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Abstract

The water content of alfalfa plant material is an important factor affecting the

.

quality of processed alfalfa products. The near infrared spectrum (700-2500 nm) interacts

with watermolecules. Commercial instruments have been developed to assess the water

content and other properties of materials using various IR wavelengths. These

.

instruments are generally used for a stationary sample. The purpose of this research was

to develop a methodology for using the devices designed for stationary measurement with

a moving product, so the product moisture analysis could be used on-line in a production

environment.
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CHAPTER ONE

INTRODUCTION

1.1 Moisture and measurement

Moisture content, that is, the quantity of water held by a material, is a key

physico-chemical property. Rheological properties, density, and microbiological activity

are all affected by moisture content. The determination of the moisture content in forages

and feeds is one of the most frequent and important analyses made on these materials

because determination of nutritional quality requires that major constituents be expressed

on a dry-matter basis. Usually, moisture contentis expressed as mass of water per unit

mass of wet material (wet-weight basis), or as mass of water per unit mass of dry

material (dry-weight basis). The wet-weight basis is often used in trade and industry, and

the dry-weight basis is often used in scientific research.

Water can be held in material by different forces and may be present in several

different forms. Firstly, water maybe present as water of hydration. This moisture is

chemically bound to the constituents of the material and in most cases would not be

considered in moisture content determination; this water is considered to be an integral

part of the material. Secondly, water may be present as physically bound moisture.which

is held within the material by surface forces in excess of the forces which act on

normally condensed water; this is commonly referred to as "bound" moisture. It is

generally considered to be present in a unimolecular layer on the surface of the material...

The heat of adsorption of this moisture is one measure of the forces binding it to the

surface of the material. Thirdly, water may be present as normally condensed moisture,
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sometimes called ''free'' water. The heat of adsorption of this moisture is equal to the

heat of vaporization of water from a free surface at the same temperature. A fourth. form

ofmoisture in biological materials is thought to be the moisture that has passed through

the cell walls and entered the cytoplasm of the cell. This fourth form of moisture is

believed to account for. the hysteresis observed between sorption and desorption

equilibrium moisture content. Moisture of the last three forms is exchanged between

material and the surroundings until the material reaches equilibrium moisture content

where there is no net gain or loss of moisture. This equilibrium moisture content is

. related to the type of material, the previous moisture history of the material, the

. environment temperature, and the relative humidity of the surroundings[33].

Nondestructive, accurate, and rapid moisture measurement ofmaterials remains a

major concern for many industrial processes in which products are being dried or

conditioned using steam or water. The first hygrometer used the elongation of a human

hair to detect the humidity condition for textile processing in 1783[17]. In the ensuing

years, many moisture content measurement methods have been developed. These

methods can be categorized as oven methods, desiccant drying methods, distillation

methods, chemical methods, electrical methods, gas chromatography, spectrophotometric

methods, and nuclear methods. Although these methods all have applications, there is no

universally satisfactory method for every practice. Such factors as material variability,

precision of measurement, measurement time, portability of equipment, and cost of

equipment are considered in selecting a method for a specific measurement. Among

these methods, the oven method (thermogravimetric method) is widely used as a
. /.

standard where volatility is not a problem, and rapid results are not required. The Karl

Fischer method (chemical method) is another common method which can give very high

accuracy results. However, the chemical method is expensive and tedious relative to the

oven method.
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Infrared spectroscopy is a variation on the. spectrophotometric method. Infrared .

radiation was discovered hundreds years ago. It was not, however, until the mid-1960's

that the NIR (Near infrared radiation) technique was explored for the moisture analysis

of materials by Karl Nonis[31]. In recent years, the NIR technique has been developed

as a fast, noncontact, and nondestructive measurement technique. It is not only used for

moisture measurement, but also for other chemical component measurement. NIR has

been used, for example, to measure fat and proteins in foodstuffs, nicotine and sugars in

tobacco, and caffeine in coffee. Recent technological advances have helped the entry of

NIR into the process measurement andmonitoring area in a wide variety of applications,

including petroleum, chemicals, polymers, and textiles. That NIR. could be used for the

analysis of agriculture products was also demonstrated in 1916 by Nonis[31].

Although infrared spectroscopy technology has many applications in industry for.

moisture determination, it has not yet been used for on-line alfalfa processing. The

advantages of using the NIR spectrum moisture measuring technique for this application

include the following [16][48]:

1. It is a non contactmeasurement technique.

2. The detector of the instrument can be air flushed in dusty conditions.

3. It has a fast response time compare to that of many othermoisture

measurement methods.

4. It is nondestructive to the samples.

5. It is easy to operate.

The disadvantage of using this technique is that the NIR technique is a surface

technique, so the measurement result can only present the sample's surface moisture, not

the bulk moisture. Another disadvantage is that for different material, different

calibration is needed; even for the same material, particle size change also will affect
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calibration results. But these disadvantages can be. overcome, if good calibration

. methods are used.

1.2 Alfalfa products andmoisture control in processing

Alfalfa is an important source of nutrients for many types of livestock. In order to

facilitate transport, handling, and storage, the alfalfa is usually formed into compressed

pellets or cubes.. Canada is a world leader in the production and technology of high

quality processed alfalfa products. For good quality alfalfa products, the products should

be palatable for animals, retaining a high fraction of the original plant nutrients, and

containing suitable quantities of fiber for proper digestion, suitable density, and good

durability.

Fig. 1.1. shows the alfalfa product processing procedure. The fresh alfalfa chops.

are brought in from the field and introduced to the processing system with a payloader.

Then, the chops are fed into a large natural gas-fueled drum dryer for drying. After the

chops are dried to the required moisture content, they are sent to a drum cooler for

cooling. Then, the chops are cubed or pelleted, and finally stored as finished products.

- Control
-

Sampling
System MoisturelTemp

•

Alfalfa -

Drying
Pelleting

� Storage
Chops Cooling -- or

Cubing

Figure 1.1. Alfalfa products processing.
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To ensure good quality for alfalfa products, controlling the material's temperature

and moisture within certain ranges during pelleting or cubing is necessary. Accurate
. .

process control depends upon the availability of on-line sensors to provide a continuous,

reliable, signal proportional to product moisture content. In alfalfa production, the

product moisture is controlled through the drum dryer to the desired level. After drying,

samples are taken by an experienced operator, who will adjust the dryer's temperature by

their ''feel''. By this method, the measurement accuracy is questionable. To improve the

product's quality and consistency, it is essential to develop an on-line moisture monitoring

system that can interface directly to the control system.

The requirements for on-line moisture monitoring for alfalfa processing include:

1. The monitoring system should be unaffected by dust in the. working
environment.

2. The monitoring system should be able to measure the moisture.of moving

materials.

3. The monitoring system may be used for measuring the moisture of ground

alfalf�chopsorpellets.

4. Material temperature change should not affect the measurement for the

monitoring system.

5. The accuracy for the measure system should be better than that of a manual

method.

For on-line moisture monitoring and control, the important requirements are fast
. .

response, easy operation for monitoring, and reliability in the processing environment.

Oven drying or chemical methods require several stages of material handling and

measurement, and are only suitable in the laboratory. Since it is difficult for instruments

to have consistent contact with moving materials, noncontact methods are most suitable.
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Three noncontact technologies that can be used for moisture measurement are the

microwave, infrared, and nuclear methods. The nuclear method is expensive to apply on

the production line. Infrared technology has more applications in industry than the other

two methods, and there are cominercial products available. Therefore, an infrared

moisture measurement system was chosen for the moisture monitoring in alfalfa

processing. Before this system could be implemented, however, several questions needed

to be addressed. Seeking the answers to these questions formed the objectives of this

thesis.

1.3 . Thesis Objectives

The questions regarding the implementation of NIR· moisture measurement

technology in alfalfa dehy production arise from the working environment, the nature of

materials measured, and the lack ofprior on-line applications of NIR technology to alfalfa

production. The specific objectives of this thesis are as follows:

.

1. Assess the ability of the QB NIR analyzer to measure the moisture content of

ground alfalfa and pellets.

2. Estimate the calibration models, parameters, and find a.suitable model for the

NIR moisture instrument to measure alfalfa products.

3. Determine the effects of temperature changes on the NIR moisture instrument

while measuring alfalfa product moisture.

4. Determine the effects on the measurement accuracy of the NIR moisture

instrument due to on-line variables such as material speed and measurement

distance changes.
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CHAPTER TWO

NIR DEVELOPMENT HISTORY AND MEASUREMENT .

PRINCIPLE

2.1 The history ofNIR and its application in forage research

Infr8red radiation is a form of electromagnetic energy, obeying the same laws as

those for visible light, radio waves, and x-rays, The wavelength range for infrared

radiation is from 0.7f.Ull to 10001J.m, which is between. visible light and microwaves.

Usually, the wavelengths from 0.7f.Ull to 25f.Ull are taken as near infrared radiation (NIR),

and from 25f.Ull to 1000f.Ull as far infrared radiation. Infrared radiation was discovered in

1666 by Sir Issac Newton[6], when he separated the electromagnetic energy from

sunlight by passing white light through a glass prism that broke up the beam. into the

colors of a rainbow. The existence of considerable energy in the solar spectrum beyond

the red end of the visible spectrum was first demonstrated by Sir.William Herschel in

1800[6]. The industrial and technical use of infrared spectroscopy in analysis probably

first began in about 1920 in the Oppau Laboratories of the Badische Anilin-und Soda

Fabrik A.G., Ludwigshafen, Gennany[47].

The first extensive study of NIR. to appear in the literature was that ofGordy and

Martin (1939)[42]. By 1950, it was believed by a number of researchers that

hydrogenic(X..H) molecular stretching vibrations were responsible for most absorption

bands in the NIR region. The infrared moisture determination technology was first used

for the determination of water content of liquids by Cardes and Tait (1957), and for
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moisture determination of grain and seeds by Nonis and Hart (1965)[42]. The first

commercial NIR moisture monitors were developed in the 19608.

Ben-Gera and Nonis (1968) [10] conducted further research on the analysis of

agricultural products using NIR. They recognized the potential of diffuse reflectance

measurements in the NIR region for rapid analysis .

of grains and oilseeds; these

agricultural materials were found to exhibit specific NIR absorption bands. Using diffuse

reflectance measurement at 1.68, 1.94, 2.18, 2.23, 2.31 J.1ID, Ben-Gera and Nonis

analyzed the grains for protein and moisture, and soybeans for protein, oil, and moisture
.

with NIR discrete filter instruments. Nonis (1976)[37] demonstrated new uses for NIR

in the analysis ofagricultural products and suggested a new set ofwavelengths·that could

be used for forage material analysis. Shenk and Hoover (1976)[43] presented additional

evidence that NIR could provide rapid and accurate analysis of forage quality. They

developed an NIR instrument' that was installed in a mobile van which was used on

farms and at hay markets. An NIR instrumentwith a tilting filter for quick analysis of the

major quality constituents for forage products was developed by Barton and Burdick

(1978)[8]. The tilting filter technique scans a narrow wavelength band near the filter

center wavelength and makes possible an inexpensive spectral intensity measurement,

The USDA NIRS Forage Network began to develop the software for infrared

research, and they began to present the technology to the private sector in 1978. A .

research result summary by seven laboratories of this network was presented in the

USDA Agriculture Handbook 643 (1985). The project was subsequently expanded to

include grains, soybeans, and other agricultural products, and in 1989, a supplement to

the handbook was published[42]. Since forages and feeds are more variable than grains,

scanning monochromators, scanning filter instruments (tilting filters), or fixed filter

instruments with more than ten filters were required to produce acceptable accuracy

8



(Shenk and Barnes, 1979 [42]). Since 1983, commercial NIR instruments began to

appear in the market. The NIR analytical instrument has been much improved not only in

its structure but also in the software support. Recently, the research on. NIR

instrumentation has been focused on developing more accurate measurements which are

unaffected by natural product variations such as particle size or chemical composition

which can often be accompanied by color changes in the product. Other: research

objectives include improvement of calibration techniques, lowering instrument cost

without sacrificing accuracy or precision, and development of powerful software.

Although there are on-line applications in many fields for NIR instrumentation, NIR is

still limited to laboratory applications for forage analysis.

2.2 The principle ofNIR reflectance measurement

2.2.1 The properties ofNIR

As a form of radiated electromagnetic energy, NIR is transmitted by means of

electromagnetic waves. These waves travel at the speed of light (3x IOSml s), and

require no medium for their passage. Radio and radar waves, visible and NIR light

waves, and X and gamma rays are all electromagnetic waves; they differ only in their

wavelength. Fig. 2.1 shows the classification of electromagnetic waves. The borderlines

between visible, NIR,. andmillimeter waves are not absolute. These areas of the

spectrum have been segregated primarily for convenience in discussions; the primary

Criteria are the sources used and the detectors that are available. Visible light is that

portion of the spectrum to which the human eye is sensitive; mi11imeter waves are the

shortest wavelengths that can be received with the smallest microwave-like apparatus.

Near infrared radiation and far infrared radiation cover the wavelengths in between.
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The transmission characteristics for NIR include nonpenetration of metals unless

they are very thin, and the ability to pass through many crystalline, plastic, and gaseous

materials, including the earth's atmosphere. The most obvious difference between NIR

and visible light is that NIR radiation is not visible to the eye. Based on the above

characteristics, many applications have been used in industry, especially for different

. physical parameter measurements. Moisture measurement by NIR is one of them.
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2.2.2 Molecule energy and radiation·

The composition and behavior of all plants are. direct consequences of their

constituents. All organic matter consists of atoms, mainly carbon, oxygen, hydrogen,

nitrogen, phosphorus, and sulphur, with minor amounts of other elements. These atoms

combine by covalent and electrovalent bonds to form molecules. Because of the nature
.

of the bonds, and the thermal energy of the atoms and molecules themselves, the

molecules are constantly in motion; this is known as the
. ground electromagnetic

radiation state. When molecules are irradiated with an external source of energy they

acquire the potential for energy change. These absorbances of energy are called

fundamental absorbances.

Usually, molecules have vibrational and rotational energies. This is because the

relative positions and orientations of the individual atomic nuclei in molecules are not

absolutely fixed. These two types of molecular motion can result in energy transitions.

Rotational motion is created by rotation of an atom about the molecule axes. Vibrational

motion is created by movements of the atoms toward and away from each other in a

manner analogous to a continuously oscillating spring. There are two main modes of

molecular vibrations, stretching and bending. Stretching is movement along the axes of

bonds which result in the distance between atoms changing rhythmically. Bending

vibration may involve changes in bond angles between atoms, or movements of groups
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of atoms with respect to the molecule without movement of the atoms in the group with

respect to one another. Vibrational energy changes are usually accompanied by a large

number of rotational energy changes appearing as rotational fine structures in the

gaseous phase spectra. As a result, vibrational spectra appear as bands. All molecules

and parts of molecules have vibrations at characteristic wavelengths. In each normal

mode of vibration, all of the functional groups of atoms of the same type in a molecule

vibrate with the same frequency. Similarly, all molecules of the same substance vibrate

at the same frequency in the ground state, although this may not be strictly true in the .

case of complex molecules. Only vibrations that result in rhythmic changes in the dipole .

moment of a molecule can cause absorbances in the infrared band.

Most of the molecules in a substance are nonnally in the lowest energy level, or

ground state. When an external source of energy is supplied, for example, by irradiation

with a halogen lamp, some of molecules will absorb photon energy and jump from the

ground state to the next higher energy level. When a molecule absorbs. the energy in the

form of infrared radiation, the energy status of the molecule changes. These changes can

be expressed by the vibrational and rotational quantum numbers. The vibrational energy

change is larger in magnitude than that for rotational energy changes. The energy· level
.

for the molecule is the sum of the vibrational and rotational energies.

All electromagnetic radiation, such as NIR, transmits energy. This energy is

carried along the rays of an electromagnetic wave beam, which moves with the speed of
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·light. Electromagnetic radiation may be expressed in terms of frequency. The units of
. .

radiation are referred to as photons, and the energy, E, of the photon is given as:

hc
E-hf--- -

A
' (2.1)

where h is Planck's constant, 6.63 xl0-34 l·s; f is frequency, c is the velocity of light,

3xl08m1sec, and A is wavelength, m.. According to the equation, the energy of a

photon is related to the wavelength at which the radiation is emitted. Photon energy can

be absorbed by molecules, and the rotational, vibrational, or electronic energy of

molecule will be elevated by a discrete amount AEm that is exactly equivalent to the

energy of the photon. Not. in all cases will molecules absorb the photon energy; only

when the photon energy coincides with the characteristic vibrations of the molecule that
.

can result in the molecule being exited to a higher energy level, will photon energy be

absorbed by the molecule. When photons possess twice or three times the amount of

energy necessary to elevate a molecule to a different level, this will bring about changes

to the second or third energy levels, thereby creating first and second or higher

overtones. Based on the photon energy of electromagnetic radiation that can be absorbed

by molecules, many measurement instruments have been developed [39][11].
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2.2.3 Specular reflection, refraction, ditfuse reflection, and absorbance

Near infrared reflectance technology is based on the analysis of fixed wavelengths

of NIR energy. For radiation, an optical interface is the boundary between two media

having different indices of refraction. When light strikes the interface between two

transparent objects, the light generally divides into two parts, as Fig. 2.2 illustrates. Part

of the light is reflected, with the angle of reflection 9 � equaling the angle of incidence 9 1 ,

and the reflected light is called regular or specular light. The remainder of the light is

transmitted across the interface; this is called refraction. The refracted ray, as it passes

from one medium into another, will deviate from its incident direction unless it enters

perpendicular to the surface between the materials. The angle of refraction 9 z is related to

the angle of incidence 91, by the refractive index of the initial medium nl, and refractive .

index of the second medium nz . Their relationship is given by Snell's law:

n1 sin91 =nz sin9 z . (2.2)

The refractive index n is the ratio of the speed of light c in a vacuum to the speed

of light v in the material:

n
Speed of light in a vacuum c

Speed of light in the material v
(2.3)
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regular

Figure 2.2. Regular light and diffuse light (Source: I. Murray, 1990).

