength has the highest influence in the prediction of
TSS content.

22 ~
21

Correlation coefficient (R) = 0.84

Measured TSS (%)

13 . ' ' ' |
13 15 17 19 21 23
Predicted TSS (%)
--------- Trend Line Target Line

Figure 4.6 Scatter plot of Predicted TSS content with Measured TSS in calibration data

set.
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Figure 4.7 Regression coefficient plot of optimum model for TSS content in mango by
Offline scanning.
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Figure 4.8 X-loading weight plot of optimum model for TSS content in mango by
offline scanning.
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Table 4.6 Vibration band of the peak appeared in the regression coefficient plot in

the offline experiment.

Wavelength
Wavenumber (nm)
" Wavelength o
(cm™) Referred Bond vibration Structure
(nm)
from
reference
C-H str. second [a5)
7495 1258 1225 CH
overtone
7351 1360 1360 2*C-H str + C-H def CH5®!
7197 1389 1395 2*C-H str + C-H def CH,1*!
6950 1438 1440 O-H str First Overtone Sucrose!®
6217 1608 1620 C-H str. First overtone =CH,*
5268 1898 1900 O-H str.+ 2*C-O str Starch®
4998 2000 2000 2*0-H def + C-O def Starch®
4798 2084 2080 O-H str + O-H def Sucrose™®”
4335 2306 2310 C-H str + C-H def CH,1%!
4397 2274 2280 C-H str + C-H def CH5!
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Table 4.7 Vibration band of the peak appeared in the X-loading plot in the offline

experiment.
Wavelength
Wavenumber (nm)
" Wavelength PLS Bond
(cm™) Referred o Structure
(nm) Factor vibration
from
reference
O-H str + O-H [45]
4435 2254 2252 2 starch
def
O-H str + O-H [45]
5179 1930 1940 2,3 H,O
def
O-H str+2*C-O [45]
5438 1838 1820 1,2,3 ) cellulose
str
C-H str. First [45]
6125 1632 1620 { CH,
overtone
O-H first [45]
6865 1456 1450 2 H,O,starch
overtone
O-H str First (45]
7020 1424 1440 1 Sucrose
Overtone
C=H str.
Second [45]
7598 1316 1225-1360 3 CH, CHs
overtone and
combinational
C-H str.
8724 1146 1152 1 second CH4
overtone
C-H str.
8632 1158 1152 2 second CH5!
overtone
2*C-H str + C- 45
7182 1392 1395 2 CH,%!
H def

The Table 4.6 and 4.7 gives the list of the vibration band appeared in regression

and X-loading plot. Table shows that the highest peaks appeared in both regression

and X-loading plot are the peak associated with sucrose and starch are revealed. The

peaks around 6950 cm™ (1440 nm) in the regression coefficient plot assigned as the

bond vibration of O-H str First Overtone of sucrose according to Osborne et al. [45].
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Similarly the absorption band 4798 cm™ (2080nm) reveled the vibration band O-H str
+ O-H def of sucrose as well. The dominating peak in the regression plot is due to the
C-H stretch overtone or combination band which could be indicated as the important
peak for TSS prediction in Mango. The peak from 6900-7200 cm™ (1449-1380 nm) in
the X-loading plot assigned as the bond vibration of O-H str First Overtone X-loading
plot is explained by the PLS factor 1, which is considered as the important peak for
the prediction of TSS. Similar dominant absorption appeared in the X-loading plot is
assigned as the vibration peak of sucrose, starch and water. These peaks show the

influence of absorption bands on the prediction of TSS in mango.

The optimum model selected was used to predict the unknown set of sample.
106 samples were scanned using the offline condition. TSS was predicted by using the
selected model developed by PLS regression. Table 4.8 shows the statistical value of
prediction by using the optimum model with lowest PLS factor with R? (0.70) and
RMSEE (0.729%). Figure 4.10 shows the scatter plot of measured with predicted TSS

using selected PLS model.

Table 4.8. Total soluble solids measured by reference laboratory for unknown

samples to validate model obtained by offline scanning.

