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1 Wprowadzenie

1.1 Zapach i jego cechy

Zapach jest zlozona mieszanina lotnych zwiazkéw chemicznych obecnych w powietrzu,
ktéry wystepuje w stezeniu mogacym by¢ wykrytym za pomoca zmystu wechu [1]. Mo-
ze on skladaé sie z pojedynczego zwiazku chemicznego lub kilku skladnikéw [2]. Jednak
zapachy, z ktorymi mamy stycznos$¢ na co dzien, w wiekszosci przypadkéw zlozone sa z
setek réznych sktadnikéw, ktore przyczyniaja sie do unikalnych cech i wlasciwosci danego
zapachu. Nawet niewielkie zmiany iloéci zwiazkéw chemicznych w mieszaninie moga by¢
rozpoznawane przez ludzki nos, jednak nalezy pamietacé, ze jest to cecha osobnicza.
Zwiazki zapachowe, to zwiazki nieorganiczne (takie jak amoniak, siarkowodér, tlenki
azotu i siarki) lub substancje organiczne, zbudowane glownie ze zwiazkéw alifatycznych,
aromatycznych czy acyklicznych. Ich zapach zalezy od budowy tancucha weglowodoru,
obecnosci pierscienia, wystepowania wiazan nienasyconych czy heteroatoméw. Najwiekszy
wplyw na zapach ma wystepowanie w czasteczce grup funkcyjnych, tzw. grup osmoforo-
wych (Rysunek 1). Sa to grupy atoméw w czasteczce zwiazku chemicznego, ktére decyduja
o progu wyczuwalnosci zapachowej. Odpowiadaja one rowniez za jako$¢ hedoniczna odczu-
wanego zapachu: w skladnikach zapachéw przyjemnych mozna m.in. znalezé grupy hydrok-
sylowe, eterowe, aldehydowe, estrowe, natomiast w nieprzyjemnych zapachach dominuja

grupy: tiolowa (merkaptanowa), tioeterowa, tioformylowa, tiokarbonylowa i aminowa [3].

ALKOHOLE ZWIAZKI SIARKI
R-OH R-SH
\ R-S.R R-5-8-R
GRUPY
AMINY &= | ~smoForowe | — ESTRY
R-NH, o
/ l \ R-C-O-R
HETEROCYKLINCZNE
ZWIAZKI KWASY ALDEHYDY
AROMATYCZNE ORGANICZNE | KETONY
0

A9\ NN SN i
aE N A R-C-O-H R-C-H R-C-R

Rysunek 1: Grupy osmoforowe.

Na przestrzeni lat wielu badaczy probowato zrozumieé co wpltywa na rozpoznawanie
zapachow, opierajac sie na charakterystycznych strukturach i stereochemicznych wtasci-
wosciach zwiazkéw zapachowych. Teoriami, ktére zyskaly uznanie w nauce byla teoria
stereochemiczna Amoore’a oraz wibracyjna teoria Wrighta (i jej p6Zniejsze rozwiniecie
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zwane teorig Turina [4]).

W 1952 roku badania Johna Earnesta Amoore’a doprowadzily do zaproponowa-
nia stereochemicznej teorii percepcji zapachu [5]. Amoore poprzez przeglad literaturowy,
poszukiwal informacji o zapachu réznych zwiazkéw chemicznych. W kolejnym kroku okre-
§lal podobiefistwo stereochemiczne struktury czasteczek, ktoérych zapach byl okreslany
tak samo. W wyniku swoich badan wyodrebnil 7 zapachéw podstawowych: kamforowy,
pizmowy, kwiatowy, mietowy, eteryczny, ostry i gnilny. Stwierdzil takze, ze kazdemu za-
pachowi podstawowemu odpowiada komplementarny receptor wechowy. Amoore uznat,
ze charakterystyczna cechg siedmiu réznych chemoreceptoréw wechowych jest istnienie
»gniazd molekularnych”, ktérych ksztalt i wielkos¢ odpowiadaja ksztattom i wymiarom
czasteczek odorantéw [6, 7).

Badania Roberta Wrighta dotyczyly wibracyjnej teorii percepcji zapachu, czyli po-
wiazania wlasciwosci zapachowych od drgan czasteczek w zakresie liczb falowych 50-500
em™1 (widmo wibracyjne). Taki zakres liczby falowej uwazany byl za tzw. czestodci
osmiczne”. Wedhug teorii Wrighta rozpoznawanie zapachéw odbywa sie za pomoca komo-
rek receptorowych, zawierajacych pigment znajdujacy sie w metastabilnym stanie wzbu-
dzonym. Oddzialywania drgan wibracyjnych czasteczki zwiazku zapachowego z pigmen-
tem powoduja drgania rezonansowe, dzigki czemu nastepuje przejécie pigmentu do stanu
podstawowego. Wéwczas blona komérkowa jest depolaryzowana, a do mézgu wysytany
jest impuls nerwowy [8]. Wright w swoich artykulach postulowal wystepowanie okoto 20
rodzajow pigmentéw w nablonku wechowym. Sa one odpowiedzialne za istnienie ok. 20
zapachow podstawowych, analogicznych do trzech podstawowych barw.

W latach 90. XX wieku Luca Turin znaczaco rozwinat koncepcje Wrighta. Wskazal
teoretyczne oraz biofizyczne podstawy odbierania wibracji czasteczek przez receptory we-
chowe, twierdzac przy tym, ze mieszanine o zapachu dowolnego wzorca mozna sporzadzaé
na podstawie katalogow widm IR tak, aby widma IR mieszaniny i wzorca byty jedna-
kowe [4]. Turin rozpoczal badania naukowe od préb rozwiazania problemu intensywnego
zapachu zwiazkéw o bardzo maltych czasteczkach w stosunku do czasteczek biatek recepto-
rowych. Zachowania takich uktadéw receptor—odorant nie objasnia stereochemiczna teoria
Amoore’a. Turin zatozyl, Ze intensywny i bardzo charakterystyczny zapach siarkowodoru
jest zwiazany z obecnoécia w czasteczce rzadko spotykanych drgan o liczbie falowej 2500
em ™. Taka sama liczba falowa wystepuje réwniez w widmie borowodoréw. Poprzez swoje
badania potwierdzil, ze zapach dekaboranu (BjgH14) przypomina zapach zepsutych jaj,
mimo ze ksztalt jego czasteczki nie jest podobny do ksztaltu czasteczki siarkowodoru.

Turin postulowal rowniez, ze miedzy dwoma fragmentami biatkowego receptora elek-
trony moga przeplywaé tylko wtedy, kiedy znajdzie si¢ miedzy nimi czasteczka odoranta,
o odpowiedniej czestotliwosci oscylacji. Takie podejécie przedstawialo zmyst wechu jako
spektroskop, wzorowany na zalozeniach skaningowej spektroskopii tunelowej. Tunelowanie
elektronu w receptorze wechowym powoduje zmianeg jego stanu i w konsekwencji pobudze-
nie neuronu. Turin potwierdzil swoja teorie na przykladzie karwonu, w ktérym poprzez

uzupelnienie widma oscylacyjnego (-)-karwonu o drgania grupy ketonowej uzyskal charak-
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terystyczny, kminkowy zapach (+)-karwonu.

Przeciw teorii stereochemicznej i wibracyjnej przemawiaja wyniki doswiadczen in-
nych badaczy, np. K. Buijsa [9], ktéry w swojej pracy dowodzi o braku korelacji miedzy
zapachem a widmem oscylacyjnym czasteczek. Nalezy rowniez zauwazyc¢, ze izotopowe
wymiany atoméw w czasteczkach odorantéw nie powoduja zmian zapachu, mimo ze wpty-
waja na czestosci drgan czasteczki. Ponadto proponowana hipoteza nie pozwala wyjasnié¢
roznic miedzy zapachem enancjomeréw, ktére maja identyczne widma rotacyjne i oscyla-
cyjne (np. rézne enancjomery linalolu posiadaja rézne zapachy: jeden ma zapach stodki,
kwiatowy, drugi natomiast posiada zapach drewna).

Badania i rozwdj biologii molekularnej i genetyki pozwolity zrozumieé¢ proces we-
chowy u ludzi. W 1991 roku Linda Buck i Richard Axel przedstawili w jaki sposéb nos
czlowieka rozpoznaje, a jego moézg zapamietuje okolo 10 tysiecy réznych zapachéw [10].
W swoim przelomowym artykule przedstawili kod setek genéw dla receptorow wechowych
zlokalizowanych w ludzkich nosach. Kazdy receptor jest bialkiem, ktére zmienia sie, gdy
czasteczka odoranta taczy sie receptorem, powodujac wystanie sygnatu elektrycznego do
mozgu. Réznice w budowie receptoréow oznaczaja, ze okreslone zapachy powoduja uwolnie-
nie sygnalu tylko z okre$lonego receptora. Specyficzne zapachy rozpoznajemy poprzez wzor
pobudzenia okre$lonych receptoréw. Aby potwierdzié to zalozenie, Buck i Axel sklonowali
receptory wechowe, pokazujac, ze naleza one do rodziny receptoréw sprzezonych z biatkiem
G. Analizujac szczurze DNA, oszacowali, ze istnieje okoto 1000 réznych genéw receptoréw
wechowych w genomie ssakow. Badania te otworzyly drzwi do genetycznej i molekularnej
analizy mechanizméw wechu. Buck i Axel wykazali réwniez, ze kazdy neuron receptora we-
chowego w znaczacy sposéb pobudza tylko jeden rodzaj bialtka receptora wechowego i ze
dane wejsciowe ze wszystkich neuronéw wyrazajacych ten sam receptor sg zbierane przez
pojedynczy dedykowany klebuszek opuszki wechowej. W 2004 roku naukowcy otrzymali
Nagrode Nobla za swoje osiagniecia w badaniach nad receptorami wechowymi i ukladem
wechowym.

Zapach, ktory jest wrazeniem zmystowym jest stosunkowo trudny do opisu jakoscio-
wego ilodciowego. W badaniach nad zwiazkami odorowymi oraz w prébach zmierzajacych
do opisu wrazenia zapachowego okreslane sa zazwyczaj cztery podstawowe cechy zapachu:
prog wyczuwalnosci zapachowej, stezenie zapachowe, intensywno$¢ zapachu i jakos¢ hedo-
niczna.

Za prég wyczuwalno$ci zapachowej pojedynczej substancji (cor, cpw z) uwazamy ta-
kie stezenie odoranta, ktére wywoluje wrazenie wechowe u polowy ogétu oséb poddanych
oddzialywaniu danego odoranta. Prog wyczuwalnosci, ktéorym mozemy sie postugiwaé, po-
wszechnie musi by¢ zatem wartodcia usredniona, reprezentatywna dla danej populacji. Z
tego powodu, jezeli jest to mozliwe, zaleca si¢ podawanie zakresu progu wyczuwalnosci
zapachowej dla danej substancji. Przykladowe wlasciwosci wybranych zwiazkéw zapacho-
wych wraz z ich wartoéciami progéw wyczuwalnosci zapachowej przestawiono w Tabeli
2.
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Tabela 2: Przyktady zwiazkéw odorowych.

Zwiazek  che- Grupa zwigzkow Rodzaj zapachu Prég wyczuwalnosci

miczny zapachowej [ppm
v/v]

aceton ketony ostry 0,4 -42

amoniak nieorganiczne ostry 46,8

formaldehyd aldehydy podobny do siana 1,0

trietyloamina aminy rybi 0,0054 — 0,37

siarczek dime- siarczki zgnity 0,0001 - 0,5

tylu

styren zwiazki aromatyczne  nieprzyjemny 0,035 — 0,047

metanol alkohole stodki 100,0

toluen zwiazki aromatyczne  przyjemny, inten- 0,021 — 2,8

sywny

siarkowodér nieorganiczne zgnile jaja 0,0047

a-pinen terpeny le$ny 0,0029 - 0,9

cykloheksan alkany charakterystyczny 0,41 - 25

benzen zwiazki aromatyczne  rozpuszczalnikowy 4,68

dimetyloamina  aminy rybi 0,047

kwas mastowy kwasy organiczne kwasny 0,001

fenol fenole szpitalny 0,047

trimetyloamina  aminy rybi 0,00021

Znajac prég wyczuwalnosci zapachowej oraz stezenie substancji w badanej prébce
mozliwe jest okreslenie jego stezenia zapachowego (c.q), ktore dla pojedynczych substancji
definiowane jest jako iloraz stezenia odoranta (c) przez warto$é jego progu wyczuwalnosci
zapachowej (cor):

- _c 1)
= cor (

W przypadku mieszanin korzystanie ze wzoru (1) nie jest mozliwe, ze wzgledu na
brak mozliwosci okreslenia warto$é progu wyczuwalnosci zapachowej dla mieszaniny. W
tym przypadku stezenie zapachowej okresla sie jako krotnos¢ rozcienczenia badanej probki
bezwonnym powietrzem potrzebna do osiagniecia progu wyczuwalnosci zapachowej przez

osoby oceniajace zapach:
_ Vot Vi

Cod =
Vor

gdzie: V}, — objeto$é probki, V,,, — objetodé powietrza rozcienczajacego.

(2)

Jednostka stezenia zapachowego sa jednostki zapachowe (ang. odour units) w me-
trze sze$ciennym [ou/m3]. Odniesienie wartosci jednostek zapachowych do jednego metra
szesciennego jest zabiegiem czysto formalnym, umozliwiajacym docelowo obliczania stru-
mienia emisji zapachu z danego emitora.

Norma PN-EN 13725:2007 ,Jako$¢ powietrza - Oznaczanie stezenia zapachowego
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metoda olfaktometrii dynamicznej” [11] wprowadza réwniez pojecie europejskiej jednostki
zapachowej w metrze szesciennym [oug/m?]. Definiowana jest ona jako takie stezenie odo-
ranta lub mieszaniny odorantéw, ktore odpowiada zespolowemu progowi wyczuwalnosci
zapachu, natomiast stezenie zapachowe coq [oug/m3] jest wielokrotno$cia progu. Mierzy
sie je okreslajac stopien rozcienczenia prébki (Z), konieczny dla jego osiagniecia. Do roz-
cienczania badanych prébek wykorzystuje sie olfaktometry dynamiczne. Osiagniecie progu
wyczuwalnos$ci (prawdopodobienstwo wyczucia zapachu wynoszace 50%, czyli rozciencze-
nie Zsoy) jest stwierdzane przez ,zesp6l” (nie mniej niz 4 osoby). Czlonkowie zespolu
musza spelniaé kryteria sprawnosci sensorycznej, ktore sa okreslone w normie [11]. Okre-
$lono w niej réwniez, ze jednej jednostce zapachowej odpowiada masa 123 ug n-butanolu
w 1 m3 powietrza, uznanego za zwiazek odniesienia (1 EROM-European Reference Odour
Mass).

Intensywnos¢ zapachu jest parametrem, ktéry zalezy od liczby czasteczek substan-
cji zapachowej, ktére kontaktuja sie z receptorami wechowymi, czyli od jej stezenia we
wdychanym powietrzu [12]. Intensywno$é¢ zapachu okreslana jest jako ,sila odczuwania
zapachu”, ktora jest wywolywana przez okreslony bodziec zapachowy. W celu okreslenia
przez ludzi intensywnoéci odczuwanego zapachu stosowane sa najczesciej skale punktowe
werbalne lub skale wzorcéw. Przykladem skali werbalnej moze by¢ 7-stopniowa skala za-
lecana w niemieckich wytycznych VDI 3940 Part 3: Measurement of Odour Impact by
Field Inspection - Determination of Odour Intensity and Hedonic Odour Tone [13], gdzie

warto$é 0 oznacza brak zapachu, a warto$é 6 oznacza skrajnie mocny zapach (Tabela 3).

Tabela 3: Skala intensywnosci zapachowej wedlug VDI 3940.

Wartoéc¢ wg skali Opis

Brak zapachu
Bardzo staby zapach
Staby zapach
Wyrazny zapach
Mocny zapach
Bardzo mocny zapach

SO W N = O

Skrajnie mocny zapach

Jakos¢ hedoniczna zapachu to oddzialywanie odoranta, ktére w nastepstwie oce-
ny danego wrazenia zapachowego zostaje przyporzadkowane wartoéci, ktora miesci sie w
zakresie: od skrajnie przyjemny do krancowo nieprzyjemny. Mozna stwierdzi¢, ze jakosc¢
hedoniczna jest miara przyjemnosci zapachu. W praktyce, okreéla sie ja podobnie jak w
przypadku intensywnoéci zapachowej. Maja tutaj rowniez zastosowanie skale jednowymia-
rowe (werbalne, graficzne czy punktowe). Przyklad takiej skali przedstawiono na Rysunku
2. Wartoséci ujemne skali werbalnej opisuja wrazenia zapachowe nieprzyjemne, wartosci
dodatnie tej skali okreslaja wrazenia przyjemne, natomiast warto$¢ 0 opisuje neutralne

wrazenie zapachowe.
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-4 +4
-3 +3
-2 +2
-1 +1
zapach zapach zapach
nieprzyjemny neutralny przyjemny

Rysunek 2: Przykladowa skala werbalna do oceny jakosci hedonicznej zapachu.

Nalezy jednak podkresli¢, ze w przypadku mieszanin gazowych, ktérych sktadnikami
sa zwiazki odorowe, wystepuje rozbieznos¢ pomiedzy odczuwanym zapachem a zapachem
sumarycznym (bedacym suma zapachéw poszczegblnych skladnikéw) [14]. Rowniez ze-
stawienia wartosci progéw wyczuwalnoéci zapachowej czystych zwiazkéw chemicznych nie
pozwalaja na przewidywanie zapachu ich mieszanin z innymi zwiazkami. Cechy zapachu
nie sg wielkoSciami addytywnymi. Spowodowane jest to wystepowaniem tzw. interakcji
zapachowych - wzajemnym oddzialywaniem czasteczek odorantéw na receptory wechowe
ludzkiego nosa. Wyrdznia sie trzy mechanizmy interakcji zapachowych: synergizm, masko-
wanie oraz neutralizacja zapachow.

Synergizm to wzajemne wzmacnianie oddzialywania dwoch lub wiekszej liczby bodz-
céw, natomiast maskowanie rozumiane jest jako zastepowanie zapachu uciazliwego, zapa-
chem przyjemniejszym. Inaczej méwiac, stosowanie dodatkowej substancji zapachowej po-
woduje, ze zapach jest bardziej akceptowany lub staje sie nierozpoznawalny. W przypadku
neutralizacji méwi sie o efekcie polegajacym na zmianie reakcji pomiedzy receptorami we-
chowymi w jamie nosowej a czasteczkami substancji zapachowej w wyniku czego nastepuje

modyfikacja odczuwanego wrazenia wechowego.

1.2 Modele percepcyjne i psychofizyczne

Badania rodzajéw interakcji zapachowych sa prowadzone od bardzo dawna, jednak do-
tychczas nie doprowadzily do wyjasnienia ogélnego mechanizmu powstawania i opisu tych
zjawisk. Obiektami badan doswiadczalnych sa najczeéciej prébki powietrza zawierajace
zaledwie dwa lub trzy rodzaje odorantéw [15, 16]. Zaleznosciami pomiedzy fizycznymi
bodzcami dziatajacymi na zmysty a odczuciami psychicznymi zajmuje si¢ dziedzina zwa-
na psychofizyka. W przypadku wystepowania interakcji wechowych rozpatruje sie modele
interakcji zapachowej, ktore opisuja zaleznos¢ intensywnosci zapachu powietrza zawiera-

jacego mieszaniny zanieczyszczen od:

e intensywnodci zapachu, ktéry wywolatyby sktadniki mieszaniny, gdyby wystepowaly

pojedynczo (modele percepcyjne),
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o stezen skladnikéw mieszaniny i ich psychofizycznych charakterystyk (modele psy-
chofizyczne).

Zaden z licznych opracowanych modeli nie ma charakteru ogdlnego i zarazem uniwersal-
nego. W przypadku indywidualnych substancji zwigzek miedzy intensywno$cia zapachu a
stezeniem substancji zapachowej mozna opisa¢ w prawem Webera-Fechnera (3) lub Ste-
vensa (4):

OI = kyp - zogCOiT (3)

OI = kg - " (4)

gdzie OI — intensywno$¢ zapachu, kw g, kg, n — empiryczne wartosci stale wyznaczone dla
danej substancji, ¢ — stezenie substancji, cor — prog wyczuwalnosci zapachowe;j.

Percepcyjne modele interakcji wiaza intensywnosé zapachu mieszaniny (Olapg) i jej
skladnikéw wystepujacych pojedynczo (Ol4, OIg). Najbardziej znane réwnanie empi-
ryczne wigzace intensywnosé zapachu mieszaniny dwusktadnikowej z intensywnoscia po-
jedynczych sktadnikow to rownanie Zwaardemakera z 1908, nazywane czesto sumowaniem
wektorowym intensywnosci (5):

012, = OI? + OI} + 2[01,0Iycos(aap)] (5)

Wspolezynnik wystepujacy w réwnaniu - wspolezynnik interakeji () w przyblize-
niu jest staly dla jednej pary sktadnikéw mieszaniny. Badania nad wyznaczeniem tego
wspolczynnika dla zwiazkéw z grupy aldehyddéw, estréw czy weglowodoréw aromatycz-
nych prowadzone wskazuja na jego warto$¢ oscylujaca wokdt 0,1 dla aldehyddéw, 0,2 dla
estréow, 0,3 dla weglowodoréw aromatycznych [17, 18]. Generalnie cosinus wspdlczynnika
interakcji zapachowej miesci sie w zakresie od -0,15 do -0,42. Opracowano kilka innych
modeli percepcyjnych miedzy innymi: model Berglunda, Patte i Lafforta czy model U
[19, 20, 21]. Ich przyklady przedstawiono w Tabeli 4.

