Abstract
DODD, THOMAS HERMAN. Monitoring of Fishery ProduGuality Using Electronic Nose
and Visible/Near-Infrared Spectroscopy. (Underdhection of Dr. S. Andrew Hale).

In order to evaluate new technologies that coulgrowe quality determination of
fishery products, this research investigated thieation of electronic noses (e-nose) and
Visible/Near Infrared (VIS/NIR) spectroscopy as gibke sensing technologies. The quality
of fishery products has always been hard to deéind,is typically based on the general
perception of the consumer evaluating the prod&efpiration dates serve as a guide, but the
sensory appeal of a fishery product is generatlydiciding factor as to whether a product is
deemed acceptable or not by the end consumer.

Various chemical and sensory methods to deternshereshness are available to the
food industry, but most are expensive, time consgror destructive. A rapid, non-
destructive method to ascertain fish quality wdagdof great benefit to both the industry that
is eager to provide its consumers with a freste pabduct and the consumer who is
increasingly looking for a better guarantee of fopility.

The multivariate analysis (MVA) techniques usedibth e-nose and VIS/NIR
technologies are similar, but widespread use dfdltechniques has only become possible
with the increased computing power of the pastyewars.

E-nose technology is a slightly newer technolog@ntiIS/NIR. Due to its more
recent introduction, a rapid decay study was pesformed to evaluate the feasibility of this
method to sense decay time in a readily availabhefy product of tilapia. Linear
discriminate analysis (LDA) was used as a featyteaetion method. This allows for the

class of a given sample to be taken into accoueihvikatures are extracted to yield a much



better model. Separating the samples into 6 hlasses, a classification rate of 97.8% was
achieved.

Once the e-nose had shown promise in quantifystgdiecay, a more continuous
model was chosen to more accurately model thermomtis decay of fish products. It was
also decided to perform the testing at actual g@nditions and choose a product that has
a higher commercial value than tilapia, so thatiltesvould be more useful to the market.
As such, blue crab meat was chosen for the study.

In order to compare the two technologies to a stehduality measurement, blue
crab claw meat was sampled over its commerciahgtoperiod of 14 days on ice. Total
Volatile Base Nitrogen (TVB-N) was used a baseforemeasured meat quality and models
were generated using data collect from both e-ao08eVIS/NIR technologies. E-nose was
found to be able to predict the TVB-N level in theat with an accuracy of less than 5.0 mg
TVB-N /100 g. Using visible spectroscopy TVB-Néds were predicted to an accuracy of
4.8 mg TVB-N /100 g. These values were founddan the same range as that of the ion-
specific electrode TVB-N measurements suggestiagttiese two technologies have the
potential to be more accurate with better measunéwfehe calibration variable.

Since most research has shown a steady decrepsmdurct quality with time, storage
time was used a calibration variable. While tlossinot tie to a specific chemical indicator,
time has the advantage of taking into account nafifigrent changes that might be missed
by any specific indicator. This study investigabedh blue crab lump meat and claw meat.
E-nose and VIS/NIR readings were taken throughwaistorage time of 14 days. These
measurements were then used to create a modelthdtpredict total storage time of a meat

sample under specific storage conditions. Witlogertechnology a standard error of



prediction (SEP) was achieved of 2.48 days for aleeat and 2.77 days for lump meat.
VIS/NIR spectroscopy yielded significantly bettesults with 1.31 and 1.11 days for claw
and lump meat respectively.

This research shows that both e-nose and VIS/Néetepscopy can be used to
generate an estimate of fish quality. By beingdblmodel both time and specific
indicators, these two technologies show the robasire that is normally seen in sensory
panels. While maintaining these advantages, leattmiblogies yield a repeatable and

nondestructive testing method that has not beeifablain the past.
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1. INTRODUCTION

In our consumer-driven society, food productsanatinually being evaluated
for both quality and safety. Consumers want tloglfproducts they buy to be fresh and safe.
But as customers become farther removed from tbed sources, they can no longer readily
obtain information about food product handling.eTlsponsibility for food quality then is
placed primarily on the provider of that food. Tied industry in the United States posts
revenues exceeding $290 billion dollars (Industgfiles, 2006), with fresh and frozen
seafood processing accounting for over $7.5 bilibthose dollars (US Census Bureau,
2004). Thus food providers are highly motivate@mnsure that their products are of
sufficient quality to meet consumer expectations.

Innovation and the development of new technologasbe applied to increase the
quality of food products. However, quality in fopbducts is very difficult to define.
Customers are increasingly requiring higher qualitgstances and demanding that stores
and restaurants provide these products on a censisasis. If a store can guarantee that
certain quality standards are consistently mety their customers are more likely to
continue to buy products from that store and recenudrthose products to others.

Consumer demand drives the need for better detatimmof food quality. A
majority of consumers in virtually all surveys veisignificant concerns over pesticides in
food. In “The Packer’'s” 2003 Fresh Trends surveéd/pércent of shoppers buying organic
food stated a preference for “fewer chemicals odfcand 51 percent said organic food is
“Better for me/my family” (Benbrook, 2003). Meanild) food safety and security issues

appear to be growing in scale and scope. The &ofvaad cow disease to this country is



heightening concerns, coupled with growing consuaweareness of global climate changes
and the onslaught of dubious fertilizers, pestisjdad genetic engineering into the food
chain (McFadden, 2003).

This is especially true for fishery products whehert shelf life and strong odors are
common. A recent study performed Ggnsumer Report®und more than one quarter of
the fish samples that were tested were on the lofiskoilage, if not yet spoiled
(Anonymous, 2001).

Demand for quality is leading many consumers t@oigfood and grocery stores,
where food is expected to be fresher and safee U$ organic and natural foods business is
growing at more than 20% a year, up to $13.5 illim2004 (Murphy, 2004). Whole Foods,
the largest organic and natural foods grocer intbdd, has the fastest overall and
comparable-store sales growth in the grocery magketving at almost double the rate of
Wal-Mart (Fishman, 2004). And even Wal-Matrt, thgdest seller of fish in the US,
announced in February 2006 that it would beginuxeipase all of its “wild-caught seafood
from fisheries that have been certified as sustdénby an independent nonprofit called the
Marine Stewardship Council’(Gunther, 2006). Of is®) consumers expect to pay more for
“good” fish, and sales show that they are more thiglimg to do so. In Britain, organic fish
farms have just been recognized for the first tomehe Soil Association, which certifies
organic food processors. Sales of organic food 8246 in Britain last year, fueled primarily
by consumer concern with food safety and healtbdd@malitynews.com, 2006).

With Hazard Analysis and Critical Control Point (B&P) based regulations that
require companies to monitor their processing dpera (both in the US and the EU), the

likelihood of consumers purchasing seafood of qaeable quality should, in theory,



decrease. But with imports increasing, economjcaible methods for rapidly determining
safety and quality need to be developed to prat@assumers and providers, and ensure that
proper processing standards are followed. For Msistry products, critical control points
are hard to define and monitor. The different fiyaheasurements are usually defined by
examining microbial count, sensory panel scored,cii@mical indicators. Although these
methods all show some overlap, there are diffeiebetwveen the quality levels that each one
indicates. The standard that has been most widelgpded has been sensory panel scores.
The disadvantage of sensory panels is that theyrextja highly trained panel that can be
expensive to train and maintain. As labor ratesgase and instrumentation cost decrease
other options could become a much better econoatisiodn.

Each one of these types of quality measuremensesendifferent aspect of quality,
and while all will eventually show that a fishemogduct is going bad, there may not reach
that conclusion at the same time. Examining miiaduality can show contamination in
meat; however it is possible for meat to be “sghil®r unfit for consumption, with no sign
of microbial activity. Sensory panel scores, winifeen repeatable when using a trained
panel, are time-consuming and expensive, making ttest prohibitive for most food
manufacturers. Sensory panels are also imprat¢tiasgde on a large scale, such as at a
processing plant where many lots of food need tebted. Chemical analysis, which
measures the chemical breakdowns in a food prothast,not correlate with sensory scores.
While chemical indicators provide a good overalasiwement of food quality, the chemical
makeup of each meat is different, so it is diffidol establish a standard chemical indicator.

An instrument that can rapidly and economicallyeasghe quality of food products

would provide store and restaurant owners and coassialike a way to ensure that products



are of exceptional quality. Recent developmentaitftivariate analysis techniques along
with advances in data acquisition and sensing dlfpedhave led to the creation of new
technologies that can better monitor complex sbuatsuch as the freshness of fishery
products. Research presented in this dissertatied Electronic Noses (e-noses),
multivariate analysis (MVA), and Visible/Near-Infead (VIS/NIR) spectroscopy to examine
the freshness of fishery products. The goal &f tesearch was to develop an instrument that
would assess the quality of fishery products safgplyckly and economically, with the
eventual goal of producing a safer and higher guédod supply for consumers.

E-noses use multiple gas sensors to create a fingeof a gas sample, while
multivariate analysis can then be used to analgydesart these fingerprints. The e-nose uses
non-specific sensors with overlapping sensitivitlasoking at a combined output from all
the sensors can show in much greater detail whasensor is not able to detect. The
sensors can be made from a range of different mbavith varying sensitivities. They
measure changes in a gas sample and relate thdse&bkasignal response that can be either
transient or steady state. This data is then aedlysing MVA to create a model that
predicts the variables of interest.

NIR works similarly by looking at the spectra ajit given off by a material in both
the visible and NIR regions of the electromagnspiectrum. The visible part of NIR mimics
human senses. Since quality is defined so mualobgumer opinion, using technologies
that mimic human senses should provide an accasstssment of product quality. NIR
improves upon these senses by adding to them arehsing their accuracy. Thus adding an
invisible region of the spectrum to the visiblehligpectrum that is perceived by the

consumer should yield an even better instrumensareanent. NIR works by viewing the



physical characteristic manifestations of changabe meat that cause changes in the
reflective spectrum. The spectrum is then treated similar MVA technique as used in e-
nose sensors. Using these three types of analysipossible to develop an instrument that

can quickly assess food quality.

2. REVIEW OF LITERATURE

2.1 QUALITY MEASUREMENT

The safety and quality of fishery products hasbafeparticular concern in recent
years. With the increasing globalization of fishprgduct sales, processors, consumers, and
regulatory officials have been seeking improvedhods for determining freshness and
quality (Dalgaard, 2000). A study performed by Qansrs Union found that more than one
guarter of the fish samples tested were on th&lmfirspoilage (Consumer Reports, 2001).
Seafood quality has always been very hard to giyanitihe two main parts of overall quality
are safety and freshness. A food is consideredfemghen a person eats a product and has
an unpleasant physical side effect. A safe fomdikhcause no unwanted physical side
effects. Freshness is an individual opinion; lasv the consumer feels about the product
based upon their senses. While there are bassoseguidelines to follow when choosing
fishery products, it usually comes down to howabasumer feels about the product’s
general appearance and/or odor. Consumers norexalyine color, flavor, odor and
texture when evaluating fishery products (Alaskésshorg, 2006). This research will help

fishery providers ensure their product will be bséfe and fresh for the consumer.



2.1.1. Safety

Most safety concerns in food products are from ati@l and chemical
contamination. Both of these hazards have to kesaored and controlled in order to increase
the safety of the food supply. Hazard Analysis @nitical Control Point (HACCP)
processing limits these concerns. Processors UBNCCP must identify possible hazards
and make detailed plans on how to detect and d#altlnese hazards. A primary goal of
HAACP involves keeping a record of control pointslanaking sure that these points are
kept within the desired range. New monitoring tegbes such as e-nose and VIS/NIR
spectroscopy provide two way of contributing to AGCP plan to further improve its
effectiveness. First is the ability to monitor trehvariables, such as odor, that were unable
to be monitored before. Second is the abilitydbdate that the provided records are correct.
These two monitoring improvements make for a mawegyful HACCP plan that can
provide an overall increase in product quality aatety.