N Mean (%) Max (%) Min (%) SD (%)

Unknown set 106 17.9 20.1 15.0 1.2

Table 4.9 Statistical data for TSS prediction in unknown sample set using the selected
PLS model.

N SEP (%) RPD Bias (%) Offset Slope

106 0.97 1.27 1.57 5.126 0.626
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Figure 4.9 Scatter plot of measured with predicted of TSS in the unknown set of

sample.

Table 4.8 shows the statistical value of TSS measured by reference laboratory
for unknown sample set. Table 4.9 shows the standard error of prediction 0.97% and
bias 1.57% when the calibration model is used to predict the TSS of unknown sample.
However, from the literature review, research based on the evaluating the TSS of
mango using NIRS the result obtained is comparable. According to Nordey et al. [97],
lower prediction errors were obtained for the TSS content (RMSEC = 0.60°Brix and
RMSEP = 0.89°Brix) [98-101]. The authors of these studies reported standard errors of
prediction (SEP) and root mean square errors of prediction (RMSEP) that varied from
0.55 to 1.45°Brix. Thus the model obtained by offline scanning using FTNIR
spectroscopy for measuring TSS of mango with R? from 0.66-0.81 can be considered
for the rough screening and some other approximate calibrations according to Williams,
2007 [44].
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4.3 Model from Online Scanning

4.3.1 Spectral Analysis

The Figure 4.11 shows the raw spectra obtained using the online scanning
condition. The range used to develop the model was from 600-1000 nm. As observed
no any significant absorption band was noticed in the raw spectra. Figure 4.12 shows
the preprocessed spectra using moving average smoothing segment of 21 points in

combination with the multiple scatter correction.

In Figure 4.12 upward valleys has been notices in the spectra at 760 nm and
980 nm which are assigned as the absorption band of water. The absorption band in
760 nm and 980 nm is also considered as band of sucrose in water due to O-H
stretching of second and third overtone according to Golic et al. [102]. The absorption
bands observed in the SWNIR spectra is moreover relevant for predicting the TSS in
mango as it can reveal overtone and combination band of OH and CH group related
to the sucrose in water [102]. As observed in the figure, few absorption peaks are
noticed in the range of 600-1000nm.
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Figure 4.10 Raw spectrum obtained from the online scanning condition.
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Figure 4.11 Preprocessed spectra using moving average smoothing and multiple scatter

correction.

4.3.2 Total soluble solids prediction using partial least squares regression

for online condition

Table 4.10 shows the statistical data of TSS measured by reference laboratory
analysis. Mean, max, min and standard deviation was calculated. Similarly Table 4.11
shows the result of PLS regression for developing the calibration model using online
scanning condition. Moving average smoothing in combination with Standard Normal
Variate, Multiple Scatter Correction and Mean Normalization was used to develop the
model. Based on the statistical values of R?, RMSEC and the lowest PLS factor used,
the optimum model for prediction was selected. Thus, the model was used for further

prediction of TSS in mango using the unknown set of sample.

Table 4.10 Total soluble solids of mango measured by reference laboratory used for

model development by online scanning and validation.

Model Calibration
N Mean(%) Max(%) Min(%) SD(%)
Online scanning 182 17.04 19.8 14.3 1.16
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Table 4.11 Results of the PLS calibration models for the online data using cross

validation.

Calibration Validation

Model  Preprocessing  Factor 5 5 .
R RMSEC r RMSECV Bias

Moving Average
1 Smoothing+ 6 0.60 0.7271 0.53 0.7983 0.00365
SNV
Moving Average
2 Smoothing+ 6 0.61 0.7256  0.54 0.7927 0.01364
MSC
Moving Average
Smoothing+
3 7 0.60  0.7300  0.53 0.7993 0.00076
Mean