For the refracted ray, when particular frequencies coincide with a resonance

condition (caused by induced dipole moments in the medium being approximately in

phase with the electromagnetic field), absorption will occur. The refracted ray may be

transmitted indefinitely until either all the light is absorbed or until it meets another

boundary where it again undergoes reflection and refraction and is bent again into the

next medium. Meanwhile the secondary reflected ray returns towards the first surface.

When this light comes out from the first surface, it becomes diffuse light. After this light

emerges from the surface, it has been in contact with millions of molecules. Some of the

light energy was absorbed by some of those molecules, so it now carries less energy than

it originally did. For solid or powdered materials, the radiation emerging from the
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interface becomes diffused, refraction and scattering occur at further interfaces inside the.

sample, and the radiation could also undergo further transmittance and absorption at the

far interface. Finally, this radiation is either absorbed by the constituents in the sample or

reflected to the first surface becoming diffuse reflection. Since the diffuse component

arises through multiple scatter by particles near the surface but inside the material, the

irregular surface of the particles combined with their random orientation results in the

diffuse reflected light emerging at random angles through 1800• Fig. 2.3 shows how the

. incident light becomes the diffuse reflection [15] [13] [35] [18] [48].

Incident light

Figure 2.3. The diffuse reflected light at random angles.

As we can see, some of energy that has entered the sample becomes absorbed by

chemical constituents present in the sample. Individual constituents absorb energy at

specific wavelengths, and the light diffusely reflected from a sample carries information
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as to the energy absorbed at these wavelengths. This is the principle of operation of a

spectrophotometer, and, in particular, of near infrared scanning technology. The energy

entering the sample from the·NIR radiation is compared by the near infrared instrument

to that escaping by diffuse reflectance. The difference between energy entering and

leaving the sample, is compared to that for a constant background with essentially zero

absorbance. The difference is related to the concentration of specific constituents bythe

instrument..Since the regular reflectance is simply reflected from the surface of the

sample, it doesn't contain any absorbance information for the sample. Therefore,. the

regular reflectance is noise for the near infrared diffuse measurement technique. .

To apply the near infrared diffuse measurement, we have to quantify the

absorbance for the material. The transmittance, T, of an absorbing medium is defined as

follows:

(2.4)

where It is the intensity of energy emerging from, and 10 is the energy incident on the

sample. For absorbance spectra, it can be expressed more precisely by the Beer/Lambert

law:

(2.5)

where a is a parameter called absorbance optical density, k is the molecular absorption

coefficient (a characteristic of each molecular species), c is the concentration of

absorbing molecules, and l is the path length of the irradiating energy through the
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sample. This equation shows that, if monochromatic light travels through a sample with
... .

a fixed path len� the absorbance is directly proportional to the concentration of

absorbing species c. In the field of near infrared spectroscopy, diffuse reflectance R is

analogous to transmittance[13][48]. Then, Equation 2.5 can be expressed in terms of

reflectance as:

1
a= 10glO(-)=kci.

R
(2.6)

.

In reflectance mode measurement, the sample pack has to be sufficiently. thick to

be effectively opaque so that no light reaches the bottom of the sample container. All the

incident light flux, 10, is either absorbed or reflected, and the reflected light will carry

the absorbed information to the measurement instrument. Many correlations with the

concentration of an absorber show good linearity with computations based on 10g(I/R)
.

.

because the actual change in R for the range ofmeasurement is, in many cases, relatively

small. The equations using the first or second derivative of log(l/R) can have even more

precise results [13) [34].

All food and feed substances from plants are composed of constituents

possessing functional groups of atoms that absorb in the near infrared region. These

groupings include -CH-, -OH, -NH-, and others. Their characteristic absorbance pattern .

can be traced in the spectra as overtones. Figures 2.4 to 2.7 show the spectra of the main

components of a plant; they are water, oil (fat), starch, and protein. The figures also show

the atomic group. responsible for the principal absorbers. From the figures, it can be seen

that, the main water bands are at 1940 nm and 1450 nm; the main oil bands are at 1720
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run, 2310 run, and 2340 nm; the main starch bands are at 1480 run, 2100 run, and 2380

nm; and there are more bands for wheat protein. With near infrared diffuse reflectance

technology, these constituents of materials can be obtained by using the equation

[39][34]:
.

1
% constituent = 80 +at·log(-) ,

RA .

(2.7)
.

where 80 and at are regression parameters, and 10g(_I_) is absorbance for the constituent
.

. RA

of the material at wavelength 1. For different constituents, a different regression model .

can be estimated, using the specific characteristic wavelengths. Sometimes, to get more

accurate results, more wavelengths can be used. Then, a multiple linear model can be

used as:

. 1 1 1
% constituent = a, +atlog(-) +�210g(-) + ...+ a, log(-) , (2.8)

.. RAt RA2 R.u

where R,u is the reflectance for the wavelength I, For example, to measure the moisture

as shown in Fig. 2.7, the two wavelengths 1940 nm and 1450 nm can be used. Then,

Equation 2.8 becomes:

1 1
% water = a, + a1log( ) +�21og( ) .

.

(2.9)
RAI940 RAI450

Sometimes, to overcome the effects of overlapping bands, or particle size effects,

the derivatives of absorbance are applied. For plant constituent analysis, the second

derivatives are often used. A multiple linear regression for second derivatives can be

written as [37]:
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d210g(_1_) d2IOg(_I_) d2 log(_l_)
% constituent = a +a Ru +a RA2

+"'+a RAjo I ..1'\ 2 . � ...1'\2 iW\. W\. ..1'\ �I 2 W\.I
(2.10)
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Figure 2.4. NIR (Log llR) spectra of

water (Source: I. Murray,

1990).

Figure 2.5. N1R (Log llR) spectra of

oil (Source: I. Murray,

1990).
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Figure 2.6. NIR (Log llR) spectra of

starch (Source: I. Murray,

1990).

.

Figure 2.7. NIR (Log llR) spectra of

protem (Source: I. Murray.

1990).
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2.2.4 Quadra beam principle

Usually, for a NIR. measurement system, two wavelengths are utilized. One is the .

measurement wavelength, and the other one is the reference wavelength. The reference

wavelength is chosen such that the energy emitted from the instrument on to the sample

will not be absorbed either by the background or by water molecules in the background.

The measuring wavelength is chosen so that the energy emitted on to the sample will be

strongly absorbed by the water molecules in the background, but will not be absorbed by

the background. Therefore, the amount of energy at the reference wavelength received by

the detectorwill be proportional to that being radiated by the emitter of the instrument.

The amount of energy in the measuring bandwidth received by the detector of the

instrument will be reduced because of the absorption of the water in the sample. The

moisture content of the sample is then proportional to the ratio of detected energy at the

two wavelengths,

(2.11)

where a, is a constant, at is a proportionality constant, MR is the detector response at

reference wavelength, andMm is the detector response at the measurement wavelength.

To increase reading stability and to eliminate drift, additional NIR. beams can be

used. In the Quadra beam system (Fig. 2.8), the light source is split with mirrors into two

separate light paths. which are passed through two filters, for a total of four beams. Two

NIR beams, termed product beams, or main measurement beams, act as measurement

and reference beams impinging on the products (Route A). Two additional prime beams

come from the same source, pass through the same filters, and impinge on the same

detector as do the product beams, but the prime beam paths are totally internal and are
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not projected on to the sample (Route B). Prime beam transmittance is not affected by

the sample's moisture changes. The signal strengths of the four beams (product reference

and measuring. prime reference and measuring) are ratiometrically related to the

moisture content:

(2.12)

where 30 is a constant, at is a proportionality constant, MR is the product reference signal.

Mm is the product measuring signal, M� is the prime measuring signal. and M� is the

prime reference signal. From Equation 2.12, it can be seen that if a drift occurs, such as a

change in the light intensity at the measured wavelength, both Mm and M� values will

be affected proportionally, and the drift effect is canceled out. If there is rio drift. and

only the amount of water in the sample is changed, then only the Mm value is affected,

and Me is just proportional to Mm. A similar argument is applied to the MR and

M� signals. For increased accuracy, more measuring beams at different wavelengths

could be utilized. However, the Quadra beam system is a good compromise of increased

drift compensation without great complexity and expense.
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Figure 2.8. The schematic of the optical system for the QB NIR moisture analyzer

(Source: Moisture System Corp.).

2.2.5 Particle size and its etJects on NIR spectra

The particles in a plant sample have a distribution of sizes. The sample's particle.

.

size is an important factor affecting the diffuse reflectance ofNIR. This importance was

first recognized and documented by Williams [39]. The particle size effect on NIR

spectra can be explained from Fig. 2.2. When light is refracting in. a sample, the path

length for the light in the sample will directly depend on the particle size. The larger the

particle size, the longer the path lengthwill be, resulting in more molecules in the sample
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that the light will meet. This provides more chances that the light energy will be

absorbed by the molecules in the sample. Therefore, how much incidentNIR energy is

absorbed by the sample is directly related to the path length that the light travels in the

sample before it comes out of the first surface (in Fig. 2.2 the path length is 1.1 + 1.2 ).

This relation also can be seen from Equation 2.6. The absorbance II is proportional to the

path length .1,. This means that as the particle size increases, the path length I, will

increase; this increase will result in a higher absorbance which will. affect. the

measurement result. Also, we can think that as the size of particles is reduced, the .

number of scattering interfaces is increased, and a greater portion of the light is returned

to the surface without significant penetration of the scattering medium. Therefore, the

. mean path of length I. is reduced.

The effect of differences in particle size distributions of flour can be seen from

Fig. 2.9, where the same sample was ground to three different mean particle size

distributions. A change in particle size causes a change in the amount of radiation

scattered by the sample which causes a baseline shift. The larger particles do not change

the direction of the radiation as often, so more radiation is absorbed before leaving the

sample, resulting in a higher 10g(1IR). Also, this effect can be thought tobe expanding or

contracting by multiplying the spectrum by a scaling factor. Since this does not .

necessarily relate to sample chemistry, it is considered an interference that should be

removed mathematically, or ignored.
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ground to three different particle sizes (Source: B. G. Osborne, 1986)�

Multiple linear regression can compensate for particle size variation by "forcing"

the regression intercept toward themean reference value of the calibration set. Derivative

transformations of the spectra only remove base line shifts and can't fully correct for

particle size variation effects. Some mathematical procedures for removing particle size

variation have been tried, such as Fourier deconvolution (McClure and Williams� [29]),

detrending and standard normal variate transforms (Barnes et al., [26]), and

multiplicative scatter corrections (Martens and Naes, [28]). None of these corrections

can do a perfect job of removing particle size effects.
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2.2.6 NIR spectra for alfalfa

Alfalfa, often called the "queen of forages", is recognized as the most widely

adapted agronomic crop, most effective source of biological nitrogen fixation, most

energy efficient crop to grow, and an important source of protein. Alfalfa is harvested at

about 75% moisture content (wet basis) and dried to different levels to produce long hay

(field curing) or compressed products, Good quality alfalfa hay contains 17% protein,

60% total digestible nutrients, and 23% fiber [40]. Dehydration and processing of this

raw product into pellets and cubes preserves the natural nutrition of alfalfa. Canadian

dehy alfalfa pellets/meal contains 18.85% crude protein (minimum), 25% crude fiber

(maximum), and 66.6% total digestible nutrients (dry matter basis) [2].

Most of the major alfalfa components can be analyzed by NIR reflectance

technology. Typical NIR reflectance spectra for two samples of alfalfa obtained by K. H.

Norris[37] are shown in Fig. 2.10. By examining the first, second, and third derivative of

. absorbance log(IIR), he found that the second derivative of absorbance log(llR) can

improve the performance in terms of sharpening the details in the absorption spectra, as

illustrated in Fig. 2.11. The difference between curves A and B for log(llR) was thought

to be due to the particle size rather than the difference in composition. Higher values of

absorbance of log( llR) for curve B corresponded to the sample with larger particles. This

is the same effect as discussed in the previous section. The common absorption band at
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Figure 2.10. Reflectance curves of two samples of alfalfa

in NIR. region (Source: Norris, 1976). .
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Figure 2.11. Data ofFig. 2.10 plotted using the second derivative

oflog(l/R) (Source: Norris, 1976).

27



1940 nm is from water. Since the details shown in Pig, 2.11 contained the best

information relative to composition, the second derivative can be used for alfalfa spectra

analysis.

By using NIR reflectance spectroscopy, G.C. Marten[27] analyzed the forage

quality, which includes the feeding quality of alfalfa. For analyzing alfalfa, four quality

components; .

in vitro digestible dry matter (lVDDM), crude protein (CP), neutral

detergent fiber (NDF), and acid detergent fiber (ADF), were chosen. To develop the best

calibration equations for those quality components, three to seven wavelengths were

chosen to estimate the multiple linear regression equations for : the scanning

monochromator NIR spectro-computer system. The mathematical treatment (logl/R, first

derivative, or second derivative) and the numbers were selected by picking those

associated with the best equation for each quality trait. The best equation was chosen by

identifying the optimum combination of statistics from equation development (small

standard error of calibration, large R2
, and F�8.5 on each selected wavelength). These

equations allowed NIRS analysis of quality values verification samples within standard

errors of 1.56 daglkg for IVDDM, 0.77 daglkg for CP, 1.46 daglkg for NDF, and 1.3

dag/kg for ADF (dag is 10 gram).

In a paper written by W. R. Windham and F.E. Barton Il, a study of moisture

analysis in forage by NIR spectroscopy was .reported[49]. In the study, fifteen

collaborators analyzed 16 forage samples including alfalfa hay for moisture by the air-
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oven (AO) method 7JXJ7 (14th Ed.; 930.15, 15th Ed.[38]) and near infrared reflectance

spectroscopy. For NIRS, wavelength-scanning monochromators were used. For each
.

calibration equation, two or three wavelengths.were used. They reported that the NIRS

method had a consistently lower within-laboratory repeatability relative standard

deviation agreement, and between-laboratory variabilities equal to the AO method.

Thereby, they demonstrated that NIR.S. can be used as. a standard method for the

determination of 6%-16% moisture in forage. Comparing those two methods, for

measuring alfalfa hay, repeatability standard deviations are 0.11% and 0.29% for NIR.S

and AO respectively; repeatability relative standard deviations are 1.5% and 3.6% for

NIRS and AO.

Although the .NIR spectroscopy analysis on alfalfa had good measurement

accuracy, aU these experiments were based on multi-wavelength analysis, and the

instruments that can provide multi-wavelength analysis are very expensive; they are only

suitable for laboratory use. The QB NIR moisture analyzer is a single wavelength

. instrument; whether this instrument can fulfill an on-line alfalfa signal monitoring

requirement is the main study objective of this thesis.
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CHAPTER THREE

MATERIALS, METHODS, AND BASIC ASSESSMENT

3.1 Materials and methods

3.1.1 Experimentmaterials

The main dehydrated alfalfa products produced for export in, Saskatchewan are
'

alfalfa pellets and alfalfa cubes. The pellets are compressed from ground alfalfa, while

alfalfa cubes (also known as' wafers) are compressed from chopped hay. In production,

the materials that need to be monitored are ground alfalfa for manufacturing pellets, and

chopped hay for making cubes. The materials chosen for'NIR moisture measurement

analysis were ground alfalfa,'pellets, and chopped hay. The particle, size of the ground

alfalfa was 0.25 mm, and the particle size of the pellets (diameter) was 6.75 mm.

3.1.2 Sample preparation

To ,calibrate and test a moisture 'measuring instrument, samples at different

moisture content over the measuring range of the instrument are needed. To prepare

uniform samples at various moisture contents, the Angelantoni Climatic, System

(chamber) was used. The chamber was set at a temperature and relative humidity

corresponding to the required sample's equilibrium moisture content. The samples were

placed into the chamber for moisture conditioning for 24 hours. The samples were then

put into sealed jars, and placed into a refrigerator (5 C) for at least 72 hours to ensure
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sample uniformity. In this calibration, the uncertainty of the moisture contents in samples

was controlled to less than ±O.1 m.c. %.

3.1.3 Calibration principle

N1R moisture measurement is a calibrated or indirect technique, meaning that its

measurement results are related by calibration to the results of a primary method such as
-

-

Karl Fischer titration. The primary method becomes the reference, while the infrared -

moisture measurement is used for fast, easy, and real time-measurement. To evaluate an

instrument, the instrument must be first calibrated against an appropriate primary

method.