Since 1995, the EU had implemented the HACCP plesiby stating that a hazard
analysis must be performed, but there were no tagarding writing down the steps used in
each hazard analysis. The US, which had used HAGHGEBd guidelines since the 1970s to
regulate canned foods, followed suit in 1995 by a@stablishing HACCP guidelines
regarding the processing of fishery products. datioue doing business after December
1997, U.S. seafood processors and importers haav® a written HACCP plan on file and
an employee certified through FDA approved HACGIhing (www.fda.gov, 2006). As of
January 2006, the EU issued a new directive st#tiag‘Food safety is a result of several
factors: legislation should lay down minimum hyg@eaequirements; official controls should

be in place to check food business operators’ camgé and food business operators should



establish and operate food safety programmes awdgures based on the HACCP
principles” ((EC) No 852/2004). In addition, thew EU guidelines emphasize that it is the
“primary responsibility of food business operatmrproduce food safely” (Food Standards
Agency, www.food.gov.uk). From 1988 to the prestay, HACCP principles have been
promoted and incorporated into food safety legistain many countries around the world.
The purpose of these regulations is to ensuremaftessing and importing of food products,
including fish and fishery products. This programse because of growing public concern
about seafood-borne illnesses and seafood safetglaas from industry requests for a
practical, cost-effective solution.

Microbial contamination is of major concern in alsh all food products but is
especially important in low shelf-life foods suchraeat. About one-third of the world's
food production is lost due to microbial spoilagmaally (Lundet.al.,2000). Measuring
microbial contamination is both expensive and tocorsuming. However, measuring
microbial contamination is still very widely useddais a parameter that is often used in

HACCP plans.

2.1.2. Freshness

Freshness is more of a nebulous concept. Ultigndte quality of a product is going
to be determined by the consumer buying it. Theeeeéiny quality measurement should
correlate to sensory changes in the product. Twbeomain senses that customers use are
sight and smell. Most quality measurements peréalrm industry use trained personnel to
get a sensory score for a product. These persanaéiained as to what to look for and

smell for as product quality deteriorates. The RIB&s this process in determining the



acceptability of crab meat. Inspectors use theises and existing records to make decisions

about the acceptability of products.

2.1.2.1. Chemical indicators

In the past, chemical indices have been usedabriess indicators in different
products. Several have worked well for specificducts. K-value is one indicator that has
been studied in the past. In this measure thektozen of adnosine triphosphate (ATP) is
measured as a percentage. The specific pathviagti& TP breaks down into adnosine
diphosphate (ADP), adonosine monophosphate (AMiBEine monophosphate (IMP),
inosine (Ino), and hypoxanthine (Hx). The K-vaisiealculated using the following

equation:

Equation 2-1
Inosine+ hypoxanthine
Inosine+ hypoxanthne+ IMP

100

In Japan a K-value of 20% is used as the maximweable limit for consumer fish served
raw. For most fish, the K-value increases lineéwhthe first few days of storage. Although
this would seem to make it a good quality indicateo problems are associated with this
procedure. The first is that the maximum K-valoed certain fish can be reached well
before sensory rejection. The second is that tbegalure requires trained personnel and
expensive equipment to perform.

Total volatile base nitrogen (TVB-N), which mairdgnsists of Trimethlyamine

(TMA), ammonia, and dimethylamine (DMA), are usadchemical indices of quality. The



European Commission (Council Regulation No. 95/E&9} of March 1995) specified if
there is any doubt about a fishery product’s fresisrthen TVB-N is to be measured.
Critical limits of 25, 30 and 35 mg-TVB-N/100g wesstablished for different groups of fish
species.A major problem with this methodology isaistence of a large discrepancy
between sensory scores and TVB-N. Ranges fronbl@¢TVB-N/100g have been found
at sensory rejection of fishery products (Irish idglture and Food Development Authority,
2006). Therefore while this method is acceptablédgtermine a general trend in the
freshness of fish, it can not be used as a goolityitest. TMA is a compound that is
formed by microbial growth and is therefore an @adiion of spoilage not freshness.

Biogenic amines have also been used as a fresimakess(BAI). One is defined as:

Equation 2-2
BAI = histaminet cadavering tryrosire+ putrescine

This was found to have promise in grading tuna,re/laelimit of 50 mg/kg was found to
coincide with end of shelf life. New biosensorstttese compounds are being developed

(University of California at Davis, 2006).

2.1.2.2. Sensory evaluation

Consumers use their senses in order to determengulity of food. While taste is
the ultimate evaluation of a food product, sighd amell are often used to determine how a
product will taste. These senses can also be tapan determining raw meat quality.
Sensory panels are usually used to take out sortiee glubjectivity of these measurements.

These panels of trained individuals produce coastsesults but can be time consuming and



very expensive compared to other testing methédshery products produce a very pungent
odor as they decay. Dalgaard (2000) shows thaearl relationship generally exists
between storage time and sensory panel score foy different fish species. Chet.al.
(1996) found that sensory scores for crab meatva@tl close to a linear relationship with
storage time. Several other indicators were shimArave a non-linear relationship. Since
the overall consumer score is what the consumguiigy to use to evaluate the quality, the

linear model seems to be the proper model to ugeafity measurements.

2.2 ELECTRONIC NOSE

2.2.1. Biology of Smell

The sense of smell is very important to the wayscmoners perceive and rate food
products. The sense of smell is achieved wherl smodecules (20-300 Daltons) are pulled
into tiny structures called turbinates (Farbmar@2)9 Volatile organic compounds (VOCs)
are then conveyed to the surrounding epitheliu@Cg are conveyed through these cells to
sensory cells which convert this data into nervpulses. There are roughly one thousand
different types of receptor cells in the human cibay system. It is the way that these

sensors cells respond that makes up the senseetif sm
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2.2.2. Mimicking of the human nose

Since the human nose is used as a quality indigagn many areas (perfumes,
wines, coffee, and just about every food produat th consumed by humans) there has been
a large push to try to mimic it. The difficulty tfis rises from the variability and lack of
guantitativeness of the human sense of smell.

One way this variability has been handled is ustagjstics. As with most systems,
the more data points that are available, the bfteeoverall accuracy. Trained sensory
panels are used to provide a more statisticallgwvakasurement than one person trying to
guantify an odor. Although this method has shotseli to be very robust at handling a
variety of problems, such as predicting how a caresuwill respond to products and testing
threshold levels, it has a multitude of drawbackke first would be the cost involved
performing a sensory panel. Panelists requireitrgiand payment for their services. This
would especially be expensive for a company thaitsveo monitor aroma in a process line at
a significant rate.

Many instruments have been used in an attempottehthe human sense of smell.
Gas Chromatography (GC) and Mass Spectrometry @Syidely used in the scientific
community. These instruments operate by meastimgresence and concentration of
specific chemicals in a sample. Although the obsidetriment of these techniques is their
cost (both in equipment and manpower) there isteratason that these technologies have
proven inadequate to model the human sense of.silely do not correlate well with
sensory panel scores. A possible explanationuisddoy examining the chemical
composition of meat (or almost any other food paaduThe meat by itself has one flavor,

but if a small amount of table salt is added, thedr is changed considerably. Although the
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chemical composition has not been considerablygddrthe flavor was radically altered.
This makes is very hard to find specific chemid¢alsneasure which are associated with
aroma. Individuals tend to associate a specifinlmoation of flavors with an aroma, so
flavor combinations would be as varied as the imldials themselves, leaving no easy way to

set a benchmark for sensory panels.

2.2.3. Electronic nose

Development of electronic nose (e-nose) technola@g/made it possible to measure
food odors rapidly and automatically. E-nose tedbgies are currently being developed in
an effort to provide a rapid, inexpensive, and ngurantitative means of monitoring odor.
They have allowed scientists to distinguish amaoffees, wines, and many other products
where aroma is a quality factor strongly associatiekd smell (Schaller et al., 1998).

The e-nose mimics the human nose in that the humos@ does not use one odorant
receptor for each chemical. Instead, responses d¢mmbinations of receptors make up what
is perceived as odor. The cross sensitivity of pems allows a greater range of compounds
to be detected. If each sensor in the e-nose ealsted to one specific compound, then many
sensors would be needed to detect the hundredsliofdual compounds associated with
odor. Because of its ability to detect a very lar@ege of compounds, the e-nose can
theoretically detect any odor for which it has b&aamed.

An overview of applications for e-nose technologias be found in Deisingh, et. al.
(2004). For fish products the standard measurefoequality is QIM measurements

determined by sensory panels. Olafsdottir et @42 describes a method to model attributes
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such as appearance smell and texture in ordemiergie an artificial quality index (AQI).
Olafsson et al. (1992) performed an acceleratedydsitdy that evaluated fish freshness by
allowing haddock to decay at room temperature. Bjgacke gases above the decaying fish
were sampled with an e-nose containing tin metaleogensors calibrated to respond to
compounds associated with fish spoilage. The metvasdfound to have promise for future
development by providing quick results based upenével of fish decay. However, caution
was urged in the interpretation of these resultabse of the susceptibility of their
accelerated decay study to anaerobic conditionscldssification of the decay in terms of
oxygen requirements was reported.

Roussel et al. (1998) used tin metal oxide sertsoegamine different techniques for
feature extraction. Wines with satisfactory andatiséactory vinegar content were sampled,
and classification was attempted. Twenty-nine feaéxtraction methods were tested.
Methods that showed promise for compound discrittonavere the steady-state value,
maximum absorption slope, and minimum de-sorptiopes These methods were post-
processing techniques, and data reduction wasxantieed.

Delpha et al. (1999) and Sarry and Lumbreras (1898Y principal component
analysis (PCA) as a first discrimination technifoieseparating multivariate data into
classes. PCA uses multivariate statistics to redueege multidimensional array down to its
most important principal components.

Llobet et al. (1999) used artificial neural netw®fANN), which do not have a set
way of looking for possible links, as a classifioatmethod. ANNs are very efficient at
finding linkages in data that might not be obserbgdther methods. A neural network

examines the entered data and the desired outdwttsempts to get its actual output to
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match the desired one. This makes ANNs very powsrfuse but complex to develop, since
the network must first be trained.

Although some work has been performed with fishaglg&Krzymien and Elias, 1990;
Ohashi et al., 1991) and particularly with metaldexsensors for fish decay (Egashira, et al.,
1990; Olafsson et al., 1992), these technologigs hat been used to classify fish decay.

Natale et al. (1996) used four quartz microbalsseresors and PCA analysis to
examine freshness loss in cod fillets. The sens@asured the mass change as the odorant in
the air was absorbed onto the surface of the sefikerresulting data were found to have
some differences but could not be separated &tradl points. Implementation of neural
networks resulted in a continuous curve that cpoaded to decay time. Schweizer-
Berberich et al. (1994) also analyzed the fresho&fish using eight different amperometric
three-electrode gas sensors. They found a gemenal tor decay time by using PCA on the

output data.

2.3 VISIBLE /NEAR INFRARED SPECTROSCOPY

2.3.1. Electromagnetic radiation and spectroscopy

The electromagnetic spectrum consists of a laagge of radiation that travels at the
speed of light. The range of wavelengths is shmwfigure 2-1. While the entire spectrum
travels at the speed of light, the energy possdsgedch radiation region is substantial. In

general, higher frequencies contain greater enexg/s.
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Figure 2-1: Electromagnetic Spectrum

When an electromagnetic wave comes in contact nvétter it is either transmitted,
absorbed, or reflected. Absorbed radiation cao bé emitted by the material. The field of
spectroscopy uses the information found in thetspercthat is emitted to predict certain

gualities of the measured material.
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The wavelength that is emitted or absorbed byrhterial is the result of changes in

the energy state of electrons. The energy chaag®e described by the following equation:

Equation 2-3
DE=E2 El=hn

Where h is Plank's Constant an the frequency in Hz. So when a beam of raulias
focused on the material some of the energy is gmirige absorbed by the material and some
electrons will be excited into a different energydl. Spectroscopy is the study of how
different compounds emit different spectra. TBipdssible because varied chemical

combinations will absorb and reflect different wergyths in numerous ways.

2.3.2. Visible Spectroscopy

The visible (VIS) spectra consist of wavelengthshie 380-700nm region. These
wavelengths consist of what we are able to percasually. Chromophores are known to
be distinctive groupings that absorb ultravioled arsible radiation, usually conjugated
double bonds, double bonds conjugated with carbgrogips or aromatic rings. Quantitative
spectroscopy is able to quantify or at least idgnitiese chromophores.