Tabela 4: Przyklady modeli percepcyjnych.

Model Autorzy
Ol = \/013 + OIE +2-01,-0OI - cos ag Zwaardemaker
Ol,, = k(OI, + OI) Berglund, Lindvall

Ol,, = \/OI2 + OI} Patte, Laffort

Ol =0I,+OI,+ 2 - cosag - VOI, - OI, | Patte, Laffort (model U)

Model wektorowy
Forma modelu zostala zaproponowana przez Zwaardemakera w 1908 roku 5. Jednak obej-

mowala ona tylko mieszaniny dwuskladnikowe. W 1974 roku Berglund opisal teoretycz-
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nie posta¢ modelu wektorowego dla wiekszej liczby sktadnikéw mieszaniny zapachowe;j.
Réwnanie 6 przedstawia posta¢ modelu wektorowego dla mieszaniny dwuskladnikowej,

natomiast 7 dla mieszaniny tréjsktadnikowe;j.

Olypy = \/OIE +OI2 4+2-0I, - Ol - cos agp (6)

Ol = \/Olg + OIf + OI? + 2[01,01ycos(p) + OIyOI.cos(owe) + O1,01.c08(0tc)]
(7)
Wystepujacy w obu réwnaniach cos agy jest wspdlczynnikiem interakcji miedzy sub-
stancja zapachowa A i substancja zapachowa B. W celu wlasciwego oszacowania wartosci
intensywnos$ci zapachowej konieczne jest eksperymentalne okreslenie wartosci wspotczyn-

nika interakcji z wykorzystaniem wzoru (8):

OI2, — OI% — OI? ®)
2.0I, - OI,

COS Qgp =

Model addytywnos$ci euklidesowej
Model addytywnosci euklidesowej jest szczegblnym przypadkiem modelu wektoro-

wego, w ktorym zaklada sie, ze nie wystepuja wzajemne interakcje miedzy sktadnikami

Ol = 1/OI2 + OI2 9)

W prezentowanych badaniach model ten zazwyczaj stosowano jako model odniesienia

mieszaniny cos agp = 0:

dla wzajemnego poréwnania uzyskanych wynikow.
Model U
Patte i Laffort zaproponowali model U dla mieszanin dwuskladnikowych w 1979

roku. Opiera si¢ on na wzorze (10):

Ol =0I,+0I,+2-cosag - /01, -OI, (10)

Podobnie jak w przypadku modelu wektorowego, wspdlczynnik interakcji nalezy

okresli¢ eksperymentalnie, stosujac nastepujacy wzoér (11):

Ol — 01, — Ol
2-y/0l1, -0l

(11)

CoS Qgp =

Model UPL

Model UPL to modyfikacja modelu U (10) zaproponowana w 1982 r. Przez Lafforta
i Dravnieksa. Modyfikacja obejmuje wspoélczynnik interakcji. W tym przypadku cos aqgp
odzwierciedla wplyw prawa Stevensa okreslony dla pojedynczego skladnika. Pierwszym
krokiem do ustalenia wspélczynnika interakcji w mieszaninie dwuskladnikowej jest okre-

$lenie wspo6lezynnika dla kazdego pojedynczego sktadnika za pomoca wzoru (12):
cosag =21 1 (12)
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gdzie n, — stala empiryczna z réwnania Stevensa dla sktadnika A.
Réwnanie (12) jest $cisle poprawne tylko wtedy, gdy OI, = OI,. W nastepnym kroku
mozliwe jest okreslenie wspo6lezynnika interakeji miedzy skladnikami mieszaniny (13):

Ol, - cosag + Ol - cos ay,
Ol,+ 0Ol

Przedstawione modele w sposéb teoretyczny umozliwiajg okreslenie charakteru inte-

(13)

COS Qgp =

rakcji zapachowej wystepujacej w danej mieszaninie odorantéw. Proste modele percepcyjne
sa stosunkowo ogdlne i bazuja na eksperymentalnym wyznaczeniu wspotczynnikéw inte-
rakcji zapachowych na podstawie badan sensorycznych lub olfaktometrycznych. Z kolei
model psychofizyczny (model UPL) pozwala na obliczenie wspétczynnikéw interakeji z
wykorzystaniem wspélczynnika réwnania Stevensa (ktéry wyznaczany jest dla pojedyn-
czej substancji).

W celu wyznaczenia wspélczynnikéw interakeji wszystkie opisane modele wymaga-
ja zbioru danych eksperymentalnych, ktére opisuja cechy zapachu danej mieszaniny. W
kolejnym podrozdziale przedstawione zostana metody pomiarowe umozliwiajace pomiary

cech zapachu.

1.3 Metody pomiaru zapachu

Olfaktometria dynamiczna

Technika pomiarowa najczeéciej wykorzystywana do oceny prébek gazowych pod
katem intensywnosci zapachowej, jakosci hedonicznej czy stezenia odorantéow jest olfak-
tometria dynamiczna. O popularnosci tej techniki, moze swiadczy¢ to, ze jest najczesciej
proponowana technikg w krajach, ktére podejmuja sie rozwiazywania probleméw zwiaza-
nych z uciazliwoscia zapachowa [22]. Do gléwnych zalet tej techniki mozna zaliczyé znor-
malizowanie pomiaru stezenia substancji/mieszaniny zapachowej. Wprowadzona w Polsce
norma PN-EN 13725:2007 [11] okresla zasady doboru zespolu oceniajacego oraz sposéb
prowadzenia badan: od pobierania, przez rozcieniczanie, pomiar oraz analize uzyskanych
wynikéw. Definiuje ona réwniez jednostke zapachowa (1 oug/m?), ktéra jest réwna iloéci
substancji zapachowej (lub mieszaniny zwiazkéw zapachowych) wprowadzonej do 1 m3
gazu obojetnego (powietrze, azot) tak, aby prawdopodobiefistwo wykrycia zapachu przez
grupe oséb oceniajgcych wynosito 50%.
Analiza sensoryczna

Metody oceny zapachu oparte na analizie sensorycznej nie sa, w przeciwienstwie do
olfaktometrii dynamicznej, metodami znormalizowanymi w Polsce. Jednak za ich stosowa-
niem przemawiaja: niski koszt, prostota oraz szybkosé przeprowadzenia analizy. Pomiary
zapachu przeprowadza si¢ z wykorzystaniem wielu metod. Jedng z nich jest metoda eks-
trapolacyjna polegajaca na sporzadzeniu serii rozcienczen badanych prébek. Wykonuje
sie je w taki sposéb, aby mozna bylo uzyskaé¢ wyrazne réznice intensywnoéci zapachow
wystepujacych po sobie. Wazne jest takze, aby stezenia substancji stanowily ciagi geo-

metryczne. Czesto zalecane jest stosowanie kolejnych rozcienczen dwukrotnych. Metode
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ekstrapolacyjna pomiaru stezen zapachéw mozna zastosowaé prawie w kazdym labora-
torium analitycznym. Nie wymaga ona zakupu drogiego sprzetu analitycznego jakim sa
olfaktometry, a wykonanie doktadnych rozcienczen jest mozliwe metoda statyczng. Po
przygotowaniu serii rozcieniczen zespél oceniajacy ma za zadanie przypisanie subiektyw-
nej liczby wartosci ze skali punktowej do wszystkich probek zaczynajac od tych najbardziej
rozcienczonych do tych o najwyzszych stezeniach. Wazne jest by po kazdym zapachu robié¢
przerwy w celu uzyskania rzetelnych wynikéw. Badanie trzeba powtorzy¢ trzykrotnie w
powtarzalnych warunkach temperatury i wilgotnosci powietrza [23].

W przypadku metody ekstrapolacyjnej oszacowanie stezenia zapachowego polega na
wykorzystaniu prawa Webera-Fechnera (3). Okresla ono zalezno$é¢ pomiedzy fizyczna mia-
ra bodzca (zmyslty bodzeéw $wietlnych, dZzwiekowych, mechanicznych lub cieplnych oraz
zmyslty chemiczne: smak i wech), a reakcja uktadu biologicznego [12]. Korzystajac z te-
go prawa mozna wyznaczy¢ dwa parametry: wspotczynnik Webera-Fechnera oraz prég

wyczuwalnosci zapachowej - cor (Rysunek 3).

Ol N

Q0

[
rd

log cor logc

Rysunek 3: Wykres zaleznosci intensywnosci zapachowej od wielkosci bodZca obrazujacy
prawo Webera-Fechnera.

Dla przygotowanej serii prébek (o stezeniach tworzacych ciag geometryczny) wy-
konuje si¢ pomiary sensoryczne. Nastepnie wyniki pomiaréw przedstawia si¢ na wykresie
intensywnosci zapachu w funkcji logarytmu ze stezenia substancji w prébce. Metoda re-
gresji liniowej wyznacza si¢ parametry: wspélczynnika kierunkowego prostej (ktéry jest
wspOlczynnikiem Webera-Fechnera) oraz punktu przeciecia linii z osia odcietych (ktéry
zgodnie ze wzorem (3) odpowiada wartosci log cor).

Metody oparte o techniki czujnikowe (elektroniczne nosy)
W ostatnich latach obserwuje si¢ znaczny wzrost zainteresowania tematyka wykorzy-

stania sztucznych zmystéw w analityce chemicznej. Szczegdlna pozycje zajmuja urzadzenia,
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majace nasladowaé¢ zmyst wechu - elektroniczne nosy. Sa to instrumenty umozliwiajace ho-
listyczna analize sktadu mieszaniny gazowej, bez rozdzielania jej na poszczegdlne sktadniki
(tak jak ma to miejsce w przypadku metod chromatograficznych). Pod wzgledem budowy
sa to urzadzenia wyposazone w zestaw (matryce) kilku/kilkunastu gazowych czujnikéw
chemicznych oraz w odpowiedni system obliczeniowy poréwnywania otrzymanych wyni-
kéw z wzorcem zdolny do rozpoznawania (identyfikacji) prostych i zlozonych zapachéw.
Taka definicje zaproponowali w 1994 roku Gardner i Bartlett, ktorzy jako pierwsi podjeli
probe zdefiniowania elektronicznego nosa (e-nosa) [24]. Jednak obecnie elektroniczne nosy
nie tylko korzystaja z mozliwosci rozpoznawania wzorca (analiza jako$ciowa), ale réwniez,
dzigki zastosowaniu odpowiednich metod i modeli regresyjnych, daja uzytkownikowi moz-
liwos¢ uzyskania wyniku w postaci iloSciowe;j.

Inspiracja do stworzenia elektronicznych noséw byta che¢ instrumentalnego naslado-
wania ludzkich zmysléw. Z tego powodu budowa e-noséw zostala zainspirowana neurofi-

zjologia zmystu wechu (Rysunek 4).

POBIERANIE KOMORA PRZETWARZANIE ANALIZA
PROBKI POMIAROWA SYGNALOW DANYCH

PAMIEC
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, e WECHOWE WECHOWA
’& | LILIA
I pgﬂ‘igg\%\ PRZETWORNIK METODA |
> POMPKA > >  ANALOGOWO > ANALIZY {—rf
Z MATRYCA -CYFROWY DANYCH
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Rysunek 4: Schemat dzialania elektronicznego nosa wraz z jego naturalnym odpowiedni-

kiem.

Pierwsze préby skonstruowania tego typu urzadzen podjeto w latach 80. XX wie-
ku. Gléwnym zadaniem, stawianym tym urzadzeniom, bylo automatyczne rozréznianie
prébek na podstawie réznic w skladzie ich frakeji lotnej (profilu zapachowym). To zada-
nie determinowalo analityczna przydatnosé opisywanych instrumentéw-byly one gltéwnie
stosowane do szybkiej analizy jakosciowej. Jednak na przestrzeni lat, poprzez stosowanie
nowych, coraz bardziej skomplikowanych metod analizy danych wielowymiarowych oraz
dostepnosci nowych rozwiazan aparaturowych, poczyniono bardzo duzy postep w konstru-

owaniu i zastosowaniu tych urzadzen. Obecnie, na rynku, mozliwy jest zakup komercyj-
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nych elektronicznych noséw, ktére moga byé¢ wykorzystane do zastosowan laboratoryjnych,
badawczo-rozwojowych czy nawet przemystowych. Nalezy réwniez podkresli¢, ze istnieja
odmiany tych urzadzen, w ktérych matryce czujnikéw zastapiono kolumnami chromato-
graficznymi lub bioczujnikami.

Elektroniczne nosy (w ich standardowej konfiguracji) to urzadzenia wyposazone w
systemy: pobierania prébki, detekeji (zestaw kilku/kilkunastu gazowych czujnikéw che-
micznych, tworzacy matryce czujnikéw), przetwarzania sygnaléw i zbierania danych po-
miarowych oraz w odpowiedni system matematyczno-statystyczny umozliwiajacy dyskry-
minacje badanych prébek lub okreslanie parametrow ilosciowych.

Pierwszy modul umozliwia przeptyw prébki do komory pomiarowej. Eliminuje on
wszystkie niepozadane czynniki, mogace wplywaé¢ na odpowiedZ czujnikéw oraz zapew-
nia stabilne i powtarzalne warunki pomiarowe. Stabilnos¢ ta zalezy przede wszystkim od
takich parametrow jak: temperatura i wilgotnosé, ktére powinny by¢ stale kontrolowane,
zaro6wno w komorze probki, jak i w komorze czujnikéw. Ponadto komora prébki musi by¢é
wykonana z materialéw nieadsorbujacych i chemicznie obojetnych, aby zminimalizowaé
tzw. efekt pamieci $cianki. Z tego wzgledu najczesciej wykonuje sie ja z teflonu. Wazne
jest réwniez zapewnienie odpowiedniego przygotowania gazu no$nego, ktorym zazwyczaj
jest powietrze. W przypadku uzywania powietrza sprezonego nalezy zapewni¢ odpowied-
niag redukcje cidnienia oraz zminimalizowaé¢ zawarto$é substancji niepozadanych poprzez
uzywanie filtréw oraz adsorbentéw. Waznym elementem modulu pobierania jest rowniez
rotametr lub inny kontroler przeplywu, ktéry zapewnia stale natezenie przeptywu probki
przez komore pomiarowa.

W kolejnym module, ktéry sktada sie z komory pomiarowej wraz z umieszczony-
mi w niej czujnikami chemicznymi, nastepuje zamiana sygnatlu chemicznego na sygnat
elektryczny (zazwyczaj jest to sygnal analogowy), wytwarzany przez czujniki. Z zalozenia
kazdy z czujnikéw wykazuje rézna selektywnoscé i czutosé na poszczegolne sktadniki probki,
jednak jako caloéé¢ generuja one charakterystyczny obraz chemiczny mieszaniny gazowej
(tzw. ,odcisk palca”) w postaci wielowymiarowego zbioru danych.

Modut trzeci umozliwia przetworzenie i odpowiednie przygotowanie sygnatu do dal-
szej analizy. Jego gléwnym elementem jest przetwornik analogowo-cyfrowy, zamieniajacy
sygnal analogowy generowany przez czujniki na jego dyskretna, cyfrowa reprezentacje.

Zadaniem ostatniego moduhu jest analiza i w koncowym efekcie klasyfikacja uzyska-
nego wzoru odpowiedzi do odpowiedniego zbioru wzoréw poznanych wezesniej. U czlowieka
role te pelni mézg, ktory poréwnuje otrzymane z opuszki wechowej impulsy nerwowe do
zawartej w pamieci bazy poznanych w ciagu zycia zapachow. W przypadku elektroniczne-
go nosa otrzymany wzor przypisywany jest do zbioréw znajdujacych si¢ w bazie danych
lub klasyfikuje je na podstawie matematycznych funkcji dyskryminacyjnych.

Okreslenie cech zapachu, takich jak intensywnoéci zapachowej czy jakosci hedonicz-
nej przy zastosowaniu elektronicznego nosa wymaga zastosowania techniki uczenia z nad-
zorem. Techniki te (uczenie z nadzorem) w zaleznosci od problemu badawczego stosuje

sie do konstrukcji modeli kalibracyjnych. Do budowy wymienionych modeli uzywa sie
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zbioru zmiennych objasniajacych (wartosci sygnaléw z czujnikéw bedacych elementem
elektronicznego nosa) i zbioru zmiennych zaleznych (wartosci intensywnosci zapachowej
czy jakosci hedonicznej wyrazonej w skali werbalnej). Zadaniem metod kalibracji jest kon-
strukcja modelu, ktéry pozwoli ilodciowo ocenié¢ okreslona ceche zapachu bazujac na zbiorze
zmiennych objasniajacych. Jednymi z najbardziej popularnych technik kalibracyjnych sa:
wieloparametrowa regresja liniowa (MLR), regresja gléwnych sktadowych (PCR), regre-
sja metoda czesciowych najmniejszych kwadratéw (PLS) oraz sztuczne sieci neuronowe
(ANN). Konieczno$éé pracy z duza liczba skorelowanych zmiennych powoduje, ze modele
MLR maja ograniczone zastosowanie, dlatego gléwnymi metodami stosowanymi do kon-
strukecji modeli kalibracyjnych, ktére dobrze radza sobie ze skorelowanymi zmiennymi sa
metody PCR, PLS i ANN. Metody te z powodzeniem znalazly zastosowanie do monito-
rowania zmian stezenia zapachowego w takich procesach jak: biofiltracja czy oczyszczanie
Sciekow, jak rowniez do wsparcia pomiarow dokonywanych za pomoca olfaktometrii dyna-
micznej [25, 26, 27, 28, 29, 30, 31, 32].

Podstawowym zalozeniem budowy elektronicznego nosa (e-nosa) jest wykorzystanie
polaczenia duzej iloéci czujnikéw chemicznych z uzyciem systemu rozpoznawania wzorca.
Takie rozwiazanie zapewnia wysoka selektywno$¢ prowadzonych analiz zapachow. Obecnie
najczesciej wykorzystywanymi czujnikami sg czujniki elektrochemiczne i elektryczne de-
dykowane do analizy lotnych zwiazkéw organicznych (LZO). To wlasnie ten typ czujnikéw
znalaz} zastosowanie w matrycach wykorzystywanych w elektronicznych nosach.

W strukturze czujnikéw chemicznych mozemy wyodrebnié¢ dwie podstawowe czedci:

e czesé receptorowa — chemoczuta warstwa, wykazujaca wysoka selektywnos$é¢ wzgledem
danego indywiduum chemicznego,

e czesé przetwornikowa — generujaca sygnal uzyteczny analitycznie.

Czasteczki lotnych zwiazkéw chemicznych oddziatuja z czedcia receptorowa gléwnie
za pomocg mechanizméw: absorpcji, adsorpcji, chemisorpcji oraz wigzan koordynacyjnych.
Wykazano, ze mechanizm powstawania sygnalu czujnikéw w najwiekszym stopniu zalezy
od zjawiska dyfuzji oraz adsorpcji [33]. Polaczenie czedci receptorowej z przetwornikowa
powoduje zmiane wyjsciowych parametrow elektrycznych czujnika zwiazana z wystepuja-
cymi zjawiskami fizycznymi i/lub chemicznymi w czgéci receptorowej.

Czujniki gazowe charakteryzuja sie tzw. selektywnoscig cze$ciowa. Oznacza to, ze
ich sygnal wyjsciowy zalezy nie od jednej substancji chemicznej, lecz od wielu zwiazkow
znajdujacych sie¢ w badanej préobce. Ta wladciwosé, szczegdlnie w przypadku aplikacji wie-
loczujnikowych, jest ogromna zaleta, gdyz powoduje blizsze odwzorowanie naturalnego
zmystu wechu oraz stosunkowo duzy wzrost uniwersalnosci elektronicznego nosa.

Po opublikowaniu w 1982 roku pierwszej pracy opisujacej dziatanie prototypowego
elektronicznego nosa przez Persauda i Dodda [34] nastapil gwaltowny wzrost zaintereso-
wania ta technika badan. Réwnocze$nie wzrastalo zainteresowanie gazowymi czujnikami
chemicznymi, co doprowadzito do stworzenia ich wielu réznorakich typéw. Konstrukto-

rzy e-noséw coraz czesciej siegali po coraz to nowe typy czujnikéw, jednak do najczesciej
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wykorzystywanych w technice e-nosa naleza typy przedstawione na Rysunku 5.

GAZOWE CZUJNIKI CHEMICZNE
wykorzystywane w elektronicznych nosach

| N\

OPTYCZNE
l ELEKTROCHEMICZNE
MASOWE
czujniki / \
fotojonizacyjne
(PID) czujniki czujniki
. ) czujniki konduktometryczne amperometryczne
Tv:.'l;rr?:v;?vgel z akustyczng falg (EC)
(QCM) powierzchniowg
(SAW)
czujniki czujniki z warstwg
potorzewodnikowe polimeru przewodzacego
(MOS) (CP)

Rysunek 5: Schemat przedstawiajacy rodzaje gazowych czujnikéw chemicznych najczesciej
wykorzystywanych przy konstruowaniu matryc elektronicznego nosa.