Although Karl - Fischer titration is an accurate and repeatable moisture

measurement method [19], many industrial plants lack the appropriate facilities and

trained personnel for wet chemistry analysis. Usually, in the alfalfa dehy industry, the -

oven method, or less preferably the microwave method, is used as the basic moisture

analysis method because it is simple and direct. Therefore, the oven method was chosen

as the calibration reference for this study. The oven method is a moisture measurement

technique used for solids and semi-solids; the only equipment required consists of a

balance and a controlled heat source. Heat is applied to the sample in order to evaporate

the water contained in it. The difference in weight before and after heating at a specified _

temperature and time is divided by the weight of the sample and reported as the moisture

content. The dry basis was used in reporting study results.

For forage measurements, the standard that was developed by the ASAE Physical

Properties of Agricultural Products Committee (ASAE 1988) was followed in - the
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calibration and experiments. The equation for moisture calculation by the oven method

(dry basis) is:

(db t)
Loss inweightof sample x 100%

m.c. percen =
,

Weightofdrysample
(3.1)

where m.c.(db percent) is the moisture content dry basis percent. .

. Comparing the sample's moisture readings from the measuring instrument with

the results obtained from the oven method and calculating with Equation 3.1, the

moisture difference (uncertainty) between the oven method and measuring instrument

can be obtained.

3.1.4 Equipment

A Quadra Beam model 2 (NIR moisture analyzer, Moisture System Corp.,

Hopkinton, Mass)[32] was calibrated and tested in this study. To calibrate and test the

QB infrared moisture analyzer, the following equipment was used.
.

a. An Angelantonic Climatic Systems chamber (Massa Martana (pg), Italy), used

to adjust the samples to the appropriatemoisture contents.

b. A Precision Thelco Oven Model 18 (Precision Scientific Co. PS) with a

temperature control accuracy of ±l C used to dry the samples to constant

mass.

c. A Mettler PL1200 digital balance with a resolution of ±O.Olg (Mettler

Instrumente AG, Switzerland) used to weigh the samples before and after

drying.

d. A REVCO refrigerator used to equilibrate sample moisture contents.

e. A 286 PC-AT computer equipped with a Labmate series 7000 data acquisition

board used for data acquisition.
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·3.1.5 Calibration Procedure

Usually, to calibrate amoisture analyzer, at least three samples are needed:

1. Low moisture sample, with moisture near lowermeasuring limit,

2.:Middle moisture sample, with moisture near the middle measuring range, and

3. High moisture sample, with moisture near upper measuring limit.

To calibrate the moisture analyzer, three different moisture samples were made, and parts

of these samples were taken out to determine their moistures by the oven method; the

remaining parts of the samples were put into sealed jars to avoid moisture evaporation.

After one day, the sample moistures were completed by the oven method, the remaining

low and high moisture samples were put under the sensor successively, and the zero and

span trims of the instrument, respectively, were adjusted so that the readout reflected the

known m.c. values of the low and highmoisture content samples. The middle m.c. sample

was then placed under the sensor as a check of instrument linearity. Following this

procedure, the sample moistures were rechecked by the oven method to ensure whether

.

the sample moistures were the same after they had been kept in the jars. If the deviations

between measured and indicated values were too great (greater than ±O.2), the calibration

was redone.

After calibration, several intermediate m.c. samples were tested in the present

study, to validate the accuracy of the NIR calibration. The following test protocol was

followed for each point on the calibration/check line:

• Adjust the sample m.c. in the chamber at a temperature (from 50 C to 70 C)

and different humidity settings (from 50% to 100%) for 24 hours to make the

samples.

• Put moistened samples in sealed jars, and place the jars into the refrigerator (5

C) formore than 72 hours to make the sample's moisture more uniform.
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• Weigh the empty sample container and record its weight.

• Put the sample in the sample container, and weigh the sample container plus

sample. By subtracting the weight of the container, the weight of the sample is

obtained.

• Place the sample and container under the NIR moisture analyzer sensor, and

wait for about 60 seconds for the analyzer to stabilize, then take a reading.

• Place the container with the sample in the oven. Dry the sample in the oven at

103 C for 24 hours (ASAE, 1988).

• Remove container from the oven, and weigh the sample plus container.

• Calculate moisture content of the sample by using Equation 3.1. Compare the

calculated moisture with the reading from the QB moisture instiument to

determine the measurement uncertainty.

3.2 Basic assessment of the QB NIRmoisture analyzer

3.2.1 Basic measurement characteristics

To apply the QB NIR moisture analyzer in alfalfa production, the basic measuring

characteristics of resolution, sensitivity, reproducibility, and linearity had to be known or

determined.

1. Resolution

The resolution is the smallest incremental change in the measurand (input

parameter) that can be measured by the instrument with certainty. For the QB NIR

moisture analyzer, the smallest change is ±O.1 unit, and ±O.11% m.c. of ground alfalfa
.

changes can result in these smallest unit changes, so the resolution for QB NIR moisture

analyzer to measure ground alfalfa is 0.11% m.c.( the span is 25% m.c.).
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2. Sensitivity

The sensitivity is taken to mean the ratio of the output to the input signal for the

instrument. By definition, the sensitivity should be a constant fora linear instrument. The

span for the instrument is the instrument's highest measurable point minus its lowest

measurable point. The span for this moisture analyzer is adjustable for the required

measurement, therefore, by the definition of sensitivity, the sensitivity of this moisture

analyzer is also changeable. For the present study, the span for the moisture analyzer

(which can be adjusted from 0 to 999) was set to 850. For this span setting, the average

sensitivity for the moisture analyzer at this calibration to measure the moisture content of

ground alfalfa is

m =
Lll2 (changeofoutputsignal ).

= 0.914.
Ax. (changeofinputsignal)

This sensitivity means that when the sample's moisture increases by 1% m.c. the reading

of the instrument will increase by 0.9. The average sensitivity for the analyzer to measure

the moisture content for pellets is 1.82.

3. Reproducibility

The reproducibility is the repeatability of the readings taken of the same sample by

the same instrument at different times. The reproducibility of a measuring instrument is a

major factor affecting the accuracy of the results. A nonlinear but reproducible response

curve can be calibrated with a nonlinear calibration to achieve high accuracy. However, it

is impossible to achieve high accuracy in calibration if reproducible. measurements are

unavailable.
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For the reproducibility test, three points were chosen. To avoid the evaporation of

surface moisture from the sample, each test was done in a minima] time. After recording

the data, the samples were replaced into sealed jars, and the moisture analyzer was turned

off for ten minutes to cool. The moisture analyzer was turned on again to measure the

m,c. of the same samples. Each point was tested five times, and three groups of data were
>

>

obtained corresponding to low, medium, and high m.c .. The test data are shown in Table

3.1. In this table, x is the mean value of each sample group, and s is the standard

deviation. >

Table 3.1. Reproducibility of the N1R moisture analyzer test

data for ground alfalfa.

Trial Sample Sample Sample
No. 1 2 3

1 5.8 > 9.8 14.6

2 5.9 9.8 14.9

3 5.9 9.9 14.5

4 5.7 9.7 14.7

5 5.7 >9.7 14.6

x 5.8 9.8 14.7

s 0.1 0.1 0.1

Assuming the moisture contents of the samples did not change during the test, it

can be assumed that the dispersion in the data is caused by drift of the moisture analyzer.
>

Since there are 4 degrees of freedom, the t value at the 95 % level will be 2.776. If the

standard deviation s=O.1 is chosen as a reference, the confidence limit can be calculated:
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x±t.s {1
= y±2.776x0.1x rr =y±0.12=sY±0.1. (3.3)�; �j .

This is to say that the reproducibility for the QB NIR·moisture analyzer to

measure themoisture content of ground alfalfa is 0.1.

4. Nonlinearity and linearity

linearity is a measure of constant sensitivity over the measurement range. The

linearity is determined by a calibration curve; the closeness of the output calibration

curve of the instrument to a straight line such as the "best fit straight line" measures the

. degree 'of linearity. Usually, to evaluate an instrument, manufacturers provide the

maximum deviation of the calibration curve from the least squares straight line fit of the

calibration curve, or from another reference straight line. From this information, the

nonlinearity of the instrument can be calculated. The nonlinearity is also a description of

the linear response characteristic of an instrument and is defined as the deviation from a

straight line on a plot of output versus input [14]. The nonlinearity can be calculated

asj l]: ..

Nonlinearity� (Actual output) - (Calculated output)
x 100% • (3.4)

Full scale output range .

.
..

.

Choosing the worst case, the nonlinearity for the QB NIR moisture analyzer can be

calculated. Because of its measuring principle, the analyzer's nonlinearity is different

when measuring different.material. According to the calibration curves, least square

fitted lines, and Equation 3.4, the nonlinearity for the QB NIR moisture. analyzer to

ineasure ground alfalfa is 6.9% of full scale, and to measure alfalfa pellets is 5�2% of full

scale (Full scale means the maximum measurement range. For the zero and span settings
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in this project, the full scale for the NIR moisture analyzer to measure ground alfalfa is

25% m.c. and to measure alfalfa pellet is 16% m.c.).

5. Time drift

If the output of an instrument changes over a long period of time while it has the
.

same input, the output is said to drift with time. Time drift is an important factor that

must be considered when the instrument is used for on-line purposes, since time drift

will contribute to the error in measurement accuracy for the instrument. To test for time

drift, samples of ground alfalfa were chosen, and four different moisture content samples

were prepared; 48 hours was chosen as the test time, In this test, the samples were put

under the beam of the analyzer, and a reading was taken. Then, the samples wereput into

the sealed jars to avoid water evaporation, and the analyzer was left running. After 24

hours, the samples were taken out from the jars, and another reading was taken. Another

test was done after 48 hours. Table 3.2 shows the test data.

Table 3.2. Time drift test data for the QB NIRmoisture analyzer.

Time (h) o 24 48

Readings

7.4

12.5

15.8

7.5

12.6

15.9

7.6

12.5

15.9

24.7 24.7 24.5

The data in the above table show that although the readings for different samples

changed with time, the changes appear to be random, and they are all within the .
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analyzer's short term reproducibility range. Therefore, it can be said that the time drift

for the QB NIR moisture analyzer Isnegligible,

3.2.2 The time constant for the QB NIR moisture analyzer

For on-line signal measuring and controlling, how fast the instrument can follow

a changing signal can determine the system maximum sample rate; therefore, the

.

.
response characteristic for the instrument is an important factor for assessing the

instrument, For this test, it has been assumed that the QB NIR inoisture analyzer is a

first-order system. For a first-order system, the output response curve to a step input: is an

exponential curve, and the time constant is the main factor that determines the response

time for the instrument. For 'a first-order system, the time constant is the time for the

system to reach 63% of its final output value from its initial value in response to a step

.

input, and when the response time is 3 times the time constant, the output of the system

.will reach 95% of its final output value. The 'method to find the time constant for the
.

instrument in this test is .by giving a step input to the instrument and then recording its

output readings for a period of time. By the method of least squares, the models of the

instrument response characteristic to three different step inputs can be estimated. The

mean of the time constants from these models is used as the time constant for the

instrument. In this test, the step input is made by placing the samples with different

moisture content under the moisture analyzer, and using a pc..Labmate data acquisition

system and a PC computer to sample and record the test data.

To communicate with other instruments, the QB NIR moisture analyzer provides.

an analog voltage output. The·effective output range that the·QB NIR moisture analyzer

provides is from 0 V to +10 V. The input range of the Labmate data acquisition system is

from·-5 V to +5 V. Obviously, the output level of the QB NIR moisture analyzer is
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different from the input level of the AID of the Labmate data acquisition systein. So, an

adjustable voltage divider was used, and its output range was set to one half of its input

range. For this setting, if the output of the QB NIR moisture analyzer is 10 V, through

the voltage divider, the input signal to the data acquisition systemwill be 5 V; zero volts

remains the same value.

3.2.2.1 The time constant for measuring static samples

In the determination of the. instrument's time constant, the rise response time

. constant (positive input) may be different from the fall response time constant (negative

input). To determine the complete time constant for the QB infrared moisture analyzer, a

range ofmoisture content samples was used:

2.6, 7.9, 13.8, and 24.2 % m.c. for the rise response time test, and

2.6, 7.9, 13.8, and 24.7 % m.c. for the fall response time test

The sample rate was set to. be 0.1 second, which is the fastest sample rate that the data

acquisition system could provide. The rise response time curves for the QB NIR

moisture analyzer corresponding to step inputs from 2.6 % m.c. to the moisture contents

of7.9, 13.8, and 24.2% (ground samples, Appendix Table A.2) are plotted in Fig. 3.1.

From Fig. 3.1, it can be seen that for a rise step change of a sample's moisture

content, the QB NIR moisture analyzer has an approximately exponential response. The

rapid initial response slows as the final value is reached. This response characteristic of

the instrument is the same for the fall step input change and justifies the assumption of a

first order response.
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Figure 3.1. The QB NIR moisture analyzer's rise response time curves for moisture

change from 2.6% to 7.9%, 13.8%, and 24.2% m.c..

In order to obtain the time constant for the moisture analyzer, the following

equations were used to approximate the output characteristic of the QB NIR moisture

analyzer's response to a step input:

for rise response, (3.5)

for fall response, (3.6)

where

u(t-to)= 0 when t-to<O,

u(t-to)= 1 when t-to�O,

(3.7)

(3.8)
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V is the output of the moisture analyzer,

Vf is the output of the moisture analyzer for the final sample's

moisture content,

Vi is the output of the moisture analyzer for the initial sample's

moisture content,

't is the time constant, and
.

to is the time when the analyzer output begins to change.

From the above equations, it can be seen that the rate of change ofV is controlled

mainly by the time constant. If the value of't is small, the moisture analyzer will have a

quick response to the step input. If the value ore is large, the moisture analyzer will have
.i,

a slow response to the step input. If. the observation time is sufficiently long, the e 1:

term will be zero, and the V value will trend to the final value vt- Since the sample
.

frequency for the data acquisition system is riot high enough to sample just at the time to

that the instrument begins to rise or fall, an estimated towas used for calculation; by trying

different values of to, with the method of least squares and the experiment data, the time

constanrt and the model with the maximum r2 can be estimated. For evaluating these

models, the model evaluating factors were calculated and listed in Table 3.3 and Table 3.4

(details for the model evaluating factors can be seen from the next chapter).

From these tables, it can be seen that all these adjusted goodness of fit values are

over 0.98; this means that all these models have a good fit with the experimental data. To

compare how well the estimated model can approximate the experimental data, the

experimental data and estimated model lines for the QB NIR moisture analyzer response

to the step changes in sample moisture content are plotted in the same graph, for the rise

response in Fig. 3.2 and for the fall response in Fig. 3.3.
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Table 3.3. Rise response model factors for the QB NIR moisture analyzer.

Sample's m.c. r2 t2 FSE
change range from

2.6 % to 7.9 % 0.988 0.986. 0.070

2.6 % to 13.8 % 0.986 0.984 0.120

2.6 % to 24.2 % 0.984 0.983 0.185

Table 3.4..Fall response model factors for the QB NIR moisture analyzer.

Sample's m.c. r2 t2 FSE
change range from

7.9%t02.6% 0.991 0.989 0.042

13.8 % to 2.6 % 0.985 0.982 0.081

24.7 % to 2.6 % 0.994 0.993 0.105

The time constants for the QB NIR moisture analyzer response to different

moisture step changes are estimated and listed in Table 3.5.

Table 3.5. The. time constants for the rise and fall step inputs with different step

moisture changes.

Rise time constant Fall time . constant

Step
change 2.6 % to 2.6 % to 2.6 % to 7.9 % to 13.8 % 24.7%

range 7.9% 13.8 % 24.2% 2.6 %
.

to 2.6 % to 2.6 %

't (s) 0.156 0.167 0.161 0.131 0.125 0.116
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Figure 3.2. The experiment data and estimatedmodel lines for the QB NIR moisture

analyzer response to the rising step changes in sample moisture content.
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Figure 3.3. The experiment data and estimatedmodel lines for the QB NIR.moisture

analyzer response to the falling step changes in sample moisture content.
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From Table 3.5, it can be seen that each rise and fall time constant has a slightly

different value. If we take the mean value of the rise or fall time constant as the time .

constant, the rise time constant is 0.16 second, and the fall time constant is 0.12 second.

Obviously, the fall time constant has a smaller value than that of the rise time constant.

This means that the QB NIR moisture analyzer has a faster response to the input change

for falling than that for rising input steps. Since the longer time for the instrument

response to a changing signal is the rise time, then if we use the rise time constant as the

time constant for the instrument, the time constant for the QB NIR moisture analyzer

should be 0.16 second. Therefore, the maximum time for the analyzer's output to reach

95 % of its final sample's moisture from an initial value is 3x't = 0.48 second. The time

constant for the QB NIR moisture analyzer, however, is adjustable. The minimum time

constant for the analyzer is 0.16 second, and the maximum rise time constant is 23

seconds. The data for the maximum time constant test can be found in the Appendix,

Table A.6 and Table A.7.