The visible spectrum is a function of the entirecture of the compound rather than
specific bonds. Other information should be usedanjunction with visible spectra in
determining the specific properties of interestth8ugh little chemical data can be gathered

from the visible spectra, it is widely used as aliy association with visual evaluation.
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2.3.3. NIR Spectroscopy

The region of the electromagnetic spectrum fro®-ZB800 nm is known as the near-
infrared (NIR) region. This radiation results fratipole vibration. This arises from covalent
bonds stretching and vibrating when absorbing inogrelectromagnetic radiation. Several
excited states exist for each bond, and each oteused by a specific frequency of
radiation. The first excited state is known asftirelamental absorbance. It occurs in the
mid-infrared region. An overtone occurs when a imsimaller number of molecules are
excited to the second energy level at a waveletigthis about half that of the fundamental
absorbance wavelength. A second overtone occunseathird the frequency and so on.
Although in theory this leads to very specific barfidr certain chemicals, in reality these
bands end up being more spread out because reatuhed do not adhere to the laws of
simple harmonic motion. This is especially truelgdrogen bond vibrations. Hydrogen is
a low molecular mass atom whose stretching fund#habsorbance occurs at 3600 — 2400
cm™. Hydrogen is a major component of most biologiaterial, making its characteristics
even more important. Covalent hydrogen bonds, O, and N-H, are likely responsible
for the majority of the observed NIR spectra. Eabll lists some important bonds that

contain O-H, N-H and C-H bonds in foods and thespective wavelengths (Davies and

Grant, 1987).
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Table 2-1: Important absorption bands and their tertative assignment for food components

Wavelength (nm) Component Bond
1200 Lipid C-H
1440 Water and Carbohydrate O-H
1730 Lipid C-H
1780 Lipid C-H
1940 Water O-H
1980 Protein N-H
2080 Carbohydrate O-H
2180 Protein N-H,C=0
2320 Lipid C-H
2350 Lipid C-H

2.3.4. Applied VIS/NIR Spectroscopy

Much research has been done that has linked specdperties of meat products to
VIS/NIR spectra. VIS/NIR data for cooked chickeattes were analyzed by Chen and
Marks (1998). It was discovered that cooking lasd Kramer shear properties (yield force,
yield deformation and yield energy) could be présticusing the VIS/NIR spectra of a
sample. A standard normal variant (SNV) technigyas used and then modified, and
partial least squares regression was performetefirst derivative of the pretreated spectra.
The data were then reduced into principal compa@ts) and calibration equations were
established in terms of the PCs. Cooking lossyaeld force were the most accurate
predictions made with a standard error of predicttd7.9% and 8.2%, respectively. The
results showed that VIS/NIR spectroscopy could sedlifor rapid monitoring of physical

characteristics in thermal processing of chickettigs
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Ding and Xu (1999) examined VIS/NIR spectroscopdigiinguish between beef and
kangaroo meat. The study was conducted with naapkes that had been frozen and then
thawed to room temperature. Both minced and cattsnsere analyzed. For minced meat,
scatter correction and derivative pre-treatmenewessed. For cut meat the original spectra
were found to yield the best results. PCA was tefiormed on the data, and the first 13
principal components were used in Canonical Disicramt Analysis (CDA) for
classification. Multiple Linear Regression (MLRagvalso performed on the entire spectra,
with beef samples assigned a target value of lkandaroo samples assigned a value of 2.
The worst classification rate obtained was 92.7%h WIDA and 83.3% with MLR.

Ding and Xu (2000) detected adulteration of hamburgeat using NIR
spectroscopy. Hamburger meat was artificially tatated with 5-25% of mutton, pork,
skim milk powder, and wheat flour. Adulterationétwas also predicted by NIR
spectroscopy once adulteration was detected. Wédmsaccomplished by first compressing
the data with PCA. The first 20 principal compoisemvhich comprised 100% of the
variation, were used for subsequent data analy3i3A and K-nearest neighbor (KNN) were
used to discriminate between samples that hade®t bdulterated and those that had been
adulterated regardless of adulteration substantavel. The adulteration level was
predicted by modified partial least squares (mPLAl).of these methods were performed on
raw, cooked and minced hamburger. The classifinadccuracy for CDA was 76.6, 68.8,
and 90.0. For KNN it was 83.5, 81.6, and 92.7e €lassification accuracy increased with
an increase in adulteration level. Predictiondiflteration level was then attempted® R
values of between 0.86 and 1.00 were obtained floced sample regardless of the

adulteration substances and levels.

19



NIR measurements have also been performed on figieducts. Downey (1996)
used the NIR spectra (700-1100 nm range) obtairoed farm raised salmon to determine
the oil and moisture content of the fish. Usinfthar optic probe on the surface of the fish, a
standard error of prediction (SEP) for oil and muis was found to be 2.0 and 1.45%
respectively for the dorsal side and 2.4 and 1.88pectively for the ventral side. Zhang and
Lee (1997) also used NIR spectroscopy to deterthi@dree fatty acid level in fish oil. It
was found that the NIR spectra could be analyz@tyuspoint smoothing, first derivative
and second derivative treatments, and MLR and Rg&ssion could be used for calibration.
It was also found that the NIR spectra could alsased to predict the freshness of mackerel
in so far as FFA change and the hypoxanthine (K in the fish meat spoilage.

The effect of freezing on meat was examined by Deyand Beauchéne (1997).
Beef samples were scanned using VIS/NIR spectrgséazen-then-thawed and scanned
again. It was found that this methodology couktidguish, in combination with factorial
discrimination, between fresh and frozen-then-tichmeat. Using four principal
components a classification rate of 64% was achlieVewas also found that color
information (650-748nm) helped in the model but wessifficient to create its own model.
MSC was also used and found that with a three-commomodel a classification of 64.1%

of validation samples was achieved.
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2.4 MULTIVARIATE ANALYSIS

Modeling the behavior of variables is the goahany sciences. Most of statistics is
based on using a few variables to model a desgggbnse. The more variables that are
introduced, the more complex the problem beconussng a large number of variables to
produce a model is known as multivariate analyMsiltivariate statistical analysis is at the
heart of both the electronic nose and VIS/NIR tetbgies. Both of these technologies
produce datasets with a large number of variabiegontrast to a classical sensor that
simply measures one variable, these technologiestandarge numbers of variables and use
multivariate analysis to produce a model that @rgla response. In general, the data will

have the following structure:

Equation 2-4
Yl = x11 + x12 + x13"'+ le
Y2 = x21 + x22 + X23"'+ x2p

Yo = X+ Xy + X+ X,
Where Y is a response variable andiough X, are the explanatory variables measured.

Using this general data form, several technigaesbe used to get a model that better
predicts the response variable. These includergigee and unsupervised methods.
Unsupervised models do not use the response vaiiakhe model causation. This leads to
a model that is independent of the response variabhis can be very beneficial when
looking at multiple response variables or compatiregability of the model to predict

different response variables. Supervised methedshe response variable of interest in the
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model calculations. This leads to a model thaalkgdits the response variable of interest

better, but the model is more limited to that atar application.

2.4.1. Multiple Linear Regression

Multiple linear regression (MLR) is a supervisedthoal that uses a linear
combination of explanatory variables to model #gponse of a response variable. Using
the form given in Equation 2-4 the model becomiisemr combination of Xvariables
which describe th¥ response variable. The result is a model th&daery similar to that

of a standard regression model:

Equation 2-5

Yy =ap Xy tapX, +a X, ta, X, + €

Y, Zayu Xy +a,X, tagX,..ta, X, +e,

Yo =ay X, +a, X, +a, X5 ta, X, +e,

a represents model parameters that best model$pense variable Y andis a error that is
associated with each observation. Usuallyconsidered to be a random error with a mean
of 0 and a standard deviation of This leads to a general form of DATA = FIT +
RESIDUALS. Expected performance of the model canld&termined by calculating the
difference between the Y calculated by the modditae measured Y. These values are
called residuals and these can be used to caldbkatgandard error of Calibration (SEC).
This value is calculated from samples that have lised in the model creation. In order to
evaluate how the model performs with unseen exanplsubset is usually withheld and
then given to the model. The model’s output i;itbempared with the known value of the

response variable. This resulting difference Ieedahe standard error of prediction (SEP).
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2.4.2. Principal Component Analysis

Principal Component Analysis (PCA) is an unsup@wisultivariate technique that
is frequently used for complex problems. PCA reduihe way that data is presented by
calculating principal components (PCs) for the datia These PCs are linear combinations
of each data point from a particular sampling evéhe first component is the combination
that represents the largest variation in the datgby giving the data the best class
separation, whereas the second component giveeitdest class separation, and so on.
Typically, the first several components are graploec visual representation of the data.
PCA is considered an unsupervised process bedausesi no information about the sample
to influence PC computations. This process deteemihe most variation regardless of its
source. This can be both beneficial and detriméatanalysis with biological products.
Biological products usually have a large variapilitimiting this can be problematic and
limit the scope of research. Using an unsuperusethod like this helps identify what
variations are present in the dataset and howdaae\ybe accounted for in further analysis.
By graphing the first few components these valashe assigned different values according
to the desired response variable and the same ghepts the results of different variables.
This can be useful to verify that the responseaddei of interest does account for the
majority of the variation, or to discover what reapes are contributing more to the PCA
model.

Since PCA does not assume any knowledge of tip@nse variable, the data keep
the form of equation 2-4 as the data structurenabtitout the Y variable. The principal

components can be calculated using the followingaggn (Manly, 1986):
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Equation 2-6
PC = (@xMi=1 mj=1 ,p}
Where PG¢= the [" principal component

X = input variables

a = values of eigenvectar
The principal components have the flowing constgain

a% =1

All of the PCs are uncorrelated.
Therefore the PC will be a particular linear conaion of thep variables in a matrixi,
wherei andp represent the number of samples and variablesatsgly. Geometrically
speaking these combinations are a new coordinaterayobtained by rotating the original
matrix. The resulting matrix axes provide a simplescription of the variability in the
original matrix by sorting the linear combinatiasfsvariables according to how much
variation is expressed in each combination. Matterally this involves calculating the

eigenvalues of the sample covariance matrix. Tvargance matrix has the following form

Equation 2-7
Ci Cp Clp
C21 C22 CZ
CoVA) = P
Cu Cp2 Cop

Where the diagonal represents the variance of Xlamoff diagonal values are the
covariance values between the variables. The eahaes of Cov(A), i, represent the

variances of the principal components (var(PG). The eigenvalues are then sorted to
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correspond to the largest variances. This in leeds to the first few PCs accounting for

most of the variation found in the dataset.

2.4.3. Linear Discriminate Analysis

Linear Discriminate Analysis (LDA) is similar to PQn that both take a multivariate
set of data and reduce it to a set of componeptgesenting the variance that is found in the
data. However LDA is different in that it is a gupised method where the vectors (or
components) are chosen based upon a class assigeach sample. LDA then groups the
samples according to the assigning classes anthsdinear combinations of the variables
that shows the most special distance between theggr In general if the samples can be
assigned a group that is known, LDA gives a bettedel that separated the variables of
interest than PCA. But if groups are unknown LDA cat be used.

Mathematically the data has the form of Equatidhif4t the variable is replaced with
a classification instead of a value. This wouldegihe data the following form, where

is the ' variable of the fisample of a given class m:
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Equation 2-8

Xlll + X112 + X113"' + Xllp

Xle + X212 + X213' T X21p

Xn11 + Xn12 + Xn13"'+ anp

X121 + X122 + X123"'+ X12p

X221 + X222 + X223' T X22p

Xn21 + Xn22 + Xn23"'+ Xn2p

X + X + Xpgeee Ximp

+ X, TX + X

Xomt nm3*** nmp

nm2

Three matrices are calculated from this data Wiitlein sample matrix, B the

between sample matrix, and T the total sample mé#tanly, 1986). The elements of the T

and W matrix are calculated using the following &ipns:

Equation 2-9
m N _ _
trc = (Xijr - Xr)(Xijc - Xc)
j=1i=1
Equation 2-10
m N _ _
W = (Xijr - Xjr)(xijc - ch)
j=1i=1

Where x represents the value of therow of the class j

X; represents the mean of tfesample

X, represents the mean of Xr

The between sample matrix B is found by subtraatmagyrix T from matrix W. The

eigenvalues of the matrix WB generate the coefficients for the canonical disicrant
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functions (DFs). As with PCA, the returned funosaare sorted such that the most variation
is in the first few DFs. The returned number ofduon is equal to the number of classes
minus one. Sarry and Lumbreras (1999) found thiatrhethod provided excellent

separation of carbon dioxide, freon refrigerant3&d), and mixtures of the two.