Przez lata badan wytypowano réwniez odpowiednie kryteria, ktorymi powinny cha-
rakteryzowaé sie idealne czujniki gazowe, ktére majg byé zastosowane w e-nosach [35].
Mozna tutaj wskazaé cechy czujnikow takie jak: granica wykrywalno$ci zwiazkéw chemicz-
nych poréwnywalna z granica wykrywalnosci ludzkiego zmystu wechu (10-12 ng/ml), niska
czulo$é na wilgoé oraz zmiany temperatury, $rednia selektywnosé (odpowiedz powinna za-
leze¢ od obecnosci wielu substancji chemicznych w badanej prébee), wysoka stabilno$é
sygnatu, dobra powtarzalnosé, krotki czas odpowiedzi i regeneracji, a takze uniwersalnos$é
sygnalu wyjsciowego i niewielkie wymiary.

Uwzgledniajac wymienione warunki, z catej gamy dostepnych czujnikéw gazowych,
tylko sze$é rodzajow czujnikdéw najczedciej wykorzystywanych jest w matrycach czujnikdéw

przeznaczonych do pracy w elektronicznych nosach. Sa to:
e czujniki pdlprzewodnikowe (Metal Oxide Semiconductor — MOS),

e czujniki konduktometryczne z warstwa chemoczulg z organicznych polimeréw prze-

wodzacych (Conducting Polymer — CP),

e czujniki elektrochemiczne - gléwnie amperometryczne (Electrochemical Sensors —
EC)

e czujniki mikrowagowe (Quartz Crystal Microbalance — QCM),

e czujniki z powierzchniowa fala akustyczna (Surface Acoustic Wave — SAW),
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e czujniki fotojonizacyjne (Photoionization detector — PID).

Na Rysunku 6 przedstawiono poréwnanie najczedciej uzywanych typoéw czujnikéw

po wzgledem ich zakresu detekcji.

h
100 %
1%

100 ppm

MOS

1 ppm
L A

ZAKRES DETEKCJI

PID

MQOS - czujniki elektrochemiczne
pdtprzewodnikowe

EC - czujniki elektrochemiczne potencjometryczne
i amperometryczne

CP - czujniki elektrochemiczne z polimerem przewodzacym

SAW

PID — czujniki fotojonizacyjne

QCM - czujniki mikrowagowe

SAW — czujniki z powierzchniowa falg akustyczng

Rysunek 6: Zakresy detekcji wybranych rodzajow czujnikéw wykorzystywanych w e-

nosach.

Grupy czujnikéw przedstawione na Rysunku 6 mozna charakteryzowaé réwniez po
wzgledem temperatury pracy: czujniki gorace (MOS) oraz zimne (EC, PID, CP, QMB oraz
SAW). Te pierwsze pracuja w bardzo wysokiej temperaturze, dlatego tez sa uwazane za
mniej wrazliwe na dzialanie wilgoci. Dodatkowsa ich zaleta jest najnizsza spoéréd wszyst-
kich wartos¢ dryftu sygnalu oraz najdtuzszy czas uzytkowania, tzw. czas zycia. Zestawienie
wlasciwosci wybranych typow czujnikéw stosowanych w matrycach elektronicznych nosow

przedstawia Tabela 5.
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Tabela 5: Wybrane parametry czujnikéw wykorzystywanych w matrycach elektronicznych noséw.

Cecha czujnika EC PID MOS CP QCM SAW
Temperatura pracy [°C]| 20 - 50 20 - 50 300 - 400 20 - 50 20 - 50 20 -50
Powtarzalno$é wynikéw dobra dobra niska dobra $rednia $rednia
Stabilno$¢  temperaturowa mata dobra mata duza $rednia duza
sygnatu

Stabilno$é  sygnalu przy $rednia dobra duza mata duza duza
zmianach wilgotnosci

Wymaga obecnosci tlenu nie nie tak nie nie nie
Czas odpowiedzi [s] 30-180 <60 0,5-5 20 - 50 20 - 50 20 - 50
Czas regeneracji dtugi krotki krotki dtugi dtugi dlugi
Czas zycia 1-2lata 1-2lata 3-5lat 1-2lata < 2lata < 2lata

Préby rozrézniania zapachow z wykorzystaniem elektronicznego nosa prowadzone

byly od poczatku zainteresowania tg technika pomiarowa. Poczatkowo elektroniczne nosy

wykorzystywane byly do rozrézniania probek gazowych (dyskryminacji) lub klasyfikacji

nieznanej prébki do uprzednio zdefiniowanych wzorcéw. W tego typu badaniach nie wy-

magano Scistego odwzorowania ludzkiego zmystu wechu. Kluczowe bylo wystepowanie roz-

nicy w sktadzie lub poziomie stezen substancji pomiedzy rozréznianymi prébkami, ktére

moglo by¢ zarejestrowane przez czujniki. Mozliwe byto réwniez wykrywanie réznic pomie-

dzy probkami, ktore ludzki zmyst wechu klasyfikowal jako nierozréznialne. Przykladowe

zastosowania e-nona w dyskryminacji i klasyfikacji zapachow przedstawiono w Tabeli 6.

Tabela 6: Przyktadowe zastosowania elektronicznego nosa do analizy prébek zapachowych.

Opis zastosowania Rodzaj e-nosa Metoda analizy danych  Literatura

rozrdznianie 5 substancji zapacho- 9 czujnikéw TGS PCA, ANN [36]

wych

rozréznianie 6 substancji zapacho- 6 bioczujnikéw QCM wykres radarowy [37]

wych

klasyfikacja jadalnych olejéw roslin-  komercyjny LDA [38]

nych FOX2000

analiza migsa wolowego komercyjny aroma- PCA [39]
Scan A32

emisja z materialéw tekstylnych 10 czujnikéw MOS- PCA [40]

(przemyst samochodowy) FET

czynnik R134a w powietrzu we- 6 czujnikéw TGS DFA [41]

wnetrznym

identyfikacja Helicobacter pylori komercyjny BH-114 ANN [42]

i innych izolatéw zoladkowo-

przetykowych in vitro

jako$é przechowywanych jablek 21 czujnikéw MOS PCA, ANN [43]
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okreslanie aromatu oliwy

zapach przetwarzanych elementéw
plastikowych

monitorowanie reakcji Millarda
okreslanie jakosci herbaty
rozréznianie substancji zapacho-
wych w przemysle perfumiarskim
klasyfikacja prébek mleka
monitorowanie procesu dializy
rozréznianie  pltynu  mozgowo-
rdzeniowego i surowicy krwi

okreslanie aromatu pomidoréw

wykrywanie Streptomyces w wodzie

zakazenia grzybowe ziaren zb6z

sezonowe zrboznicowanie wtasciwo-
$ci zapachowych pelnego mleka w
proszku

dyskryminacja in vitro linii komé-
rek nowotworowych

wczesna diagnoza raka drég moczo-
wych

rozroznianie probek alkoholi

wykrywanie zgnilizny todygi

rozréznianie probek ryzu

16 czujnikéw CP
12 czujnikéw CP

10 czujnikéw MOS
4 czujniki TGS
11 czujnikéw MOS

7 czujnikéw TGS
komercyjny Bloodho-
und BH-114
komercyjny Cyrano-
se 320

komercyjny ‘enQbe’
8 QMC

komercyjny Bloodho-
und BH-114
komercyjny  Libra-
nose

28 czujnikéow CP

komercyjny Cyrano-
se 320
8 czujnikéw QCM

8 czujnikéw TGS
komercyjny Cyrano-
se 320

komercyjny Cyrano-
se 320

PCA, Wykres radarowy

PCA, CA
RTA
PCA, kNN, ANN
PCA, ANN

PCA, SVM-ANN
PCA, CA

PCA

PCA

PCA, DFA

PCA, PLS-DA

DFA

PCA

PCA-DA

PCA, ANN
PCA

PCA, DA

(44]
(45]

(46]
(47]
(48]

(49]
(50]

(51]
[52]
(53]
[54]

[55]

[56]
[57]

58]
[59]

(60]

Poczatkowo, ze wzgledu na niskie poziomy stezen i wysokie wartosci granicy wykry-

walnosci czujnikéw nie wykorzystywano elektronicznych noséow do analizy zwiazkéw odo-

rowych wystepujacych w powietrzu. Jednak naturalnym bylo, ze urzadzenia te powinny

by¢ wykorzystywane réwniez do monitorowania odoréw i wystepowania ucigzliwosci zapa-

chowych w powietrzu atmosferycznym. W Tabeli 7 przedstawiono zestawienie wybranych

prac traktujacych o okre$laniu parametréw zapachu z wykorzystaniem elektronicznego

nosa.
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Tabela 7: Przyktadowe zastosowania elektronicznego nosa do okreslania cech zapachu.

Okreslany parametr Prébka Rodzaj e-nosa Metoda anali- Literatura
zy danych

Stezenie zapachowe zapach $ciekéw z chlewni  AromaScan ANN [61]

Stezenie zapachowe zastosowanie gnojowicy AromaScan LR, PCA [62]
bydlecej na uzytkach zie-
lonych

Stezenie zapachowe ciggle monitorowanie 6  czujnikéw PCA [63]
odoréw z oczyszczalni MOS
$ciekow

Stezenie zapachowe odory z 10 oczyszczalni  Neotronic PCA [64]
$ciekow NOSE D

Stezenie zapachowe powietrze z kurnikéw 3 modele: PLS [65]

6,6,12 czujni-
kéow MOS

Stezenie zapachowe powietrze z kompostow- 6 czujnikébw PCA [66]
ni MOS

Intensywno$é zapachu przemyst papierniczy czujniki MOS  SVD [67]

Intensywno$é zapachu lotne zwiazki z polipro- 10 czujnikébw SVM [68]
pylenu samochodowego MOS

Intensywnosé zapachu prébki toluenu i octanu 5  czujnikéw  GRN [69]
etylu TGS

Intensywno$é zapachu materialy budowlane w 38 czujnikow LDA [70]
powietrzu wewnetrznym  CP

Jako$é hedoniczna Prébki state z operacji  Cyranose 320 ANN [71]
mleczarskich

Interakcje zapachowe Zapach herbaty Fox4000 ANOVA [72]

W wyzej wymienionych pracach wykazano, ze elektroniczny nos moze by¢ wykorzy-

stywany do analizy zwiazkéw odorowych, co pozwala zakladaé, ze potrafi identyfikowac
zapachy podobnie jak zmyst wechu cztowieka. Podobnie jak ludzki nos, jego sztuczny odpo-
wiednik dokonuje holistycznej analizy badanej probki. Ta niewatpliwa zaleta nie zapewnia
pelnej analogii do zmystu naturalnego — nalezy zwrdci¢ uwage na wystepowanie interakcji
zapachowych w mieszaninach, co powoduje brak addytywno$ci cech zapachu dla mieszanin
wielosktadnikowych.

Jedna z pierwszych prac dotyczaca okreslania intensywnosci zapachowej z wykorzy-
staniem elektronicznego nosa przedstawili G. Hudon, C. Guy i J. Hermia w 2000 roku
[73]. Poréwnali oni wskazania trzech modeli elektronicznych noséw (dwéch komercyjnych:
Aromascan A32S i Alpha MOS Fox 300 oraz jednego prototypowego opartego o czujniki

pélprzewodnikowe) z wartosciami analizy sensorycznej. Wéréd najwazniejszych wnioskow
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tej pracy nalezy wskazaé, ze w przypadku dwuskladnikowych mieszanin zwigzkow zapa-
chowych (w tym wypadku acetonu i n-butanolu) elektroniczny nos mozna wyszkolié w
zakresie dokladnego przewidywania intensywnosci zapachu na podstawie odpowiedzi czuj-
nikéow. W badaniach, jako metode analizy danych, wykorzystano sztuczna sie¢ neuronows.
Wskazano réwniez, na brak addytywnosci badanej cechy zapachu (zar6éwno w przypadku
panelu sensorycznego jak i elektronicznych noséw), jednak nie wyjasniono przyczyny jej
braku.

W pracach przedstawionych w Tabeli 7 skupiano sie na znalezieniu odpowiedniego
aparatu matematycznego, umozliwiajacego jak najlepsze skorelowanie wynikéw sensorycz-
nych (lub olfaktometrycznych) z sygnalami czujnikéw elektronicznego nosa. Nie okreslano,
czy réznice wskazan urzadzenia wynikajg z niedostatecznej dokltadnosci modelu, czy z fak-
tu wystepowania wzajemnych interakcji pomiedzy skladnikami mieszaniny zapachowe;.
Dlatego tez w niniejszej rozprawie doktorskiej problemem badawczym bylo sprawdzenie
czy elektroniczny nos (wraz z odpowiednio dobrana metoda analizy danych) potrafi w
zadowalajacym stopniu réwniez te interakcje analizowaé¢ i wykrywaé. Dopiero wowczas
mozliwe bytoby doskonalsze odwzorowanie ludzkiego zmystu wechu przez elektroniczny
nos. Ta idea byla niejako inspiracja do okreslania cech zapachu z wykorzystaniem elek-
tronicznego nosa z jednoczesnym uwzglednieniem wystepujacych interakcji zapachowych

pomiedzy sktadnikami mieszaniny.
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2 Cele badawcze

Opracowanie nowych narzedzi analitycznych do okreslania wybranych cech zapachu (ta-
kich jak intensywnosé i jako$é hedoniczna) wymaga wieloaspektowego podejscia, jak wska-
zano w poprzednim rozdziale niniejszej pracy. Obejmuje ono dwa gtéwne kierunki: czes$é
aparaturowo-pomiarowa oraz zastosowanie odpowiednich metod chemometrycznych. Gtow-
nym celem tej pracy bylo okre$lenie mozliwosci wykorzystania elektronicznego nosa do
instrumentalizacji pomiaru wybranych cech zapachu — intensywnosci i jakosci hedonicz-
nej, z uwzglednieniem wystepujacych w badanych mieszaninach interakcji zapachowych.
Przydatnos¢ opracowanych rozwiazan sprawdzono wykorzystujac opracowane elektronicz-
ne nosy do monitorowania przebiegu procesu biofiltracji powietrza, prowadzonego w skali
laboratoryjnej. Realizacja gtéwnych zalozen niniejszej pracy obejmowata realizacje naste-
pujacych celéw badawczych:

e zaprojektowanie, skonstruowanie oraz modernizacje prototypéw elektronicznych no-

sow, przeznaczonych do analizy probek mieszanin zapachowych,

e opracowanie wielowymiarowej analizy statystycznej i metod uczenia maszynowego
do okreslania intensywnoéci i jakosci hedonicznej wielosktadnikowych mieszanin za-

pachowych wybranych zwiazkéw odorowych,

e okreslenie interakcji zapachowych wystepujacych w wielosktadnikowych mieszani-
nach zapachowych wybranych zwiazkéw odorowych z wykorzystaniem elektronicz-

nego nosa oraz poréwnanie ich z wnioskami z analizy sensorycznej,

e wykorzystanie opracowanej metody uczenia maszynowego do monitorowania procesu

dezodoryzacji powietrza metoda biofiltracji ze ztozem zraszanym.
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3 Opis badan

Realizacja przedstawionych celéw badawczych zostala przedstawiona w publikacjach na-
ukowych bedacych podstawa niniejszej rozprawy doktorskiej. Rozprawa oparta jest na
pieciu publikacjach (1-5), w ktérych przedstawione zostaly wyniki i wnioski z przeprowa-
dzonych badan oraz jednej publikacji przegladowej (6):

1. Szulezynski, Bartosz, Namiednik, Jacek, Gebicki, Jacek. (2017). Determination of
Odour Interactions of Three-Component Gas Mixtures Using an Electronic Nose.
Sensors, 17, 1-18.
doi:10.3390/s17102380

2. Szulczynski, Bartosz, Arminski, Krzysztof, Namieénik, Jacek, Gebicki, Jacek. (2018).
Determination of Odour Interactions in Gaseous Mixtures Using Electronic Nose
Methods with Artificial Neural Networks. Sensors, 18(2), 1-17.
doi:10.3390/518020519

3. Szulezynski, Bartosz, Namies$nik, Jacek, Gebicki, Jacek. (2018). Analysis of odour
interactions in model gas mixtures using electronic nose and fuzzy logic. Chemical
Engineering Transactions, (68), 259-264.
d0i:10.3303 /cet 1868044

4. Szulczynski, Bartosz, Gebicki, Jacek. (2019). Determination of Odor Intensity of
Binary Gas Mixtures Using Perceptual Models and an Electronic Nose Combined
with Fuzzy Logic. Sensors, 19, 1-15.
doi:10.3390/s19163473

5. Szulczynski, Bartosz, Rybarczyk, Piotr, Gospodarek, Milena, Gebicki, Jacek. (2019).
Biotrickling filtration of n-butanol vapors: process monitoring using electronic nose
and artificial neural network. Monatshefte Fur Chemie, 150, 1667-1673.
doi:10.1007/s00706-019-02456-w

6. Szulczynski, Bartosz, Gebicki, Jacek. (2017). Currently Commercially Available Che-
mical Sensors Employed for Detection of Volatile Organic Compounds in Outdoor
and Indoor Air. Environments, 4(1), 1-15.
d0i:10.3390/environments4010021,

Wymienione wyzej publikacje naukowe zalaczone sa zgodnie z powyzsza numeracja
w Rozdziale 4.

We wszystkich badaniach, bedacych podstawa niniejszej rozprawy, do badan instru-
mentalnych wykorzystano samodzielnie zaprojektowane i skonstruowane prototypy elek-
tronicznego nosa. W poczatkowej fazie badan wykorzystywano urzadzenie wyposazone w
7 czujnikéw pétprzewodnikowych (modele TGS) oraz 1 czujnik fotojonizacyjny. Wszystkie
wykorzystywane czujniki byly komercyjnie dostepne. Dlatego tez w trakcie badan przysta-

piono do projektowania nowego prototypu, z matryca czujnikdw przeznaczong do oceny
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parametréw zapachu powietrza atmosferycznego (uwzgledniajacego jego podstawowe za-
nieczyszczenia emitowane z branzy komunalnej — sktadowiska odpadéw czy oczyszczalnie
$ciekéw). Ze wzgledu na bogaty wybdér czujnikéw, dokonano przegladu oferowanych na
rynku czujnikéw, ktory zostal opublikowany na tamach czasopisma Environments i jest
obecnie najlepiej cytowanym artykulem w tym czasopismie (Publikacja 6). Prace dotyczace
konstruowania elektronicznych noséw prowadzone byly w ramach grantu NCN | Instru-
mentalizacja pomiaru zapachu z zastosowaniem elektronicznego nosa”, w ktéorym bratem
udziat jako wykonawca.

Pierwsza czes¢ prowadzonych badan obejmowala sprawdzenie wzajemnej korelacji
wynikéw analizy sensorycznej z wynikami uzyskanymi za pomoca e-nosa przy okreslaniu
wzajemnych interakcji zapachowych wystepujacych w tréjsktadnikowych mieszaninach za-
pachowych. Opracowano model matematyczny oparty o metode regresji gtéwnych sktado-
wych (PCR) umozliwiajacych powiazanie cech zapachu: intensywnosci zapachowej oraz
jakosci hedonicznej (okre$lanych przez panel sensoryczny) z sygnalami czujnikéw elektro-
nicznego nosa. Wyniki badan przedstawiono w Publikacji nr 1.

Do badan wykorzystano czyste substancje oraz mieszaniny tréjskladnikowe takich
zwiazkow jak: toluen, aceton, trietyloamina (zestaw A i B) oraz formaldehyd, kwas masto-
wy, a-pinen (zestaw C i D). Zaproponowane do badan mieszaniny tréjskladnikowe skladaty
sie z typowych zwiazkéw zapachowych ktére wystepuja na sktadowiskach odpadéw komu-
nalnych czy oczyszczalniach Sciekow. Dla kazdej z badanych substancji sporzadzono po
pie¢ roztworéw wodnych charakteryzujacych si¢ krokiem rozcienczen réwnym dwa. Dla
acetonu i formaldehydu byly to stezenia w nastepujacym szeregu: 200, 400, 800, 1600,
3200 ppm v/v w wodzie dejonizowanej. Dla toluenu, trietyloaminy, kwasu mastowego byty
to stezenia w nastepujacym szeregu: 5, 10, 20, 40, 80 ppm v/v w wodzie dejonizowanej. W
przypadku pinenu byly to stezenia w nastepujacym szeregu: 1, 2, 4, 8, 16 ppm v/v w wodzie
dejonizowanej. Sporzadzone roztwory postuzyly do wyznaczenia intensywnosci zapacho-
wej oraz jako$ci hedonicznej kazdej przygotowanej probki poprzez zesp6l oceniajacy (panel
sensoryczny ). Na podstawie uzyskanych wynikéw wykreslano dwa wykresy: intensywnosé
zapachowa w funkcji logarytmu ze stezenia danej substancji zapachowej w wodzie oraz
wykres jakoéci hedonicznej w funkcji logarytmu ze stezenia danej substancji zapachowej w
wodzie. Na podstawie uzyskanych wykreséw oszacowano progi wyczuwalnosci zapachowej
danych substancji w roztworze wodnym celem poréwnania ich z wartosciami teoretyczny-
mi. Na podstawie uzyskanych wykreséw okreslono stezenia poszczegdlnych substancji w
wodzie dejonizowanej charakteryzujacej sie intensywnoécia zapachowa wynoszaca 112 wg
skali zaproponowanej w wytycznych VDI 3940. Tréjkat przedstawiajacy rozklad probek
mieszanin tréjskladnikowych przedstawiono na Rysunku 7.