Normalization

From the result obtained in the Table 4.10 model number 2 with pretreatment
of moving average smoothing using 21 segments combination with MSC was selected
as the optimum model of calibration. Though the results shows not much significant
difference between the pretreatment used, but based on the number of factor used
and the error of calibration the model was selected. Figure 4.13 shows the scatter plot
of the measured versus predicted TSS of the calibration set. Figure 4.14 shows the
regression coefficient plot of the best model for measuring TSS in mango for online
condition. Similarly, Figure 4.15 shows the x-loading plot of the best model obtained
for online scanning. The peaks that are observed in both regression and x-loading plot

are mainly the band associated with chlorophyll and sucrose.
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Figure 4.12 Scatter plot of Predicted TSS content with Measured TSS in calibration

data set.
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by online scanning.
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Figure 4.14 X-loading plot of optimum model for measuring TSS content in mango

by online scanning

The highest peaks observed in the regression plot is the shifted peak of
chlorophyll at around 670 nm and the shifted peak around 907 nm which is the
vibration band of O-H str. third overtone of sucrose. Similarly the peak around 763nm
is assigned as the bond vibration of O-H str third overtone of sucrose by Golic et al,
[102]. Vibration band around 833 nm is the shifted peak of O-H combination of sucrose.
Table 4.12 shows the vibration band of the peak appeared in the regression plot
obtained from the model obtained from online scanning. The peak around 764 nm
and 910 nm in the X-loading plot assigned as the bond vibration of O-H str third
overtone and C-H str. third overtone of sucrose in X-loading plot is explained by the
PLS factor 2 and 3, which is considered as the important peak for the prediction of
TSS. Table 4.13 shows the vibration band of the peak appeared in the X-loading plot
obtained from the model. These band has the highest influence in the prediction of

TSS in the model obtained by online scanning.
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Table 4.12 Vibration band of the peak appeared in the regression plot obtained from

online scanning

Wavelength
(nm) L
Wavelength Bond vibration Structure

Referred from

(nm)
reference

670 680 Chlorophyll®®
763 770 O-H str Third Overtone Sucrose!!??
833 840 O-H Combination Sucroset!??
907 910 C-H str Fourth Overtone Sucrose!!??
955 960 O-H str Second Overtone Sucrose!!??
987 984 O-H str Second Overtone Sucrose!!??

Table 4.13 Vibration band of the peak appeared in the X-loading plot obtained from

online scanning.

Wavelength
(nm)
Wavelength PLS V41D
Referred Bond vibration Structure
(nm) Factor
from
reference
690 680 2 Chlorophyll?®
739 740 3 O-H str. Third overtone Sucrose!!??
764 770 2 O-H str Third Overtone Sucrose 1%
910 910 2,3 C-H str. Third overtone Sucrosel?
955 960 1,2,3  O-H str Second overtone Sucrose!!??

Table 4.14 shows the statistical value of TSS measured by using reference
laboratory for unknown sample set. The optimum model selected was used to predict
the unknown set of sample. Table 4.15 shows the statistical data for TSS prediction in
unknown sample set using the selected PLS model. SEP reported to predict the TSS
of unknown set is 1.24% and the bias is -1.06% which is comparatively higher than that
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of offline condition. Figure 4.16 shows the scatter plot of measured with predicted

value of TSS in the unknown set of sample.

Table 4.14 Total soluble solids measured by reference laboratory for unknown

samples to validate model obtained by online scanning.

N Mean (%) Max (%) Min (%) SD (%)
Unknown set 95 18.0 19.8 14.9 1.2

Table 4.15 Statistical data for TSS prediction in unknown sample set using the selected

PLS model.
N SEP (%) RPD Bias (%) Offset Slope
119 1.24 1.02 -1.06 10.34 0.37
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Figure 4.15 Scatter plot of Measured with predicted of TSS in the unknown set of

sample.

Several parameters are responsible for high SEP during the TSS measurement
using online scanning condition. Focal length, integration time, speed can be
considered as the main source of error. Since, the size of the sample was not uniform
so focal length changes per sample. Similarly, while scanning in motion the noise in

the spectrum is due to the conveying system which cannot be eliminated completely.
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Also, because of the highly non homogeneous nature of Mango, TSS couldn’t be
predicted precisely while in motion. As a consequence of these problem the SEP was
obtained to be higher while scanning in online system compared to the offline

scanning condition.