2.4.4. Principal Component Regression

Principal component regression (PCR) builds up8APThe result is a supervised
analysis that yields a multiple linear regressiquation based on a specified number of
principal components. This can be very useful bseaf the limitation of MLR that it can
only be used where there are more samples thaablesiof interest. In spectroscopy where
there are a large number of variables, PCA carsbd to concentrate as much variation into
the first few components and then PCR is perfororethose first few components to give a
prediction model that can be evaluated matheméticdhis allows for a model to be built
using these PCs as a continuous output signal.otitpait of PCA has the same form as
equation 2-1 with the factors rearranged into thekih explain the most data variation in
the first few columns. The principal components mwultiplied by the original data to
generate scores for each of the samples. By piptitie first few of the principal
components, a graph can be generated that shovwesa@fdime major variation that was found
by using PCA analysis. Since PCA is an unsupeavisethod, the scores that are generated
are independent of the response variable of intefEserefore the same graph can be used

and the points can be defined by different respoasiables.
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2.4.5. Partial Least Squares

PLS is an extension of MLR, but the limitation efjuiring more samples than
variables is removed. Using the data in the fofraquation 2-1 the first step in PLS is to
center the data by subtracting the mean of eadhblarfrom all the observations. This is
because with other regression tools when therenare variables than samples (n<p) the
covariance matriX'X is singular. PLS can be used based in the basiatlaomponent

decomposition:

Equation 2-11
Y=TQ" +F
Equation 2-12
X=TP" +E

Where T is a matrix giving the latent componentsttie@ n observations, P and Q are the
matrices of coefficients and E and F are randomr @éerms. The goal is again to generate a
model of the form T=XW where W is weight matrix.

The latent components are then used in place dafrigmal variables. Qis the

calculated as the least squares solution to Equatib3.

Equation 2-13
QT - (TTT)-lTTY

The regression coefficients B for the model Y = XBare given by:

Equation 2-14
B =WQT =W(TTT)'1TTY

and the model response matrixnay be may be written as
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Equation 2-15
Y =T(T'T) Ty
The coefficients of B can then be used to calcutaemodel performance for unseen

examples.

2.4.6. Least Squares Classifier

Least squares classifier (LSC) uses data in thergeform of equation 2-1, but
instead of using a continuous response varialigss is used to calculate the model. A
subset of the data will be separated to designatgrang set and a matrix is generated with
classes being assigned to each observation arghadsa column in the Y response variable.

The model that is generated using the trainingadess the form

Equation 2-16
B=CA

whereB is a matrix describing the class of the triagiatpdetC contains the observations
of the training dataset, ardis the regression parameters calculated by theemod

OnceA has been calculated the test dataset is useduiatigq 2-16 in place of the
training set and a new response matrix is caladlaBy examining the columns of the new
B, a class is assigned to each observation. Thss clarresponds to the row having the

highest output.
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2.4.7. K-Nearest Neighbor Classifier

The classification method known as K-Nearest Nedg{EKNN) has been used in
many multivariate problems. KNN does not use kmeolgk of a sample in its calculation but
uses the model that has been generated from MSAetsdch score value for the unknown
sample. This value is then compared with samdl&s@wn classes. The distances between
the unknown sample and the known samples are cath@aud the k nearest samples are
evaluated. The value of k is variable. The cthasis found most often in the k nearest

samples is then assigned to the unknown variable.
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Figure 2-2: Example of KNN classification

An example is given in Figure 2-2. An unknown s&ip designated by an ‘x.” It
can be seen that the majority of the points clageste unknown sample are classified as a

1. Therefore KNN would classify the unknown saengé a 1.
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2.4.8. Artificial Neural Network

The classification method known as Artificial Neluxeetworks (ANNS) is very
efficient at finding linkages in data that mightt i@ observed by other methods. A neural
network examines the entered data and the desitpditoand attempts to get its actual output
to match the desired one. This makes ANNs very plaivi® use but complex to develop,
since the network must first be trained. Neurdavoeks work by attempting to mimic the
way the human brain works. Simply put, this innestaking a group of functions that have
the ability to change, and, knowing the desiregpoese to a given input set, the group

changes to adapt to this.

25 RESEARCH OBJECTIVE

The objective of this research was to investigageatpplicability of e-nose and
VIS/NIR technologies to provide a rapid and nontdegtive measurement of fishery product

quality.
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3. ELECTRONIC NOSEANALYSIS OF TILAPIA STORAGE

T. H. Dodd, S. A. Hale, S. M. Blanchard

3.1 ABSTRACT.

An electronic nose (e-nose), containing 16 tin in@tale sensors with various
sensitivities, was used to classify decay timesniri8 h accelerated decay study of tilapia
(Oreochromis niloticus). Data collected were gplib three 6 h base classes for training.
Principal component analysis was tested for featMtection to be used in classification but
was found to be inadequate. Linear discriminatdyaisawas also used and found adequate
for feature extraction. Both least squares and &re®st neighbor classifiers were explored.
Least squares and K-nearest neighbor producedfadatien rates of 86.4% and 87.0%,
respectively. Data combing techniques were useactease classification rates from 87.0%
to 97.8% for K-nearest neighbor. Optimum classti@aperformance was achieved with
classes corresponding to 0-1.9 h, 6-7.9 h, and3124. The dataset was also classified into
six 3 h classes. Data classifications for the &akses followed trends expected for decaying
freshwater fish. Data combing was again employeddease the classification that was
possible. A final classification was achieved of8P8 for least squares and 83.8% for K-

nearest neighbor.

Keywords Aroma, Electronic nose, Fish freshness, Tilapia.
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3.2 INTRODUCTION

The safety and quality of fishery products has kbafgrarticular concern in recent
years. With the increasing globalization of fishprgduct sales, processors, consumers, and
regulatory officials have been seeking improvedhuods for determining freshness and
quality (Dalgaard, 2000). A recent study perforrbgdConsumers Union found that more
than one quarter of the fish samples tested wetbehrink of spoilageGonsumer Reports
2001). Odor is one of the most commonly used quaddicators. Products with unpleasant
odors are likely to be rejected as unsafe. Devetyraf electronic nose (e-nose) technology
has made it possible to measure food odors rapittlyautomatically. It has allowed
scientists to distinguish among coffees, wines,raady other products where aroma is a
factor strongly associated with quality (Schalleale, 1998).

Measurement of odor has always presented reseansftara difficult problem
because of its complexity and dependence on ing@iderceptions. Sensory panels, gas
chromatography, and mass spectrometry have beeatywided in odor classification (Nagle
et al., 1998). While these techniques have beereatiat effective, they are time consuming,
expensive, and can produce results with high degreeariability. E-nose technologies are
currently being developed in an effort to providegid, inexpensive, and more quantitative
means of monitoring odor.

The e-nose mimics the human nose in that the humos@ does not use one odorant
receptor for each chemical. Instead, responses dmmbinations of receptors make up what
is perceived as odor. The cross sensitivity of pems allows a greater range of compounds
to be detected. If each sensor in the e-nose ealsted to one specific compound, then many

sensors would be needed to detect the hundredsliofdual compounds associated with
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odor. Because of its ability to detect a very lar@ege of compounds, the e-nose can
theoretically detect any odor for which it has b&aamed.

Olafsson et al. (1992) performed an acceleratedydstuidy that evaluated fish
freshness by allowing haddock to decay at room &atpre. Headspace gases above the
decaying fish were sampled with an e-nose contgitimmetal oxide sensors calibrated to
respond to compounds associated with fish spoilalge.method was found to have promise
for future development by providing quick resulesed upon the level of fish decay.
However, caution was urged in the interpretatiothese results because of the susceptibility
of their accelerated decay study to anaerobic ¢mmdi. No classification of the decay in
terms of oxygen requirements was reported.

Roussel et al. (1998) used tin metal oxide sertsoegamine different techniques for
feature extraction. Wines with satisfactory andatiséactory vinegar content were sampled,
and classification was attempted. Twenty-nine fieaéxtraction methods were tested.
Methods that showed promise for compound discrittonavere the steady-state value,
maximum absorption slope, and minimum desorptiopesl These methods were post-
processing techniques, and data reduction wasxaotieed.

Multivariate techniques are widely used for thelgsia of e-nose data. With these
methods, statistical features are extracted fraarddtaset as linear combinations of the data.
The resulting statistical features are then usadmags for analysis and classification
algorithms. Delpha et al. (1999) and Sarry and Lards (1999) used principal component
analysis (PCA) as a first discrimination technifoieseparating multivariate data into
classes. PCA uses multivariate statistics to redueege multidimensional array down to its

most important principal components. The princig@ahponents consist of linear
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combinations of each data point from a particugangling event. The first component is the
combination that represents the largest variaticihé data, thereby giving the data the best
class separation, whereas the second componestte@ext best class separation, and so
on. Typically, the first several components argbsal for a visual representation of the data.

Linear discriminant analysis (LDA), which is alsferred to as discriminant factorial
analysis (DFA), has also been used to distinguettvéen different classes. LDA works like
PCA but adds knowledge of the classes that iyyiadrto separate. LDA then looks for the
linear combination of data points that provide blest separation of those classes. It returns
this combination as the first component providing best separation between classes; the
next component provides the second best classaeparand so on. Sarry and Lumbreras
(1999) found that this method provided excelleipiasation of carbon dioxide, freon
refrigerant (R134a), and mixtures of the two.

Llobet et al. (1999) used artificial neural netw®fANN), which do not have a set
way of looking for possible links, as a classifioatmethod. ANNSs are very efficient at
finding linkages in data that might not be obserbgdther methods. A neural network
examines the entered data and the desired outdwttsempts to get its actual output to
match the desired one. This makes ANNs very powtrfuse but complex to develop, since
the network must first be trained. Although somekaltas been performed with fish decay
(Krzymien and Elias, 1990; Ohashi et al., 1991) padicularly with metal oxide sensors for
fish decay (Egashira, et al., 1990; Olafsson ¢t8P2), these technologies have not been
used to classify fish decay.

Natale et al. (1996) used four quartz microbalsseresors and PCA analysis to

examine freshness loss in cod fillets. The sens@asured the mass change as the odorant in
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the air was absorbed onto the surface of the sehlerresulting data were found to have
some differences but could not be separated &tradl points. Implementation of neural
networks resulted in a continuous curve that cpoaded to decay time. Schweizer-
Berberich et al. (1994) also analyzed the fresho&fish using eight different amperometric
three-electrode gas sensors. They found a gemenal tor decay time by using PCA on the

output data.

3.3 RESEARCH OBJECTIVE

The overall objective of this research was to adaptent e-nose classification
technologies for use in determining the decay trn@apia (Oreochromis niloticug a
freshwater fish raised in commercial aquacultusgesys. Specifically, an e-nose with 16
commercially available tin metal oxide sensors twalse used to determine decay time in a

rapid-decay study.