Prébki znajdujace sie w wierzcholkach tréjkata (1, 6 i 11) skladaly sie wylacznie z
czystych substancji charakteryzujacych sie intensywno$cia zapachowa réowng 1 lub inten-
sywnoécia zapachowa réwna 2. Punkty mieszczace sie na bokach trdjkata to mieszaniny
dwusktadnikowe odpowiednich zwigzkéw, za$ we wnetrzu trojkata wystepowaly mieszani-

ny tréjsktadnikowe. W badaniach udzial wziela grupa probantéw, ktérych zadaniem byla
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Rysunek 7: Tréjkat reprezentujacy sktady badanych prébek.

ocena zapachowa przygotowanych prébek. Grupa ta sktada sie z pieciu os6b wezesnie prze-
szkolonych z uzyciem opracowanej procedury przez firme St. Croix Sensory, Inc. (St Croix
Sensory 2006).

Uczestnicy badan réwniez znali i stosowali zasady dotyczace badan olfaktometrycz-
nych, ktéore zawarte sa w normie PN-EN 13 725 | Jako$¢ powietrza. Oznaczanie stezenia
zapachowego metoda olfaktometrii dynamicznej”. Zadaniem kazdego probanta bylo okre-
$lenie intensywnosci zapachowej oraz jakosci hedonicznej przygotowanych prébek roztwo-
row wodnych. Kazdej prébce przypisywano intensywnos¢ zapachowa z zakresu skali od 0
do 6, a w przypadku jakosci hedonicznej z zakresu od -4 do 4. Sumarycznie grupa proban-
tow przebadala 880 probek w przypadku okreslania interakcji zapachowych w tréjkacie
zapachowym oraz 450 probek w przypadku okreslenia zaleznosci funkcyjnych: intensyw-
nos$¢ zapachowa od logarytmu z stezenia danej substancji zapachowej w wodzie oraz jakosci
hedonicznej w funkcji logarytmu ze stezenia danej substancji zapachowej w wodzie.

Na Rysunku 8 przedstawiono przykladowsa zalezno$¢ funkcyjna intensywnosci zapa-
chowej oraz jakosci hedonicznej wodnych prébek toluenu od logarytmu stezenia toluenu
w wodzie dejonizowanej. Mozna zauwazy¢, ze warto$¢ progu wyczuwalnosci zapachowej
wynosi 0,1 ppm v/v. Réwniez linia przedstawiajaca zaleznosé¢ jakosci hedonicznej od loga-
rytmu ze stezenia toluenu w wodzie dejonizowanej, przecina o§ x w punkcie w ktérym nie
wyczuwa sie zapachu. Warto$¢ ta jest w granicach bledu przypadkowego réwna wartosci
progu wyczuwalnosci zapachowej. Postepujac analogicznie wyznaczono wartosci progéw
wyczuwalnoéci zapachowej pozostalych prébek zwiazkow zapachowych w roztworach wod-
nych.

Na podstawie uzyskanych zaleznosci funkcyjnych wyznaczano stezenia poszczegol-
nych zwigzkow zapachowych dla ktérych intensywno$é zapachowa posiadata wartosé 1 oraz
wartos¢ 2. Przy pomocy wykreséw jakosci hedonicznej od logarytmu ze stezenia danego

zwiazku w wodzie dejonizowanej wyznaczano wartosci jakosci hedonicznej przy ktorych
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Rysunek 8: Srednia intensywno$¢ zapachowa oraz srednia jako$¢ hedoniczna w funkcji

logarytmu ze stezenia toluenu w roztworze wodnym.

intensywnos¢ zapachowa wynosila 1 oraz 2. Analogicznie postepowano przy wyznacza-
niu pozostalych wartosci intensywnoéci zapachowej i jakoéci hedonicznej, gdzie stezenia
danych probek stanowity 80%, 60%, 40%, 20%, 10% stezenia przy ktérym wartos$é inten-
sywnoéci zapachowej wynosila 1 czy 2. W ten sposéb przygotowano 22 probki sktadajace
sie na rozklad préobek w trdjkacie zapachowym mieszaniny tréjsktadnikowej (zestaw A i
B- toluen, aceton, trietyloamina o intensywnosci zapachowej ok. 1 i ok. 2 oraz zestaw C i
D - formaldehyd, kwas mastowy, pinen o intensywnosci zapachowej ok. 1 i ok. 2).

W przypadku wyznaczania teoretycznej intensywnoéci zapachowej 22 prébek mie-
szanin tréjsktadnikowych czterech zestawow A, B, C, D postugiwano sie modelem Patte i

Lafforta, ktérego postaé¢ matematyczna przedstawiona jest ponizej (13):

Olisins = \/OI? + OI3 + OI3 (14)

Dla wyznaczenia teoretycznych wartosci jako$ci hedonicznej 22 prébek mieszanin trdj-
sktadnikowych czterech zestawéw A, B, C, D postuzono sie sumowaniem algebraicznym,
ktorego posta¢ matematyczna przedstawiona jest ponizej (14):
3
HTmiz123 = ZHTi (15)
i=1
W ten sposéb wyznaczono rozklad wartosci teoretycznych intensywnosci zapachowej
i jako$ci hedonicznej 22 prébek sktadajacych sie na zmienno$é¢ zapachu w tréjkacie zapa-
chowym wszystkich czterech badanych zestawéw pomiarowych. Niezaleznie od wyznaczo-

nych wartoéci teoretycznych grupa probantéw przeprowadzita badania w celu okreslenia
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wartosci intensywnosci zapachowej i jakosci hedonicznej 22 préobek czterech badanych ze-
stawOw mieszanin tréjsktadnikowych. Na tej podstawie mozliwe bylo wyznaczenie punk-
téw pomiarowych (prébek) w tréjkacie zapachowym, gdzie nastapilo zjawisko interakeji
zapachowej. Do wyznaczenia punktéw pomiarowych w trojkacie zapachowym rézniacych
sie statystycznie od wartosci teoretycznych na poziomie istotnosci a = 0, 05 postuzono sie
testem statystycznym Manna-Whitneya.

a) Aceton b) Aceton
6. i
/N /N
5-22-7 e .
/NS / N/
4—21 8 4—21—f8
/N ANYN /N / \ A
3 19—20 1 9 19 \
AVAVYA /\ f\/\/
2 }6 17 10 17 18—10
/NSNS / \ ,f' L / % £
1 —15—14 13—]24,0—11 l—15—14 11
Trietyloamina Toluen Trietyloamina Toluen

Rysunek 9: Tréjkat przedstawiajacy miejsca wystepowania wzmocnien (a) intensywnosci

zapachowej, (b) jakosci hedonicznej wyznaczone na podstawie analizy sensorycznej.

Na podstawie przeprowadzonego testu statystycznego okreslono miejsca w trojka-
cie zapachowym gdzie wartosci intensywnos$ci zapachowej oraz jakosci hedonicznej réznity
sie statystycznie istotnie od wartosci teoretycznych. Na Rysunku 9a przedstawiono troj-
kat zapachowy mieszaniny toluen-aceton-trietyloamina (gdzie warto$¢ intensywnosci za-
pachowej prébek 1,6,11 wynosila 1, zestaw A) w ktérym mozna zaobserwowaé 5 punktéw
pomiarowych w ktérym nastapilo wzmocnienia intensywnosci zapachowej czyli zjawisko
synergizmu zapachu. Natomiast na Rysunku 9b przedstawiono trojkat zapachowy tej sa-
mej mieszaniny tréjsktadnikowej w ktérym mozna zaobserwowaé 6 punktéow pomiarowych
w ktérych wystapilo wzmocnienie jakosci hedonicznej (zestaw A).

Nastepne przeprowadzono analogiczne badania wykorzystujac prototyp elektronicz-
nego nosa wraz z opracowanym modelem PCR jako narzedzie do przewidywania wysta-
pienia interakcji zapachowych. Na Rysunku 10a przedstawiono tréjkat zapachowy miesza-
niny toluen-aceton-trietyloamina (gdzie warto$é intensywnosci zapachowej prébek 1,6,11
wynosita 1, zestaw A) w ktérym mozna zaobserwowaé 6 punktéw pomiarowych w ktérych
nastapilo wzmocnienie intensywnosci zapachowej. Natomiast dla tej samej mieszaniny na
Rysunku 10b zaobserwowano 7 punktéw pomiarowych, w ktérych nastapito wzmocnienie
jakosci hedonicznej.

Dla pozostalych zestawéw probek wykonano analogiczne zestawienia. Do najcze-
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Rysunek 10: Tréjkat przedstawiajacy miejsca wystepowania wzmocnien (a) intensywnosci

zapachowej, (b) jakosci hedonicznej wyznaczone na podstawie obliczen metoda PCR.

$ciej stosowanych sposobdéw wizualnej oceny modeli kalibracyjnych stuza wykresy war-
tosci przewidzianej zmiennej zaleznej (w tym przypadku intensywnosci zapachowej lub
jakosci hedonicznej okreslonej za pomoca metody PCR) wzgledem zmiennej eksperymen-
talnej (wartosci intensywnosci zapachowej i jakosci hedonicznej okreslonej przez grupe
probantéw) — tzw. wykresy korelacyjne. W publikacji przedstawiono zalezno$é przewidzia-
nej intensywnoéci zapachowej na podstawie modelu PCR od intensywnosci obserwowanej
eksperymentalnie odpowiednio dla zestawu pomiarowego A, B, C, D.

Na podstawie uzyskanych wynikéw zaréwno poprzez grupe probantéw jaki i za pomo-
ca elektronicznego nosa, zaobserwowano, ze w wybranych tréjsktadnikowych mieszaninach
dochodzi do zjawiska wzmocnienia zapachu. Efekt ten bardziej widoczny byl przy miesza-
ninach ktére charakteryzowaly sie intensywno$cia zapachowa na poziomie wartosci okoto 2
w poréwnaniu do mieszanin ktére charakteryzowaly sie intensywnoécia zapachowa na po-
ziomie okoto 1. Zaobserwowano rowniez, ze uzycie modelu PCR lepiej sprawdzilo si¢ przy
okreslaniu interakcji zapachowych gdzie okre$lano i przewidywano warto$¢ intensywnoéci
zapachowej niz przy przewidywaniu wartoéci jakoSci hedonicznej. Poprawnosé okreslania
interakcji zapachowych przy uzyciu elektronicznego nosa z zastosowaniem modelu PCR
byla $rednio na poziomie 75% w przypadku intensywnosci zapachowej i $rednio 60% w
przypadku jakosci hedonicznej.

W kolejnym etapie badan przedstawionym w Publikacji 2 zaproponowano wyko-
rzystanie prototypu elektronicznego nosa jako narzedzia instrumentalnego w celu spraw-
dzenia, czy mozliwe bylo zaobserwowanie zjawiska interakcji zapachowej w dwu-, troj-,
cztero- i piecioskltadnikowych mieszaninach zapachowych. Do badan wybrano nastepujace
substancje: toluen (5-80 ppm v/v), aceton (200-3200 ppm v/v), trietyloamina (5-80 ppm
v/v), a -pinen (1-16 ppm v/v) oraz n-butanol (20-320 ppm v/v).

Prébki zostaly poddane analizie sensorycznej przez zespot oceniajacy oraz poddano

je badaniom za pomoca prototypu elektronicznego nosa. Informacje uzyskane z obu badan
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wykorzystano podczas szkolenia sztucznej sieci neuronowej dla réznych schematéw jej ar-
chitektury i funkcji aktywacji w celu wybrania struktury charakteryzujacej sie najnizszymi
warto$ciami bledu kwadratowego walidacji krzyzowej (RMSECV) i najwyzsza wartoScia
wspoélezynnika determinacji (R?).

W przypadku oceny intensywnosci zapachu probek zastosowano sztuczng sie¢ neuro-
nowg o strukturze 8-3-3-1 i funkcje aktywacyjna tanh. Sztuczna sie¢ neuronowa o struktu-
rze 8-3-2-1 i funkcje aktywacyjna LeakyReLUs o parametrze charakterystycznym a = 0,03
wykorzystano do oceny jakosci hedonicznej badanych prébek. Wyniki dostarczone przez
grupe oséb oceniajacych, a takze pomiary e-nosa wykazaly, ze w wybranych mieszaninach
wieloskladnikowych wystepuja interakcje zapachowe. Im wigksza liczba sktadnikéw miesza-
niny, tym silniejsze interakcje mialy miejsce. Zauwazono rowniez, ze zastosowanie sztucznej
sieci neuronowej o odpowiedniej strukturze i funkcji aktywacyjnej byto bardziej skutecz-
ne w okreslaniu oddzialywan zapachowych, gdy oceniano intensywno$¢ zapachu, niz gdy
przewidywano jakos¢ hedoniczna. Srednia poprawnoéé¢ wyznaczania interakcji zapachowej
za pomocy elektronicznego nosa i odpowiedniej struktury sztucznej sieci neuronowej byta
na poziomie 88% dla intensywnosci zapachowej i 74% dla jako$ci hedoniczne;.

Mieszaniny zwiazkéw zapachowych wchodzacych w sktad badan obejmowaly typowe
zwiazki chemiczne, ktére sg obecne w okolicach miejskich sktadowisk odpadow lub oczysz-
czalniach Sciekéw. Selekcja mieszanin zapachowych byla losowa, a intencja autoréw byto
wykazanie, ze mozna zaobserwowac interakcje zapachowe narzedziem instrumentalnym,
takim jak elektroniczny nos.

W kolejnym etapie badan (Publikacje 3 oraz 4), jako metode analizy danych wyko-
rzystano algorytmy logiki rozmytej, ktére sa jednym z interesujacych podejsé, w obszarze
analizy wielowymiarowej.

Klasyczna logika bazuje na dwdch wartosciach reprezentowanych najczesciej przez:
011 lub prawda i falsz. Granica miedzy nimi jest jednoznacznie okre$lona i niezmienna.
Logika rozmyta stanowi rozszerzenie klasycznego rozumowania na rozumowanie blizsze
ludzkiemu. Wprowadza ona wartosci pomiedzy standardowe 0 i 1; ,rozmywa” granice po-
miedzy nimi dajac mozliwo$é zaistnienia wartoSciom z pomiedzy tego przedzialu (np.:
prawie falsz, w polowie prawda). Przyklad zbior6w rozmytych i nierozmytych przedsta-
wiono na Rysunku 11.

Logika rozmyta umozliwia rozmyty opis systeméw rzeczywistych i jest alternatywa
dla opisu systeméw z zastosowaniem klasycznej logiki binarnej. Podstawy teorii zbioréw
rozmytych przedstawil L. Zadech w 1965r. Od tego momentu metody opracowywane na
podstawie teorii wzbudzaja duze zainteresowanie. Ich rozwéj idzie w parze z rosnaca liczba
zastosowan logiki rozmyte w praktyce.

W Publikacji 3 przedstawiono wykorzystanie prototypu elektronicznego nosa do oce-
ny wystepowania interakcji zapachowych w pieciosktadnikowych mieszaninach zapacho-
wych, skladajacych sie z acetonu, a-pinenu, formaldehydu, toluenu oraz trietyloaminy.
Wszystkie substancje wystepowaly na dwdch poziomach stezen. Ocene intensywnoéci za-

pachowej dokonano z wykorzystaniem panelu sensorycznego oraz prototypu elektroniczne-
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Rysunek 11: Graficzna reprezentacja zbioréw (a) nierozmytych, (b) rozmytych.

go nosa. Jako metode analizy danych wykorzystano logike rozmyta. Wyniki sensoryczne
oraz instrumentalne poréwnano z przewidywanymi wartosciami teoretycznymi.

W wyniku przeprowadzonych badan stwierdzono, ze zaréwno w panelu sensorycz-
nym, jak i w analizie z wykorzystaniem elektronicznego nosa stwierdzono statystycznie
rozne wartoéci intensywnosci zapachu od przewidywanych teoretycznie. Fakt ten wskazuje
na wystepowanie interakcji zapachowych w badanych pieciosktadnikowych mieszaninach
gazowych oraz na niedoskonalosci przewidywania oddzialywan zapachdéw za pomocy zasto-
sowanego modelu teoretycznego. Stwierdzono, ze zaréwno wyniki sensoryczne, jak e-nosa
zwiekszaja odczuwana intensywnosé zapachu (efekt synergii). Nalezy zwrdcié¢ uwage, ze in-
terakcje zapachowe obserwowano tylko w przypadku prébek o wyzszym stezeniu a-pinenu
i toluenu. Moze to wynika¢ z charakterystycznego, przyjemnego zapachu toluenu oraz
sosnowego, zywicznego zapachu a-pinenu, ktéry sprawia, ze zapach jest przyjemniejszy.
Wyniki uzyskane za pomoca panelu sensorycznego wskazuja na obecno$¢ 10 charaktery-
stycznych wartosci, co stanowi okoto 31% badanych prébek. Jednak wyniki uzyskane przy
uzyciu elektronicznego nosa w polaczeniu z logika rozmyta pokrywaja sie z odczuciami
panelu sensorycznego w 80% (8/10 prébek). Korelacja miedzy wynikami analizy senso-
rycznej a wartoSciami zmierzonymi przez elektroniczny nos wynosi 0,89, co wskazuje na
bardzo dobra dodatnia korelacje miedzy uzyskanymi wynikami. Tak wysoka warto$¢ po-
krycia wynikéw pozwala stwierdzié, ze zastosowanie elektronicznego nosa do okreslania
oddzialywan zapachowych w badanych piecioskladnikowych mieszaninach gazowych wraz
z logika rozmyta jest uzasadnione i celowe. Fakt ten daje mozliwo$¢ wykorzystania noséw
elektronicznych jako urzadzen mogacych w przysztosci zastapié¢ tradycyjne olfaktometry,
gléwnie ze wzgledu na znacznie krétszy czas analizy 1 mozliwosci zautomatyzowanych po-
miarow.

W Publikacji 4 przedstawiono mozliwosci zastosowania logiki rozmytej do okreslenia
intensywnosci zapachowej modelowych dwuskladnikowych mieszanin gazowych z wykorzy-
staniem prototypu elektronicznego nosa. Jako sktadniki mieszanin wybrano nastepujace
substancje zapachowe: n-heksan, cykloheksan, toluen, o-ksylen, trimetyloaming, trietylo-
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amine, a-pinen oraz (-pinen. Substancje te maja stosunkowo niskie progi wyczuwalnosci
zapachowej 1 zostaly zidentyfikowane w otoczeniu oczyszczalni Sciekow i na sktadowiska
odpadow. Wyniki uzyskane przy uzyciu algorytmoéow logiki rozmytej zostaly poréwnane z
warto$ciami uzyskanymi przy uzyciu teoretycznych modeli percepcyjnych.

W prezentowanych badaniach poréwnano cztery teoretyczne modele percepcyjne z
wynikami uzyskanymi za pomoca elektronicznego nosa, w ktérych logika rozmyta zosta-
la zastosowana jako metoda analizy danych pomiarowych. Analiza uzyskanych wynikéw
pozwala stwierdzié, ze zastosowanie elektronicznego nosa jako narzedzia do oceny zapa-
chu dwuskladnikowych mieszanin gazowych jest w pelni uzasadnione i celowe. Jednak w
przypadku bardziej ztozonych mieszanin zastosowanie elektronicznego nosa moze by¢ pro-
blematyczne, gléwnie ze wzgledu na wystepowanie wzajemnych interakcji miedzy sktadni-
kami mieszaniny. W rozwiazaniu problemu z pewno$cia pomoze rozwoj technik sensorycz-
nych zwigzanych z budowaniem bardziej czultych, specyficznych i selektywnych czujnikow
o nizszych granicach wykrywalnosci. Innym podejsciem jest zastosowanie bardziej wyra-
finowanych metod analizy danych, ktére umozliwiaja ocene interakcji zapachéw poprzez
analize sygnaléw uzyskanych z czujnikéw e-nosa.

Wzajemne poréwnanie percepcyjnych modeli teoretycznych pozwolitlo wykazaé przy-
datno$¢ modeli opartych na wspoétczynnikach interakcji okreslonych za pomoca analizy
sensorycznej (tj. Modelu wektorowego i modelu U). Model UPL uwzglednia jedynie wy-
ktadniki prawa Stevensa okres$lone poszczegdlnych sktadnikéow. Oznacza to, ze ocena inte-
rakcji miedzy dwoma skladnikami mieszaniny przy uzyciu modelu UPL jest w wiekszosci
przypadkéw niepoprawna.