Chapter 5

Conclusion

The raw spectra obtained by whole NIR range FT-NIR spectrometer reveal
some dominant peak of water and starch, whereas, the raw spectra obtained by
using short wave diode array spectrometer did not reveal any significant peak. But,
after preprocessing the raw spectra obtained by using the online condition, the
dominant valley represented the vibration band of sucrose, which was considered as
important peak. The spectra acquired by offline scanning was smooth without noise
as the sample was at rest, at the same time the spectra attained by online scanning
during the motion contain noise which was further reduced by smoothing
preprocessing techniques. The preprocessed or raw spectra obtained by both
condition using online and offline condition were informative and reveal most of the
peak related to TSS content in mango.

The total soluble solids content prediction model developed from the
spectra obtained by the online scanning using short wave diode array spectrometer
shows the effect of noise from the system and error due to the change in focal
length. Although the error was slightly greater compared to the offline condition but
the regression plot revealed most of band associated with sucrose had the high
influence in the prediction of the TSS. Model obtained by online scanning can be
used for the rough screening. From the result it can be concluded that it is feasible
to use short wave fiber optic spectrometer for measuring the TSS in mango for
sorting the fruit in the firm.

Models obtained by both online and offline scanning conditions were
comparable. The root mean square error of model from FT-NIR spectrometer is
slightly lower than the diode array spectrometer. But optimum PLS factor used for
the development of calibration model for offline scanning is higher than that of the
model developed from the online scanning. Low PLS factor is recommended for the
model development using NIR spectroscopy. From this research, it can also be
concluded that the model obtained using the online scanning system contain high
error percentage because of the highly non homogeneous nature of mango. The size
and the shape of Mango has to be considered for online scanning. Different fruits has
been analyzed using both scanning condition by NIR spectroscopic techniques. But
the real time analysis is more important considering the present demand than

analyzing in lab condition.
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5.1 Recommendation

As a recommendation, further research on reducing the error percentage in
suitable way should be done in order to develop the robust model using the diode
array fiber optics spectrometer for the online condition. As from this research it can
be concluded that it is feasible to use NIR spectrometer for online scanning, so
further model can be developed for measuring other quality attributes for highly

exported agricultural products.
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Total Soluble Solids (TSS) measured by reference method used for model

development.

Sample | TSS value for Atline scanning | TSS value for Online scanning
1A 17.7 18.2
1B 18.0 18.1
2A 19.5 19.0
2B 19.0 18.9
3A 18.1 18.5
3B 14.7 15.2
4aA 15.6 16.5
4B 16.6 17.0
5A 19.2 18.5
5B 18.5 18.9
6A 20.1 19.6
6B 18.3 18.2
TA 17.8 18.1
7B 18.4 18.5
8A 16.8 16.7
8B 16.9 17.4
9A 16.7 174
9B 17.8 17.8
10A 16.8 17.0
108 17.4 17.8
11A 18.5 18.7
11B 18.5 18.3
12A 18.9 18.8
128 18.9 19.0
13A 17.8 18.0
13B 17.8 18.1
14A 18.6 18.8
148 18.8 19.1
15A 16.4 16.9
158 17.3 174
16A 16.5 16.8
168 18.4 17.1
17A 16.6 16.4
17B 18.8 18.7
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18A 18.0 18.5
18B 16.6 16.6
19A 16.1 16.5
19B 16.5 16.5
20A 15.3 154
208 16.4 16.4
21A 18.6 18.5
218 16.4 16.6
22A 15.8 16.4
228 17.6 18.2
23A 18.3 18.7
23B 17.7 18.1
24A 16.5 17.0
248 17.2 17.2
25A 16.8 174
25B 16.4 16.2
26A 17.6 17.8
268 17.9 17.2
27A 18.2 17.9
218 17.7 17.6
28A 18.1 17.6
298 16.0 15.9
30A 16.6 16.7
308 17.7 17.9
31A 17.5 18.2
318B 17.5 17.5
32A 16.7 16.9
328 17.6 18.0
33A 17.3 17.7
338 17.7 17.2
34A 17.1 16.6
348 16.1 16.7
35A 17.9 17.5
358 17.7 17.9
36A 16.6 16.5
368 16.6 17.0
37A 17.0 16.9