3.2.2.2 The time constant for measuring moving samples

For on-line moisture measurement, usually, the materials being measured are

moving. The time constant estimated in the last section, however, was determined with

static samples and nearly instantaneous step changes in the sample moisture. Another

experiment was designed to determine the time constant in a dynamic situation where.

samples with different moisture are moving. In this experiment, two different moisture

samples were put onto a turntable, and the measurement head of the moisture analyzer
. was placed over the turntable to determine the moisture. As the turntable rotated, the two
.

different samples were presented alternately to the analyzer field of view. To test whether

the speed of the moving samples can affect the response characteristic of the analyzer, the
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speed was set at 1.0 m!sec. A schematic for this moisture measurement experiment

system is shown in Fig. 3.4.

NIR Instrument--

Interface

Figure 3.4. A schematic for dynamic samplemeasurement by the NIR system.

In this test, two sample moisture contents were used. One sample moisture was

7.6% m.c., and the other was 2.7% m.c .. The dynamic rise and fall response tests were

conducted for sample moisture content pairs of 2.7% m.c. and 7.6% m.c., and 7.6% m.c.

and 2.7% m.c., with a sample speed of 1.0 mlsec. The data obtained in these tests shows

that the moving sample's rise and fall response curves are very similar to those of static

ones. With the method of least squares applied to the test data, the models for the NIR

moisture analyzer in response to a moving sample's. step change. in moisture were

estimated. The time constant of the rise response characteristic for the analyzer is 0.15

second and for the fall response is 0.12 second. The rise and fall response data for a
.

sample speed of 1.0 mlsec, and the model curves with a time constant of 0.15 second for
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the rise response and 0.12 second forthe fall response are plotted in Fig. 3.5 and Fig. 3.6.

From this test, it is .clear that the fall time constant for the NIR moisture analyzer to

sample moisture changes is the same as that for dynamic sample moisture changes.

Although there is a small difference between the rise time constant for the analyzer' to

measure the static and dynamic sample moisture changes, the difference is just 0.01

second. It is therefore possible to use either the static or dynamic method to measure the

time constant,' and the effect of the moving material on the time response characteristic of

the instrument is negligible.
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Figure 3.5. The rise response curve for the QB NIRmoisture analyzer whenmeasuring

moving sample moisture changes with a sample speed of 1.0 mlsec.
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Figure 3.6. The fall response curve for the QB NIR moisture analyzer when measuring

moving sample moisture changes with a sample speed of 1.0 m/sec.

3.2.2.3 Summary

The QB NIR moisture analyzer is well represented by a first-order system and its

response characteristic to a step input change can be represented by a simple time

constant. The time constant for the QB NIR moisture analyzer can be summarized as

follows:

1. Both the rise and fall response curves for the QB NIR moisture analyzer are

exponential functions. The rates of rise or fall for these curves are determined

by the time constant 't .

2. The time constant can be considered separately as a rise time constant and a fall

time constant.
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3. The time constant for measuring dynamic moisture changes can be replaced by

the time constant formeasuring static moisture changes.

4. The minimum time constant for the QB NIR moisture analyzer is 0.16 second

for a rising step and 0.12 second for a falling step, and the maximum time

constant for the QB NIR moisture analyzer is 23 seconds for a rising step and

22 seconds for a falling step.

3.3 Summary

The information presented in this chapter has introduced the experimentmaterials,

and the experiment procedure for evaluating the QB NIR moisture analyzer. Based Oil the

fact that water molecules absorb known wavelengths of NIR energy, the moisture

measurement instrument can be made. Then, the NIR properties of alfalfa and the.

moisture measuring principles were introduced. The QB NIRmoisture analyzer, as one of

the available NIR moisture measuring instruments; was evaluated. Especially, its time

constant was discussed in detail., A minimum time constant of 0.16 and 0.12 second, and

a maximum time constant of 23 and 22 seconds, were obtained for rising and falling step

inputs, respectively.
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CBAPTERFOUR

CALmRATION MODELS AND INSTRUMENT

ACCURACY

4.1 Introduction

One of the important characteristics of theNIR measurement technique is that the

measurement accuracy varies with particle size or chemical composition. This is because

the NIR measurement is a surface parameter technique. The material's reflectance ofNIR

energy, the material particle size, and degree
.

of uniformity all affect the parameter

measurement for the instrument[42]. Therefore, single-product calibrations for a near

infrared instrument are normally needed for each type ofmaterial to achieve a high level

of prediction accuracy. To analyze the moistures of ground alfalfa and alfalfa pellets,

different prediction models are needed. In this experiment, the instrument accuracy was

used to evaluate the measurement results. The instrument accuracy (The expression of

the instrument accuracy is shown in Section 4.3 as Equation 4.8) is equal to the

maximum uncertainty in the measuring range as a percentage of the full measuring range

of the instrument. In alfalfa. production, it is desirable to measure moisture content both

for alfalfa pellets and for ground alfalfa. To apply the QB NIR moisture. analyzer to

alfalfa production, the instrument accuracy for measuring these two kinds of samples

needs to be evaluated.

Because of the system uncertainty and the nonlinear characteristic of the

instrument, calibration models can be used to establish the instrument accuracy for the

QB NIR moisture analyzer. The calibration models in this project are determined by

least-squares regression. The objectives for this chapter are as follows. According to the
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experiment results, estimate the simple linear, polynomial; power, and nonlinear

calibration models; compare and discuss the instrument accuracy for the QB NIR

moisture analyzer to measure ground alfalfa and pellets using the compensation of the

calibration models. Decide which model is the most suitable for alfalfameasurement.

4.2 Data collection

To better describe the nonlinear response characteristic of the instrument, several

data points within the instrument's measuring range should be gathered. In this test, 14

points were chosen for ground alfalfa and 10 points for alfalfa pellets. For each point, five

replicate samples were obtained by subdividing the contents of a given jar which had been

conditioned to a given moisture content, and then allowed to equilibrate to uniformity in

refrigerated storage. The moisture analyzer was then used to individually test each of the

five sub samples. The moisture contents of samples were then measured by the oven

method for comparison. Figure 4.1 is the comparison graph for ground alfalfa and pellets

moisture contents obtained from the QB NIR moisture analyzer and from the oven

method.

In Figure 4.1, each sample's moisture obtained from the oven method is plotted as

a function of the sample's moisture reading from the QB NIR moisture analyzer calibrated

using ground alfalfa. From Figure 4.1, it can be seen that, for the same moisture content;

the readings of the moisture analyzer for.ground alfalfa and pellets are different. As· the

sample's moisture increases, the reading difference between these two kinds of samples

increases. This indicates that separate calibration models are required for each form and

type ofmaterial measured formoisture content using the NIR system.
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Comparing the ground sample moistures obtained by the oven .method and the QB

NIR moisture analyzer in Fig. 4.1, the maximum moisture difference obtained from these

two methods is 2.1% m.c. (dry basis). This difference could also be described as an

accuracy of 8.5 % of the span if the full span is 25 % m.c.. This uncertainty is too large

for practical applications. To improve the instrument accuracy, a calibration model can be
'

used, and itwill be discussed in the following sections.

:CGroundalfalfa

+Alfalfa pallets

o?---------�----__--�------��------�--------�

o 5 10 15 20 25

Sample'. moisture reading from the QB NIR moisture analyzer

Figure 4.1. Ground alfalfa and alfalfa pellets moisture readings from the oven

method vs. m.c. measured from the QB NIR moisture analyzer. '
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·4.3 Estimation of the calibration models

4.3.1 Evaluating factors for model fitting

The least squares method was chosen for fitting the calibration models. This
n . 0

method minimizes the sum of squared error, Le� =L(Yi :-Yi)2. =SSE, of the
1 ..1 i=1

differences between the predicted values Y i and the experimental values Yicorresponding

to the independent variable x. The principle for the method is that the best estimators of

�0' �'I"" and � n
for the models are those that minimize the sum of squared error due

.

to uncertainty. The basic model is as follows:

(4.1)

To know how well the calibration models can fit the experiment data, some

evaluating factors have been used. One of the most commonly used evaluating factors is

the goodness-of-fit index r', which is called the coefficient of determination. The

coefficient of determination is a reasonable measure of the Closeness of fit of the

regression line [30], and it can be calculated as

and

r2 =1-
SSE

SSM
o

SSM = L(Yi -vr.
i ..l

(4.2)

(4.3)

where SSM is the Sum of Squares about the Mean. Usually, we prefer the degree of
.

.

freedom adjusted goodness-of-fit index which includes the effects of degrees of freedom

53



for the data instead of r2. We use r'2 to express the degrees of freedom adjusted

goodness-of-fit, and it can be expressed as

r'Z =1- SSE( n -1)
SSM(DOF-l)

(4.4)

The value of r'z ranges from 0 to 1, which describes to what extent y can be explained by

x. The more r'2 trends 1, the better y can be predicated from x.

Another model evaluating factor is Fit Standard Error (FSE) which is similar to

the sample's standard deviation. The only difference is that the standard deviation

measures the amount of spread or variation in the data in relation to the mean, but FSE

measures the amount of spread or variation in the data in relation to the model line. FSE

is expressed as

FSE= �SSE.n-I
(4.5) .

Since FSE is proportional to the Sum of Squares due to the uncertainty, the lower the

value for FSE, the less uncertainty will be introduced when we use the calibration model

for prediction.

To evaluate the measuring accuracy when using the calibration models, the

confidence intervals and prediction intervals should be used. In the estimated calibration

models, � 0' � I'" � 0
are the parameter estimators. Only when the number of samples

A A A

tends to �, can �o �l"'�n be the same as the �Q' �I"'�D' Since the number of data

points is limited in the real time experiment, as the number of samples changes, the �0'
� l' •• " and � 0

will change also. This difference will result in changes to the model line.
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To determine the range of model line changes caused by possible changes ofthe Po,
PI"'" and Po ' usually, the confidence interval is used. The confidence interval is an

interval that the model line should fall into with a certain probability whatever thePo or

PI'" Po changes caused by the sample variation. Although the confidence interval can

determine the range of the model line changes, it can not tell how accurate a result we

can get ifwe use this model for prediction.

For prediction, a prediction interval should be used, The prediction interval is an-
-

interval that the predicted data should fall into with a certain probability when using the

estimated model. So, we can say that a confidence interval is used to evaluate the

estimated model, and the prediction interval is used to evaluate the predicted result with

the estimated model. Obviously, the narrower the confidence interval is, the better the

model we estimate. The narrower the prediction interval is, the more accurate prediction

result we can make with the estimated model. The confidence interval and prediction

interval can be calculated as follows [26](30]:

confidence interval

and (4.6)

prediction interval

(4.7)

Since the predicted data will fall in
-

the prediction interval with a certain
-

probability, if the maximum difference between the prediction interval and calibration
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model line at any point within the measuring range is taken as the maximum uncertainty,

the measuring accuracy or the instrument accuracy can be obtained. We prefer the

instrument accuracy. to evaluate the NIR measurement, and the instrument accuracy for

the measurement can be calculated as: .

MaximumuncertaintyInstrument accuracy
Fullmeasuring range

(4.8)

With adjusted goodness-of-fit r'2, Fit Standard Error FSE, confidence interval,

prediction interval, and instrument accuracy available, the estimated calibration models

for the NIR. moisture analyzer to measure alfalfa product moisture can be evaluated.

4.3.2Model fitting

With the method of least squares and the data obtained from the experiment, the

simple linear calibration models ("best fit" straight line) for the QB NIR. moisture

analyzer to measure the moisture of ground alfalfa and pellets can be set as:

(4.9)

The simple linear model is suitable for measurements in which the response for

an instrument is linear. For measuring alfalfa products, the response for ·the NIR

moisture measurement is not linear. If a high measurement accuracy is not necessary, this

nonlinear characteristic can be approximated by a simple linear relation, but when more

accurate results are needed, this approximation will result in more system uncertainty. In

this case, the measurement uncertainty using the simple linear model is larger than

acceptable. To reduce this uncertainty and improve the measurement accuracy, some
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nonlinear response models have been tried in this experiment These models are the

polynomial, llOwer, and nonlinearmodels.

The polynomial model can be expressed as:

(4.10)

In this model, there is only one variable x. The n-l other independent variables are

defined as powers of x. Ifwe replace Xi with Zi' the above model becomes

(4.11)

the model has been changed to a multiple linear regression form. The regression

conditions are the same for the multiple linear model as for the simple linear models

except that now we have n independent variables. Therefore, we still can use the same

least squares method to estimate the model. To obtain the least squares estimates for the

Pi' we must minimize the sum of squared errors. Differently from the simple linear
.

regression. we now have n observations on y, z. ,Z2' Z3' z, , ... .z,; so the squared en-or is

which is minimized by setting all the u(S�E) - 0 to get the system of normal
UPi

equations [30).

By using the experiment data, and by choosing the minimum FSE for the model,

the polynomial models for the moisture analyzer to measure ground alfalfa and pellets

can be estimated.
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Although the polynomial models can give a better compensation result, it

becomes quite complex. There are more terms to be calculated when we use a

polynomial model to do the calibration. To see if a simpler nonlinear model could be

used, powermodels were tried. The power model can be expressed as:

(4.13)

where i is any real number. Now there are 3 coefficients to be estimated, the power

coefficient i , estimators Po, and PI. They can not be estimated directly by the method
of least squares, but we can use a transform method. If we use z in place of xi , the

equation becomes:

(4.14)

where (4.15)

Equation 4.14 becomes a simple linear model which is the same as that of Equation 4.9.

This means that the method of least squares can still be used to estimate the power model

through the change of variable. The power function model can be estimated in two steps.

First, decide upon a range of values for the exponent, and an increment. The range is

used to determine the curve style, and the increment is used to step through the range of .

the exponent For the data in Fig. 4.1, the nonlinearity is not high, so, the power i should

not be over 2. If we set the range for i from 1.000 to 2.000, and the step is 0.001, the

power i will be successively 1.000.. 1.001, 1.002, ... , and 2.000. With these power

variables, experiment data x, and Equation 4.16, 1000 data sets for z can be obtained.

Second, by the method of least squares, 1000 simple linear model can be estimated with

the 1000. sets of z. Each of these models has its own coefficient of determination r2 and
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FSE. To choose the best one from the 1000 models as the calibration model for the

instrument, we can take the minimum FSE as the standard. According to Function 4.16,

the power model can be obtained,

(4.16)

If more accurate measurement results are needed, more complex models can be

used. When more nonlinear terms such as (lnx)±IIo, fJoe±/JIXare set in the regression

model, the model becomes a nonlinear regression model. To estimate this model requires

more effort. The statistical software package TableCurve 2D ·(Jandel Scientific

Corporation)[26] was used for this work. The same criterion of minimizjng FSE was

used to select the models.

In order to compare the measurement accuracy, four kinds ofmodels for the NIR

instrument to measure the moisture of ground alfalfa and pellets have been estimated.

The simple linear, polynomial, power, and nonlinear calibration models are estimated as

follows:

A. Simple linear calibration model:

formeasuring ground alfalfa,

y = -1.6711 +1.0940·x, and

formeasuring alfalfa pellets,

y = 1.6608 + O.S489·x.

(4.17)

(4.18)
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B. Polynomial calibrationmodel:

for measuring ground alfalfa,

y=-1.0768+ 1.9258·x-0.1917 ·x2 +0.0123·x3 -0.OOO24·x·, and (4.19)

for measuring alfalfa pellets,

y=2.2545+0.4001·x+0.OO57·x2 • (4.20)

C. Power calibrationmodel:

formeasuring ground alfalfa,

y=2.5829+ 0.2008·xl.s, and (4.21)

formeasuring alfalfa pellets,

y=2.3951+0.2680·xl.213• (4.22)

D. Nonlinear calibration model:

for measuring ground alfalfa,

y=-307.9285+9.6615.x-0.8854.xl.5+ 70�:74 1818.7189, and (4.23)xl.s

for measuring alfalfa pellets,

Iny=0.8292+0.1496·x-0.0049·x2 +7.1949.10.5 ·x3 • (4.24)

The measurement range for these models to measure the ground alfalfa is from

4% m.c. to 25% m.c., and to measure the alfalfa pellets is from 2.5% m.c. to 16% m.c..

60



4.3.3 Results and discussion

To evaluate the quality of the fitted models, the model evaluating factors for the

above' models need to be calculated. With the experimental data, predicted data with

different models, and Equations 4.2, 4.3, 4.4, and 4.5, the evaluating factors for the

estimated models are calculated and presented in Table 4.1.

Table 4.1. Calibration model evaluating factors for the QB NIR moisture analyzer to

measure the moisture of ground alfalfa and pelletswith different calibration

models.

Model Sample' , r2 t2 FSE

Simple Ground 0.981 0.980 0.799

linear pellets 0.991 0.991 0.415

Polynomial Ground 0.998 0.997 0.293

pellets 0.996 0.996 0.268

Power Ground 0.997 0.997 0.335

pellets 0.996 0.996 0.277

Nonlinear Ground 0.998 0.998 0.283

pellets 0.997 0.996 0.265

The data in Table 4.1 show that all of the calibration models have a reasonably

good fit with the experiment data. The degrees of freedom adjusted' goodness-of-fit r'2

for all,models are above 0.98. The r'2 for polynomial, power, and nonlinear models are

higher than that of the simple linear model. This means that the former models have a

better fit than the simple models. We also can see that there is not much difference for
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FSE among the polynomial, power, and nonlinearmodels, but they are reduced related to
.

the simple linear model. This shows that with polynomial, power, and nonlinear models,

we can get much more accurate measurement results than with a simple linear model.