Zastosowanie elektronicznego nosa w polaczeniu z proponowanym algorytmem logiki
rozmytej daje zadowalajace wyniki, ktére w wiekszosci mieszanin sa podobne do mode-
li: wektorowego i U (Sredni blad kwadratowy prognozowania wyniést odpowiednio 0,54
i 0,53). Najgorsze dopasowanie prezentuje model UPL, w ktérym blad ten wynosi 3,77.
Rozbieznoéci miedzy warto$ciami wystepuja dla mieszanin zawierajacych trimetyloami-
ne lub trietyloamine. Jest to spowodowane bardzo niskimi progami zapachowymi tych
substancji. Przy niskich stezeniach tych substancji ich zapach moze by¢ odczuwany jako
silny, podczas gdy substancja nie jest wykrywana przez czujniki zainstalowane w elek-
tronicznym nosie. Proponowana metoda analizy danych oparta na logice rozmytej bardzo
dobrze odzwierciedla odczucia panelu sensorycznego, szczegolnie w przypadku niskich war-
tosci intensywnosci zapachu. Jednak przedstawione wyniki pokazuja jedynie odniesienie
do okreslenia intensywnoéci zapachu mieszanin dwuskladnikowych, ktore sa bardzo rzadko
spotykane w rzeczywistych warunkach.

W ostatnim etapie badan (Publikacja 5) zaproponowano wykorzystanie prototypu
elektronicznego nosa oraz sztucznej sieci neuronowej do monitorowania procesu dezodory-
zacji powietrza metoda biofiltracji pod wzgledem efektywnosci usuwania wyznaczanej za
pomocy intensywnoéci zapachu.

Biofiltracja ze ztozem zraszanym jest jedng z technik stosowanych do redukcji sub-

stancji odorowych w powietrzu. Opiera si¢ na tlenowej degradacji zanieczyszczen przez
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mikroorganizmy znajdujace si¢ w zlozu filtracyjnym. W pracy przedstawiono mozliwosé
zastosowania prototypu elektronicznego nosa w polaczeniu ze sztuczng siecig neuronows,
do monitorowania procesu biofiltracji pod katem zmniejszenia stezenia n-butanolu i inten-
sywnosci zapachu oczyszczanego powietrza. Badania przeprowadzono z uzyciem dwusek-
cyjnego biofiltra wypelnionego dostepnag w handlu mieszaning torfu i perlitu przez 42 dni
z réznymi stezeniami wlotowymi n-butanolu, tj. 100, 200, 400 i 800 ppm. Podczas badan
uzyskano skuteczno$é usuwania stezenia i intensywnosci zapachu odpowiednio okolo 90%
1 20%. Wykazano, ze najwyzsze wartosci uzyskano dla stezenia n-butanolu wynoszacego
na wlocie 200-400 ppm.

W wyniku badan stwierdzono, ze prototyp elektronicznego nosa wraz z proponowana
sztuczng siecia neuronowa mozna z powodzeniem wykorzystaé do oszacowania intensyw-
nosci zapachu prébek powietrza zanieczyszczonego n-butanolem poddawanych procesowi
biofiltracji. Przedstawione wyniki wskazuja, ze pary n-butanolu mozna skutecznie usunaé
z powietrza w biofiltrze wypelnionym mieszanina torfu i perlitu. Skuteczno$é usuwania
n-butanolu przekraczajaca 90% zostala osiagnieta po 20 dniach biofiltracji. Takie warto-
$ci odpowiadajg 20-30% w usuwaniu intensywno$ci zapachu. W 23 dniu trwania procesu
zaobserwowano najwyzsza efektywnos$¢ procesu (98,6%). Wysokie wartosci usuniecia n-
butanolu zaobserwowano dla stezen na wlocie réwnych 200 i 400 ppm. Pozwala to stwier-
dzié, ze dla tego biofiltra wartosci tych stezen sa optymalne.

Wybor n-butanolu jako zwiazku docelowego jest réwniez uzasadniony wczesniejszymi
badaniami, dotyczacymi konwencjonalnej biofiltracji powietrza zanieczyszczonego oparami
n-butanolu. Zatem eksperymentalne poréwnanie wydajnosci procesu (konwencjonalna bio-
filtracja kontra filtracja ze zlozem zraszanym) jest interesujace zaréwno z naukowego, jak
i praktycznego punktu widzenia. Wyniki te wskazuja, ze biofiltracja n-butanolu z wyko-
rzystaniem biofiltra ze zlozem zraszanym uzyskuje znacznie wyzsze wydajnosei (95-99%),
utrzymujac wysoka skuteczno$¢ usuwania nawet przy zwigkszonych obciazeniach wloto-
wych, w poréwnaniu do konwencjonalnej biofiltracji, ktorej maksymalne wartosci usunie-
cia mieszczg sie w przedziale 80-90%.

Wykorzystanie elektronicznego nosa pozwolilo na monitorowanie przebiegu procesu
pod wzgledem redukcji intensywnoéci zapachu. Jest to innowacyjne podejscie, ktore po-
zwala oceniaé¢ efektywnos$é¢ procesu nie tylko pod wzgledem redukcji stezenia substancji
odorowej w strumieniu gazu, ale takze redukcji intensywno$ci zapachu oczyszczanej mie-
szaniny. Taki rodzaj oceny procesu jest bardziej zasadny ze wzgledu na charakter proceséw
dezodoryzacji — maja one w swoim zalozeniu prowadzi¢ do usuniecia zapachu. Uzyskane
wyniki pokazaly, ze redukcja stezenia n-butanolu na poziomie 90% prowadzi do redukcji

intensywnosci zapachu oczyszczanej mieszaniny tylko o 20-30%.
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4 Dyskusja

Zastosowania elektronicznego nosa w monitorowaniu Srodowiska ciesza si¢ obecnie duzym
zainteresowaniem ze wzgledu na udowodniona zdolnos¢ tych urzadzen do rozpoznawa-
nia i rozrézniania réznych gazéw i zapachéw przy uzyciu nawet niewielkiej liczby czujni-
kéw. Takie zastosowania obejmuja analize parametréw zwiazanych z jakoscia srodowiska,
sterowanie procesami i weryfikacje skutecznosci systeméw kontroli emisji odoréw. Prze-
prowadzane od wielu lat badania dowodza, ze elektroniczne nosy nadaja sie gléwnie do
wspomnianych zastosowan, zwlaszcza jesli instrumenty te sg odpowiednio opracowane pod
wzgledem konstrukcyjnym i wyposazone w odpowiedni aparat matematyczno-statystyczny.
Jednak obecnie gléwnym ograniczeniem dla rozpowszechnienia noséw elektronicznych jako
narzedzi monitorowania jakoSci powietrza atmosferycznego pod wzgledem odorowym jest
zlozonosé 1 zmiennosé sktadu badanych prébek i brak szczegbélowych regulacji dotyczacych
ich standaryzacji, poniewaz ich stosowanie wiaze sie z duzg liczbg stopni swobody, doty-
czacych na przyklad uczenia i przetwarzania danych.

Od kilku lat w Unii Europejskiej trwaja prace nad przygotowaniem prawnych ure-
gulowan problemu uciazliwosci zapachowej. Unia Europejska nie wydala zadnych dyspo-
zycji dotyczacych uregulowan prawnych dotyczacych przygotowywanych ustaw ,antyodo-
rowych”, tym samym pozostawiajac panstwom czlonkowskim catkowita dowolnos¢ w tym
zakresie. Jedyna norma, obowiazujaca na terenie calej Unii Europejskiej, jest dokument
EN 13725:2003 ,,Determination of odour concentration by dynamic olfactometry”. Doku-
ment ten reguluje kwestie pomiaréow emisji zapachu.

Obecnie jedenascie panstw europejskich posiada regulacje prawne dotyczace zapa-
chowych standardéw jakosci powietrza [74, 75]. Prawo regulujace kwestie zanieczyszczenia
zapachami ré6zni sie w kazdym panstwie. W wielu przypadkach okreslone sa wylacznie wy-
tyczne regulujace dzialanie wladz panstwa w przypadku pojawienia sie skarg na dokuczli-
we odory. Panstwami posiadajacymi prawo odorowe sa m.in. Holandia, Niemcy, Francja,
Belgia, Czechy, Turcja, Wielka Brytania, Australia, Japonia, Nowa Zelandia, USA oraz
Kanada.

Dotychczas, w badaniach i ocenie uciazliwosci zapachowych korzystano przede wszyst-
kim z pomocy odpowiednio wyszkolonych zespoléw specjalistéw. Wechowa ocena préobek
powietrza wykonywana przez cztonkow tych zespolow stanowila podstawe do wydania opi-
nii. Taki sposéb prowadzenia badan byt kosztowny i wymagal posiadania odpowiedniego
laboratorium oraz wyszkolonego personelu. Ponadto, w przypadku badan olfaktometrycz-
nych, mamy do czynienia z brakiem pomiaréw epizodycznych, co jest zwiazane z dlugim
czasem dotarcia personelu do zrédla emisji. Te istotne wady przyczynity sie do podjecia
prac nad instrumentalnymi metodami pomiaru zapachéw. Do analizy mieszanin substancji
odorotworczych szczegélnie dobrze nadaje sie chromatografia gazowa. Instrumenty dzia-
tajace w oparciu o te metode wymagaja jednak zapewnienia odpowiednich warunkéw do
wykonywania oznaczen.

Alternatywnym rozwigzaniem w tej dziedzinie pomiarowej moga, by¢ przyrzady na-
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zywane elektronicznymi nosami, ktorych zaleta jest relatywnie niska cena, mozliwo$é pracy
w trybie online i niewielkie wymagania uzytkowe. Z tych powodéw urzadzenia te wzbudzaja,
duze zainteresowanie w praktyce pomiarowej. Obecnie na $wiecie prowadzi sie badania nad
udoskonaleniem tej techniki do identyfikacji odoréw. Niektoére kraje (takie jak np. Francja)
wprowadzily do swojego prawodawstwa elektroniczne nosy jako urzadzenia wskaznikowe
przy ocenianiu uciazliwosci zapachowych.

W Polsce od lat toczy si¢ dyskusja spoteczna dotyczaca wprowadzenia ustawy an-
tyodorowej. W 2016 roku Ministerstwo Srodowiska opublikowalo kodeks przeciwdzialania
uciazliwo$ci zapachowej, w ktérym wskazuje wieloaspektowosé problemu uciazliwosci zapa-
chowej jako przyczyne braku jednolitego prawodawstwa unijnego w tym zakresie. Minister-
stwo wskazuje réwniez, ze kodeks zostanie wykorzystany przez samorzadowcow szczebla
wojewodzkiego 1 lokalnego oraz przedsiebiorcéw w celu ograniczenie uciazliwosci zapa-
chowej prowadzonej dzialalnoéci gospodarczej. Kodeks niestety nie jest obowiazujacym
aktem prawnym, przez co jego stosowanie nie jest obligatoryjne, a jedynie wskazane. W
roku 2019 rozpoczely sie prace legislacyjne nad projektem ustawy o minimalnej odlegtosci
dla planowanego przedsiewziecia sektora rolnictwa, ktérego funkcjonowanie moze wiazaé
si¢ z ryzykiem powstawania uciazliwosci zapachowej. Jednak nawet to rozwiazanie nie
wprowadzato ustawowych metod pomiaru odoréw — méwito tylko o minimalnej odlegtosci
planowanych inwestycji w sektorze rolnictwa, ktérych funkcjonowanie moze wiazaé sie z
ryzykiem powstawania uciazliwosci zapachowej, a przez ktére rozumie sie przedsiewziecia,
ktore stanowi chéw i hodowla zwierzat. Wedtug zalozen projekt ustawy mial zostaé¢ przy-
jety w IIT kwartale 2019 roku, jednak prace nad projektem ustawy zostaly wstrzymane.

Nalezy jednak przewidywac, ze presja spoteczna dotyczaca zapobiegania uciazliwo-
$ciom zapachowym bedzie coraz bardziej nasilona, przez co nieuniknione bedzie wpro-
wadzenie uregulowan dotyczacych odoréw na poziomie krajowym. Wéwczas, biorac pod
uwage rozwiazania stosowane w innych krajach europejskich, elektroniczne nosy moga zo-
sta¢ dopuszczone jako urzadzenia wskaznikowe. Bedzie to jednak mozliwe tylko pod warun-
kiem uzyskiwania wynikéw o odpowiedniej jakosci, czyli zgodnych ze wskazaniami metody
referencyjnej, ktora niewatpliwie jest i bedzie olfaktometria dynamiczna. Przedstawione
w niniejszej rozprawie wyniki badan przyczyniaja si¢ do udoskonalenia mozliwoséci po-
miarowych elektronicznego nosa, szczegélnie w zakresie okreslania intensywnosci i jakosci
hedonicznejm wielosktadnikowych mieszanin zapachowych, czyli zblizonych do rzeczywi-
stych. Niniejsza praca calkowicie nie rozwiazuje problemu opracowania elektronicznego
nosa idealnie odwzorowujacego zmyst wechu czlowieka, ze wzgledu na wiekszg ztozonosé
rzeczywistych mieszanin zapachowych (moga skladaé sie one nawet z kilkuset sktadnikéw)
oraz subiektywna oceng zapachu przez czltowieka. Wskazuje jednak na bardzo wazna ceche
— elektroniczny nos, dzieki holistycznej analizie badanej probki, daje mozliwosé uwzgled-
niania interakcji zapachowych, co dowodzi, ze jego stosowanie do pomiaru cech zapachu

jest w pelni zasadne i celowe.
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5 Podsumowanie 1 wnioski

Gléwnym problemem instrumentalnego okreslania cech zapachéw, jest ich wielosktadniko-
wos¢. Brak addytywnosci cech zapachu i wystepowanie zjawiska interakcji zapachowych,
powoduje, ze instrumentalne okreslanie parametréw zapachu mieszanin wielosktadniko-
wych jest skomplikowanym analitycznie problemem, ktory zdecydowano si¢ podjaé i roz-
wiazaé¢ w wybranym zakresie. Obiecujacym podejsciem bylo wykorzystanie elektronicznego
nosa, ktéry w swym dzialaniu ma nasladowaé¢ ludzki zmyst wechu. Jako urzadzenie wyko-
nuje holistyczna analize sktadu prébki, podobnie jak ma to miejsce w przypadku ludzkiego
wechu. Jednak opracowanie odpowiedniej metody analitycznej, pozwalajacej na szacowa-
nie cech zapachu opiera sie przede wszystkim na dwodch filarach: czesci konstrukeyjnej
urzadzenia (a w zasadzie ilodci i typach wykorzystywanych czujnikéw) oraz na czesci ob-
liczeniowej, w ktorej odpowiednie algorytmy sposrod wielowymiarowych zbioréw danych

sa w stanie okresli¢ uzyteczna analitycznie informacje.

W prezentowanych badaniach, bedacych podstawa niniejszej rozprawy, poruszono
obie kwestie. W trakcie prac projektowano, konstruowano oraz przebudowywano pro-
totypy elektronicznych noséw, ktére z powodzeniem byly wykorzystywane w kolejnych
etapach prowadzonych badan. Opracowano i przetestowano trzy metody analizy danych,
uzyskanych z matrycy elektronicznego nosa: metoda regresji gtéwnych sktadowych (PCR),
sztuczne sieci neuronowe (ANN) oraz logike rozmyta (FL). Prowadzac badania w odnie-
sieniu do panelu sensorycznego wykazano, ze elektroniczne nosy umozliwiaja szacowanie
cech zapachu takich jak intensywno$¢ i jako$¢ hedoniczna na zadowalajacym poziomie
korelacji nawet dla piecioskladnikowych mieszanin zapachowych. Najwazniejszym wnio-
skiem plynacym z przeprowadzonych badan jest wykazanie zgodnosci pomiedzy wskazy-
waniem interakcji zapachowych przez elektroniczny nos i panel sensoryczny. Wykazano, ze
we wszystkich badanych przypadkach zdecydowanie lepsze poziomy korelacji uzyskuje sie
przy okreslaniu intensywnosci zapachowej niz jakosci hedoniczne;j.

W ramach prac bedacych podstawa niniejszej rozprawy doktorskiej:

e zaprojektowano i skonstruowano prototyp elektronicznego nosa, wyposazony w ze-
staw 8 czujnikéw (5 pdélprzewodnikowych, 2 elektrochemiczne oraz 1 fotojonizacyjny)

umozliwiajacy powtarzalne analizy probek gazowych pod katem odorowym,

e opracowano i wykorzystano sie¢ neuronowa oraz metode regresji gléwnych sktado-
wych przeznaczona do okreslania intensywnosci i jakosci hedonicznej wielosktadni-
kowych mieszanin zapachowych wybranych zwiazkéw odorowych. Poréwnanie obu
metod przedstawiono w Tabeli 8 wykorzystujac éredni blad kwadratowy predykcji
jako parametr poréwnawczy.
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Tabela 8: Poréwnanie metody PCR i ANN w okreslaniu intensywnosci zapachu (OI)

i jakosci hedonicznej (HT) z wykorzystaniem elektronicznego nosa.

Tlo$¢ sktadni- PCR ANN
kow

mieszaniny OI HT Ol HT
2 - - 0,13 0,28
3 0,03-0,06  0,07-0,34 0,16 0,33
4 - - 0,19 0,36
5 - - 0,20 0,47

e okreslono interakcje zapachowych wystepujacych w wielosktadnikowych mieszani-
nach zapachowych wybranych zwigzkéw odorowych z wykorzystaniem elektronicz-
nego nosa polaczonego z logika rozmyta, siecig neuronowa oraz metoda regresji gtow-
nych sktadowych. Poréwnano uzyskane wyniki z wynikami analizy sensorycznej. Wy-
niki uzyskane z wykorzystaniem zastosowanych metod pokrywaja sic w ponad 75% ze
wskazaniami panelu sensorycznego (w przypadku pomiardéw intensywnosci zapachu
badanych prébek).

e wykorzystano opracowana metode uczenia maszynowego (sie¢ neuronowa) do moni-

torowania procesu dezodoryzacji powietrza metoda biofiltracji ze zlozem zraszanym.

Na podstawie uzyskanych wynikéw mozna przypuszczac, ze e-nosy moga byé wykorzysty-
wane w zastosowaniach, w ktorych wymagany jest monitoring procesu prowadzony w try-
bie ciaglym, a ztozonos¢ matrycy prébki nie zmienia si¢ w duzym zakresie. Przypuszczenie
to potwierdzono réwniez badajac efektywnos$¢ prowadzenia procesu biofiltracji powietrza
zanieczyszczonego parami n-butanolu z wykorzystaniem biofiltra ze zlozem zraszanym,
gdzie uzyskane wyniki byty bardzo zadowalajace. Pozwala to réwniez wnioskowaé, ze elek-
troniczne nosy moga by¢ z powodzeniem wykorzystywane w innych procesach, w ktorych
potrzebny jest pomiar i okreslanie parametréow zapachu, takich jak np. absorpcyjne, ad-

sorpcyjne, termiczne lub membranowe metody dezodoryzacji.
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Abstract: The paper presents an application of an electronic nose prototype comprised of
six TGS-type sensors and one PID-type sensor to identify odour interaction phenomena in
odorous three-component mixtures. The investigation encompassed eight odorous mixtures—
toluene-acetone-triethylamine and formaldehyde-butyric acid-pinene—characterized by different
odour intensity and hedonic tone. A principal component regression (PCR) calibration model was
used for evaluation of predicted odour intensity and hedonic tone. Correctness of identification of
odour interactions in the odorous three-component mixtures was determined based on the results
obtained with the electronic nose. The results indicated a level of 75-80% for odour intensity
and 57-73% for hedonic tone. The average root mean square error of prediction amounted to
0.03-0.06 for odour intensity determination and 0.07-0.34 for hedonic tone evaluation of the odorous
three-component mixtures.

Keywords: electronic nose; odour interactions; principal component regression; odour intensity;
hedonic tone

1. Introduction

The capability to identify and discriminate between odorous substances is largely limited to
methods and instruments based on the sense of smell. Progress in science and technology has
increased interest in devices designed and operating analogously to human senses. The last 30 years
have witnessed the elaboration of analytical systems capable of replacing odour evaluation by
humans, at least to certain extent [1-9]. The instruments have that attracted attention due to the
utilization of a wide range of chemical sensors are electronic noses. These devices, being analogues
of the human sense of smell, can be applied in many fields of science and industry such as medical
diagnostics [10-13], environmental protection [14-21], food and agricultural industries [22-25], and
forensic science and criminology [26-29]. Electronic nose instruments allow holistic analysis of gas
mixture compositions without the need to separate and identify of particular components [30,31],
moreover, they have gained increasing popularity as far as measurement of the gas mixtures with
very low concentration levels of their particular components is concerned [32,33]. These devices are
characterized by additional advantages as compared to other techniques for odour analysis such as
olfactometry or gas chromatography. As opposed to olfactometric techniques there is no need for
olfactory adaptation and trained personnel for defined odour perception. Electronic noses offer rapid
analysis and lower costs than chromatographic techniques. With all their advantages and certain
limitations electronic nose instruments are complementary with respect to the aforementioned odour
analysis measurement techniques.
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The sensation of odour is relatively difficult to describe quantitatively. There are four basic
features of odour determined during investigations and description of odorous compounds: odour
concentration, intensity, hedonic tone and olfactory threshold. In the case of gas mixtures containing
odorous compounds there is a discrepancy between sensed odour and summary odour (being a sum
of the odours of particular components) [34-36].