67



378 15.7 155
38A 15.0 15.7
388 15.2 154
39A 147 154
398 17.7 17.9
40A 17.2 18.1
408B 16.8 17.5
41A 15.7 17.0
418 14.2 14.4
42A 154 153
428 15.0 15.6
43A 15.7 16.3
43B 16.3 16.9
4aA 16.3 16.2
44B 15.5 155
45A 15.9 16.2
458 16.0 16.7
46A 154 15.7
46B 15.7 16.1
arA 16.3 16.5
478 17.2 17.5
54A 14.0 14.1
54B 17.8 17.6
55A 17.4 17.9
55B 15.6 15.7
56A 17.6 17.3
568 17.2 17.1
57A 17.8 17.8
578 16.3 17.2
58A 15.7 16.6
588 14.4 15.1
59A 15.0 15.6
598 15.5 16.6
60A 16.4 17.2
60B 15.2 15.2
61A 15.0 15.3
61B 15.4 15.8
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62A 16.0 16.3
628 13.9 15.6
63A 14.5 14.5
648 16.9 16.6
65A 141 15.1
658 15.8 15.8
66A 16.4 16.7
668 15.8 16.2
67A 16.4 17.2
678 16.6 17.0
68A 15.9 16.1
68B 16.4 16.9
69A 155 16.0
69B 17.7 17.4
70A 19.9 19.3
70B 18.9 19.4
T1A i 18.1
718 17.3 17.2
T2A 18.0 18.3
728 17.2 18.1
T3A 16.0 16.5
738 18.4 18.1
T4A 18.0 18.2
74B 155 16.4
75A 17.0 16.8
75B 16.1 15.5
T6A 15.8 16.3
76B 18.8 19.6
TTA 19.3 19.8
778 18.2 18.2
T78A 17.9 18.0
788 19.1 18.8
T9A 18.6 17.9
798 16.9 17.3
80A 16.4 16.8
80B 17.5 17.3
81A 16.4 16.7
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81B 17.2 17.0
82A 16.6 16.9
828 16.6 16.8
83A 16.2 16.0
838 19.2 18.6
84A 174 17.8
848 17.2 17.6
85A 18.0 18.5
85B 15.0 15.1
86A 14.9 14.8
86B 16.2 16.8
87TA 17.8 LYed
878 16.4 16.9
88A 17.1 16.8
888 16.1 16.6
89A 15.6 16.8
898 16.4 17.2
90A 16.2 16.7
908B 15.2 15.4
91A 15.7 15.8
91B 16.0 16.8
92A 16.6 17.4
92B 16.9 17.0
93A 15.5 15.7
938 15.3 155
94A 17.5 17.9
948 15.4 15.6
95A 16.3 16.7
958 17.3 17.7
96A 14.8 14.9
968 15.0 155
97A 15.1 15.6
978 14.8 15.3
98A 15.4 15.3
98B 159 16.1
99A 18.1 18.0
100A 17.3 18.2
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Total Soluble Solids (TSS) measured and predicted for unknown sample set using

offline condition.

SAMPLE MEASURED TSS (%BIRX) PREDICTED TSS (%BRIX)
1 18.3 16.2
2 19 17.0
3 18.4 17.5
4 17.9 16.8
5 18.7 18.2
6 19.7 18.3
7 18.9 18.2
8 18.3 17.3
9 16.8 17.1

10 18 15.4
11 17.8 16.4
12 18.4 15.6
13 17 15.8
14 19.7 17.8
15 16.5 ey
16 19.5 5.3
17 17.2 15.0
18 16.4 159
19 17.9 17.3
20 16.8 16.5
Y 15.4 15.5
22 19.3 17.7
23 18.2 16.1
24 16.5 15.2
25 17.2 15.3
26 17.5 14.7
27 17.1 15.1
28 16.9 14.0
29 19.5 17.7
30 15 13.9
31 17 16.5
32 17.6 15.7
33 16.5 15.2