3.4 MATERIALS AND METHODS

The e-nose used in this research was designedualhdttNorth Carolina State
University. The NC State University e-nose, develbpy the Department of Electrical and
Computer Engineering, uses a Labview-based coatrdlacquisition program (Gutierrez-
Osuna, 1998). It has 16 commercially availablergtal oxide sensors with sensitivities and
cross sensitivities to different gases (table 1yeferal flow diagram for the e-nose is

presented in Figure 3-1.
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Table 3-1: Sensors used in the NC State Universigtnose

Sensor Type

Part (Manufacture)

Cross Sensitivities

Ethanol

AAS14 (Capteur)

Oxidizable solvents
and vapors

Isopropyl alcohol

AAS20 (Capteur)

Oxidizable solteen
and vapors

Hydrogen sulfide

GSO05 (Capteur)

Ammonia, propane,
and CO

Toluene AAS25 (Capteur) Oxidizable solvents
and vapors

Ammonia GSO06 (Capteur) Hydrogen sulfide,
propane, CO

Carbon monoxide

GLO7 (Capteur)

Propane

CTSO03 (Capteur)

Oxidizable solvents

and vapors
Hydrogen CTS23 (Capteur) Oxidizable solvents

and vapors
Chlorine LGSO09 (Capteur) Ozone and NO

Nitrogen dioxide

LGS10 (Capteur)

Hydrogen sulfide,
ozone, chlorine

Butane

CTSO04 (Capteur)

Oxidizable solvents
and vapors

Sulfur dioxide

GS22 (Capteur)

CO, some solvents

Solvent vapors

TGS2620 (Figaro)

Combustible gases

TGS2610 (Figaro)

Methane

TGS2611 (Figaro)

Air contaminants

TGS2600 (Figaro)

Figure 3-1:Flow diagram for the NC State Universitye-nose.
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The e-nose sampling procedure included a wash ,cyekference cycle, and a
sampling cycle. The wash cycle consisted of a 3Wsbutanol wash to remove all of the
odorants from the sensors before sampling. A 28desence cycle was then performed
using air that had both humidity and organic vapersoved by a gas purification filter
(model 8125, Alltech, Deerfield, Ill.). Thus, thersors reached a reference value before
sample testing. During the 60 s sampling cycletagd levels from each sensor were
collected and stored at a 1 Hz sampling rate. Téash e-nose sample run contained 60
points per sensor, for a total of 960 points per ru

Fresh tilapia were obtained from the aquacultuseaech facility at North Carolina
State University. After harvesting, fish were stbom ice, immediately filleted, and cut into
5° 57 2 cm rectangular parallelepiped samples within Samples from a total of six
different fish were subsequently stored at -18°0rdo analysis. When analyzed with the e-
nose, individual samples were removed from thezieand placed into the e-nose sampling
chamber, a BioTransport carrier (Part No. 7135-00&ilgene, Rochester, N.Y.), and
allowed to decay at room temperature (approxima&bRC) for 18 h. The BioTransport
carrier was previously modified to allow the heaatspgas to be collected by the e-nose and
replaced with ambient air. Headspace gas samplesaeeuired by the e-nose at 7 min
intervals for each sample over an 18 h periodaftmtal of 152 gas samples per fish sample.
This resulted in a total of 912 gas samples takam the six fish samples tested. The
resulting data were separated into three distegions for classification training. The first
region, or class, was comprised of data sampléde® to 5.9 h time interval. The second
class contained data taken between 6 and 11.9hharthird class contained data taken

between 12 and 17.9 h.
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Recorded data were analyzed using a customized MBThrogram. This began
with a compression phase in which the number ofson@anents per sensor per sample was
reduced from 60 to 4. Because both the transiehtla steady-state portions of each
sensor's response contained useful informationdevired time slicing was used (Gutierrez-
Osuna and Nagel, 1999). This was done by multiglyive transient response by four
smooth, bell-shaped window functions (Figure 3B).using this technique, information
about the dynamic characteristics of the resporesecaptured. The width, shape, and center

of the windowing function(ts), were defined by the parametersb;, andc;, respectively:

Equation 3-1

N
W'= R(t K (t)Dt

k=1
Equation 3-2
Ki (ty) =;2b|

e b
g

where
R(ty) = a sensor's response at tige
Dt = time between samples (1 s)
W = area under each curve (the four points to wthielsignal was reduced).

This reduced the number of data points for eactpagirun from 960 to 64. The
total number of points for all 912 gas samples thecame 58,368. Feature extraction was
accomplished with PCA and LDA (Gutierrez-Osuna,8)9®ata were then randomly
grouped into two sets, with 60% (542 gas samplesigaed for training and 40% (365 gas

samples) for testing. After training, testing datere classified using least squares (LS) and
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K-nearest neighbor (KNN) classifiers. Following qaletion of the entire analysis, the entire
912 sample data set was randomly re-divided arahadyzed. This procedure was repeated
20 times to statistically show how unseen data didel classified. The rates of correct test
sample classifications were recorded and compasied) Wilcoxon's signed-rank test (Ott,
1977). In this alternative to the paired t-tesg, difference between pairs of measurements is
calculated and ranked according to the absoluteevad the difference. The appropriate sign
is then assigned to the ranks, and they are adoeuiding to their sign. The smaller of these

is used to compare with critical values to testd@tatistical difference.

Sensor Response

Time (sec)

—e— Sensor Response — — — —Window 1 ------- Window 2 — - — - — Window 3 —- - —- Window 4

Figure 3-2: Bell-shaped sections used for windowedne slicing

A data combing technique, which has been usedemometric analysis of
spectroscopic data (McClure and Crowell, 1996), alas tested to determine its effect on

sample classification. As implemented here, eashdgjion of data was separated into six 1
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h regions (each containing 50 to 51 samples) thalddoe individually selected and grouped
for analysis. The data were re-analyzed using thel@ssifications for only the first 5 h of
data from each region. By combing the data inwray, the transitioning effects induced by
data bordering each region were minimized. Thisg@se was repeated using 4, 3, and 2 h
data increments. This analysis procedure was regedth the data divided into 3 h classes
(0to29h,3t05.9h,6t08.9h,9t011.9htd14.9 h, and 15 to 17.9 h), for a total of six

individual classes.

3.5 RESULTS AND DISCUSSION

PCA analysis of the 6 h classifications initialiypped to be unsuccessful because
there was no real statistical separation of tha ddien compared against decay time. When
PCA results were compared with the individual stmples, it was found that PCA was
separating the data more by individual fish thamegay time. Some decay trends could be
seen within certain individual fish sample grougswever, these were inadequate for
classification into decay time groups. Therefor€ ARvas determined to be an inadequate
method for feature extraction from this data.

LDA feature extraction was also performed on théing set, with KNN and LS
being used to classify the testing set. The ratesmect test sample classifications for KNN
and LS in the 6 and 3 h groups with and withouadatmbing are listed in table 2. Both
classification routines were able to classify a@@sonable level with the given data. The
results from the Wilcoxon signed-rank test (OttfZPare also given. The critical value for
this test with = 0.05 is 60. Thus, the means were statisticalfgrént in tests having a
value lower than 60. Classification rates betweéiNkand LS were not found to be

statistically different for the 6 h groups whenalabmbing was not used. However, they
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were significantly different in all other cases.dddition, KNN consistently yielded higher
classification rates. Because of this, it was cotetl that KNN classifications were best

suited for this application.

Table 3-2: Classification rates for headspace gaamples with various amounts of data
combing (mean tstandard deviation).

Time No. of Wilcoxon
per Data Signed-
Group Samples KNN LS Rank
(h) Combed (%) (%) Test Value
6 0 87.0+2.B6.4+2.3 68~
51 90.0+1.B8.7%1.7 34
102 93.7+2.02.2+2.6 40
153 959+1.33.1+x16 O
204 97.8+1.359+21 O
3 0 77.1£1.1.7£2.1 0
51 833126330 O
102 83.8+2.98.8+22 O
@ Indicates that KNN and LS percentages
correctly classified samples were n
significantly different ( = 0.05).

Figure 3-3a shows the LDA features that were idiedtifrom the training set data after
combing 204 samples from each region's data fo6 thelasses (group 1: 0 to 1.9 h, group
2:61t0 7.9 h, and group 3: 12 to 13.9 h). Figu&bJIhows the findings when these features
were projected onto the testing set for the saraagg. In both cases, the regions separated
well when classifying by feature 1 and feature ReJe features corresponded to the scores
generated using the first two components foundDALFrom these graphs, it can be seen
that the testing data could be separated into @piate groups, with a slight overlap between

groups 2 and 3. Figure 3-4 shows the same andlysiwith 3 h classes with 102 samples
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combed from each region (group 1: 0 to 0.9 h, g&upto 3.9 h, group 3: 6 to 6.9 h, group
4:910 9.9 h, group 5: 12 to 12.9 h, and group%to 15.9 h). Groups 1 and 6 were almost
completely separated by the analyses, while gr@upbsough 5 overlap somewhat. However,
there is a general trend of separation into thretndt regions. These regions correspond to
what is known about aromatic profiles in decayisbdry products. Lindsay (1988)
indicated that three distinct types of chemicahaae occur in freshwater fish that are
associated with decay. Fresh fish have a veryaelimarine-green aroma that is lost during
the first stage of holding as a result of microbietay. Further aerobic storage results in
continued microbial production of esters that pdeva sweet aroma. Eventually, a more

putrid aroma will result from the microbial prodigst of sulfur compounds.
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Figure 3-3:LDA features for the (a) training set ard (b) testing set showing
discrimination among decay time points for tilapiawith 6 h base classes and 204 data
sample combed between classes (group 1: 0 to 1.9hgup 2: 6 to 7.9 h, and group 3: 12

to 13.9 h).
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The classification rate dropped from 97.8% to 87 (@#th the KNN classifier) when
the number of data points combed from the regioas r@duced. This indicates that although
the classification system used here was effectivdantifying a sample's phase of spoilage
(based on aroma), a parametric model could alsteleloped to indicate the total holding
time. The classification rate for the 3 h classas Wwer than that of the 6 h classes for KNN
and LS classifiers (table 2). While this was expédgcthe fact that this method achieved this

resolution indicates promise.

3.6 CONCLUSIONS

An e-nose consisting of 16 tin metal oxide sens@s successful in separating
headspace gas samples taken from tilapia tissaéndividual time-based classifications. By
using LDA data analysis with KNN and LS classifiatata were successfully classified into
three 6 h regions. Through the use of data comilciagsification rates were increased from
87.0% to 97.8%. When this analysis procedure wed teclassify the samples into six 3 h
regions, the data formed three distinct zones aimidl what might be expected for decaying
freshwater fish.

The development of this tool will be beneficialldoth fishery product buyers and
regulatory officials because of its ability to rdiyi determine the stage of decay. This would
be particularly useful when the use of appropmnater storage conditions needs to be
verified. Future work will be targeted at the deyghent of parametric analysis procedures
capable of both this type of classification anced®ining product quality as it is related to

storage times and conditions.
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4, VOLATILE BASESLEVEL PREDICTION OF BLUE CRAB CLAW MEAT USING
ELECTRONIC NOSE AND VISIBLE /NEAR-I NFRARED SPECTROSCOPY

T. H. Dodd and S. A. Hale

4.1 ABSTRACT

. Electronic Nose (e-nose) and Visible/Near-Iréch(VIS/NIR) instruments were
used to measure volatile bases in blue crab mesaitaostorage time of 14 days on ice. Total
volatile bases — nitrogen (TVB-N) levels were alsocorded and used as an overall quality
measurement. Using an e-nose to estimate the cwatien of volatile bases, a standard
error of prediction of 4.9 mg/100 g apparent TVBaids achieved. VIS/NIR spectroscopy
produced a standard error of prediction of 4.8 ©@/d apparent TVB-N. These numbers
were in the range of error commonly associated WitB-N measurements. Both

technologies provided a quick, simple, non-destvadest method.

4.2 INTRODUCTION

Quality in fishery products has always been hardetfine and even harder to
measure. The US, through the FDA, has placedtecplar emphasis on traceability of food
products. The FDA has implemented hazard anadysiscritical control point (HACCP)
regulations in an effort to try to bring these cemms under control. According to HACCP
regulations “All raw materials and products shooddlot-coded and a recall system in place

so that rapid and complete traces and recalls ealobhe when a product retrieval is
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necessary.” (FDA 2005) This traceability becomesnemore important as consumers are
further removed from their food supply and mored@oosses international boundaries.

While traceability is important, it provides onlg assumed product quality
measurement. It can only provide an estimatearhge time and conditions. Overall
product quality is much more difficult to defin&@he standard for monitoring quality is using
a sensory panel. While using human senses haglttamtage of being able to consider a
large variation of factors, it has limitations doethe scale of effort that is required to
perform a sensory panel analysis on a large nuwitsamples. The two senses are used
most to determine product quality are sight andlisnMany studies have linked sensory
panel scores with various chemical indicators. 1Gul@luation has been correlated to Total
volatile bases — nitrogen (TVB-N) in mahi-mahi (Aimte, et. al. 2002), and used as a quality
indicator. While odor is not the only sense tlna& ¢tonsumer uses to evaluate products, it is
one that is commonly used to indicate spoilageA eBes odor to evaluate products. It is
listed in their “The Safe Food Chart” for meat, fioy and seafood as one of the main ways
to detect the freshness of seafood. As such,isddso used by FDA inspectors as a quality
indicator. If an inspector smells something outhaf ordinary, the lot of meat can be
condemned. Sight is used with color being a maponponent of quality in crab meat.