Knowledge about olfactory thresholds of pure chemical compounds does not allow anticipation
of the odour of their mixtures with other compounds. The sensible range of the mixtures is not
an additive quantity. This is a result of so-called odour interactions consisting in mutual masking,
amplification or attenuation of odours. The investigations on odour interaction types have been carried
out for many years, however no satisfactory explanation for the mechanism of these processes has been
provided so far. Most frequently the objects under investigation are air samples containing no more
than two or three odorant types [37-39]. Dependence between physical stimuli acting on senses and
psychical feelings is described by a field of knowledge called psychophysics. In the case of interactions
models of odour interaction are created, which describe the dependence between odour intensity of
air containing pollution mixtures and:

e  odour intensity, which would be caused by the mixture components if they were present separately
(perception models),

e  concentrations of mixture components and their psychophysical characteristics (psychophysical
models).

None of numerous elaborated models possesses a general character. The perception models of
interaction combine odour intensity of a mixture (I4g) with intensity of its components when present
separately (I4, Ig). The best-known empirical equation combining odour intensity of a mixture with
odour intensity of the individual components is Equation (1), the Zwaardemaker equation (from 1908)
often called vector summation of intensities:

B =14 + I3 + 214 Igcosazp (1)

The interaction coefficient (a) present in the equation is approximately constant for one pair
of mixture components. Recently the investigations on determination of this coefficient for the
compounds from aldehyde, ester or aromatic hydrocarbons groups were conducted by Yan et al.
who determined its values at the level of: —0.22 for aldehydes, —0.25 for esters, —0.129 for aromatic
hydrocarbons [40,41]. Generally, the odour interaction coefficients falls between —0.326 and —0.423,
although there were also cases when it took lower values from —0.156 to —0.208. A couple of other
perception models have been elaborated, including the Berglund, Patte and Laffort or U models [42-45].

Odour intensity depends on the number of odorous substance molecules, which are in contact
with olfactory receptors, namely on odorous substance concentration in the inhaled air. Intensity
is defined as “strength of odour perception”, which is triggered by particular olfactory stimulus.
Most frequently verbal point scales or reference scales are used in order to determine odour intensity.
An example of the verbal scale can be a 6-grade scale recommended in the German guidelines VDI
3940, where 0 value means no odour and 6 value describes an extremely strong odour.

As far as odour hedonic tone is concerned, hedonic interaction of odour is an interaction of an
odorous substance, which, upon evaluation of a given olfactory sensation, is attributed to a certain
feature located between two extreme situations described as extremely pleasant and extremely
unpleasant, respectively. In practice odour hedonic tone is evaluated in the way similar to odour
intensity using single-dimensional scales (verbal, graphical, point ones). Negative values of the verbal
scale describe unpleasant olfactory sensations, positive values of that scale correspond to pleasant
sensations, a value of 0 is associated with a neutral olfactory sensation.

Determination of odour intensity or odour hedonic tone using an electronic nose requires
application of a “teaching under supervision” approach. Depending on the research problem these
techniques (teaching under supervision) are employed to construct calibration, discrimination or

o7


http://mostwiedzy.pl

A\ MOST

Sensors 2017, 17, 2380 30f18

classification models. Construction of the above models utilizes a set of explanatory variables (signals
from the sensors comprising an electronic nose) and a set of dependent variables (values of odour
intensity or hedonic tone expressed on the verbal scale). A calibration method task is construction of
a model, which allows quantitative evaluation of particular property or the properties based on the set
of explanatory variables. The most popular calibration techniques include multiple linear regression
(MLR), principal component regression (PCR) and partial least squares (PLS). Operation on a big
number of correlated variables results in limited applicability of the MLR models. Hence, the main
methods used for construction of linear calibration models are PCR and PLS, as they are capable of
managing correlated variables. These methods have found successful application for monitoring of
odour concentration changes in processes such as biofiltration or sewage treatment as well as a support
to dynamic olfactory measurements [46-54]. Literature in the field [55] reveals that for binary mixtures
(n-butanol, acetone) of odorous compounds, a linear regression between odour intensity and averaged
sensor response is appropriate to represent the relationship between odour intensity and electronic
nose measurement when conducting polymer sensors are used, but it is inadequate for metal oxide
sensors. Moreover, for binary mixtures of odorous compounds (n-butanol, acetone), a neural network
can be trained to accurately predict odour intensity from commercial electronic nose sensor responses.

This paper describes an attempt to apply the PCR method and an electronic nose instrument
to determine odour interactions of three-component gas mixtures characterized by different types
of odour, which are components of the odorous mixtures typically present in municipal landfills or
sewage treatment plants. The PCR method was used to determine if there occurred amplification of
odour intensity with respect to the theoretical value estimated with Patte and Laffort model. The same
method was utilized to check whether the electronic nose could be used to predict odour hedonic
tone and how this value differed from the theoretical value calculated as algebraic sum of particular
odorous components. Proposed PCR models were verified via coefficient of determination (R2) and
root mean square error of prediction (RMSEP).

2. Materials and Methods

2.1. Types of Three-Component Mixtures and Their Preparation

The investigation employed pure substances and three-component mixtures of the following
compounds: toluene, acetone, triethylamine (set A and B) and formaldehyde, butyric acid, x-pinene
(set C and D). Table 1 presents characteristics of the investigated odorous compounds including odour
type, vapour pressure, and olfactory threshold in the gas phase [56-58].

Table 1. Characteristics of the investigated odorous substances.

Substance Odour Type Vapour Pressure (hPa) Otilfzcgjarsyl;ﬁ;??;;i:)n
Toluene Pleasant and 29 033-2.9
characteristic
Acetone Fruity, sweet 233 13-100
Triethylamine Fish, pungent 72 0.000032-0.48
Formaldehyde Pungent, stifling 14 0.5-1
Butyric acid Rancid, odour of sweat 0.6 0.00019-0.001
«-Pinene Pine, resinous 5 0.018

Five aqueous solutions characterized by a 2-step dilution were prepared for each of the
investigated substances. For acetone and formaldehyde the concentrations were as follows: 200,
400, 800, 1600, 3200 ppm v/v in deionised water. For toluene, triethylamine, butyric acid the
concentrations formed a series: 5, 10, 20, 40, 80 ppm v/v in deionised water. In case of pinene
the concentrations were as follows: 1, 2, 4, 8, 16 ppm v/v in deionised water. Prepared solutions were
used for determination of odour intensity and hedonic tone of each sample, which was performed
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by a team of assessors. Obtained results were utilized to plot odour intensity versus logarithm of
concentration of particular odorous substance in water as well as to depict hedonic tone versus
logarithm of concentration of particular odorous substance in water. These plots allowed estimation
of the olfactory thresholds of given substances in aqueous solution in order to confront them with
the theoretical values. Additionally, the plots were used to determine concentration of particular
substances in deionised water corresponding to odour intensities equal to 1 and 2 according to the
scale proposed in the VDI 3940 guidelines.

2.2. Olfactory Triangles

A triangle presenting distribution of three-component mixture samples is shown in Figure 1.
The samples present on the vertexes of the triangle (1, 6 and 11) are comprised of pure substances
in deionised water, characterized by an odour intensity equal to 1 or an odour intensity equal to 2.
The points located on the sides of the triangle represent two-component mixtures of the respective
compounds in deionised water. Three-component mixtures in deionised water are inside the triangle.
The composition of prepared three-component mixtures (set A and B with intensity 1 and 2; set C
and D with intensity 1 and 2) is shown in Table 2. Moreover, Table 2 contains the information about
hedonic tone of particular samples calculated based on the plots described in the Section 2.1.

Substance 2

3—1 0—9
/ N/ N/ N/ N\
—16—17—18—10
/ \ / N/ N/ N/ N\
1—15—14—13—12—11
Substance 1 Substance 3

Figure 1. Triangle presenting distribution of three-component mixtures samples.

Table 2. Concentration range (C), odour intensity (I) and hedonic tone (HT) of the samples: toluene,
acetone, triethylamine (set A and B) and formaldehyde, butyric acid, pinene (set C and D).

Toluene Acetone  Triethylamine Formaldehyde Butyric Acid o-Pinene
Cv(l/’s)m 0.06-0.6 60-600 0.15-15
SetA 1 0-1 0-1 0-1
HT —0.8-0 ~0.9-0 —~0.9-0
Cv(%’)m 04-37 390-3900 0.5-5.5
Set B 1 0.8-2 0.75-2 0.25-2
HT ~1.6-—-06 —175-—07 —18--02
C‘fl/’f]’)m 50-540 0.5-4.7 0.01-0.13
SetC I 0-1 0-1 0-1
HT ~0.8-0 ~0.8-0 0-05
CV(%’)I“ 360-3600 15-145 0.05-05
SetD 1 0.8-2 0-2 03-2
HT ~1.6-—0.6 ~1.6-0 0.15-1
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2.3. Measurement of Odour Intensity and Hedonic Tone

The investigation was carried out by a group of assessors whose task was the olfactory evaluation
of the prepared samples. This group consisted of five persons trained according to St. Croix Sensory
2006, a procedure elaborated by St. Croix Sensory, Inc. (Stillwater, MN, USA). The assessors were also
aware of and followed the rules concerning olfactory investigations contained in the standard PN-EN
13 725 “Air quality. Determination of odour concentration by dynamic olfactometry”. The task of
each assessor was determination of odour intensity and hedonic tone of prepared samples of aqueous
solutions. Each sample was attributed the odour intensity within the range from 0 to 6 and the hedonic
tone from —4 to 4. The assessors evaluated the total of 880 samples in case of the interactions within
the olfactory triangle and 450 samples in case of the functional dependences: odour intensity versus
logarithm of concentration of particular odorous substance in water as well as hedonic tone versus
logarithm of concentration of particular odorous substance in water.

2.4. Description of Experimental Setup for Electronic Nose Investigations

A scheme of the experimental setup is illustrated in Figure 2. It consisted of:

e  bottle with carrier gas (compressed air) with reducing valve,

e system of air purification containing three filters filled successively with: active carbon (C),
molecular sieve 5A and silica (SiO,),

e three-way Vland cut-off V2 valves,

. sample mounting system,

e  mass flow controller (red-y smart series GSC-B9SS-BB23, Voegtlin, Aesch, Switzerland)

e  prototype of electronic nose equipped with a matrix of seven sensors: six sensors of MOS-type
(TGS 813,TGS 816, TGS 822, TGS 2444, TGS 2602, TGS 2620-FIGARO USA Inc., Arlington Heights,
IL, USA) and one PID-type sensor (MiniPID-Ion Science Ltd., Cambridge, UK)

e PC-class computer.

\
V2

E-NOSE

ANALOG-TO-DIGITAL
CONVERTER

MASS FLOW
CONTROLLER

O

SAMPLE

COMPRESSED AIR

COMPUTER

Figure 2. Scheme of experimental setup containing electronic nose.

2.5. Methodology of Measurement Using Electronic Nose

Clean air was flowing through a measurement system. Inlet and outlet tubes were connected
to the investigated sample in order to provide carrier gas flow. After mounting of a tube with the
sample a three-way valve V1 was switched in order to change a direction of air flow. Air was supplied
into the sample via the inlet tube while the outlet tube led aerated phase into a measurement sensors
chamber of the electronic nose. Recording of signals started 25 s after the moment when air had been
passed through the probes with investigated substances. The signal was recorded for 15 s. After that
time the three-way valve was switched into its initial position enabling cleaning of the measurement
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system due to undisturbed flow of the carrier gas until e-nose signal returned to the initial level. The
measurement parameters were determined via optimization method and they were as follows:

e  volumetric flow rate of air, determined using the rotameter, was equal 0.3 L/min,
e time of carrier gas flow through the sample: 25 s,
e  signal recording: 15s.

The system operated in a stop-flow mode meaning: 25 s of carrier gas flow, 15 s of carrier gas
flow interruption, 5 min of carrier gas flow. A total of 880 samples were investigated in order to define
odour interactions in the olfactory triangle, wheminutere 440 samples were the training ones and
440 samples constituted the tested ones. In case of utilization of the semiconductor sensors (in the
investigations presented) a quotient technique of baseline correction was applied:

_ 5
Smeas = So 2

where: S,0s—value of signal after baseline correction, S(t)-value of signal at given time instant prior to
baseline correction, So—value of baseline signal.

This correction allowed reduction of the drift exhibiting multiplicative character. Application of
this technique was found justified and purposeful due to its theoretical background, which suggests
that the quotient method should provide the best effects [59].

2.6. Data Analysis

Analysis of the data obtained with the electronic nose prototype was carried out using free R
software being a part of Free Software Foundation (Free Software Foundation, Boston, MA, USA).
All original variables were subjected to transformation via autoscaling, which resulted in variance of
all properties equal each other and equal 1.

3. Results and Discussion

3.1. Determination of Olfactory Thresholds for Particular Odorous Compounds in Aqueous Solution

Figure 3 presents functional dependency between odour intensity of toluene aqueous solutions
and logarithm of toluene concentration in deionized water. It can be seen that the value of olfactory
threshold equals 0.1 ppm v/v. The characteristics (Figure 3) illustrating dependency between hedonic
tone and logarithm of toluene concentration in deionized water also intersect the axis of abscissae in the
point where no odour can be sensed. This value is equal to olfactory threshold value within the limits
of random error. Analogous procedure was applied in order to evaluate olfactory thresholds for the
remaining samples of odorous compounds in aqueous solutions. Figure 4 shows functional dependency
of odour intensity and hedonic tone versus logarithm of acetone concentration in deionized water.
Figure 5 presents the functional dependency of odour intensity and hedonic tone versus logarithm
of triethylamine concentration in deionized water. The remaining Figures 6-8 illustrate functional
dependency of odour intensity and hedonic tone versus logarithm of formaldehyde (Figure 6), butyric
acid (Figure 7), o-pinene (Figure 8) concentration. The values of olfactory threshold obtained based on
the determined functional dependencies are gathered in Table 3.
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Figure 3. Mean odour intensity versus logarithmic concentration of toluene in deionized water and
mean hedonic tone versus logarithmic concentration of toluene in deionized water.

Hedonic Tone ; Odour Intensity

Acetone
25

1 2 22 24 26 28 3 32 34 !09((:)3?6

¢ =100 ppm v/v

Hedonic Tone / Odour Intensity

Figure 4. Mean odour intensity versus logarithmic concentration of acetone in deionized water and
mean hedonic tone versus logarithmic concentration of acetone in deionized water.
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Figure 5. Mean odour intensity versus logarithmic concentration of triethylamine in deionized water
and mean hedonic tone versus logarithmic concentration of triethylamine in deionized water.
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Formaldehyde
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Figure 6. Mean odour intensity versus logarithmic concentration of formaldehyde in deionized water

and mean hedonic tone versus logarithmic concentration of formaldehyde in deionized water.

Hedonic Tone / Odour Intensity

Butyric acid

2 4 06 08 1 12 14 16 1815902
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Figure 7. Mean odour intensity versus logarithmic concentration of butyric acid in deionized water
and mean hedonic tone versus logarithmic concentration of butyric acid in deionized water.

Hedonic Tone / Odour Intensity

o-pinene

5
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Figure 8. Mean odour intensity versus logarithmic concentration of x-pinene in deionized water and

mean hedonic tone versus logarithmic concentration of a-pinene in deionized water.
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The Table 3 also includes the theoretical values of olfactory thresholds in aqueous solutions. It can
be seen that the obtained experimental values (in the range of random error) are within the limits of
olfactory thresholds reported in literature.

Table 3. Comparison of experimental and theoretical values of olfactory threshold for aqueous solutions
of toluene, acetone, trimethylamine, formaldehyde, butyric acid and pinene samples [60,61].

s Experimental Olfactory Threshold Theoretical Olfactory Threshold in Aqueous
ubstance .
(ppm v/v) Solution (ppm v/v)

Toluene 0.1 0.04

Acetone 100 20-500
Triethylamine 0.4 0.4
Formaldehyde 81 60

Butyric acid 15 0.24
«-Pinene 0.03 0.14

The obtained function dependencies were used to determine concentration of particular odorous
compounds, for which odour intensity was equal to 1 and 2. The plots of hedonic tone versus logarithm
of concentration of a given compound in deionized water were utilized to assess the values of hedonic
tone, at which odour intensity equalled 1 and 2. Analogous approach was employed for determination
of the remaining values of odour intensity and hedonic tone where samples concentrations constituted
80%, 60%, 40%, 20%, 10% of the concentration, at which value of odour intensity was 1 or 2. In this
way 22 samples were prepared, which contributed to a sample distribution in the olfactory triangle of
three-component mixture (set A and B—toluene, acetone, triethylamine of odour intensity ca. 1 and
ca. 2; set C and D—formaldehyde, butyric acid, pinene of odour intensity ca. 1 and ca. 2).

3.2. Determination of Theoretical Values of Odour Intensity and Hedonic Tone of Three-Component Mixtures
Using Perception Model

In case of determination of the theoretical odour intensity of 22 samples of three-component
mixtures for A, B, C, D sets the Patte and Laffort model was used, the mathematical form of which is

presented below Equation (3):
Inivipz =\ B+ B+ 12 3

Evaluation of the theoretical hedonic tone of 22 samples of three-component mixtures for A, B, C,
D sets involved algebraic summation, the mathematical form of which is shown below Equation (4):

3
HTyix123 = ) HT; 4
=1

In this way a distribution of the theoretical values of odour intensity and hedonic tone of
22 samples contributing to odour variation within the olfactory triangle was found for four investigated
measurement sets.

Independently of determined theoretical values a group of assessors conducted an investigation
aimed at evaluation of odour intensity and hedonic tone of 22 samples belonging to four sets of
examined three-component mixtures. It enabled identification of the measurement points (samples)
within the olfactory triangle where odour interaction occurred. A statistical U Manna-Whitney test
was utilized to find the measurement points within the olfactory triangle, which differed statistically
from the theoretical values.

3.3. Determination of Measurement Points Within Olfactory Triangle Where Odour Interaction Phenomenon
Was Discovered by A Group of Assessors

The statistical test allowed identification of the places within the olfactory triangle where the
values of odour intensity and hedonic tone exhibited significant statistical difference from the
theoretical values determined according to a procedure described in the Section 3.2. Figure 9a
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presents the olfactory triangle for the toluene-acetone-triethylamine mixture (where odour intensity
of the samples 1, 6, 11 equalled 1, set A) where one can observe five measurement points revealing
amplification of odour intensity, namely odour synergism phenomenon. Figure 9b shows the olfactory
triangle for the same three-component mixture, in which six measurement points characterized by
amplification of hedonic tone are evident (set A).

a) Acetone b) Acetone
6 6
\
5-22-7 5-22-7
/N / \ /
4—21 4—2
/\ /
3 19— 3—19—20
/NINSN/ /N/N/
2—16—17 2—16—17
/N /N / \ /N /N Y/

Triethylamine Toluene  Triethylamine Toluene

Figure 9. (a) Olfactory triangle for toluene-acetone-triethylamine mixture (set A) with indicated
places of odour intensity amplification; (b) with indicated places of hedonic tone amplification.
Sensory analysis.

Analogous olfactory triangles with the places of odour intensity and hedonic tone amplification
are illustrated in Figures 10-12. In Figure 10a one can see the olfactory triangle for the
toluene-acetone-triethylamine mixture (where odour intensity of the samples 1, 6, 11 equalled 2,
set B) where 8 measurement points revealed amplification of odour intensity. Figure 10b depicts
the olfactory triangle for the same three-component mixture, in which 10 measurement points are
characterized by amplification of hedonic tone.

a) Acetone b) Acetone
¢ /N
-22-7 207
AYAYA
ISNSNSNS
2—16
/ N /N XN /\
1—15—14 11 1—15 11

Triethylamine Toluene  Triethylamine Toluene

Figure 10. (a) Olfactory triangle for toluene-acetone-triethylamine mixture (set B) with indicated
places of odour intensity amplification; (b) with indicated places of hedonic tone amplification.
Sensory analysis.

Figure 11a presents the olfactory triangle for the formaldehyde-butyric acid-pinene mixture (where
odour intensity of the samples 1, 6, 11 equalled 1, set C) where one can observe five measurement
points revealing amplification of odour intensity. Figure 11b shows the olfactory triangle for the
same three-component mixture, in which seven measurement points characterized by amplification of
hedonic tone are evident (set C).

In Figure 12a one can notice the olfactory triangle for the formaldehyde-butyric acid-pinene
mixture (where odour intensity of the samples 1, 6, 11 equalled 2, set D) where eight measurement
points revealed amplification of odour intensity. Figure 12b depicts the olfactory triangle for the
same three-component mixture, in which 11 measurement points are characterized by amplification
of hedonic tone (set D). Generally, it can be observed that an increase in odour intensity or hedonic
tone is accompanied of an increase in the number of samples, which are characterized by odour
amplification phenomenon.
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a) a-pinene b) a-pinene
6

/NN N /NN \
l—15—14—13—12—1I1 1—15—14—13—12—11
Formaldehyde Butyric acid  Formaldehyde Butyric acid

Figure 11. (a) Olfactory triangle for formaldehyde-butyric acid-pinene mixture (set C) with indicated
places of odour intensity amplification; (b) with indicated places of hedonic tone amplification.

a) a-pinene b) a-pinene

3—19
/N /
2—16—17—18—10 2—16
/\/\/\/\/\ /N /N
1—15—14—13—12—11 1—15—14 11
Formaldehyde Butyric acid  Formaldehyde Butyric acid

Figure 12. (a) Olfactory triangle for formaldehyde-butyric acid-pinene mixture (set D) with indicated
places of odour intensity amplification; (b) with indicated places of hedonic tone amplification.