34 16.6 14.9
35 17.4 14.6
36 174 15.8
37 155 13.9
38 16.2 15.5
39 18 16.1
40 19.1 16.7
41 17.3 16.2
42 18.4 16.6
a3 17.6 16.3
aq 16.4 14.6
a5 17 15.0
46 16.5 14.5
a7 18.6 17.2
a8 17.9 16.0
49 17 14.9
50 18.5 16.6
51 16.1 14.9
52 15.2 13.6
53 17.7 16.6
54 18.8 15.9
55 18.5 16.3
56 18 16.3
57 18.5 16.3
58 18.3 15.2
59 16.5 ¥ 2
60 18.2 15.3
61 19.4 16.8
62 17.6 15.4
63 18.3 17.5
64 16.9 14.9
65 18.7 16.4
66 19 17.0
67 20.1 17.4
68 18.4 17.7
69 18.2 18.2
70 18.3 16.7
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71 19.5 17.7
72 19.6 18.1
73 174 16.6
74 19.1 15.7
75 19.5 17.7
76 19.6 17.4
7 19 17.3
78 19.8 19.1
79 18.9 16.8
80 19.2 16.3
81 18.3 16.3
82 19 17.2
83 20.1 16.7
84 18.6 17.4
85 16.8 16.3
86 18.2 17.4
87 17.4 152
88 19 17.5
89 19.3 18.0
90 19.1 17.3
91 19.5 17.7
92 18.7 17.4
93 17.5 16.8
94 17.9 16.0
95 \"5 N7
96 20.1 15.8
971 18.5 16.0
98 16.3 14.6
99 16.2 16.5
100 16.3 16.3
101 16.3 16.3
102 17.5 16.7
103 18.7 19.2
104 15.1 16.3
105 19.3 17.0
106 159 15.6
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Total Soluble Solids (TSS) measured and predicted for unknown sample set using

online condition.

SAMPLE MEASURED TSS (%BRIX) PREDICTED TSS (%BRIX)
1 18.4 16.4
2 19.1 18.6
3 18.6 16.7
4 18.4 17.2
5 19.0 17.3
6 194 17.4
7 18.0 17.2
8 17.9 16.8
9 18.6 17.0

10 18.6 17.6
11 185 16.8
12 1% 16.4
13 19.5 17.3
14 17.1 155
15 19.6 18.0
16 17.4 17.1
1% 16.7 16.7
18 18.1 18.0
19 17.1 18.1
20 15.8 16.6
21 195 18.9
22 18.5 18.1
23 16.9 17.9
24 17.2 18.5
25 17.7 18.2
26 17.7 18.6
27 16.9 17.5
28 19.6 18.9
29 15.1 16.4
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30 16.9 177
31 17.9 171
32 17.0 16.8
33 16.5 16.5
34 17.6 16.9
35 17.5 153
36 155 155
37 16.0 16.1
38 18.3 16.5
39 19.1 17.9
40 17.1 18.3
41 18.5 17.0
a2 18.0 18.7
43 16.5 16.4
a4 17.8 17.2
a5 16.6 16.1
a6 18.9 19.2
ar 18.0 18.6
48 17.4 15.1
a9 18.8 17.7
50 16.3 17.4
51 15.4 155
52 18.9 16.5
53 18.9 17.6
54 18.2 17.9
55 18.6 16.0
56 18.8 17.9
57 18.8 17.2
58 17.3 16.4
59 18.6 16.5
60 19.5 17.8
61 18.3 17.4
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62 19.0 18.7
63 16.9 159
64 19.3 17.1
65 18.9 16.5
66 19.0 17.1
67 18.2 17.8
68 18.6 18.1
69 19.8 17.7
70 17.8 17.3
71 19.4 16.9
72 19.2 19.2
73 18.9 18.7
74 19.2 17.0
75 19.2 16.7
76 17.1 16.3
pef 18.5 16.8
78 18.2 16.0
79 19.8 14.7
80 19.7 16.7
81 19.5 17.2
82 19.1 16.7
83 17.3 15.8
84 18.3 14.6
85 18.3 16.6
86 18.6 17.1
87 17.1 14.5
88 16.8 15.3
89 16.9 14.5
90 17.5 15.3
91 18.7 16.6
92 19.0 16.2
93 14.9 15.0

76



94 19.7 16.5

95 15.7 16.1
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