While chemical tests provide quantifiable resuhgy are normally destructive, time
consuming, and expensive. They are also diffefi@ntarious fishery products. All this
leads to confusion as to what to use as a stama@ichtor for ‘quality.” One indicator is the
volatile base concentration. Several studies hi@adeTVB-N values to storage time in
various fishery products. These values have agn lied to sensory scores in mahi-mabhi

(Antoineet. al.,2002). Studies have also shown that tests th&tdoa group of chemicals,
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such as TVB-N, tend to correlate better with freedmthan specific chemical indicators
(Sikorski et. al. 1990). One method to estimatdIVis to use ammonia ion-specific
electrodes (ISE). The AOAC has developed a meftwodetermining the concentration of
volatile bases using these probes (AOAC 2000). ITBemeasurements show apparent g-
NH?*100ml. This value is really a sum of ammonia @richethylamine (TMA).

In order to better estimate these properties iolgactive manner, alternative sensing
technologies are being explored: e-noses and VFSApkectroscopy. These use the same data
sources as the human senses of smell and sigleictesby, but with additional information
and repeatability not found in individuals or seygsanels. For example, the NIR region of
the electrometric spectrum is not seen by the hueyan

E-noses have shown promise in being able to analyriele variety of products.
Research has been conducted on products rangmgcftiee to perfumes, to wines and
other products that have changes in their off gaE®sluation of fishery products has also
been explored. E-noses have been used to exaisiingeicay (Krzymien and Elias, 1990;
Ohashi et al., 1991, Egashira, et al., 1990; Otef&t al., 1992). These studies have shown
that e-noses have the potential to sense chandiss idecay. Natale et al. (1996) used four
guartz microbalance sensors and Principal Compohealtysis (PCA) to examine freshness
loss in cod fillets. The sensors measured the ctzmsge as the odorants in the air were
absorbed onto their surfaces. The resulting data feeind to have some differences. PCA
was not able to provide separation at all time fsoilmplementation of neural networks
resulted in a continuous curve that correspondelktay time. Schweizer-Berberich et al.
(1994) also analyzed the freshness of fish usiglgtelifferent amperometric, three-

electrode, gas sensors. They found a general toertiecay time by using PCA on the output
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data. An e-nose was used to predict the Totati®laases (TVB) in fishmeal products
(Olafsdottir, et. al., 2000). TVB was measuredhgsa gas chromatograph (GC). It was
found that gas sensors could predict TVB in thedepace above the product, with data
combing yielding better results. The lowest Roaavi-Square Error of Prediction (RMSEP)
calculated was 7.6 mgN/100g of fish. Daatdal.(2004) showed that e-noses have the
ability to classify tilapia by spoilage time. lni$ study tilapia was allowed to decay at room
temperature and e-nose measurements were abkesgifglthe response time of 3-hour time
segments with an accuracy of 83%.

VIS/NIR technologies have been used to examineda wariety of products. It has
been successfully used to analyze everything froarmpaceuticals to food products to
agricultural measurements. A review of applicatiand techniques can be found in Blancho
and Villarraya (2002) and Pasquiuni (2003). dslalso been used in a variety of fishery
product quality evaluations. Downey (1996) usesiNiR spectra (700-1100 nm range) to
determine the oil and moisture content of salmGorresponding Standard Errors of
Prediction (SEP)s calculated were all under 2.9%%ang and Lee (1997) also used NIR
spectroscopy to determine the free fatty acid levékh oil. First derivative NIR spectra
were used to predict FFA and hypoxanthine (Hx) geann the fish meat. A relative error
of less than 10% was seen in all cases. NilserEsathssen (2005) examined the correlation
between spectra in cod meat sensory scores. Ish@sn that the visible region provided
the greatest correlation with Quality Index Meti{@dM) scores. Adding the NIR region

decreased the performance with the NIR region ajoglding the worst correlation.
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4.3 RESEARCH OBJECTIVE

The objectives of this paper were as follows:
1. Measure TVB-N in claw crabmeat over a storage in®4 days on ice.
2. Generate multivariate model to predict TVB-N valuegg e-nose and

VIS/NIR spectroscopy as inputs.

4.4 M ATERIALS AND METHODS

The experimental design used in this study wasseeiMio model the storage
conditions used in the seafood industry for Atlattiue crab claw meat. The typical

industry standard is to process crabs and storm#a on ice for a maximum of 14 days.

4.4.1. Sample Preparation

Atlantic blue crab meat was obtained from a Nor#éndlina crab processor. Three,
one-pound containers of claw meat were obtaindte fieat was originally packaged under
commercial conditions, then repackaged, in vacueahlsags and stored at -80°C. Prior to
analysis, one pound of meat was allowed to thasv4AC refrigeratoovernight. Once
thawed, it was separated into samples for e-nogFNanalysis and VIS/NIR analysis.

This procedure was repeated for the three diffgpennds of crab meat. Each pound of meat
was separated into 3 VIS/NIR samples and 7 /TVBaM@es. This yields a total of 9

VIS/NIR samples and 21 e-nose/TVB-N samples.
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4.4.2. TVB-N level analysis

To measure TVB-N levels five (5) grams of meat wsealed in polyethylene bags
and then stored on ice until sampling was to béopmed. One sample was removed from
ice every other day for measurement. E-nose sagplas first performed, followed by
TVB analysis. The TVB measurement method requhresiestruction of the samples to be
performed. TVB levels were determined by the AO#€thod for determining TVB levels
in fishery products (AOAC 2000). First, the crabahwas mixed with 95 ml distilled water.
This mixture was then ground by a food grinderZeninutes. In order to cause ammonia
release, 2.0 ml ionic strength adjuster (ISA, 5SMORR 0.05M disodium EDTA and 10%
(v/v) methanol) was added to the test solutionthedamount of apparent TVB-N was

recorded by a calibrated ammonia ion specific ebelet.

4.4.3. Electronic nose data collection

Samples were prepared as previously discussedhddaay of analysis samples were
removed from storage and placed in the e-nose sagnghamber where headspace gasses
were pulled through a sensing chamber. The sampénsing chamber consisted of a
Nalgene box that had been modified to allow fordspace gas sampling at its top. E-nose
sampling was performed as reported in Dodd e2804) on a custom e-nose that uses 15
commercially available tin metal oxide sensorse $ansors were mounted in a small
sensing chamber, and headspace and referencevgargesulled through the chamber with a
vacuum pump. The sampling procedure involved wasthe sensors with a 3% butanol

solution for 30 seconds prior to exposure to albasgas of dehumidified and deodorized
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air for 120 seconds. Headspace gasses aboventbeeesample were then pulled through the
sample chamber for 60 seconds with sensor voltaggesuartements being recorded every
second. Multiple headspace samples were takaicoession on a single meat sample. This
gave more data on a single sample, countering s@reruracies and meat variability.
Each meat sample was measured five times every délyefor a total of 140 odor
fingerprints being used in the following analysizaned.

Recorded data were pre-processed using a customigagdl AB program. This
began with a compression phase in which the nuimfo@easurements per sensor per sample
was reduced from 60 to 4. Because both the trainarehthe steady-state portions of each
sensor's response contained useful informationdevired time slicing was used (Gutierrez-
Osuna and Nagel, 1999). This was done by multiglyive transient response by four
smooth, bell-shaped window functions (Figure 4Bh).using this technique, information
about the dynamic characteristics of the resporesecaptured. The width, shape, and center

of the windowing function(ts), were defined by the parametersb;, andc;, respectively:

Equation 4-1

N
W'= R(t K (t)Dt

k=1

Equation 4-2

1
Ki (t) ST m

1+ &G

g
where
R(ty) = a sensor's response at tigpe
Dt = time between samples (1 s)
W = area under each curve (the four points to wthielsignal was reduced).
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Figure 4-1:Bell-shaped sections used for windowedne slicing

4.4.4. VIS/NIR Data collection

For the VIS/NIR samples, 150 grams of meat wassedal polyethylene bags and
stored on ice. Once a day the samples were remegadned and returned to ice storage.
They were scanned using a monochromator spectroi®Systems 6500, Perstorp
Analytical, Silver springs, MD). Three spectrarfrd00 to 2498 nm in 2 nm increments
were recorded each day. Each recorded spectrastamhsf the average of 32 scans. The
length of time the samples was minimized to leas ttne minute per scan before the meat

was returned to storage on ice.
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4.4.5. Data Analysis

Similar data analysis techniques were used on éaibse and VIS/NIR datasets.
Data were imported into the Unscrambler version(@&MO software inc, OR) for analysis.
Principal Component Regression (PCA) was first usetktermine any underlying trends.
PC scores were plotted to examine what factors wnerenajor contributors to the first PCs.

Continuous models were generated using PartialtlSzpsares (PLS). In order to
limit over fitting the maximum number of componented in the model set at 8. Full cross
validation was used in order to generate a morastoimodel while still examining its ability
to determine TVB-N concentrations in unseen examphModel performance was evaluated
using fC, SEC, P and SEP, where C stands for calibration andrRistaith prediction.

For pretreatments on VIS/NIR spectra, samples weeeaged to better control
random noise effects. The effect of pretreatm@mzoint smoothing, first and second
derivatives) on the model were then explored. Ridslels were generated for visible only,

NIR only, and total VIS/NIR spectra.

4.5 RESULTS AND DISCUSSION

45.1. TVB-N

Measured TVB-N values for each meat sample are showigure 4-2. It can be
seen that while there is increase of TVB-N for eadat sample there is a different level
found in each meat sample. It can be seen thet tix@s a decrease in the starting level of

TVB-N as frozen storage time increased.
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Figure 4-2: TVB-N values vs. time

Crab meat has been shown to remain commerciallgpaable under frozen storage at
-18 °C for 10 months (Yerlikaya and Gokoglu, 200Buring this storage, TVB-N levels
were seen to increase while sensory scores wendgeecrease. This tends to suggest that
there are still changes occurring at -18 °C.
Storage at -80 °C still also showed changes iB-Nvover time with levels
dropping over the storage time. Since higher BeéITVB-N are associated with lower
guality the storage at -80°C for 8 months wouldeftdgct on the commercial acceptability of

the meat.
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4.5.2. E-nose

One of the sensors in the e-nose array was desfgnadhmonia determination.
Since ammonia is a component of TVB-N the sensoulshhave been able to make an
estimation of TVB-N. The sensor response waspaved with the TVB values obtained.
There was no statistical correlation between teiser and TVB (r<0.6). This sensor was
sold as an industrial sensor detector set up tesuneanuch higher concentrations of
ammonia and was calibrated for ammonia values 600 ppm. The headspace above
the fish sample had a much lower ammonia conceémréftat was undetectable with the
ammonia sensor alone. Since this sensor was feotabetermine changes in TVB,

multivariate analysis on the e-nose data as a wlkatexamined.

Enose PCA analysis
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Figure 4-3: PCA scores from e-nose data
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In an effort to examine the information containedhe e-nose data, PCA was
employed. This is an unsupervised method involawerall variation which picks the linear
combination of the variables that explains the mvastation. Loading scores for the first
two PCs in the PCA model are shown in Figure 4FBe data are grouped according to meat
sample. This suggests that the majority of theabdity detected by the e-nose results from
differences between the three meat samples. Tdusagrees with the fact that TVB-N levels
changed with frozen storage time.