3.4. Determination of Measurement Points within Olfactory Triangle Where Odour Interaction Phenomenon
Was Discovered with Electronic Nose Instrument

The following situations were observed when analogous investigation was performed using the
PCR method as a tool for anticipation of odour interaction. Figure 13a presents the olfactory triangle
for the toluene-acetone-triethylamine mixture (where odour intensity of the samples 1, 6, 11 equalled
1, set A) where one can observe six measurement points revealing amplification of odour intensity.
The olfactory triangle for the same three-component mixture (Figure 13b) shows seven measurement
points characterized by amplification of hedonic tone. Figures 14-16 illustrate the olfactory triangles
for the measurement sets B, C and D with indicated places of odour amplification. Table 4 contains the
information about a number of the measurement points within the olfactory triangles representing the
measurement sets A, B, C and D, at which odour amplification occurred.

a) Acetone b) Acetone

1—I15—14 11 | —15—14—13—12—1I1
Triethylamine Toluene  Triethylamine Toluene

Figure 13. (a) Olfactory triangle for toluene-acetone-triethylamine mixture (set A) with indicated places
of odour intensity amplification; (b) with indicated places of hedonic tone amplification. Analysis with
PCR method.
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a) Acetone b) Acetone

\/
3—192 3—19
/NN ANYN /N\/
2—16—17 2—16
/N N/ \ /N / \

Triethylamine Toluene  Triethylamine Toluene

Figure 14. (a) Olfactory triangle for toluene-acetone-triethylamine mixture (set B) with indicated places
of odour intensity amplification; (b) with indicated places of hedonic tone amplification. Analysis with
PCR method.

a) a-pinene b) a-pinene

2—16—17—18—10 2—16—17
/\/\/\/\/\ /NN
I —15—14—13—12—11 1—15—14
Formaldehyde Butyric acid  Formaldehyde Butyric acid

Figure 15. (a) Olfactory triangle for formaldehyde-butyric acid-pinene mixture (set C) with indicated
places of odour intensity amplification; (b) with indicated places of hedonic tone amplification. Analysis

with PCR method.
a) a-pinene b) a-pinene
/N /
AN
2—16—17—18—10 2—16
/NN N /NN /N /N
1—15—14—13—12—1I1 1—15—14—13
Formaldehyde Butyric acid  Formaldehyde Butyric acid

Figure 16. (a) Olfactory triangle for formaldehyde-butyric acid-pinene mixture (set D) with indicated
places of odour intensity amplification; (b) with indicated places of hedonic tone amplification. Analysis
with PCR method.

Table 4. Number of measurement points for three-component mixtures of A, B, C, D sets where odour
amplification phenomenon was observed using electronic nose instrument.

Set Odour Intensity Hedonic Tone
Set A 6 7
Set B 7 7
Set C 6 7
Set D 8 8
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3.5. Comparison of Information about Odour Interactions Obtained Via Sensory Analysis and Electronic
Nose Instrument

The aforementioned investigations, carried out by a group of assessors as well as using the
electronic nose instrument and utilizing the PCR models, led to acquisition of the following information.
Table 5 presents a number of the measurement points, for which both types of investigation indicated
odour amplification. This table also includes the information about percentage of correct identifications
obtained with both methods. Analysing Table 5 it can be observed that the level of correct identification
of odour intensity amplification using the electronic nose and the PCR method was 80% for the
measurement set A, 75% for the measurement set B, 80% for the set C and 75% for the set D.
Analogously, the level of correct identification of hedonic tone amplification using the electronic
nose and the PCR method was 67% for the measurement set A, 60% for the measurement set B, 57% for
the set C and 73% for the set D. It is evident that in case of investigation of odour interactions employing
the electronic nose coupled with PCR calibration method the correctness of identification of odour
intensity amplification was higher than correctness of identification of hedonic tone amplification.

Table 5. Comparison of information obtained from sensory analysis and electronic nose measurements
regarding occurrence of odour interactions in three-component mixtures-A, B, C and D sets.

s Odour Intensity Hedonic Tone
et

Number Percentage Number Percentage
Set A 4 80% 4 67%
Set B 6 75% 6 60%
Set C 4 80% 4 57%
Set D 6 75% 8 73%

3.6. Evaluation of Constructed PCR Calibration Model

The plots of predicted dependent variable (in this case odour intensity or hedonic tone determined
with the PCR method) versus experimental variable (values of odour intensity or hedonic tone
identified by a group of assessors) are the most frequent way of visual evaluation of the calibration
models. The correlation plots of the PCR models were prepared only for the training set. They present
fitting of the model to the training data. Figure 17a—d show the dependence between predicted odour
intensity based on the PCR model and the intensity observed experimentally for the measurement sets
A, B, C, D, respectively.
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Figure 17. Cont.
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Figure 17. PCR model presented as predicted odour intensity versus odour intensity determined
experimentally by a group of assessors, (a) measurement set A; (b) measurement set B; (c) measurement
set C; (d) measurement set D.

It is easy to notice in these plots that in case of good calibrations models the samples of model and
test sets should be distributed symmetrically along a straight of slope 1. Better calibration model was
observed for the measurement sets A and C where odour intensity oscillated around 1. In case of the
measurement sets B and C, for which intensity oscillated around 2, one can observe underestimated or
overestimated points at the plots. Such situation can be an evidence that the measurement sensors
comprising the electronic nose operated close to the upper limit of their detection abilities. Hence,
these results incorporated in the PCR model could be burdened with additional errors. Figure 18a—-d
shows dependence between predicted hedonic tone based on the PCR model and the hedonic tone
observed experimentally for the measurement sets A, B, C, D, respectively.

This time the plots of predicted value versus experimental value reveal much worse fitting. It is
relatively easy to interpret as odour intensity is directly connected with concentration of particular
odorant. Odorant concentration has a direct influence on a signal of the sensor being a part of
the electronic nose instrument. In case of hedonic tone, although this quantity is also connected
with odorant concentration, there is another factor, namely hedonic impact. This factor is relatively
well-recognized by human but it is very difficult for a chemical sensor and requires a lot of experimental
data as well as application of suitable data analysis such as neural networks or Kohennen network.
However, the aim of the authors of this paper was to show that the PCR-type calibration model based
on hidden variables was also capable of qualitative description of the odour interaction situations.
Table 6 presents the values of root mean square error of prediction (RMSEP), number of optimum
factors, for which the PCR model was constructed and coefficient of fitting to the optimum number of
the PCR model factors. RMSEP can be used as a validation factor for the constructed calibration model.

Table 6. Values of root mean square error of prediction, optimum number of PCR model factors and
coefficient of determination of model.

Odour Intensity Hedonic Tone
Number of 2 Number of 2
Set RMSEP Optimum Factors R RMSEP Optimum Factors R
Set A 0.03 6 0.92 0.08 4 0.30
Set B 0.04 6 0.86 0.07 6 0.98
Set C 0.06 6 0.87 0.20 6 0.80
Set D 0.04 6 0.8 0.34 6 0.87
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Figure 18. PCR model presented as predicted hedonic tone versus hedonic tone determined
experimentally by a group of assessors, (a) measurement set A; (b) measurement set B; (¢) measurement
set C; (d) measurement set D.

In case of the data, for which predicted odour intensity was determined the average RMSEP was
at the level of 0.03-0.06 and coefficient of determination for optimum number of the PCR model factors
amounted 0.86-0.92. In case of the data, for which predicted hedonic tone was identified the average
RMSEP was at the level of 0.07-0.34 and coefficient of determination for optimum number of the PCR
model factors amounted 0.30-0.98.

4. Conclusions

The paper proposes an application of an electronic nose as an instrumental tool consisting of
semiconductor sensors and PID-type sensor to determine if it is possible to observe odour interaction
phenomena for odorous three-component mixtures. The PCR calibration model was suggested for
data analysis. The results, obtained by both a group of assessors as well as the electronic nose, revealed
odour amplification in selected three-component mixtures. This effect was more evident for the
mixtures, which were characterized by odour intensity at the level of ca. 2 as compared to the mixtures
with odour intensity of around 1. It was also observed that the PCR model was more efficient upon
determination and prediction of odour intensity than upon prediction of hedonic tone. Correctness
of odour interactions determination with the electronic nose instrument and the PCR model was the
level of 75-80% in case of odour intensity and 57-73% for hedonic tone.
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The three-component mixtures subjected to investigation consisted of typical odorous compounds
present at municipal landfills and sewage treatment plants. Selection of the three-component mixtures
was random and the intention of the authors was to show that it is feasible to observe odour interactions
with the instrumental tool and that this technique can be helpful and supplementary one with respect
to the olfactometric techniques.
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Abstract: This paper presents application of an electronic nose prototype comprised of eight sensors,
five TGS-type sensors, two electrochemical sensors and one PID-type sensor, to identify odour
interaction phenomenon in two-, three-, four- and five-component odorous mixtures. Typical chemical
compounds, such as toluene, acetone, triethylamine, x-pinene and n-butanol, present near municipal
landfills and sewage treatment plants were subjected to investigation. Evaluation of predicted odour
intensity and hedonic tone was performed with selected artificial neural network structures with the
activation functions tanh and Leaky rectified linear units (Leaky ReLUs) with the parameter a = 0.03.
Correctness of identification of odour interactions in the odorous mixtures was determined based
on the results obtained with the electronic nose instrument and non-linear data analysis. This value
(average) was at the level of 88% in the case of odour intensity, whereas the average was at the level of
74% in the case of hedonic tone. In both cases, correctness of identification depended on the number
of components present in the odorous mixture.

Keywords: electronic nose; odour interactions; odour intensity; hedonic tone; artificial neural networks

1. Introduction

Odour intensity and hedonic tone of odorants mixture above a threshold level are often different
from the quantities predicted based on concentration of particular components and their odour
thresholds. Odorant mixtures are characterized by odour interactions. They include synergism,
masking and neutralization [1-5]. Synergism is mutual amplification of two or more stimuli. Masking
is usually a substitution of an unpleasant odour with another, more pleasant one. Neutralization,
also called compensation, is typically interpreted as activity of additional component of the odorants
mixture, which leads to disappearance of odour or to distinct decrease in its intensity. Investigations on
odour interactions have been carried out for many years, however, they have not led to explanation of
the mechanisms of these processes so far. Odour interaction models (perception models) are analysed
in the case of odour interactions presence. They describe dependence between the odour intensity
of air containing pollutants mixture and the odour intensity, which would be exemplified if these
pollutants were present separately. A multitude of these models engulfs Zwaardemaker, Berglund,
Patte and Laffort or U models [6-9]. However, the investigated objects are usually mixtures containing
two or three types of odorants. In actual conditions, odorant mixtures are much more complex.
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Odour analysis techniques, especially the ones that utilize holistic analysis, which skips the
stage of mixture separation into its particular components, include olfactometric and electronic
nose (e-nose) methods. Human nose is a sensor describing odour intensity or hedonic tone in
the case of olfactometric technique. As far as e-nose is concerned, the chemical sensors, belonging
to different classes and characterized by various metrological parameters, are the counterparts of
olfactory receptors [10-14]. Additionally, the e-nose technique requires a training stage to provide
proper operation of a device [15-17]. The advantages of the e-nose instruments, as compared to
the olfactometric techniques, include: possibility of on-line measurements, possibility to record the
episodes of severe and short-duration odour nuisance, no need for olfactory adaptation and no need
for qualified personnel, who are indispensable in the case of olfactory measurements.

Different techniques of training under supervision are utilized for this purpose. They are employed
for construction of different types of models, such as regression, discrimination or classification models,
depending on the research problem under investigation. The most popular regression models include
multiple linear regression [18,19], principal component regression [20,21], partial least squares [22,23]
or artificial neural networks (ANNS5s) in the case of non-linear models. To improve the regression model,
one has to use a set of explaining variables and a set of dependent variables. The set of explaining
variables contains the information from the chemical sensors comprising an e-nose device. The set of
dependent variables includes the values of odour intensity or hedonic tone expressed in the verbal
scale, which originate from a group of assessors utilizing suitable olfactometric technique. A task of
the regression methods is to construct such a model, which would allow quantitative evaluation of
particular odour feature (odour intensity, hedonic tone) based on the set of explaining variables.

ANN:Ss are applied as a tool for interpretation of the data, obtained from the electronic nose-type
devices [24-29]. ANNs were used for prediction of odour intensity of two-component mixtures [30],
whereas principal component regression model was employed to estimate odour intensity and hedonic
tone of three-component mixtures [31]. Prediction of odour intensity, hedonic tone or odour interactions
in multi-component mixtures is a difficult task and it calls for application of non-linear methods.
These requirements can be fulfilled by ANNs with sufficient number of neurons in a given layer
or suitable activation function. This paper describes attempts to determine odour interactions of
gas two-component, three-component, four-component and five-component mixtures, exhibiting
different character of odour, employing a prototype of e-nose comprised of eight sensors of three
types: five semiconductor sensors, two electrochemical sensors and one photoionization detector
(PID). Investigated chemical compounds, being the components of odour mixture, are typical odorous
compounds present in gas odour mixtures in a vicinity of municipal landfills or sewage treatment
plants. Additional aim of the investigation is the attempt of odour measurement instrumentation as
well as acquisition of the information about e-nose instruments as devices for air quality monitoring
with respect to odour nuisance. The paper adheres to the trend, represented by the working
group CEN/TC264/WG41, searching for a new European standard of instrumental monitoring of
malodours [32].

Selected ANN structures were used to determine presence of synergism phenomenon of odour
intensity and hedonic tone with respect to the theoretical values estimated with the Patte and Laffort
model. Proposed regression models were verified with coefficient of determination (R?) and root mean
square error of prediction (RMSEP).

2. Materials and Methods

2.1. Types of Gas Odorous Mixtures and Their Preparation

The investigation employed the following pure substances and their mixtures: toluene, acetone,
triethylamine, o-pinene and n-butanol. Table 1 presents characteristics of the investigated odorous
compounds, including odour type, vapour pressure, olfactory threshold in gas phase and olfactory
threshold in aqueous solution [33,34].
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Table 1. Characteristics of investigated odorous substances.

Vapour Olfactory Threshold in Olfactory Threshold in Aqueous
Substance Odour Type PressuI;e (hPa) Gas Plllzse (ppm v/v) S(?l,utions (ppm w/vc:
toluene pleasant and characteristic 29 0.33-2.9 0.042
acetone fruity, sweet 233 13-100 20
triethylamine fish, pungent 72 0.000032-0.48 0.42
n-butanol rancid, sweet 8 0.038-1 7.1
«-pinene pine, resinous 5 0.018 42

The first step involved preparation of 150 samples of aqueous solutions of two-, three-, four- and
five-component mixtures, characterized by odour intensity from 0.5 to 5.5 and by hedonic tone from
—3.5 to 1. The values of odour intensity and hedonic tone were determined using the scale proposed
in the document VDI 3940. Concentrations of particular compounds in these aqueous solutions were
as follows: toluene (5-80 ppm v/v), acetone (200-3200 ppm v/v), triethylamine (5-80 ppm v/v),
a-pinene (1-16 ppm v/v) and n-butanol (20-320 ppm v/v). The samples were subjected to sensory
analysis by a panel of assessors. They also underwent investigation with the prototype of e-nose.
The information obtained from both investigations was utilized during training of the ANN for
different architecture scheme and activation function to select the structure of the ANN, characterized
by the lowest values of root mean square error of cross-validation (RMSECV) and determination
coefficient (R?). The next step involved preparation of new 80 samples of aqueous solutions of two-,
three-, four- and five-component mixtures, characterized by odour intensity from 0.5 to 5.5 and by
hedonic tone from —3.5 to 1. These samples exhibited the same concentration ranges of particular
components of the mixtures as the ones used for training of ANN. This stage of research was aimed
at utilization of already selected ANN to predict the values of odour intensity and hedonic tone
for particular samples. Another aim was evaluation, based on a comparison with the theoretical
values, which samples exhibited synergism. The entire process of synergism detection using ANN is
schematically presented in Figure 1.

Ol DETERMINATION OF Olsens
ODOUR INTERACTIONS
HTann HTsens
A Ol A
\ODOUR INTENSITY (OI) i JHEOR i
HEDONIC TONE (HT) i HT i
"""""" 1 1 THEOR :
/ I : * :
{ ]
ARTIFICIAL i i
H SENSORY ANALYSIS ML i

I NETWORK THEORETICAL
TRAINING \
SAMPLES ! CALCULATIONS
ELECTRONIC H
NOSE SENSORS ELECTRONIC SENSORY ANALYSIS
SIGNALS NOSE
80

SAMPLES

Figure 1. Scheme of the process of determination of synergism phenomenon for odour intensity and
hedonic tone using artificial neural network.

2.2. Measurements of Odour Intensity and Hedonic Tone

The investigation was carried out by a group of assessors whose task was olfactory evaluation of
prepared samples: 150 specimens for test examinations and 80 specimens for examinations of odour
interactions. This group consisted of four persons, trained according to a procedure elaborated by
St. Croix Sensory, Inc. (St. Croix Sensory 2006, Stillwater, MN, USA).
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The task of each assessor was determination of odour intensity and hedonic tone of prepared
samples of aqueous solutions. Each sample was attributed the odour intensity within the range from
0 to 6 and the hedonic tone from —4 to 4, following the scale of odour intensity and hedonic tone
proposed in the document VDI 3940.

2.3. Description of Experimental Setup for Electronic Nose Investigations
A scheme of the experimental setup is demonstrated in Figure 2. It consisted of:

e  zero air generator

e mass flow controller

o three-way valve

e sample mounting system

e prototype of enose equipped with a matrix of eight sensors: five MOS-type sensors,
two electrochemical sensors by Figaro Co. and one PID-type sensor (Table 2)

e analogue-to-digital converter

e  PC-class computer

SAMPLE

SAMPLE OUTLET

- PC COMPUTER
ot

PTFE CHAMBER ‘ STOP-FLOW

WITH SENSOR ARRAY VALVE

ZERO AR
GENERATOR

MASS FLOW
CONTROLLER

ELECTRONIC NOSE

Figure 2. Scheme of experimental setup containing electronic nose prototype.

Table 2. Types of chemical sensors and their metrological parameters used to build an electronic

nose prototype.
Sensor Type Model/Manufacturer Target Gases Typical Detection Range Sensitivity
PID MiniPID/ION Science VOCs 1 ppb—40 ppm isobutylene 25 mV/ppm
EC FECS44-100/Figaro Ammonia 1~100 ppm 0.1 pA/ppm
EC FECS50-100/Figaro Hydrogen Sulphide 1~100 ppm 0.7 uA/ppm
MOS TGS2600/Figaro Air contaminants 1~10 ppm Hy 0.3~0.6°
MOS TGS823/Figaro Organic Solvent Vapours 50~1000 ppm n-hexane 04+01°2
MOS TGS2602/Figaro ~ CAseous air contaminants (VOCs 1~30 ppm EtOH 0.15~0.5
and odorous gases)
) Air contaminants (trimethylamine, a
MOS TGS2603/Figaro methylmercaptan, etc.) 1~30 ppm EtOH 0.5
MOS TGS8100/ Figaro Air contaminants (hydrogen, 1-30 ppm H; ~0.62

ethanol, etc.)

2 Sensors resistance in detected gas divided by sensors resistance in the air.

2.4. Methodology of Measurement Using Electronic Nose

Air from the generator was flowing through a measurement system. A three-way valve was
connected with the chamber containing investigated sample to enable air flow through the sample
as well as in a by-pass mode. The first tube provided air to the sample, whereas the second tube
led aerated phase into a measurement sensors chamber of the e-nose. Recording of signal started
50 s after the moment, when air had been passed through the probes with investigated substances.

7


http://mostwiedzy.pl

A\ MOST

Sensors 2018, 18, 519 50f17

The signal was recorded for 30 s. After that time, the three-way valve was turned into the by-pass
mode, which enabled cleaning of the measurement system. Cleaning occurred due to undisturbed
flow of the carrier gas until e-nose signal returned to the initial level. The measurement parameters
were determined via optimization method and they were as follows:

e  volumetric flow rate of air, determined using the mass flow controller: 0.3 L/min;
e  time of carrier gas flow through the sample: 50 s; and
e  signal recording: 30 s.

The system operated in a stop—flow mode, meaning 50 s of carrier gas flow, then 30 s of carrier
gas flow interruption, and finally 8 min of carrier gas flow. The mixture of odorous compounds with
air was supplied to the measurement chamber of the e-nose at the temperature 20 °C + 1 °C and the
relative humidity 60 4 5%. The measurement was conducted with temperature and humidity sensor
exposed to the flow path before the sensors chamber. A total of 230 samples were investigated to
determine odour intensity and hedonic tone.