To view the fitting results with different models, we can plot the experiment data

and model line in one graph. The experiment.data numbers for measuring ground alfalfa

and pellets are 70 and 50. Ifwe set a = 0.05, the critical values of t for 70 and 50 are the

same (1.960). With Equations 4.5, 4.6, 4.16, 4.17, 4.18,4.19,4.20,4.21,4.22,4.23, and

4.24 the residual, confidence interval, andprediction interval for different models can be

calculated. With these data, the graphs that show the calibration model lines, confidence

intervals, and prediction intervals for different models for the NIR moisture analyzer to

measure ground alfalfa and pellets are plotted in Figures 4.2 to 4.9.

From Figure 4.2 and Figure 4.3, we can see that the confidence intervals are very

. close to the model lines. This shows the estimated model line will have very little change

if the sample number changes. For polynomial, power, and nonlinear models, since the

confidence intervals are too close to the model lines, it is hard to distinguish the model

line with the confidence intervals on the graph. Therefore, the confidence intervals are

omitted in Figure 4.4 to Figure 4.9.
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Figure 4.2. The simple linear calibrationmodel, confidence interval, and prediction
interval for the QB NIR moisture analyzer to measure the moisture of

ground alfalfa.
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Figure 4.3. The simple linear calibration model, confidence interval, and prediction
interval for the QB NIR moisture analyzer to measure the moisture of

alfalfa pellets.
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Figure 4.4. The polynomial calibration model and prediction interval for the QB NIR

moisture analyzer to measure the moisture of ground alfalfa.
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Figure 4.5. The polynomial calibration model and prediction interval for the QB NIR

moisture analyzer to measure the moisture of alfalfa pellets.
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Figure 4.6. The power calibration model and prediction interval for the QB NIR

moisture analyzer to measure the moisture of ground alfalfa
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Figure 4.7. The power calibration model and prediction interval for the QB NIR

moisture analyzer to measure the moisture of alfalfa pellets.
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Figure 4.8. The nonlinear calibration model and prediction interval for the QB NIR

moisture analyzer to measure the moisture of ground alfalfa.
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Figure 4.9. The nonlinear calibration model and prediction interval for the QB NIR

moisture analyzer to measure the moisture of alfalfa pellets.
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From these figures, we also can see that except for the simple linear models, the

model lines are all curved, and they all have a better fit than that of straight line models .

.The prediction intervals for those non-straight line models are all closer to the .model lines

than those of the straight line model. This is to say that with these models, we can get

more accurate measurement results than from the straight line model. Among those non

linear line models, since the closeness of the prediction intervals to the model lines are

similar, it is difficult to tell which model can give the most accurate nieasurement results.

To further compare the measurement accuracy, we can calculate the instrument accuracy

for the NIR moisture analyzer to measure ground alfalfa and pellets with compensation

using each of these calibration models.

To calculate the instrument accuracy with Equation 4.8, we should know the

maximum measurement uncertainty in the instrument measurement range. As mentioned

before, the maximum measurement uncertainty is mainly affected by FSE (Equation 4.7)

which describes the data dispersion from the model line. Since we chose a = 0.05, 95 %

of measurement data will fall in the prediction interval, and the interval will describe the

uncertainty area for the measurement. If the maximum difference between the prediction

interval and calibration model line at any point within the measuring range is taken as the

maximum uncertainty, the instrument accuracy for the NIR moisture analyzer to measure

the moisture of ground alfalfa. and pellets with different model compensation can be

calculated. The maximum uncertainty and instrument accuracy for different model

compensations are listed in Table 4.2 (The measuring span of the instrument to measure .

ground alfalfa is set to 25% m.c., and to measure alfalfa pellets is set to 16% m.c.).
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. Table 4.2. The maximum measurement uncertainty and instrument accuracy for the

QB NIR moisture analyzer to measure the moisture of alfalfa products with

different calibration models.

Model Sample Max. uncertainty Full measuring span Instrument accuracy

(% of span )

Simple . Ground 1.64 % m.c. 25.0%m.c. 6.6%

linear pellets 0.85 %m.c. 16.0%m.c. 5.4%

Polynomial Ground 0.65%m.c. 25.0%m.c. 2.6 %

pellets 0.58%m.c. 16.0%m.c. 3.6%

Power Ground 0.69 % m.c. 25.0%m.c. 2.8%

pellets O.60%m.c. 16.0 % m.c. 3.8%

Nonlinear Ground 0.63 % m.c. 25.0 % m.c. 2.5%

pellets 0.54%m.c. 16.0%m.c. 3.4%

Table 4.2 shows that the maximum uncertainty for the NIR moisture analyzer to

measure the moisture of ground alfalfa and pellets has been much reduced by using the

non-straight line models (polynomial, power, and nonlinear) instead of simple linear

(straight line) models. The maximum uncertainty is reduced from 1.64% m.c. by using a

simple linear model to 0.63% m.c. by using a nonlinear model for measuring ground

alfalfa, and from 0.85% m.c. by using a simple linear model to 0.54% m.c. by using a

nonlinear model for measuring alfalfa pellets. One is reduced by 1.01% m.c., and the

other one is reduced by 0.31% m.c .. This improvement results in a better instrument

accuracy as can be seen from the last column of Table 4.2. For measuring ground alfalfa,

the best instrument accuracy is 2.5% of span for the nonlinear model; and the worst

instrument accuracy is 6.6% of span for the simple linear model. For measuring alfalfa
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pellets, the best instrument accuracy is 3.4% of span for the nonlinear model, and the

worst instrument accuracy is 5.4% of span. for the simple linear model. The largest

improvements have been obtained for measuring ground alfalfa rather than measuring

alfalfa pellets. This is because the response characteristic for the NIR moisture analyzer to

measure ground alfalfa is more nonlinear than that for .alfalfa pellets.

From the instrument accuracy comparison, we can see that for a better calibration

result, it is better to choose the non-linear models for the QB NIR moisture analyzer to

measure alfalfa product moisture. Also, we can see that, from the power models to the

nonlinear calibration models, the instrument accuracy hasn't been. improved much,

although the model's complexity has increased a lot. This comparison shows that the

power models can present the main characteristic for the QB NIR moisture analyzer to

measure the alfalfa products. Adding more nonlinear items in the model can make only

little improvement in the instrument accuracy is very .critical. Therefore, unless instrument

accuracy is very critical, the power models should be a good choice for practical

application.

4.4 Summary

The instrument accuracy for the NIR instrument to measure the moisture for

materials with different particle size or chemicalcomposition may be different, So, for

measurement of those materials with different particle size or chemical composition,

different calibrations should be made for the NIR moisture instrument. Because of the

nonlinear measuring characteristic of the NIR moisture analyzer, a calibration model can

be used to improve the instrument accuracy. Through comparing the compensation

results to the NIR moisture measurement models, it's been found that the best instrument

accuracy for the QB NIR moisture analyzer to measure alfalfa products is 2.5 % of span
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for measuring ground alfalfa, and 3.4 % of span for measuring alfalfa pellets with the

nonlinear calibration models. H a high measurement accuracy is not necessary, the power

models can calibrate the main characteristic of the NIR moisture analyzer to measure

alfalfa products. The instrument accuracy in this case is 2.8 % of span for measuring

ground alfalfa and 3.8 % of span for measuring alfalfa pellets..

I
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CHAPTER FIVE

PREDICTING ON-LINE PERFORMANCE

5.1 Introduction

The environment and the measuring conditions of real production are different

from those of the laboratory. Sometimes, these differences may be large enough to affect

the measurements. Therefore, before the NIR moisture analyzer is applied to alfalfa

production, the effects of the difference of the measuring conditions between real

production and in the laboratory should be investigated and discussed. Some of these

possible effects are as follows:

a. Whether the sample's temperature change can affect the moisture measurement .

result.

b. Whether the measuring distance change can affect the moisture measurement

result.

c. Whether the sample's speed changes can affect the moisture measurement

result.

The objective of this chapter is, through the discussion of the simulation results

for the above questions, to draw conclusions as to whether these factors in real

production can affect the instrument accuracy for on-line alfalfa products moisture

measurementwith the NIR moisture analyzer, and to quantify these effects.
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5.2 Sample's temperature change

5.2.1 The problem

In the previous experiments, when being measured, the samples were at room

temperature. In real. production, the material's temperature in some production process

sites is much higher than room temperature. When the temperature rises, the molecules

of water will be more active. The influence of temperature will differ in different

wavelength regions, and can have both bathochromic effects (shifting of bands to longer

wavelength) or hypsochromic effects (shifting of bands to shorter wavelength)[34]. So

the temperature ofa sample presented to the NIR instrument may be a potential source of

error if it differs widely from that of the samples presented at the time of calibration.

Therefore, the question is whether the water molecules absorb more NIR energy at

higher temperatures than they do at lower temperatures for alfalfa moisture

measurement. If this is true, for the same moisture content of the samples, the samples .

with different temperatures will absorb different amounts of radiated NIR energy. Then,

the moisture measurement results obtained by the NIR instrumentmay be different.
.

This

is an important characteristic for the NIR. application in alfalfa moisture measurement,

and it can directly affect the NIR system application in alfalfa production. Therefore, an

experiment was designed for this question.

5.2.2 The experiment

For this experiment, ground alfalfa was chosen as the test material. In order to

avoid the effects from the other environment factor changes, cold samples and hot

samples as a pair were tested in the same experiment, and two sets of data were obtained.
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To make hot samples, the samples were put into an environment chamber where the

temperature was set to 85 C and a different humidity for at least 24 hours until the

sample's moisture content became identical to the requirement. At the same time, part of

the sample was stored in the refrigerator for at least 48 hours to make cold samples with

. a temperature of 5 C. The instrument maximum reading was set to 23% m.c .. The

moistures for the hot samples were from 6.4 % m.c. to 22.9 % m.c., and the moistures

for the cold samples were from 6.8 % m.c. to 21.3 % m.c .. 28 hot samples and 28 cold

samples were made for the experiment.

5.2.3 Statistical analysis

With the experiment data, and by the method of least squares, two simple linear

models for the QB NIR moisture analyzer to measure the moisture of hot alfalfamaterials

and cold alfalfa materials were obtained. These models are as follows:

for hot materials, yhot = 0.795 + 0.922x, and (5.1)

for coldmaterials, Y cold = 0.862. + 0.924x, (5.2)

where Yhot and ycold are sample's moisture contents, and x is the reading of the NIR

moisture analyzer.

To assess the quality of these two models, the assessing factors for the two

models are calculated and listed in the following table.
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Table 5.1. The model assessing factors of the simple linearmodels for hot

and cold samples.

Sample Kind FSE

Hot Sample

Cold Sample

0.982

0.985

0.981

0.983

0.671

0.632

Comparing the assessing factors for these two models, it is clear that although those

factors for both models are not the same, they are very close. To test whether the QB

N1R moisture analyzer has the same response character to both hot and cold samples, it is

necessary to show that these two models can present the same relationship for measuring

the sample moisture content. This relationship should not be affected by the sample's

temperature change within a suitable tolerance. Therefore, if it can be shown that either

one of the two models can be used instead of the other for measuring both hot and cold

sample moisture content, ·the question will be resolved.

From Table 5.1, the coefficients of determination r2 for each of the models are .

0.982 and 0.985, both very close to 1. This shows that both models can make a good

estimation for hot or cold sample moisture content measurement. The FSE for the two

models are also very close to each other; one is 0.671, and the other one is. 0.632.

However, this comparison itself can not prove that each model could be used for both

cold and hot sample moisture measurement. If it can be shown that the moisture

difference obtained by each of the two models from the same reading ( It doesn't matter if

the reading is for a hot sample or for a cold one. ) is within the tolerance, then we can use

either one of them to measure the moisture for both. hot and cold samples. With the same

reading from the NIR moisture analyzer, where the range is from 5 % to 22 %, using
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model 5.1 and model 5.2, the moistures for hot and cold samples can be obtained as

shown in Table 5.2.

Table 5.2. Comparison of the data obtained from the hot and cold samplemodels

with the same reading from the QB NIRmoisture analyzer.

Reading M. C. Hot M. C. Cold Reading M. C. Hot M.C.Cold

5.0 5.40 5.48 14.0 13.70 13.80

6.0 6.32 6.41 15.0 14.62 14.72

7.0 7.25 7.33 16.0 15.54 15.65

8.0 8.17 8.25 17.0 16.46 16.57

9.0 9.09 9.19 18.0 17.38 17.50

10.0 10.01 10.10 19.0 18.31 18.42

11.0 10.93 11.03 20.0 19.23 19.34

12.0 11.85 11.95 21.0 20.15 20.27

13.0 12.78 12.88 22.0 21.07 21.19

Suppose that these two models are interchangeable, so that both models can be used for

measuring hot and cold samples. To show this is true, the hypothesis test can be used. For

the hypothesis test, if there is not sufficient evidence to indicate a difference in the means

and variances of the two groups of data obtained from the two models with the same

reading from the NIR moisture analyzer (The significance level is set to be a= 0.05), it

can be shown that either one of the two models can be used for both cold and hot sample

moisture measurement. With the data from Table 5.2, the means of data obtained from

the two models can be computed as follows:

for hot sample model,
_ 1 n 1 18

Yh=-LYhi =-LYhi =13.24, and
n i=1 18 i=1

(5.3)
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for cold sample model,
1 n 1 18

Yc=-LYci =-LYcl =13.34.
. n i=1 18 i=1

(SA).

Suppose that the data obtained from the two models have the same mean, then we

are testing H, :(Yc -Yb )=0 against H, :(Yc -Yb )*0. Since the models come from the

experimental data, we can use the FSE obtained from the experiment for this test.

Consequently, we will require a two-tail test. The test statistic is

(5.5)

FSE2 (nc -1)FSE�+ (nb -1)FSE�
nc+nb

(5.6)

with do = 0, and the rejection region for a =0.05 is I t I> t
.. ( t .. for single tail), where
2 2

(5.7)

The t test is based on (n, + nb - 2) degrees of. freedom. In this case,

n, = n, = 28, the number of degrees of freedom is 54, and to.02S = 2.048 (from the

Percentage Points of the t distribution table). Also we can calculate FSE2 =0.409 and

t = 0.681. This t value does not fall in the rejection region (I t J ) 2.048), and hence the

null hypothesis is not rejected. There is not sufficient evidence to indicate a difference in

the means of the two models.

Now, suppose that the data obtained from the two models have the same FSE, so

we are testing Ho: (FSE)� = (FSE)� against the alternative Ha: (FSE)� *(FSE)�. The
test statistic, F=(FSE)�/(FSE)�, is based on vl=(nb-l) numerator degrees of
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freedom and v2
= ( nc -1) denominator degrees of freedom. Under the null hypothesis

that (FSE); = (FSE);. then F=(FSE); I (FSE); and the rejection region R is equivalent

to RR = { F> k ] = {F } Fa }. where k= Fa is the value of the F distribution.with
2 2

2

a = 0.05 level of significance is chosen. the critical value for F should be FO•02S = 2.11 •

and the H, hypothesis will be rejected. if F is larger than FO.02S • The observed value of

the test statistic isF=FSE! IFSE; = 0.45/0.399=1.127. This value is less than 2.75 and

does not fall in the rejection region (I F I ) 2.11 ). hence the null hypothesis is accepted.

The above null hypothesis test is summarized in Table 5.3.

The above tests prove that, at the 0.05 level of significance, the data obtained

from the models for measuring hot samples arid cold samples have the same average

reading value and the same FSE. So, according to thistest hypothesis, it can be said that

we can use each one of the two models for the QB NIR moisture analyzer. to measure

both hot and cold alfalfa sample moisture content.

Table 5.3. The mean and FSE hypothesis test for hot model and cold model.
.

Item Hypothesis Test Significance Rejection Test Conclusion

strategy level region result·

HO:(Y.-Yb):::O

Mean against a =0.05 Itl) 2048 t=0.681 Accept

H.:(Y.-Y.)¢O Hypothesis

Ho: (FSE)! = (FSE)�
F =

(FSE)�
FSE against a =0.05 Ipl) 211 F=1.13 Accept

H" : (FSE); �(FSE)�
.

(FSE)�
Hypothesis
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5.2.4 Graphic analysis

As an additional check that the models for measuring hot and cold alfalfa samples

are interchangeable, consider the graphic method. One model's estimated line and another

one's confidence interval lines can be put in the same graph. If the estimated line is within
.

the other model's confidence interval, this means that data estimated from one model

could be in the coitfidence interval for the other model. Therefore, we can say. that the

two models are interchangeable. To do this, the estimated model line for measuring the

cold samples and the confidence interval for the model to measure the hot samples are put

into one graph, and the estimated model line for measuring hot samples and the

confidence interval for the model to measure the cold samples are put into another graph,

as in Fig. 5.1 and Fig. 5.2. From both figures, it can be seen that both estimated model

lines for measuring hot and cold samples are completely within the other model's

confidence interval. This result proves again that either one of these two models can be

used for both hot and cold sample moisture measuring.