Since TVB-N values should change continuously ewee a continuous model was
produced using PLS. PLS is a modeling technigatukes predictive data to select
components that have the variability that is oéiast. In this case TVB-N measured values
were used to generate the model. For calibratidnes, an’rvalue of 0.91 was obtained
with a corresponding SEC of 4.0 mg/ 100 g TVB-Ned#cation values were only slightly
lower with an f P value of 0.86 and a corresponding SEP of 4.9 10§ g TVB-N. The
low SEP shows that a model was generated thattddtebhanges in volatile bases in crab
meat to an accuracy of less than 5 mg/100 g TVB-Mure 4-4 shows measured values vs.

predicted values of TVB-N.
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Figure 4-4:Predicted vs. Measured values for e-nose

The strong correlation between TVB-N and e-nosesm@anents shows that volatile
bases were being liberated into the headspacef glas sample and detected by the e-nose
sensors. While this is expected in that one ofithenetal oxide sensors is made to
determine ammonia concentrations, this sensorskyf ivas not able to measure the changes
while the e-nose as a whole could. The cross thatiss found in the sensors combined
with the multivariate statistical data analysismgted much smaller changes in TVB-N to

be detected.
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4.5.3. VIS/NIR

In spectral analysis pretreatments, choosing treo#inng and derivative gaps is
critical. Wide gaps lead to peak shifting whilenoav gaps allow noise to remain and
decrease the effectiveness of the analysis (McCL9@3). For the current experiment a
smoothing average of 15 wavelengths was found taphienum.

According to NIR theory, the primary absorption 8aror aromatic amines are 1970
and 1490 nm. These were therefore used in pradirmianalysis. However, these values
showed no correlation to TVB%0.1). While these wavelengths should in thebigws
some correlation to the changes in TVB, there vaése many other chemicals in meat that
would also have absorption in these wavelengthgertOnes from other chemicals also can
interfere with the spectrum in different rangesisidemonstrated that more powerful

multivariate methods were needed.
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Figure 4-5: PCA scores for VIS/NIR data

PCA was initially used to evaluate sample variatidingure 4-5 shows the first two
PC loadings for the PCA analysis of the meat sasapl&ghile some separation between
samples can be seen, the difference is not asyprdfas in the e-nose data. The e-nose
relies solely on volatile compounds for its meamerts. VIS/NIR spectroscopy differs in
that a surface measurement is made of all compdonasl in the material. VIS/NIR data
have more information adding complexity to the nvaltiate analysis, thus making it more
difficult to extract the influences on any part@ulariable. Therefore PLS was employed to

obtain the best model performance in regard to TV/B-
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Table 4-1:Summary PLS statistics using VIS/NIR spewmscopy

r? C SEC FP SEF

VIS 0.9t 3.1 0.86 4.¢

NIR 0.8¢ 4.4 0.79 5.
Combined 0.91 3.9 0.79 5.€

Table 4-1 shows summary PLS statistics for thetspgmopic analysis. The PLS
model generated on only the VIS spectra generaetbtvest SEP. This suggests that the
NIR spectrum was being influenced by other chentbahges. The addition of this
additional information further complicated the mbaled led to a lower SEP. While TVB-N
changes should be able to be detected in the NéBtrgpn because it is a chemical change,
there are also a lot number of other chemical ceagcurring at the same time. This can

make it much more difficult for the desired resporariable to be modeled.
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Figure 4-6 shows the predicted vs. measured v&tuésV/B-N using the VIS spectral
data. An excellent correlation can be seen indiver TVB-N values. But it falls off as the
measured TVB-N values increase.

Nilsen and Esaiassen (2005) examined the corralatbtween spectra and sensory
scores in cod meat. It was found that only usimgg\(IS region yielded better results than
using either the NIR or total VIS/NIR spectrum. tiMboth volatile bases and sensory scores
being used as quality indicators, similar pattennsodel behavior would be expected.

According to the AOAC procedure for measuring vtddbases with an ammonia
specific electrode, there were some cross sen®&@8vi This leads to decreased accuracy for
this testing method. The AOAC reported reproduitypstandard deviations (RSDR) ranged
from 8.8 to 21%. These values were higher thamahge of the SEPs presented. This leads
to the conclusion that both technologies can ptéldiB-N levels in crab meat with at least
the same level of accuracy as that of TVB-N meanargs recorded by an ion specific
electrode.

These two technologies examine meat samples indifeyent ways. While the e-
nose measures headspace gases, VIS/NIR measurareatsface measurements. Both
have advantages and disadvantages. Utilizingrazse-to measure headspace gases is a
benefit in that a large sample can be analyzedi@t.df you have a sample in a cup, NIR can
only measure the surface of the cup sample. Honwvéwe e-nose can detect a volatile in a
sample no matter where the volatile is being cokatéa volatile is released into the
atmosphere, whether on the surface or interndarsample, the e-nose will detect it. This

could allow for monitoring of large quantities okat without requiring sampling of each
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container. The disadvantage is that off gases ft@mimeat need to be collected.
Measurements in a sealed container are not possible

VIS/NIR measurements have the advantage that teye obtained through a
transparent surface. With a properly designedatoat, measurements could be taken
throughout the life of the product without unseglin The disadvantage of this method is
that only the surface of the sample is examinéthel meat sample quality is not uniform

then the measurements will not give a proper quaddication.

4.6 CONCLUSION

These experiments show that both e-nose and VISgN#etroscopy can predict
volatile bases in blue crab claw meat. Both tetdgies were adequate for the rapid
estimation of TVB-N. The SEPs that were generateck along in the same order of
magnitude as that of the calibration measurementss suggests that both the e-nose and
VIS/NIR data can be used to detect more than joisitle bases. Both of these sensing
technologies can detect many different chemic@tss would be useful in modeling more

complex problems, such as that of storage time lwhayve many overlapping mechanisms.
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5. STORAGE TIME PREDICTION OF BLUE CRAB LumMP AND CLAW MEAT USING
ELECTRONIC NOSE AND VISIBLE /NEAR-I NFRARED SPECTROSCOPY

T. H. Dodd and S. A. Hale

51 ABSTRACT

This study examined the ability of an electronis@e-nose) and visible/near-
infrared spectroscopy (VIS/NIR) to predict stordigee in Atlantic blue crab meat. Both
claw and lump meat were examined. The meat wasdstm ice and sampled throughout the
spoilage period of 14 days. Using an e-nose imagt storage time, a standard error of
prediction of 2.48 and 2.77 days were obtainedfaw and lump meat respectively.
VIS/NIR spectroscopy was then used to produce &raayus model for predicting the
storage time of the crab meat. Overall standanat®of prediction of 1.31 days and 1.11

days were obtained for claw and lump meat respagtiv

5.2 INTRODUCTION

Food safety has always been at the forefront ofipabncern. People in general are
becoming more interested in the quality of the feadply and have begun placing more
importance on food safety. Safety and quality relweays been linked. An unsafe product
would be considered of low quality, although a lguality product could be absolutely safe.

One constant in most food products is that qudlteriorates over time.
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Food quality measurements have often been likemsdrisory scores and chemical
analysis. In most cases, storage time is usedjaaldy indicator. This is seen in the use of
expiration dates found on most packaged foodsiadlie US. Expiration dates give the
consumer a clear indicator by which to tell thé@d may no longer be safe for
consumption. The US, through the FDA, has placpdrticular emphasis on traceability of
food products, so that a food can be traced fratithe it is produced to when it enters the
market and is finally sold.

The FDA has implemented hazard analysis and dritmatrol point (HACCP)
regulations in an effort to address consumer carscand ensure that food sold to consumers
is safe. According to HACCP regulations “All ravatarials and products should be lot-
coded and a recall system in place so that ragiccamplete traces and recalls can be done
when a product retrieval is necessary.” (FDA 20B6BACCP tries to establish guidelines by
which records can be independently verified. Ingrsmow currently use sensory
perception or destructive chemical analysis tddryerify the accuracy of these records.
Both of these techniques have major drawbackss@gmerception has the disadvantage of
being subjective if not done by a trained individolmpanel and chemical testing requires
that some of the product be destroyed. A quickadbje measurement could be of major
benefit in ensuring a better quality product.

Because quality can be subjective, sensory panelssed to try to remove this
variation. In this process, a panel of consumessgally trained in how to score specific traits
of the product, rates a product using a standalé scThe most common attributes used are
appearance, aroma, taste and texture. Sensomssdtave been measured over time in a

variety of fishery products. The general trend tdecrease in quality over time.
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Crab meat has been shown to have an almost lieeaga@se in sensory score over
time (Chen 1996). While using human senses haadbhantage of being able to consider a
large variation of factors, it necessarily has taions due to the scale of effort that is
required to perform a sensory panel analysis @ngelnumber of samples. The two senses
most frequently used to determine product quatioth by sensory panels and the consumer,
are sight and smell.

Many studies have linked sensory panel scoreswaitious chemical indicators.

Odor evaluation has been correlated to TVB-N in Mdhhi (Antoine, et. al. 2002), and
used as a quality indicator. While odor is notahé/ sense that the consumer uses to
evaluate products, it is one that is commonly usdddicate spoilage. FDA uses odor to
evaluate products. It is listed in “The Safe Fodwh’ for meat, poultry, and seafood as one
of the main ways to detect the freshness of seaféadsuch, odor is also used by FDA
inspectors as a quality indicator.

The sense of sight is also used to determine fe=shnwith color being a major
component of quality in crab meat. One common nreasuhe lightness (L), red-green (a),
and yellow-blue (b) values. In general, the lighte color of the lump meat, the greater
quality the consumer attributes to the meat. Oshadlies have shown that spectroscopy can
be used to estimate various chemical parameter@bmeat (Requena, 1998).

While chemical indicators provide very repeatahbid guantifiable results, this type
of testing is normally destructive, time consumiagg expensive. The process of testing for
chemical indicators also varies widely from prodiacproduct. This limits the practical use

of chemical indicators as a quality indicator.
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One thing that remains almost certain for any fpoatiuct is that quality decreases
over time. In order to better estimate food gyahtan objective manner, alternative sensing
technologies, such as e-noses and VIS/NIR specipgsare being explored. These use the
same data sources as the human senses of smelbahdespectively, but with additional
information and repeatability not found in indivals or sensory panels. For example, the
NIR region of the electrometric spectrum is notedlol be detected by the human eye.

E-noses have been used to study a variety of fomdupts. One of these has been
the examination of fish spoilage (Krzymien and &lid990; Ohashi et al., 1991,Egashira, et
al., 1990; Olafsson et al., 1992). Natale etl96) used four quartz microbalance sensors
and PCA analysis to examine freshness loss inittetsf The sensors measured the mass
change as the odorants in the air were absorbedtlosit surfaces. While the resulting data
were found to have some differences, PCA was riettalprovide separation at all time
points. Implementation of neural networks resuited continuous curve that corresponded
to decay time. Schweizer-Berberich et al. (1994) alnalyzed the freshness of fish using
eight different amperometric, three-electrode, ggEssors. By using PCA on the data, general
trends were observed but were not quantified.

Focusing more on specific chemicals indicatorsdiss been attempted using e-
noses. Total volatile bases (TVB) in fishmealduats were examined using an e-nose and
comparing these values to gas chromatograph (Glajg@ttir, et. al., 2000). It was found
that gas sensors could predict TVB in the headspboee the product, with data combing
yielding better results. The lowest RMSEP cal@dawas 7.6 mgN/100g of fish. Doed

al. (2004) showed that e-noses have the ability tesiflaslapia by spoilage time. In this
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study tilapia was allowed to decay at room tempeesdind e-nose measurements were able
to classify the response time of 3-hour time sedmeith an accuracy of 83%.

VIS/NIR spectral analysis has also been used tm&waa wide variety of products.
It has been successfully used to analyze everytinomg pharmaceuticals to food products to
agricultural measurements. A review of applicatiand techniques can be found in Blancho
and Villarraya (2002) and Pasquiuni (2003). dslalso been used in a variety of fishery
product quality evaluations. Downey (1996) usezlNtR spectra (700-1100 nm range) to
determine the oil and moisture content of salmGorresponding SEPs calculated were all
under 2.5%. Zhang and Lee (1997) also used NIRtsyz=0opy to determine the free fatty
acid level in fish oil. First derivative NIR speztwere used to predict FFA and
hypoxanthine (Hx) changes in the fish meat. Atredeerror of less than 10% was seen in all
cases. Nilsen and Esaiassen (2005) examined thedatmn between spectra in cod meat
sensory scores. It was shown that the visibleoregrovided the greatest correlation with
Quality Index Method (QIM) scores. Adding the Ni&ion decreased the performance with

the NIR region alone yielding the worst correlation

5.3 RESEARCH OBJECTIVE

The objective of this research is to predict tloeagie time of Blue Crab lump and

claw meat using e-nose and VIS/NIR measurements.
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54 M ATERIALS AND METHODS

The experimental design used in this study wasseeMio model the storage
conditions used in the seafood industry for Atlatliue crab lump and claw meat. The
typical industry standard is to process crabs ame she meat on ice for a maximum of 14

days.