5.2.s Summary
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5.3 Measuring distance change

5.3.1 The problem

The NIR moisture measurement is a noncontact measuring technique. Unlike

. contact measurement, there is a distance between the sample and the NIR
.

emitter/detector of the instrument. The standard measuring distance for different NIR

moisture measuring instruments will differ according to the structure and application'of
. the instrument. The standard measuring distance for the QB NIR moisture analyzer is

17.8 em, In the laboratory, this measuring distance requirement is easy to satisfy. But in

practical working conditions, this requirement is hard to guarantee. Sometimes, it may be

impossible to satisfy this requirement. Consider the laboratory NIR system shown in

Figure 5.3., with the alfalfa samples carried on a conveyor passing the sensor head.

Figure 5.3. Measuring distance changes with a moving sample.
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From Fig. 5.3, we can see that as the conveyer moves, the measuring distance will

keep changing. The value dl is the set measuring distance (in our application dl is 17.8

em), d2 is the maximum measuring distance, and d3 is the minimum measuring distance.

So the distance range will be between d2 and d3. Since the measuring distance can not be

kept constant, the question is whether this change in measuring distance can affect the

measurement results.

5.3.2 Problem analysis

To better understand this question, we can look at the NIR measuring principle

shown in Fig. 5.4. As shown in Fig. 5.4, the NIR beam comes out from the instrument in

a narrow beam. After it is reflected from the sample, the light becomes the diffuse

reflectance which will go in every direction. When the measuring distance decreases

fromd2 tod, , the angle through which the detector can sense the reflectance will increase

from 92 to 91• As the angle increases, more NIR reflected energy will be sensed by the

detector, and these will result in possible changes in the measurement results. To

determine whether measuring distance changes can affect the measurement accuracy,

another experiment was designed..
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d z

Figure 5.4. Change of NIR reflectance with change in measuring

distance.

5.3.3 Distance experiment and results

An experiment was carried out to test the response of the QB NIR moisture

analyzer to changes in measuring distance. The measuring system and its schematic are
.

shown in Fig. 5.5. As shown in Fig. 5.5, the measuring distance can be changed by

adjusting the vertical height adjuster. Using this system, the data in Table 5.4, showing

the relationship between the reading of the moisture analyzer and the measuring distance,

were obtained. Ground alfalfa and pellets were used as samples. Two group tests were

done for each kind of sample, low moisture content and high moisture content

respectively. Each group had 6 samples. With these data, the curves describing the

relationship of the analyzer's reading with the measuring distance was plotted in Fig e .
5.6.
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Figure5.5 The adjustable measuring distance NIR moisture measurement system

From Figure 5.6., it can be seen that all of the four curves have the same trend. As

the measuring distance increases, the reading for the moisture analyzer decreases for the
.

same sample moisture content. This trend is consistent with the theoretical analysis done

for Fig. 5.4. All curves in Fig. 5.6 show that the . decrease of the moisture analyzer's

reading as the distance increases is linear. According to this characteristic, we can use the

least square method to estimate the relationship between the reading of the moisture

analyzer and its measuring distance change. We also can find out how much this

measuring distance change affects the moisture measuring accuracy.

,/
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Table 5.4. The QB NlR moisture analyzer's readings for ground.alfalfa and pellets

for differentmeasuring distances.

Measuring Moisture content reading for

distance (em) Alfalfa ground Alfalfa pellets

Lowm.c. ·Highm.c. Lowm.c. Highm.c.
14.0 4.3 13.3 5.3 11.2

15.2 4.2 12.9 5.1 11.1

17.8 4.0 12.7 4.9 10.8

19.8 3.8 12.4 4.7 10.6

21.3 3.7 12.1 4.5 10.4

24.1 3.5 11.8 4.3 10.2

14

12

10

s
I 8

I 6

4

2

0

13

.---. •
•

•
•

• •
• • •

- Ground Alfalfa 1

-.-Ground Alfalfa 2

-+- PeIIe1s 1

-.-PeRets2
+_+ + +

+ +

15 17 19

Measuring dl8tance (em)

21 23 25

Figure 5.6. Effect ofmeasuring distance from the NlRmoisture analyzer

to sample surface on.moisture readings.
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The following equations are the models estimated for this function.

For ground alfalfa, low moisture content, x = 5.421 - 0.080 x d, and

high moisture content, x = 15.190 - 0.140 x d.

. (5.8)

(5.9)

For alfalfa pellets, lowmoisture content, x = 6.632 - 0.098 x d,
.

and

highmoisture content, x = 12.762 - 0.110 x d.

(5.10)

(5.11)
.

Here, d is the measuring distance, and x is the reading from the moisture analyzer. With

these models, we can calculate the analyzer's maximum reading change caused by the

measuring distance change.

5.3.4 Discussion

To discuss the experimental results, some data are listed in Tables 5.5 and 5.6.

The drift distance means the measuring distance change compared with the standard

distance (17.8 em). The drift error is the instrument reading error caused by measuring

distance change. The accuracy loss is the instrument accuracy loss caused by the drift

error, and it is equal to the moisture drift error over the full measuring span of the

instrument. The full span of the QB NIR moisture analyzer formeasuring ground alfalfa is

set to 25 m.c. %, and formeasuring alfalfa pellets is set to 16 m.c. %.

85



Table 50S. The drift error and the accuracy loss due to measuring distance changes
for the QB NIR moisture analyzer to measure ground alfalfa.

Instrument reading (17.8 cm) 4.0 12.7

Reading error 0.08 -0.08 0.14 -0.14

±lcm Moisture error 0.09% -0.09 % 0.15 % -0.15 %

Accuracy loss 0.3% -0.3 % 0.6% '-0.6 %

Reading error 0.18 -0.18 0.28 -0.28

±2cm Moisture error 0.16% -0.16 % 0.3% 0.3%

Accuracy loss
.

0.7% -0.7 % 1.2 % -1.2 %

Reading error 0.24 -0.24 0.42 -0.42

±3cm Moisture error 0.26% -0.26 % 0.5% -0.5 %

.
Accuracy loss 1% -1 % 1.8 % -1.8 %

Table 5.6.·The drift error and the accuracy loss due to measuring distance changes
for the QB NIR moisture analyzer to measure alfalfa pellets.

Instrument reading (17.8 cm) 4.9 10.8

Reading error 0.1 -0.1 0.11 -0.11

±lcm· Moisture error 0.05% -0.05 % 0.06%
.

-0.06 %

Accuracy loss 0.3% -0.3% 0.4% -0.4%

.

Reading error 0.2 -0.2 0.22 -0.22

±2cm Moisture error 0.11 % -0.11 % 0.12 % -0.12 %

Accuracy loss 0.7% .-0.7% 0.8% -0.8 %

Reading error 0.29 -0.29 0.33 -0.33

±3cm Moisture error 0.16% -0.16 % 0.18% -0.18 %

Accuracy loss 1% -1 % 1.1% -1.1 %
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The data in Table 5.5 and Table 5.6 show that, for the same moisture of the

ground alfalfa sample, if it is measured by the NIR moisture analyzer with a standard

measuring distance of 17.8 em, the instrument reading will be 4.0. If the measuring

distance changes to 18.8 em, the instrument reading will reduce to 3.92, the drift error

will be -0.08, and the moisture error will be -0.09 % m.c.. If the measuring distance

changes to 20.8 em, the reading will reduce to 3.76, and the drift error will be -0.24. But

if the measuring distance reduces to 14.8 em, the reading for the moisture analyzer will

rise to 4.08; the drift errorwill be 0.08, and the moisture errorwill be -0.26 % m.c. There·

is a similar change characteristic for measuring alfalfa pellets. The reading drift caused

by the measuring distance changewill add additional error to the measurement result and

will have an effect on the instrument accuracy.

In pellet production, the amount of material that flows under the sensor of the

. moisture analyzer could be more or less, which will result in the thickness ofmaterial on

the conveyor varying. Although the measuring distance can.not be fixed to a constant in

real production, it can be controlled to a fixed range. If the other factors are ignored, for a

measuring distance change of ± 1 em, which means that measuring distance will change

between 16.8 em and 18.8 em, the instrument accuracy loss will be equal to or less than

0.6 % of span for measuring ground alfalfa and 0.4% of span for measuring alfalfa

pellets. If the measuring distance can only be controlled to ± 3 em, the instrument

accuracy loss will be equal to or less than 1.8 % for measuring ground alfalfa and 1.1%

for measuring alfalfa pellets. These instrument accuracy losses are large enough to affect

the overall instrument accuracy in a production environment

To consider overall instrument accuracy with the effects of the instrument

accuracy loss caused by the distance change, we can use Equation 5.12[7]. The overall
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instrument accuracy with different measuring distance effects can be seen in Table 5.7

(based on the power calibration model).

(5.12)

where

A is the overall accuracy,

AJ is the instrument accuracy with standardmeasuring

distance, and

A2 is the instrument accuracy loss with measuring
.

distance change.

Table 5.7. The overall instrument accuracy with differentmeasuring distance effects.

Accuracy Measuring distance change
Sample with standard Drift ±1 em Drift ±2em Drift ±3 cm

measuring Accuracy Overall Accuracy Overall Accuracy Overall

distance loss Accuracy loss Accuracy loss Accuracy

Ground alfalfa 2.8% 0.6% 2.9% 1.2% 3.0% 1.8 % 3.3%

Alfalfa Pellets 3.8% 0.4% 3.8% 0.8 % 3.9% 1.1% 4.0%

From Table 5.7, it can be seen that for a measuring distance drift ± 1 em, the overall

instrument accuracy will reduce 0.1% of span from 2.8% to 2.9% measuring ground

alfalfa, and the effects for measuring pellets can be neglected. If the measuring distance

change is ±3 em, the overall instrument accuracy will reduce 0.5% of span from 2.8% to

3.3% for measuring ground alfalfa and reduce 0.2% of span from 3.8% to 4.0% for

measuring alfalfa pellets. The data give a useful reference for the application of the NIR

moisture measurement in alfalfa production.
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5.3.5 Summary

When the NIR moisture analyzer is being used for measuring moisture content in

production, one of the major ways to increase the measuring accuracy is to make the

materials flow evenly under the sensor. This means the changes of the thickness and the

measuring distance should be controlled to be within a small range. It may be necessary to

divert a sample substream at a controlled rate to ensure consistent product height under

the measuring head.

5.4 The effects of changes in the speed ofmoving samples

5.4.1 Introduction

In a production line, the speed of the conveyor which is used to transfer the raw

materials or products will be set according to the requirements of production. The

conveyor speeds for different production rates may be different. Therefore, whether the .

speed change can affect the moisture measurement result is another question that should

be considered when the NIR instrument is applied in alfalfa production for moisture

measurement. To answer this question, further experiments were conducted.

5.4.2 Effect of sample moving speed changes

The setup for this experiment is the same as for the experiment on dynamic

response time (Fig. 3.4), with the turntable speed adjustable. The reason for choosing a

turntable instead of a conveyor for this test is that the samples for different speed tests

will be the same, to reduce the effects of actual changes in sample moisture. In this .

experlinent, the turning speed was set successively to 0.4 m/sec, 1.0 m/sec, and 1.6 mlsec
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(these speeds were the sample moving speeds for the sampling point which was the center

line of the NIR instrument.). For each of these speeds, a .set of data was collected. Alfalfa

chops and ground alfalfa were chosen as the samples. The data sample interval was set at

0.5 second. This experiment. should be done with a large quantity of samples with

different uniform moisture contents. It is very difficult to make such samples in large

quantities, therefore, the experiment was performed with only one moisture level. The

samples were stored in the laboratory for many days. so that the moistures for these

samples were close to equilibrium. The sample moisture content for alfalfa chops
.

was

13.4 % m.c., and for ground alfalfa was 9.5 % m.c ..

The experiment procedure was as follows. The samples were put onto the.

turntable with uniform thickness to ensure the measurement distance was kept constant.

The circumference of the turntable was 3.2 m. Three speeds, 0.4 m/sec, 1.0 m/sec, and

1.6 mlsec were chosen, and the sampling times were approximately 30 seconds, so the .

data were sampled for 3.8, 9.4, and 15 turns depending on the speed. The reason for

choosing more than one revolution was to get more sample points to compare the mean

outputs of the analyzer at each speed. For comparison, after measuring the moving

samples, the data for stationary samples were collected using the same material. In alfalfa .

processing, the moisture that needs to be measured is the average bulk sample moisture,

so variations in the moisture are considered to be noise. To reduce the effect of this

random noise, the damping was set to 915 (time constant 12 s), which provided longer

averaging of the consecutive data. The output curves of the QB NIR moisture analyzer

for chops and ground alfalfa with different speeds are plotted in Fig. 5.7 and Fig. 5.8.
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Figure 5.7. The output curves for the QB NIR moisture analyzer measuring ground
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chops with 13.4 % m.c. for different sample moving speeds.
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Comparing the curves in Fig. 5.7 and Fig. 5.8, we can see that all curves are close

to each other in each figure, and there is no fixed pattern of variation in the two figures.

For further comparison, the mean outputs and standard deviations (the number of

samples is 56) for different sample moving speeds are listed in Table 5.8 and Table 5.9.

Table 5.8. Average outputs and standard deviations for the NIR moisture analyzer

measuring ground alfalfa with 9.5 % m.c. for different sample speeds.

Average output and

standard deviation

Sample moving

1.0mI� 1.6 mlsecO.Omlsec 0.4m1sec

speed

Yi (volt) 2.042

0.010

2.048

0.012

2.053 2.033

0.008 . 0.009

Table 5.9..Average outputs and standard deviations for the NIR moisture analyzer

measuring alfalfa chops with 13.5 % m,c, for different sample speeds.

Average output and

standard deviation

Sample . moving speed

1.0mlsec 1.6m1sec0.0mlsec 0.4 mlsec

Yi (volt) 2.771 2.762

0.005 0.013

2.760

0.007

2.775

0.010

Although for the different sample moving speeds, the average output is different

for the same moisture content of the samples, from Table 5.8 and Table 5.9 it can be

seen that the maximum differences for measuring stationary samples and moving

samples is 0.011 V for both ground alfalfa and alfalfa chops. This difference is less than
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the instrument display resolution which, when transferred to the output of the instrument,

is 0.02 V. In both tables, there are not only average outputs of the instrument for

measuring the moving samples that are higher than those from the stationary samples,

but also average outputs of the instrument that are lower than those from stationary

samples. Therefore, it is most likely that the average output change of the instrument

when measuring moving samples is not caused by the motion. There are three possible

reasons for the differences. The first reason is that the deviation is caused by errors in

reproducibility. The second reason is that the sample is not truly uniform. The third

reason is that since the NIR is a surface measurement technique, and this test was done

in a large laboratory, the wind caused by the fans and the doors could have caused the

sample's surface moisture to vary. This surface moisture change could result in a change

in themeasurement data. Sometimes, even to measure a static, uniform sample moisture,

a small change in the reading of the NIR. instrument can happen. Therefore, it can be

concluded that the sample moving speed has .little effect on sample
. moisture

measurement when using theNIR instrument.

5.4.3 Effect of time constant changes

The instrument time constant for the previous tests on moving samples was set to

a particular value (12s), but the effect of different time constants is another question that

needs to be examined. To study the effect of time constant changes, two additional tests

were done. One test was to measure the sample moisture for three different sample

moving speeds, and to compare the results with the stationary sample moisture obtained

with the minimum instrument time constant setting (0.16 second). The second test was a

similar test with the instrument time constant set to 23 seconds (maximum time

constant). The test results are shown in Fig. 5.9 to Fig. 5.12.
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For these tests, the ground alfalfa moisture was 6.2 % m.c., and the chops

moisture was 9.5 % m.c .. The figures show that the output curves for the instrument in

Fig. 5.9 and Fig. 5.11 are more stable than those in Fig. 5.10 and Fig. 5.12. The stable

outputs are the results for the instrument effectively using a large number of data to

determine the average output by setting a larger time constant. For further comparison,

the average outputs and standard deviations for the instrument with two different time

constant settings and with different sample moving speeds are listed in Table 5.10.and

Table 5.11.

The data in both tables show that as the time constant increases, the standard

deviation for the measurement decreases. The maximum standard deviation reduces from

0.021V to O.OOIV as th� time constant changes from 0.16 second to 23 seconds for

measuring ground alfalfa, and from 0.041V to 0.OO8V for time constant changes from

0.16 second to 23 seconds for measuring alfalfa chops. For a time constant of 23 seconds,

the standard deviations for measuring ground alfalfa and chops are all much less than

0.02V; this means that the instrument has a stable output. For a time constant of 0.16

second, the standard deviations formeasuring ground alfalfa and chops are all higher than

0.02V; this means that the display output of the instrument will fluctuate because of the

non-uniformity of the samples. However, as the time constant changes, the differences of

the average outputs of the instrument are still less than 0.02V when sample moving speed

changes. Therefore, it can be concluded that the instrument time constant change and

sample moving speed change will have little effect on the average moisture measurement.

The instrument time constant change will have a larger effect on the measurement

standard deviation. So; if the bulk sample moisture is needed, a more stable measurement

result can be obtainedwith a larger time constant setting for the NIR instrument.

96



·

Table 5.10. Average outputs and standard deviations for the NIR moisture analyzer

measuring ground alfalfa with 6.2 % m.c. for different time constants

and different sample speeds,

Average output and Sample moving speed
standard deviation O.Omlsec 0.4 mlsec 1.0mlsec 1.6m1sec

't =0.16 Yi (volt) 1.443 1.443 1.444 1.443

Si 0.014 0.021 0.018 0.018

't = 23 Yi (volt) 1.446 1.442 1.449 1.439

Si 0.001 0.001 0.001 0.001

Table 5.11. Average outputs and standard deviations for the NIRmoisture analyzer

measuring alfalfa chops with 9.5 % m.c. for different time constant

and different sample speeds.

Average output and Sample moving speed
standard deviation O.Omlsec 0.4 mlsec LOrn/sec 1.6rn/sec

't =0.16 Yi (volt) 2.048 2.053 2.046 2.045

Si .0.032 0.038 0.041 0.037

't = 23 Yi (volt) 2;054 2.045 2.046 2.042.

Si 0.002 0.005 0.008 0.003
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5.4.4 Effect ofmoisture changes in the sample .

Another question to be considered is whether a moisture change in moving

samples can affect the measurement result. To examine this issue, another test was done.

In this test, ground alfalfa was chosen, and two moisture levels were used e , The low

sample moisture was 6.3 % m.c., and the high sample moisture was 16.2 % m.c .. These

samples were put onto the turntable with 9110 of the table uniformly covered with low

moisture material, and 1110 covered with high moisture material. The effect of sample
.

moisture change was measured with three different instrument time constant settings. The

sample moving speed was set to 1.0 mls. The instrument output curves with different

time constant settings are plotted in Fig. 5.13.
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settings.
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From Fig. 5.13, it can be seen that when the sample moving speed was 1 mis, the

high moisture sample was sensed every 3.2 seconds. For the time constant setting of 0.16

s, when the high moisture sample was sensed, there was a pulse response from the
.

instrument. As the time constant increased, the output peak value in response to the pulse

change decreased, but the output base value increased. For a time constant of 12 s. the

output of the instrument had a saw tooth shape. The reason for this output is that for a

larger time constant setting, the instrument response is slower. In this test, when the time

constant setting was 12 seconds, the instrument needed 36 seconds to reach 95 % of the

final moisture value. However, in one turn, the time for sampling the high moisture

sample was only about 0.32 s. So, after the output of the instrument increased for 0.32

seconds, its output was far below the sample's high moisture value. Then, the instrument

began to sense the low moisture sample, and the output of the instrument began to

decrease. After about 2�88 seconds decrease, before the output of the instrument reached

the low sample moisture value, the new turn began, and the output of the instrument

increased again for the high moisture sample. That is why the low point of the saw tooth

in Fig. 5.13 was higher than the sample's low moisture value, and the high point of the

saw tooth was lower than the sample's high moisture value. When the time constant was

set to 23 s, the output curve of the instrument tended to be a straight line, but the same
.

offsetting effect was observed as for the case of the 12 s time constant.

In alfalfa processing, the moisture of the samples being monitored should be the

average sample bulk moisture. Whether an average output is the same for different time

constant settings when there is a pulse sample moisture change should be considered.

Therefore, the average outputs for three time constant settings were calculated and listed

in Table 5.12.
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Table 5.12. The average output for the NIRmoisture analyzer measuring

ground alfalfa with moisture changes and with different

instrument time constant settings.

Time constant (s) 0.16 12 23

Average output (V) 1.625 1.625·1.621

From Table 5.12, it can be seen that the three average outputs are the same,

within the instrument display sensitivity. So, the difference can be neglected. In this test,

the sample's low moisture reading for the stationary sample was 1.455v, and the high

moisture reading for the stationary sample was 3.27v. Therefore, the average output for.

the sample moisture should. be 1.455 x 0.9 + 3.270 x 0.1 = 1.636 V assuming a linear

response. The maximum difference between the average outputs with the stationary

sample and the moving sample is 0.015v which is less than the instrument display

sensitivity. It can be concluded that if the average sample bulk moisture is needed, the

larger time constants can give an accurate reading, and it is not necessary to consider the

fluctuations observable with a small time constant.

5.4.5 Summary

From these experiments, it is concluded that changes in the moving speed have no

significant effect on the dynamic sample moisture measurement when using the NIR

moisture analyzer. A more stable output can be obtained with a larger time constant

setting if the.bulk sample moisture is required. Changes in the instrument output due to

changes in sample moisture can be neglected if the average moisture is needed.
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S.S Summary

NIR moisture measurement is a noncontact measuring technique that is used

mainly in the laboratory for rapid sample moisture analysis. When it is used for on-line

production, there will be some practical challenges for its application. In Chapter 5,

through experiment, it has been shown that temperature changes will not significantly

affect the measurement result when using the NIR analyzer to measure sample moisture.

Also, it has been shown that changes in the measuring distance will directly affect the

results when the NIR moisture analyzer is used for moisture measurement. When it is

being applied for dynamic sample monitoring, the measuring distance should be

controlled, preferably to within ± 1 em. Finally, the sample's moving speed will have very

little effect. on the NIR moisture measurement. For a more stable output, a larger

instrument time constant can be used .

. 101



CHAPTER SIX

SUMMARY AND CONCLUSIONS

NIR moisture measurement instruments, with their fast response and ease of

operation, have been widely used in many applications for noncontact and nondestructive

measurement. The objective of this thesis has been an analysis of the performance of the

QB NIR moisture analyzer used in on-line alfalfa processing. This work includes the

assessment of characteristics of the NIR moisture measurement in Chapter 3, the

instrument accuracy and the calibration model study for the QB NIR moisture analyzer in

Chapter 4, and the evaluation of the QB NIR moisture analyzer in alfalfa production in

Chapter 5.

The basic instrument characteristics such as linearity, sensitivity, and

reproducibility for the QB NIR moisture analyzer have been assessed. In particular, the

time constant for the QB NIR moisture analyzer is discussed in detail in Chapter 3. The

instrument time constant can be adjusted from 0.16 s to 23 s. Because of the nonlinear

response characteristic of the QB NIR moisture analyzer, calibration models were used to

improve the instrument accuracy. By the method of least squares, four different

calibration models. were estimated; these were the simple linear, the polynomial, the

power, and the nonlinear models. The experimental results show that. for measuring

ground alfalfa with the QB NIR moisture analyzer, the instrument accuracy can. be

improved from 6.6 % of span when using the simple linear calibration model to 2.5 % of

span by using the nonlinear calibration model. For measuring alfalfa pellets, the

instrument accuracy can be improved from 5.4 % of span when using the simple linear

model to 3.4 % of span by using the nonlinear calibration model. Since the nonlinear ..

102



calibration models are complex, and they do not greatly improve instrument accuracy

compared with results obtained using other models, the power model is a better choice if

measurement accuracy is not crucial. The instrument accuracy for the QB NIR moisture

analyzer using the power calibration model is 2.8 % of span for measuring ground alfalfa,

and 3.8 % of span formeasuring alfalfa pellets.

Since some environmental conditions are hard to control in real production, there

are often differences of the measuring conditions and the environment between the

laboratory and real production. One of these differences is that the sample's temperature

can range from room temperature to over 80 C in alfalfa production. To show the effects

of sample temperature change on moisture measurement, two methods have been used.

The first one is a statistical method. With two groups of samples, and using the method of

least squares, cold sample and hot sample calibration models were estimated. By the

method of hypothesis test, it has been shown that these models can be interchanged..

Therefore, the sample's temperature changes will not significantly affect the moisture

measuring result using the QB NIR moisture analyzer. The second method was graphical.

By putting each of the two model lines and the other model's confidence interval in one

figure, it was shown that the measurements are totally within each other's confidence

interval. So it is shown that the effect of sample temperature on measurement accuracy is .

not significant.

Another difference of the NIR moisture measurement conditions between the

laboratory and real production is that the measuring distance for the.NIR moisture

measurement is hard to control in real production. By experiment, it has been shown that

for the QB NIR moisture analyzer to measure the moisture content of a sample, the

instrument accuracy for measuring ground alfalfa reduced from 2.8 % of span (when the

measuring distance is fixed at 17.8 cm) to 2.9 % of span, if the measuring distance is
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changed to 17.8± 1 em. Distance changes of ± 1 em did not affect the measurement of

pellets. The instrument accuracy for measuring ground alfalfa reduced from 2.8 % to 3.3

%, and for measuring pellets it reduced from 3.8 % to 4 % when the measuring distance

was only controlled to 17 .8±3 em. This experiment shows that although the measuring

distance is hard to maintain constant, it should be controlled within a small range of

approximately ± 1 em to preserve measuring accuracy.

The third consideration for the differences inNIR moisture measurement between

the laboratory and real production is that the sample being monitored in alfalfa production

is moving. Whether the measuring results are the same for static and moving samples is a

question that has been discussed in Chapter 5. Through experiment, it has been

demonstrated that the moisture measurement by using the QB NIR analyzer is not

affected by the moving speed of the sample. A more stable output of the NIR instrument

can be obtained if a larger time constant is set, and adjustments of the time constant

setting do not affect the measurement of average moisture contents, even when. the .

sample moisture fluctuates.

The analysis of the NIR moisture measuring technique conducted in this research

work and described in this thesis can be concluded as follows:

1. NIR is a faster way to measure the moisture content of material than other

ways such as the oven method (the time constant for QB NIR moisture

analyzer can be adjusted from 0.16 second to 23 second).

2. The power calibration model is the best one for describing NIR moisture

analysis for alfalfa products when using the QB NIR instrunient.

3. The alfalfa sample temperature does not affect the moisture measurement

accuracy for the NIR instrument in the range from 10 C to 80 C.
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4. The measuring distance does affect the accuracy of the QB NIR moisture

analyzer, so in real production, the measuring distance should be controlled

and changes minimized. Controlling measuring distance, to 17.8 ± 3 em will

result in a loss of overall accuracy of 0.5 % for measuring ground alfalfa and

0.2 % formeasuring alfalfa pellets.

5. The moving speed of the sample will have little effect on the moisture

measurement when using the QB NIR moisture analyzer.

6. The NIR technique is promising for on-line moisture monitoring and control in

alfalfa dehy plants.

105



REFERENCES

[1)
.

Adams, L. F., "Engineering Measurements and Instrumentation", The English
Universities Press Ltd., 1975, pp. 1-4.

(2) Agriculture Canada, "Canadian Alfalfa Products for Farm Livestock",

(3) ASAE Physical Properties of Agricultural Products Committee, "Moisture

Measurement-Forages··, ASAE Standard: ASAB S358.2, 1988 .

.

(4) ASAE Physical Properties of Agricultural Products Committee, "Moisture

Measurement-Ungrounded Grain and Seeds", ASAE Standard: ASAE S352.2,
1988.

(5) Bares, R. J., M. S. Dhanoa, and S. J. Lister, "Standard Normal Variate
Transformation and De-Trending of Near-Infrared Diffuse Reflectance Spectra",
Applied Spectroscopy 1989,43:772-777.

(6) Barron, W. R., "The Principles of Infrared Thermometry", Sensors, December,
1992.

(7) Bartee, E. M., "Statistical Methods in Engineering Experiments", Charles E.

Books, Inc., 1966, pp. 118-121,140-146.

(8) Barton, F. E. and D. Burdick, "Analysis of Bermudagrass and Other Forages by
Near-Infrared Reflectance", In Proc. 8th Res. and Ind. Conf., Coastal

Bermudagrass Processors Assoc., Athens, GA, 1978. pp. 45-51.

(9) Beiser, A., 'Physics", Third Edition, The. Benjamin/Cummings Publishing
Company, Inc., 1982, pp. 340.

(10) Benson, 1 B., "Industrial Applications for Near. Infrared Reflectance for the
Measurement ofMoisture", Measurement and Control, March 1989 .

.

[11) Ben-Gera, 1 and K. H. Norris, ''Direct Spectrophotometric Determination of Fat
and Moisture in Meat Products", J. Food Sci., 1968,33:64-67.

[12) Bethea, R. M., B. ·S. Duran, and T. L. Boullion, "Statistical Methods for

Engineers and Scientists",Marcel Dekker, Inc., 1985, pp. 332-333,343-346.

106



[13] Birth, G. S. and H. G. Hecht, "The Physics of Near-Infrared Reflectance", Near
Infrared Technology in the Agricultural and Food Industries, Ed, P. Williams, K.
Norris, American Association ofCereal Chemists, Inc. 1990, pp. 1-14.

[14] Brugel, W., Translated by A. R. Katritzky and A. J. D. Katritzky, "An

Introduction to Infrared Spectroscopy", JohnWiley & Sons Inc., 1962, pp. 6-8.

[15] Bueche, F. and D. C. Wallach, "Technical Physics", John Wiley & Sons, Inc.,
Fourth Edition, 1994, pp 517-535.

[16] Carr-Brion, K., "Moisture Sensors in Process Control", Elsevier Science

Publishing Co. Inc., 1986, pp 1-2,54-58.

[17] Collett, C. V. and A. D. Hope, "Engineering Measurements", Pitman Publishing,
1974, pp. 4-5.

.

[18] Cutnell, J. D. and K. W. Johnson, ''Physics'', John Wiley & Sons, Inc., Second
Edition, 1992, pp 716-747.

[19] DiVincenzo, J. and A. Orion, "Advances in Moisture Analysis Techniques",
Sensors, November, 1993.

[20] Edwin, M., "Statistics for Business and Economics Methods and Applications",
Third Edition,W.W. Norton & Company, Inc., New York, 1987, pp. 463-464.

. .

[21] Giangiacomo, R. and G. G. Dull, "Near Infrared Spectrophotometric'
Determination of Individual Sugars in Aqueous Mixtures", Journal of Food
Science. 1986, Volume 51, No.3.

[22] Hedlin, C. P. and R. G. Nicholson, "Calibration of Humidity Sensors at

DBRlNCRR, Saskatoon", Moisture and Humidity 1985 Measurement and
Control in Science and Industry, Instrument Society of America.

[23] Houghton, J. T. and S. D. Smith, "Infrared-Red Physics", Oxford at the
Clarendon Press, 1966, pp. 1-3.

[24] Hruschka,W. R., "Data Analysis: Wavelength Selection Methods", Near-Infrared
Technology in the Agricultural and Food Industries, American Association of
Cereal Chemists, Inc. 1990, pp. 35-37.

[25] Hunt, W. H., "Moisture-Its Significance, Behavior, and Measurement", Storage
of Cereal Grains and Their Products, American Association of Cereal Chemists,
1974.

107



[26] Jandel Scientific Corporation, Manual for "TableCurve 2D", 1994.

[27] Marten, G. C., G. E. Brink, D. R. Buxton, J. L. Halgerson, and J. S. Hornstein,
"Near Jnfrared Reflectance Spectroscopy Analysis of Forage Quality in Four

Legume Species", Crop Science, 1984, Vol.24, pp 1179-1181.

[28] Martens, H. and T. Naes, "Multivariate Calibration", John Wiley and Co., New .

York, 1989.

[29] McClure, W. F. and R. E. Williamson. "Status ofNear Jnfrared Technology in
the Tobacco Industry", 40th Tobacco Chemists Research Conf. Knoxville, TN, .

1986, pp. 34-35.

[30] Mendenhall, W., R. L. Scheaffer, and D. D. Wackerly, "Mathematical Statistics
with Applications", Wadsworth, Inc., 1981,390-395, pp. 400-402, 449-457, 435-
441.

[31] Mohsenin, N. N., ''Electromagnetic· Radiation Properties of Foods and

Agricultural Products", Gordon and Breach Science Publishers, 1984, pp. 275-
·309.

.

[32] Moisture Systems Corp., "Quadra-Beam n Moisture Analyzer Models 475, 476,
478, and 479 Instruction Manual", Hopkinton,MA, U.S.A..

.

[33] Mitchell, B. W., T. E. Divine, G. A., Kranzler, and W. F. McClure,
"Instrumentation and Measurement for Environmental Sciences",' American
Society ofAgricultural Engineers, 1983, pp. 7-05.

[34] Murray, 1 and P. C. Williams, "Chemical Principles of Near-Infrared

Technology", Near-Jnfrared Technology in the Agricultural and Food Industries,
Ed, P. Williams, K. Norris, American Association of Cereal Chemists, Inc. 1990, .

pp.17-24.

[35] Murray, 1, "Aspects of the Jnfrared Interpretation of NIR Spectra", Analytical
Applications of Spectroscopy, Ed, C.S. Creaser, A.M.C. Davies, Royal Society of
Chemistry. 1987, pp. 9-20.

[36] Nachtigal, C. L., "Instrumentation and.Control Fundamentals and Applications",
A WR.EY-INTERSCIENCE PUBUCATION, John Wiley & Sons, Inc., 1990,
pp. 132-134.

[37]
.

Norris, K. H., R. F. Barnes, and J. E. Shenk. "Predicting Forage Quality by
Infrared.

.

108



[38] Official Methods of Analysis (1984) 14Ed., (1990) 15th Ed., AOAC, Arlington,
VA.

[39] Osborne, B. G. and T. Fearn, ''Near Infrared Spectroscopy in Food Analysis",
Longman Scientific & Technical, 1986., pp 87-89, pp. 162-164.

[40] Patil, R. T., ''Dehydration & Quality Changes of Alfalfa", Ph. D. Thesis,
Department of Agricultural' and Bioresource Engineering, University of
Saskatchewan, 1995 .

. [41] Scott, M., "Near Infrared On-line Analysis", Control & Instrumentation, March,.'
1991.

.

[42] Shenk. J. S. andM. o. Westerhaus, "Forage Quality, Evaluation and Utilization",
Chapter 10, American Society ofAgronomy Inc., 1994.