5.4.1. Sample Preparation

Atlantic blue crab meat was obtained from a Nor#éndlina crab processor. Three
one-pound containers of claw meat and three onegboantainers of lump meat were
obtained. The meat was originally packaged undemaercial conditions, then repackaged,
in vacuum sealed bags and stored at -80°C. Rrianalysis, one pound of meat was allowed
to thaw in a 4°C refrigeratavernight. Once thawed, it was separated into &sripr e-
nose analysis and VIS/NIR analysis. This procesas repeated for the three different
pounds of crab meat. Each pound of meat was depardao 3 VIS/NIR samples and 7 e-
nose samples. This yields a total of 9 VIS/NIR sk®pnd 21 e-nose samples for each

pound of claw and lump meat.

5.4.2. E-nose sampling

Five (5) grams of meat were sealed in polyethyleengs and then stored on ice until
sampling was to be performed. One sample was redfvem ice every other day for

measurement. On the day of analysis, samples wereved from storage and placed in the
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e-nose sampling chamber where headspace gassepullecethrough a sensing chamber.
The sampling chamber consisted of a Nalgene bahthbeen modified to allow for
headspace sampling at its top. E-nose samplingpesisrmed as reported in Dodd al.
(2004) on a custom e-nose with 15 commerciallylafée tin metal oxide sensors. The
sensors were mounted in a small sensing chambeheadspace and reference gases were
pulled through the chamber with a vacuum pump. Sdrapling procedure involved washing
the sensors with a 3% butanol solution for 30 sds@rior to exposure to a baseline gas of
dehumidified and deodorized air for 120 secondsaddpace gasses above the e-nose
sample were then pulled through the sample chafob&0 seconds with sensor voltage
measurements being recorded every second. Muhgaespace samples were taken in
succession on a single meat sample. This gave dadaeon a single sample, countering
sensor inaccuracies and meat variability.

Recorded data were pre-processed using a customigagdl AB program. This
began with a compression phase in which the nuimfo@easurements per sensor per sample
was reduced from 60 to 4. Because both the traingrehthe steady-state portions of each
sensor's response contained useful informationdevired time slicing was used (Gutierrez-
Osuna and Nagel, 1999). This was done by multiglyive transient response by four
smooth, bell-shaped window functions (Figure 5Bl).using this technique, information
about the dynamic characteristics of the resporesecaptured. The width, shape, and center

of the windowing function(ts), were defined by the parameteysb;, andc;, respectively:

Equation 5-1

i N
W' = R(t)K;(tx)Dt
k=1
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Equation 5-2
1

Ki (t) =—2b|
1+ &G
g
where
R(ty) = a sensor's response at tige
Dt = time between samples (1 s)
W = area under each curve (the four points to wthielsignal was reduced).

Sensor Response

Time (sec)

—@— Sensor Response — — — —Window 1 ------- Window 2 — - — - —Window 3 —-- —- Window 4

Figure 5-1:Bell-shaped sections used for windowedhe slicing

5.4.3. VIS/NIR Data collection

For the VIS/NIR samples, 150 grams of meat wasesidal polyethylene bags and

stored on ice. Once a day the samples were remegadned and returned to ice storage.
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They were scanned using a monochromator spectro®Systems 6500, Perstorp
Analytical, Silver springs, MD). Three spectrarfrd00 to 2498 nm in 2 nm increments

were recorded each day. Each recorded spectrastamhsf an average of 32 scans.

5.4.4. Data Analysis

Similar data analysis techniques were used on éaibse and VIS/NIR datasets.
Data were imported into the Unscrambler version(@AMO software inc, OR) for analysis.
Principal Component Regression (PCA) was first usetktermine any underlying trends.
PC scores were plotted to examine what factors wnerenajor contributors to the first PCs.

Continuous models were generated using PartialtlSspsares (PLS). In order to
limit over fitting, the maximum number of componenised in the model set at 8. Full cross
validation was used in order to generate a morastoimodel while still examining its ability
to determine storage time in unseen examples. Mmormance was evaluated usiAG,r
SEC, fP and SEP, where C stands for calibration andrRistior prediction.

For pretreatments on VIS/NIR spectra, samples weeeaged to better control
random noise effects. The effect of pretreatm@mzoint smoothing, first and second
derivatives) on the model were then explored. Ridslels were generated for visible only,

NIR only, and total VIS/NIR spectra.
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55 RESULTS AND DISCUSSION

5.5.1. E-nose

In order to first examine the largest factors ia tollected e-nose data, PCA was first
performed. Since PCA is an unsupervised technitpgegraph of the samples should be the
same for all variables. Figure 5-2 shows the fisgt principal components labeled by meat

sample.

Enose PCA analysis
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Figure 5-2: PCA scores for claw meat from e-nose tia

The data are grouped according to meat sample sliggests that the majority of

the variability detected by the e-nose results fbfierences between the 3 meat samples.
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Since an unsupervised method did not include thiavia of interest, a supervised method
should generate a more precise model. This waddae the effect of differences seen
between the meat samples.

Multivariate analysis was performed and a model ggserated to predict the storage
time of the meat samples from the e-nose dataul®eme shown in table 5-1, which

summarizes the model performance.

Table 5-1: Summary E-nose Statistics for Storage e

Sample fC SEC fP SEP
Claw 0.841 2.233 0.801 2.484
lump 0.767 2.488 0.709 2.744

It can be seen from Table 5-1 that the electrongerwas able to determine aging storage
time trends in both claw meat and lump meat. Bathe able to be modeled to an SEP of
under 3 days, indicating that an unknown sample beaglassified to within 3 days. While a
more accurate method would be preferred, the peegnce of the analysis shows that
variations in the storage time could be monitorsich@i the e-nose technology. This
correlation should not be surprising since stotage is linked to sensory scores and aroma
is one of the criteria used in calculating thesres.

It can also be noted that the claw meat was albe tmodeled slightly better than the
lump meat could be modeled. During the experimantait was observed that claw meat
had a much stronger odor than lump meat. Since-ti@se is monitoring odor, differences

in strong odors should be more distinguishable thase of less dilute odors.
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5.5.2. VIS/NIR

Representative spectra of both claw and lump Atdilue crab meat are shown
in Figure 5-3. Each spectrum is comprised of diemare or Log (1/Reflectance) vs.
Wavelength in the visible (400-720 nm) and NIR (2800 nm). Claw meat is seen as
having a higher absorbance value in the visibleoreghis is expected because of its darker

coloration.

25

15

Absorbance

0.5

0 500 1000 1500 2000 2500 3000
Wavelength

Figure 5-3:Representative Initial Spectra of Claw ad Lump Meat

For data pretreatments, choosing the smoothinglandatives gaps is critical for the
analysis to be successful. If too wide of a gaghissen then the peaks can be shifted, too
small and the noise takes over and no real dathegteaned from the data (McClure,

1993). For the current experiment a smoothingayeof 15 wavelengths was used.
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Pretreatments performed on the data are showrgurdé-b-4. This Figure shows a

representative sample of lump meat in smoothedrbasoe, first and second derivatives.
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Figure 5-4: Effect of first and second derivative ba representative spectra

Table 5-2: Summary Statistics for VIS/NIR Spectrosopy

Calibration Prediction
VIS Only r° C SEC P SEP
Claw 0.938  1.447 0.911 1.730
Lump 0.960 1.208 0.948 1.360
NIR only
Claw 0.956  1.229 0.931 1.518
Lump 0.925 1.626 0.870 2.125
VIS/NIR combined
Claw 0.969 1.026 0.950 1.307
Lump 0.981 0.825 0.966 1.109
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Table 5-2 shows the model performance for VIS/Nd@ctroscopy. Focusing on the
VIS section of the spectra shows that both clawlang meat go through changes in the
visible spectra that can be modeled. It has bhewss that visible spectra can be linked to
sensory scores in cod (Nilsen and Esaiassen, 200%)e the Nilsen paper states that
sensory scores were not directly correlated wittetand that this relationship was not linear,
a graph in the paper shows a near linear regiasuth, a direct relation between time and
sensory scores should be applicable for most o$tibrmge period. Since sensory panels use
color (sight) as one of the criteria for the segsmore, the fact that the VIS spectra
correlated well with sensory scores is not surpgsiSince consumer opinion plays such a
large role in what is defined as good quality, gdime part of the spectrum that is accessible
to the consumer should provide a good correlation.

Lump meat showed slightly lower SEP than claw méatmp meat is much lighter
than claw meat and this allows for a greater degf@hange to be observed. Also maillard
reactions are in the brown region that are alresadyrated in the claw meat and therefore can
not be detected as easily as in lump meat.

Examining the NIR spectra should produce more cbalhgiata than examining the
visible spectra alone. The NIR portion of Tabl2 Shows that claw meat was modeled to an
SEP of approximately 1.5 days and lump meat waseteddo an SEP of about 2 days. This
tends to the conclusion that both samples are gbmgigh significant chemical changes.

Claw meat showed a better SEP than lump meat, tissn§yIR data. While lump
meat goes through more changes in the visible negiaw meat goes through more

chemical changes that can be seen in changesNiiRtspectra. Considering that claw meat

89



has a much stronger odor and taste than lump mesityould suggest that there are more
extensive changes occurring to its chemical malesubthese changes are being detected by
the NIR data. This also agrees with the fact theatv meat was more easily modeled by the

e-nose that examines off-gas (chemical) changgsimeat samples.
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Figure 5-5: Predicted vs. Measured values for Clawneat using VIS/NIR spectra
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Figure 5-6: Predicted vs. Measured values for Lumpneat using VIS/NIR spectra

By combining the visible and near-infrared regiofghe spectra, more information
can be obtained and modeled, which allows for nacreirate modeling of the decay process.
This can be seen by the VIS/NIR combined sectiohatfle 5-2. Both claw meat and lump
meat showed an improvement in SEP of approx 0.8.da&his value is small but not
insignificant. This shows that combining the Yisiand NIR spectra allowed a more
complete model to be generated. Figure 5-5 shbevetbdel performance for claw meat for
both calibration and prediction sets. Both grosipsw a good correlation with very little

bias. Figure 5-6 shows similar model performamedifmp meat.
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Figure 5-7: Regression Coefficients for VIS/NIR modl

Figure 5-7 shows the loadings of the model gendnaséng the total spectra recorded.
It can be seen that there are contributions matieetanodel by both the Visible and NIR
areas of the spectra. This would lead to the csimh that both sections of spectra are
needed in order to accurately predict storage time.

By using instrumentation to quantify two of therpary senses (smell and sight) used
by humans to evaluate food quality, this study ®alale to show that e-nose and VIS/NIR
technologies were able to predict degradationai ecneat over storage time. The physics
behind sight are much better understood that ttiegemake up smell. As such VIS/NIR
technologies tend to be more mature than thosenokes. This agrees with the finding of
this research that VIS/NIR was able to better mtestorage time in crab meat than the e-

nose. With increases in the understanding of aramaawith e-nose technologies making
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continuous improvements, it is believed that tHee@ble results with e-noses should

increase rapidly.

5.6 CONCLUSION

E-nose and VIS/NIR spectroscopy was used to evaktatage time in both claw and
lump crab meat of Atlantic blue crab. This metHody takes the approach of examining the
overall storage time rather than specific ‘freslshewdicators. For a technology assessment
this approach gives a very cost effective, fastantle approximation of QIM.

While the e-nose shows promise for a quick nonacnnethod of determining a
rough estimate of if a sample is spoiled, the tetdgy still needs refinement in order to be
useful in rapid storage time prediction. While@sa technology was able to model general
trends, VIS/NIR was able to model these trends Vaitlgreater accuracy. E-nose
technologies have the disadvantage of having t@etxheadspace from a sample that
VIS/NIR technology does not have. The VIS/NIR gsa that is developed in this paper

can produce a model that can predict the storage of crab meat to within 1.5 days.
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