[43] Shenk, J. S. and M. R. Hoover, "Infrared Reflectance Spectro-Computer Design
and Application", In Proc. 7th Technicon Int. Cong., 2, Tarrytown, N. Y., 1976,
pp. 122-124.

[44] Smith, R. A., F. E. Jones, and R. P. Chasmar, "The Detection and Measurement
of Infra-Red Radiation", Oxford at the Clarendon Press, 1957, pp. 1-7.

[45] Sokhansanj, S., "Forage Processing", Research in Feed Processing and Storage,
Department ofAgriculture Engineering, University of Saskatchewan.

[46] Suryanaryana, N. V., "Engineering Heat Transfer", West Publishing Company,
1995, pp. 561.

[47] Vincent, J. D., ''Fundamentals of Infrared Detectors Operation and Testing", A
Wiley-Interscience Publication, 1990, pp. 3.

[48] Williams, P. C., "Commercial Near-Infrared Reflectance Analysis", Near
Infrared Technology in the Agricultural and Food Industries, Ed, P. Williams, K.
Norris, American Association ofCereal Chemists, Inc. 1990, pp. 107-114.

[49] Windham, W. R. and F. E. Barton II, ''Moisture Analysis in Forage by Near
Infrared . Reflectance Spectroscopy: Collaborative Study of Calibration

Methodology", Journal, Association of Official Analytical Chemists, 1991, Vol.
74. No.2.

109.



Appendix: Experiment data

Table A.t. Sample's moisture obtained froin the oven method and from
the QB NIR moisture analyzer,

Moisture of ground alfalfa Moisture of alfalfa pellets
from the oven from the Q8 NIR. from the oven from the Q8 NIR.

method moisture anal�er method moisture anal�er
4.00 3.6 2.43 0.2
4.11 3.6 2.31 0.3
3.93 3.7 2.35 0.3
4.05 3.8 2.27 0.3
4.05 4.2 2.61 0.6
7.10 6.9 . 4.34 4.9
6.90 6.9 4.40 4.9
6.81 7.2 4.40 5.0
6.91 7.5 4.55 5.3
7.10 7.5 4.45 5.4

7.79 8.5 5.82 7.8
7.76 8.7 5.94 8,1
7.76 8.7 5.82 8.2

7.68 8.9 5.80 8.3

7.60 8.9 5.92 8.3
9.35 10.2 9.00 14.0
9.33 10.3 9.30 14.1

9.26 10.5 9.17
.

14.2

9.68 10,5 9.24 14.6

9.52 10.5 9.65 15.1
9.48 10.5 10.15 15.6

9.42 10.5 10.10 15.9

9.19 10.5 10.22 16.2
9.59 10.6 10.22 16.3.
9.58 10.8. 10.10 16.3
10.40 11.4 11.11 17.3

10.47 11.6 11.26 18.1
10.40 11.6 11.29 18.1

10.40 11.6 11.62 18.1

10.46 11.9 11.54 18.2
10.85 12.0 12.27 20.1
10.87 12.1 12.42 20.2

10.55 12.3 12.55 20.3
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Table A.t. Sample's moisture obtained from the oven method .and from
the QB NIR moisture analyzer (continued).

Moisture of ground alfalfa Moisture of alfalfa pellets
from the oven from the QB NIR. from the oven from the QB NIR.

method moisture analyzer method, moisture analyzer
10.72 12.3 '12.41 20.4
10.92 12.3 12.38 20.4
12.36 13.5 13.24 21.0
12.00 13.5 13.23 21.1
12.40 13.6 13.36 21.5
12.02 13.6 13.82 21.5
12.40 13.8 13.99 21.9

13.85 14.4 15.26 23.9
13.84 14.6 15.27 24.3

13.79 14.6 14.73 24.5

14.00 15.1 15.05 24.5
14.01 15.2 15.87 24.7
15.57 15.8 16.07 24.8
15.68 16.1 16.40 24.9
15.35 16.1 14.94 24.9
15.57 16.1 16.38 '25.3
15.68 16.3 16.32 25.5
18.01 17.6
17.50 17.6
17.70 17.6
17.82 17.6

18.04 17.8
18.00 17.8

17.35 17.8

18.35 17.9

17.66 18.0
17.96 18.0
22.80 21.4
22.66 21.6
22.40 21.6
22.43 21.7

22.75
'

21.8
24.22 22.1
23.74 22.2

24;36 22.5
,24.04 22.8
24.58 22.9
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Table A.2. The rise response data for the QB NIR moisture analyzer
when measuring thestatic sample's moisture.

Time 2.6% to 24.2% Time 2.6% to 13.8% Time 2.6% to 7.9%

�sl (Y,l �sl �Y2 �sl �Vl
0.00 0.425 0.00 0.460 0.00 0.434
0.11 0.420 0.11 0.469 0.15 0.491

0.20 0.440 0.20 0.464 0.25 0.482

0.34 0.422 0.34 0.466 0.31 0.430

0.38 0.800 0.36 0.478 0.33 0.500

0.44 1.588 0.41 0.800 0.39 0.699 .

0.54 2.775 0.52 1.837 0.44 1.069

0.65 3.885 0.63 2.230 0.55 1.376

0.82 4.310 0.74 2.617 0.61 1.581

0.93 4.464 0.85 2.826 0.66 1.653

1.04 4.512 0.91 2.887 0.77 1.725

1.15 4.523 1.02 2.890 0.82 1.735
1.22 4.525 1.13 2.892 0.93 1.755

1.31 4.521 1.24 2.915 0.99 1.758

1.40 4.529 1.35 2.891 1.10 1.752

1.49 4.520 1.43 2.912 1.21 1.761

1.60 4.525 1.52 2.894 1.26 1.770

1.71 4.529 1.63 2.905 1.37 1.765

1.81 4.521 1.71 2.895 1.48 1.772

1.90 4.525 1.82 2.903 1.54 1.763

112



Table A.3. The rise response data for the QB NIR moisture analyzer
when measuring the dynamic sample's moisture.

Sample moving speed for 1.0 mlsec

Time (s) ,Data(V) Estimated data for 't =0.15 second

0.00
0.06
0.17
0.22
0.33
0.39
0.50
0.55
0.66
0.72
0.83
0.94
1.04
1.12
1.32
1.42
1.54
1.66

0.475
0.468
0.472
0.484
0.723
1.054
1.286
1.398
1.465
1.451
1.475
1.494
1.501
1.504

,1.497
1.489
1.485
1.499

0.470
0.470
0.470
0.470
0.795
1.054
1.310
1.373
1.450
1.472
1.493
1.503
1.507
1.508
1.510
1.510
1.510
1.510
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Table A.4. The fall response data for the QB NIRmoisture analyzer
when measuring thestatic sample's moisture.

Time 24.7% to 2.6% Time 13.8% to 2.6% Time 7.9% to 2.6%

�sl �V) �sl �Yl (sl �Vl
0.00 4.620 0.00 2.911 0.00 1.795

0.11 4.620 0.09 2.810 0.11 1.799

0.20 4.595 0.21 2.921 0.22 1.785

0.29 4.615 0.29 2.882 0.31 1.798

0.40 4.619 0.41 2.825 0.40 1.786

0.50 4.621 0.50 2.861 0.50 .1.792

0.54 3.296 0.61 1.696 0.52 1.741

0.59 2.029 0.67 1.029 0.58 1.239

0.70 1.110 0.72 0.720 0.69 0.730

0.76 0.731 0.83 0.602 0.74 0.647

0.87 0.575 0.88 0.536 0.80 0.560

0.92 0.503 0.94 0.499 0.91 0.511.

0.98 0.464 1.05 0.482 0.96 0.496

1.09 0.442 1.10 0.486 1.02 0.490

1.14 0.436 1.16 0.482 1.13 0.482

1.20 0.432 1.27 0.485 1.18 0.479

1.31 0.430 1.32 0.488 1.24 0.475

1.39 0.438 1.43 0.496 1.35 0.471

1.48 0.432 1.52 0.486 1.44 0.471

1.58 0.432 1.61 0.488 1.53 0.471
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Table A.5. The fall response data for theQB NIR moisture analyzer
whenmeasuring the dynamic sample's moisture.

Sample moving speed for 1.0 mlsec

Time (s) Data(V) Estimated data for 1: =0.12 second

0.00
0.05
0.16
0.22
0.28
0.33
0.38
0.49
0.55
·0.66
0.71

0.81
0.92
1.03
1.14
1.25
1.36
1.45
1.56
1.67

1.478
1.522
1.528

1.512
1.512
1.358
1.096
0.805
0.602
0.584
0.488
0.475
0.462
0.458
0.473
0.464
0.472
0.478
0.468
0.466

1.510
1.510
1.510
1.510
1.510
1.365
1.070
0.719
0.624
0.534
0.513
0.489
0.478
0.473
0.471
0.471
0.470
0.470
0.470
0.470
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· Table A.6. The data for the QB NIR moisture analyzer to measure the sample's
rising moisture change (from 0.2 % m.c. to 12.4% m.c.) with the
maximum time constant of t = 23 s.

Time Output Time Output Time Output
�sl �V} �sl �V} �sl (V)
0.82 0.239 36.41 1.959 79.59 2..565

1.87 0.236 37.68 1.989 80.96 2.574

2.91 0.233 38.83 2.025 . 82.28 2.577

3.95 0.233 39.98 2.039 83.65 2.582

5.00 0.331 41.30 2.081 85.02
.

2.584

6.10 0.438 42.73 2.104 86.23 2.585

7.19· 0.535 44.27 2.139 87.61 2.589

8.29 0.614 45.86 2.178 88.98 2.593

9.39 0.709 47.29 2.222 90.35 2.594

10.49 0.792 48.72 2.245 91.72 2.595

11.64 0.873 50.20 2.263 93.26 2.596

·12.80 0.951 51.79 2.292 94.64 2.598

13.90 1.021 53.22 2.325 96.12 2.601

15.05 1.091 54.54 2.335 97.66 2.603
16.15 1.168 - 55.86 2.349 99.03 2.604

17.19 1.202 57.23 2.374 100.51 2.605

18.34 1.267 ·58.55 2.396 101.� 2.608

19.55 1.323 60.75 2.413 103.20 2.609

20.76 1.387 62.06 2.415 104.58 2.609

21.86 1.437 63.38 2.422 105.79 2.609
23.07 1.497 64.76 2.428 106.99 2.609

24.28 1.542 66.07 2.446 108.2 2�609
25.37 1.591 67.45 2.451 109.41 2.609.
26.47 1.638 68.77 2.467 110.78 2.609
27.74

.

1.689 70.14 2.488 111.99 2.609

28.94 1.737 71.46 2.499 113.37 2.608

30.10 1.769 72.83 2.508 114.85 2.608
31.36 1.809 74.20 2.515 116.17 2.608

32.62 1.840 75.52 2.525 117.54 2;608

33.83 1.876 76.89 2.538 118.91 2.608

35.15 1.924 78.27 2.552 121.27 2.608
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Table A.7. The data for the QB NIR moisture analyzer to measure the sample's
falling moisture change (from 12.5% m.c. to 0.3 % m.c.) with the
maximum time constant of t = 23 s .

Time . Output Time Output Time Output
�sl m �Sl m �sl �Vl
o.n 2.667 34.49

.

1.121 65.96 0.463

2.14 2.660 35.81 1.073 67.06 0.464

3.51 2.665 37.07 1.029 68.21 0.459

4.88 2.688 38.33 0.988 69.42 0.452
6.09 2.689 ·39.60· 0.947 70.52 0.455

7.47 2.688 40.86 0.909 71.56 0.424

8.84 2.541 42.01 0.876 72.66 0.410
10.32 2.401 43.11 0.847 73.82 0.402

11.53 2.315 44.32 0.815 74.91 0.405

12.85 ·2.226 45.47 0.787 76.01· 0.396

14.00 2.115 46.57 0.760 n.17 0.405

15.16 2.056 47.73 0.735 78.27 0.410

16.36 1.996 48.83 0.709 79.42 0.400
17.52 1.926 49.92 0.686 SO.52 0.393
18.78 1.859 51.02 0.663 81.56 0.400

19.93 1.789 52.01 0.643 82.66 0.400
21.14 1.731 53.11 0.624 83.65 0.401
22.52 1.680 54.21 0.604 . 84.58 0.401

23.78 1.610 55.20 0.586 85.57 0.401
24.99 1.544 56.30 0.568 86.5 0.401

26.20 1.482 57.39 0.549 87.6 0.401
27.40 1.422 58.49 0.532 88.92 0.399
28.61 1.365 60.58 0.500 89.96 0.397
29.82 1.312 61.68 0.463 91.06 0.397

30.97 1.261 62.78 0.461 92.11· 0.398

32.18 1.211 63.82 0.461 92.88 0.393.
33.34 1.165 64.92 0.450 93.12 0.394
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Table A.S. Moisture, predicted value, confidence interval, and prediction interval
for the cold samples (ground alfalfa).

Reading Moisture
oftheQB from the Predicated Confidence Interval Prediction Interval
NIR.M.A. oven moisture

method
4.7 6.79 5.21 4.76 5.65 3.83 6.58
4.9 6.6 5.39 4.96· 5.82 4.02 6.76
5.6 6.63 6.04 5.63 6.44 4.67 7.40

6.3 6.57 6.68 6.30 7.07 5.33 8.04

6.6 6.78 6.96 6.59 7.33 5.61 8.31
7.3 7.58 7.61 7.26 7.96 6.26 8.95
8.2 7.69 8.44 8.12 8.76 7.10 9.78
8.4 8.15 8.62 8.31 8.94 7.29 9.96
8.5 8.00 8.72 8.41 9.03 7.38 10.05
9.7 9.54 9.87 9.59 10.15 8.54 11.20
9.8 9.50 9.92 9.64 10.20 8.59 11.25
10.1 9.90 10.20 9.92 10.47 8.87 11.52
10.4 9.30 10.47 10.21 10.74 9.15 11.80
11.1 11.20 11..12 10.86 11.37 9.80 12.44
11.9

. 12.18 11.86 11.61 12.11 10.54 13.18
12.4 11.80 12.32 12.07 12.57 11.00 13.64
14.5 14.64 14.26 14.00 14.52 12.94 15.59
15.3 14.31 15.00 14.72 15.28 13.67 16.33
16.0 14.96 .15.65 15.36 15.94 14.32 16.98
16.6 16.98 16.20 15.89 16.51 14.87 17.54
17.2 16.91 16.76 16.43 17.08 15.42 18.10
17.5 17.42 17.03 16.70 17.37 15.69 . 18.38
.17.8 17.46 17.31 16.97 17.66 15.97 18.66
18.2 17.22 17.68 17.32 18.04 16.33 19.03
20.4 19.98 19.71. 19.28 20.15 18.34 21.08
20.5 20.01 19.81 19.36 20.25 18.43 21.18
21.4 20.78 20.64 20.16 21.11 19.25 22.02

21.5 21.32 20.73 20.25 21.21
.

19.34 22.11
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. Table A.9. Moisture, predicted value, confidence interval, and prediction interval
for hot samples (ground alfalfa).

Reading Moisture
oftheQB from the Predicated Confidence interval Prediction interval
NIR.M.A. oven moisture

method
4.6 6.40 4.93 4.45 5.42 3.50 6.37

5.5 6.20 5.n 5.33 6.22 4.35 7.19

6.4 6.30 6.61 6.20 7.02 5.20 8.02

7.0 6.80 7.16 6.78 7.55 ·5.76 8.57

7.5 7.90 7.63 7.26 8.00 6.23 . 9.03

8.4 8.40 8.47 8.13 8.81 7.08 9.86

8.9 8.61 ·8.93 8.61 9.26 7.54 10.32

9.1 9.70 9.12 8.80 9.44 7.73 10.50

9.3 9.20 9.30 8.99 9.62 7.92 10.69

10.1 9.41 10.05 9.75 10.34 8.67 11.43

10.3 10.40 10.23 9.95 10.52 ·8.85 11.61

10.6 10.15 10.51 10.23 10.79 9.13 11.89

10.8 10.66 10.70 10.42 10.97 9.32 12.07
11.2 10.66

. 11.07 10.80 11.34 9.69 12.44

12.1 11.63 11.91 11.65 12.16 10.53 13.28

14.3 14.04 13.95 13.70 14.21 12.58 15.32

14.4 14.22 14.04 13.79 14.30 12.67 15.42

14.6 13.43 14.23 13.97 14.49 12.86 15.60
15.3 14.12 14.88 14.61 15.15 13.51 16.25

16.4 16.59 15.90 15.61 16.19 14.52 17.28

17.0 16.31 16.46 16.15 16.n 15.08 17.84
17.2 17.52 16.65 16.33 16.96 15.26 18.03
17.4 15.73 16.83 16.51 17.15 15.45 18.22
19.0 17.88 18.32 17.95 18.69 16.92 19.72

.19.4 18.24 18.69 18.31 19.08 17.29 ·20.09

·.21.5 21.50 20.64 20.18 21.11 19.22 22.07
21.6 19.80 20.74 20.27 21.20 19.31 22.16

22.2 21.96 21.29 20.80 21.79 19.86 22.73

22.6 22.92 21.67 21.16 22.17 20.23 23.11
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