2.5. Data Analysis and Artificial Neural Network Structure

Selected measurement values from the sensors constitute the inputs to the network (u € Q;,, = R8),
whereas the values obtained with sensory analysis, intensity (OI) and hedonic tone (HT) are the outputs.
The research presented in the paper involved designing of two independent networks differing in
an adopted output. In case of the first one (ANNy), the output value will be intensity (yo; € R?),
the output of the second network (ANNyt) will be hedonic tone (ygr € RY).

As mentioned before, both networks will solve regression task, which requires the output scale to
be extended from single classes to continuous values. Even though during evaluation odour parameters
are assigned to single classes by particular assessors, it was decided to utilize their average values to
generate the output. Since the results obtained from ANN need verification, a set of learning data
and a set of testing data were separated from the input data, where Qy,,, N Q¢est = . Unfortunately,
utilization of the testing set to determine network structure can cause that the network will adjust to
a specificity of the testing set, instead of general features of the problem upon a process of structure
selection. Hence, it is necessary to employ additional data set (validation one) to describe desired
ANN structure. The expense of this approach is a decrease in the number of samples used for network
training. To prevent this, it was decided to utilize K-Folds cross validation technique [35]. In this
method, the first step consists in separation of the testing set (Q¢est) only, whereas the remaining
samples (0yry,+0q1) are divided into n parts. Then, the network with given parameters is trained n
times, each time utilizing #n — 1 parts as the learning sets (Q., ;, i € 1,1) and the last part as the
validation set (Q,; ;). This division is presented in Figure 3.

At the validation stage, each network will provide different ANN evaluation, thus they are
converted into a single value via averaging. Quality evaluation of selected structure is obtained in this
way. Following selection of suitable structure, direct data from ;4 are used for network training.
An increase in amount of data usually leads to a decrease in demand for network regularization, so the
selected structure should not require additional regularization, providing comparable results.

As each network possesses only one output, its normalization cannot be omitted, which allows
easier interpretation of particular network quality indicators, especially comparing it to the value of 1,
being a difference between particular classes.
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Qlern+ val

'Qval i
'Qlern i

Figure 3. Data division.

As far as the network inputs are concerned, in both cases, to improve convergence of
an optimization algorithm, it was decided to perform normalization to accelerate the ANN training
process [36,37]. This action was defined in affine way, equivalently it can be performed in the first
layer of the network without a need for increased number of necessary calculations via change of the
weights values. This task was accomplished through deletion of average value according to:

up Eug(u) Eu— Yy @)

Uk Eerntval

where u;, € (), is the input after the first normalization stage and i is the number of sample and
normalized variance:
Q
Unn = ”nn(”n) = un% )
€y lern-+val (u” i)
where u,, is the normalized network input.

Accordingly, demanded static models in the form f,, ;. : Qi — R will be the effect of the
combination f,,,5,;(#) = fann(tnn(1a(11))) where fyny : R® — R is the function described using
designed ANN.

Then model quality indicator was accepted as:

n

MSE2 23 (- v ©)
i=1

where y; and 1j; are the actual value of the output and the model output corresponding to the input
Uny i, respectively, n is the amount of output data, and

n N 2
284 1 (Vi — i)
RE=1 n 1vn 2 (4)
i=1 (%‘ T =1 yk)

2.5.1. Architecture

The problem under consideration requires selection of adequate architecture of ANN. The problem
of regression is of static nature with non-linear structure, for which feedforward ANN is a suitable
tool. The solutions of such type allow mapping of the relation with accuracy dependent on adopted
structure [38].

ANN is built of a number of layers, each defined by the non-linearity introducing activation
functions f,.; : R" — R", and a matrix of thresholds and weights w; € R" x(mi-1+1) where n; is the
number of neurons in the i-th layer. Output value of each layer is defined as:
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Yi = faci(zi), where z; = w; { ! ] ©)
Yi-1
where yo = uy, is the input layer. Accordingly, designing of the structure requires selection of the
number of layers, number of neurons present in the layers and activation functions, whereas the
parameters are set with respect to suitable procedure of the network training. Then, each of the
architectures should be validated, which allows selection of the best option. In the case of all networks
under consideration, the activation function was assumed linear function for the initial layer, whereas
differentiable functions of “tanh” type [36] and differentiable, but not in all points, “Leaky ReLUs
function [39] were considered for hidden layers (between the initial and final ones). Number of
neurons and number of layers influence the level of complexity of the function under consideration.

”

Experimental investigation was aimed at identifying which system is more advantageous.

2.5.2. Training

Finding proper weight factors of ANN is a challenging task [36,40]. Due to non-linearity, one can
encounter several local minima during tuning, which renders it difficult to find the global minimum
using the gradient methods. That is why, some actions can be undertaken to improve the quality of
the minimum identification [41]. One of them assumes that the local minima can also be used as
a regularization mechanism. This approach utilizes that fact that initialization of the weights determines
which of the minima will be obtained during the training stage [42]. In this paper, the weights will
be pre-tuned, prior to the actual training, using Stacked Denosing Autoencoder (SDAE) [43,44].
This procedure is presented in Figure 4.

Pre-training is based on non-supervised teaching and is effective, as it allows to transmit important
information to deeper layers, making the actual training more efficient. The pre-training was performed
for each layer separately via construction of additional network for tuning of Denosing Autoencoder
(DAE) type. An input to DAE is the data obtained from the previous layer, acquired after its pre-tuning
(or the input data to the system in case of the first layer). Pre-training in DAE consists in nosing of
data and their transmission to the investigated layer and additionally to the layer, which contains the
number of neurons equal to the number of DAE inputs. Then, the obtained outputs are compared with
DAE inputs and resulting error is minimized in a tuning procedure via selection of the weights using
adequate algorithm. The tuning, in the case of both pre-training and actual training of the network,
was carried out using an algorithm with an adaptive step to limit the number of controlling parameters.

Table 3 presents the ANN structures, which were selected for training on 150 samples of two-,
three-, four- and five-component aqueous mixtures, characterized by odour intensity from 0.5 to 5.5 and
hedonic tone from —3.5 to 1. Additionally, tanh and Leaky ReLUs were used as the activation function.

Table 3. Artificial neural network structures used for training on 150 samples of two-, three-, four- and
five-component aqueous mixtures characterized by odour intensity from 0.5 to 5.5 and hedonic tone
from —3.5to 1.

Proposed Structures ANN Schematic

8-10-0-1

8-15-0-1
8-2-0-1
8-3-0-1
8-3-2-1
8-3-3-1
8-5-0-1
8-5-2-1
8-5-3-1
8-5-4-1
8-5-5-1

SENSORS SIGNALS
ODOUR INTENSITY
OR HEDONIC TONE

U
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Prepare
network structures
Preparation data sets
n:=first ANN

u,y:= input and output
from first set

Pretraining

w:= next layer

u,y:=from next set
n:=copy of struct n
Integrate metrics

n:=next ANN

Choise ANN
Train ANN

Figure 4. Procedure of network selection and its tuning.
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3. Results and Discussion

3.1. Selection of Optimum Artificial Neural Network Structures

Tables 4 and 5 present the results, in the form of RMSECV and R?, obtained during training of the
ANN structures mentioned in Table 3. The ANN with structure 8-3-3-1 and activation function tanh
is characterized by the best parameters for determination of odour intensity of investigated odorous
mixtures. Concerning hedonic tone of the odorous mixtures, the superior parameters are exhibited
by the ANN with structure 8-3-2-1 and activation function Leaky ReLU with the parameter a = 0.03
(the parameter a was determined via optimization during ANN training process).

Table 4. Determined RMSECV and R? parameters for artificial neural network characterized by different
structure with tanh activation function for 150 samples of two-, three-, four- and five-component aqueous
mixtures exhibiting odour intensity from 0.5 to 5.5 and hedonic tone from —3.5 to 1.

Odour Intensity Hedonic Tone
ANN Structure RMSECV R? ANN Structure RMSECV R?
8-10-0-1 0.55 0.432 8-10-0-1 0.73 0.822
8-15-0-1 0.54 0.437 8-15-0-1 2.86 0.312
8-2-0-1 0.11 0.880 8-2-0-1 0.51 0.875
8-3-0-1 0.10 0.896 8-3-0-1 0.58 0.858
8-3-2-1 0.11 0.886 8-3-2-1 0.59 0.857
8-3-3-1 0.10 0.899 8-3-3-1 0.60 0.852
8-5-0-1 0.12 0.877 8-5-0-1 0.67 0.834
8-5-2-1 0.15 0.837 8-5-2-1 0.38 0.908
8-5-3-1 0.20 0.783 8-5-3-1 0.51 0.875
8-5-4-1 0.20 0.787 8-5-4-1 0.68 0.833
8-5-5-1 0.27 0.710 8-5-5-1 0.78 0.809

Table 5. Determined RMSECV and R? parameters for artificial neural network characterized by
different structure with activation function Leaky ReLUs with parameter a = 0.03 for 150 samples of
two-, three-, four- and five-component aqueous mixtures exhibiting odour intensity from 0.5 to 5.5 and
hedonic tone from —3.5to 1.

Odour Intensity Hedonic Tone
ANN Structure RMSECV R? ANN Structure RMSECV R?
8-10-0-1 0.28 0.708 8-10-0-1 0.78 0.824
8-15-0-1 0.16 0.834 8-15-0-1 0.86 0.792
8-2-0-1 0.13 0.866 8-2-0-1 0.49 0.895
8-3-0-1 0.11 0.880 8-3-0-1 0.42 0.895
8-3-2-1 0.10 0.890 8-3-2-1 0.28 0.932
8-3-3-1 0.11 0.884 8-3-3-1 0.32 0.921
8-5-0-1 0.11 0.883 8-5-0-1 0.28 0.930
8-5-2-1 0.13 0.866 8-5-2-1 0.30 0.927
8-5-3-1 0.10 0.888 8-5-3-1 0.33 0.919
8-5-4-1 0.16 0.828 8-5-4-1 0.36 0.910
8-5-5-1 0.11 0.882 8-5-5-1 0.32 0.921

Only the ANN with the best parameters were employed in further investigations, aimed at
determining the occurrence of odour interactions (synergism phenomenon) in examined odorous mixtures.

3.2. Validation of Selected Artificial Neural Network Structures on Test Samples

The ANN structures, which were selected for determination of odour intensity and hedonic
tone in the previous stage, were then verified with respect to detection abilities of odour intensity
and hedonic tone of new 80 samples of two-, three-, four- and five-component aqueous mixtures.
These specimens were characterized by different values of odour intensity and hedonic tone from
the 150 samples utilized for the ANN training. Figure 5a presents dependence between predicted
odour intensity for two-, three-, four- and five-component mixtures, obtained based on the ANN with
structure 8-3-3-1 with activation function tanh, and the odour intensity observed experimentally for
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these mixtures. The figure illustrates that proposed ANN structure with given activation function
provides very good prediction of the value of odour intensity for two-, three-, four- and five-component
samples as compared to the values of odour intensity determined by the group of assessors. Coefficient
of determination of this dependence R? is high and equal 0.956. The ANN structure, proposed for
prediction of hedonic tone of the aforementioned odorous mixtures, was characterized by high value of
correlation at the level of R? = 0.938 (Figure 5b). It is evidence that the first stage yielded suitable ANN
structures with appropriate activation functions for assessment of odour intensity and hedonic tone.

a) b) .
Odour Intensity Hedonic Tone

measured
4
|
-
»
measured
-1
1
1

-2
|
.

predicted predicted

Figure 5. (a) Model of artificial neural network with structure 8-3-3-1 and activation function tanh
presented as predicted odour intensity with respect to the odour intensity determined experimentally
by the group of assessors. (b) Model of artificial neural network with structure 8-3-2-1 and activation
function Leaky ReLUs with the parameter 2 = 0.03 presented as predicted hedonic tone with
respect to the hedonic tone determined experimentally by the group of assessors. B, two-component;
®, three-component; A, four-component; ¢, five-component.

Table 6 presents root mean square error of prediction (RMSEP) for determination of odour
intensity and hedonic tone for two-, three-, four- and five-component mixtures, using the ANN
structures selected during the ANN training stage. An increase in the number of components of
odorous mixture is accompanied by an increase in RMSEP value for both odour intensity and hedonic
tone. Odour intensity parameter was characterized by lower RMSEP values. The most probable
reason is the fact that sensor signal directly depends on concentration of particular component and
the concentration of a given component is also directly connected with odour intensity. In the case of
hedonic tone, this dependence is not directly connected with the signal of given sensor, which generates
inferior prediction values.

Table 6. Root mean square error of prediction determined using selected artificial neural networks for
odour intensity and hedonic tone of two-, three-, four- and five-component odorous mixtures.

RMSEP
Amount of Mixture Comp its
Odour Intensity (8-3-3-1 tanh) Hedonic Tone (8-3-2-1 Leaky ReLUs)
2 0.13 0.28
3 0.16 0.33
4 0.19 0.36
5 0.20 0.47
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3.3. Determination of Odour Interactions Using Selected Artificial Neural Network Structures

To determine theoretical value of odour intensity of 80 samples of two-, three-, four- and
five-component mixtures, the Patte and Laffort model was used (which adopts Euclidean additivity of
particular components of the mixture when present separately [8]):

Olyix = /O + O +- OB + O3 + O2 ©)

To determine theoretical value of hedonic tone of 80 samples of two-, three-, four- and
five-component mixtures, the algebraic summation was used:

5
HTpix = E HT; )
i=1

Independently of determined theoretical values of odour intensity and hedonic tone, the group of
assessors conducted the investigations aimed at evaluation of odour intensity and hedonic tone of
80 samples of two-, three-, four- and five-component mixtures. Moreover, four samples were examined
with the e-nose prototype. In this way, it was possible to identify these multi-component mixtures,
where odour interaction phenomenon occurred.

Figure 6a—d depicts dependence between theoretical value of odour intensity and predicted
value of odour intensity, determined using the ANN with structure 8-3-3-1 and activation function
tanh, and experimental odour intensity evaluated by the group of assessors for two- (Figure 6a),
three- (Figure 6b), four- (Figure 6¢) and five-component (Figure 6d) mixtures. Red points indicate
multi-component mixture samples, for which theoretical values differed statistically significantly
from the values predicted with the ANNs and the experimental values. An increase in the number of
components of odorous mixture is associated with an increase in the number of samples differing in
odour intensity at statistically significant level.

Moreover, in all cases (multi-component mixtures), there is synergism phenomenon, meaning
odour intensity amplification. Figure 7a—d illustrates dependence between theoretical value of hedonic
tone and predicted value of hedonic tone, determined using the ANN with structure 8-3-2-1 and
activation function Leaky ReLUs with the parameter 2 = 0.03, and experimental hedonic tone
evaluated by the group of assessors for two- (Figure 7a), three- (Figure 7b), four- (Figure 7c) and
five-component (Figure 7d) mixtures. Again, red points indicate the multi-component mixture samples,
for which theoretical values differed statistically significantly from the values predicted with the ANN
and the experimental values. Similar to evaluation of odour intensity, it can be noticed that an increase
in the number of components of odorous mixture is accompanied by an increase in the number of
samples differing in hedonic tone at statistically significant level. However, unlike in the case of odour
intensity assessment, in these samples one could observe not only synergism phenomenon but also
neutralisation, meaning attenuation of hedonic odour. It was caused by presence of x-pinene in the
multi-component mixtures, which is characterized by pleasant odour that neutralized the odours
originating from the remaining chemical compounds, present in the odorous mixtures.
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Figure 6. Dependence between theoretical value of odour intensity and predicted odour intensity

determined using artificial neural network with structure 8-3-3-1 and activation function tanh and

experimental odour intensity evaluated by the group of assessors: (a) for two-component mixture;
(b) for three-component mixture; (c) for four-component mixture; and (d) for five-component mixture.
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Figure 7. Dependence between theoretical value of hedonic tone and predicted hedonic tone
determined using artificial neural network with structure 8-3-2-1 and activation function Leaky ReLUs
with the parameter 2 = 0.03 and experimental hedonic tone evaluated by the group of assessors: (a) for
two-component mixture; (b) for three-component mixture; (c) for four-component mixture; and (d) for

five-component mixture.

Table 7 shows the number of odorous samples, where both types of investigation (sensory analysis
and e-nose prototype) revealed presence of odour interactions. The table also contains the information

about percentage of correct identifications obtained with both methods. Correctness of odour

interactions identification for odour intensity was 100% in case of two-component mixtures, 88% in
three-component mixtures, 89% in four-component mixtures and 75% in five-component mixtures.
In the case of odour interactions for hedonic tone, the respective percentage was as follows: 83% for
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two-component mixtures, 78% for three-component mixtures, 73% for four-component mixtures and
64% for five-component mixtures. Obtained results confirm the rule that evaluation of odour intensity
is more accurate than evaluation of hedonic tone, when speaking about e-nose measurements.

Table 7. Comparison of information obtained with sensory analysis and electronic nose measurements
concerning occurrence of odour interactions in two-, three-, four- and five-component mixtures.

. Odour Intensity Interactions Hedonic Tone Interactions
Amount of Mixture
Components Sensory - : Sensory . .
Analysis—Theoretical ANN—Theoretical Analysis—Theoretical ANN—Theoretical
2 6 6 (100%) 6 5 (83%)
3 8 7 (88%) 9 7 (78%)
4 9 8 (89%) 11 8 (73%)
5 12 9 (75%) 14 9 (64%)

Literature provides papers about investigations on odour activity value (OAV), which is widely
applied to evaluation of air pollution with malodorous compounds. Wu et al. [45] comments on
variability of OAV and potential, inaccurate evaluation of contribution of particular odorants to
odour interaction effect between mixture components. Interaction in two-component mixtures
was evaluated. It was revealed that utilization of odour activity factor (OAF) was advantageous
to determine actual OAV. The correlation between OAF sum and odorants concentration was at
the level of 80%. Wu etal. [46] shows that sum of odour intensities (SOI) and equivalent odour
concentration (EOC) can be used for air quality evaluation with respect to odour. These parameters
utilize not only olfactory thresholds, but also k coefficient from the Weber-Fechner equation to provide
correct odour evaluation. Yan et al. [47] proposes a model of odour interactions for two-component
mixtures of benzene and its derivatives employing partial differential equation (PDE). Application of
this method enabled combination of odour intensity of a mixture with individual odour activity value
of an odorant. Obtained results showed that the PDE constituted an easy for interpretation method,
which related particular components to summary odour intensity. The aforementioned examples
indicate that the investigations on mutual relations and interactions between components in odorous
mixtures are still being conducted. Determination of odour interactions between the components of
multicomponent mixtures using instrumental devices is still difficult and complex task.

3.4. Influence of Particular Sensors on the Information Acquired from Investigated Odorous Mixtures

To investigate, which of the parameters are similar and which discriminate the investigated
sample, a projection of the weights on the planes defined by pairs of principal components is done
using PCA method. Mutual similarities are described based the angle between two vectors of the
weights with the origin in [0, 0] point and the terminals defined by corresponding values of the
weights of variables. If the angle between two parameters is 0, they reveal strong positive correlation.
If the angle between two vectors is close to 180, the parameters show strong negative correlation.
Two parameters are independent (orthogonal) if the angle between them is close to 90. Figure 8 shows
that significant contribution to the first component originates from the sensors TGS2602, MiniPID,
TGS2603, FECS44, and FECS50, because absolute values of their weights (a projection of vector on
the first component axis) are the biggest. The conclusion is that application of these five sensors is
sufficient for investigation of odour interactions in the mixtures with 2-5 components.
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Figure 8. Influence of particular sensors on the information acquired from investigated odorous mixtures.

4. Conclusions

The authors of the paper propose employing an e-nose prototype as an instrumental tool,
consisting of semiconductor sensors, electrochemical sensors and a PID-type sensor, to verify whether
it is possible to observe odour interaction phenomenon in two-, three-, four- and five-component
odorous mixtures. Selected ANN structure with suitable activation function is proposed as a data
analysis tool. The ANN with structure 8-3-3-1 and activation function tanh is used for evaluation of
odour intensity of samples. The ANN with structure 8-3-2-1 and activation function Leaky ReLUs with
the parameter 2 = 0.03 is utilized for evaluation of hedonic tone of the samples. The results provided
by the group of assessors as well as the e-nose measurements reveal that odour interactions occur in
selected multi-component mixtures. The more components there are in the mixture, the stronger are
the interactions that take place. Application of the ANN with suitable structure and activation function
is more successful in determining the odour interactions when odour intensity is evaluated than when
hedonic tone is predicted. Average correctness of odour interactions determination, using the e-nose
and appropriate ANN structure, is at the level of 88% for odour intensity and 74% for hedonic tone,
obviously depending on the number of components in the odorous mixture. The mixtures of odorous
compounds in this investigations include typical chemical compounds present in municipal landfills
or sewage treatment plants. Odorous mixtures are selected randomly to show that it is possible to
observe odour interactions with instrumental tools, such as the e-nose. This technique can supplement
olfactometric techniques as well as be used for ambient air quality evaluation with respect to presence
of odour nuisance.
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Measurement and monitoring of air quality in terms of odour nuisance is an important problem. Although the
source of these nuisances is different (e.g. wastewater treatment plants, municipal landfills), their common
feature is that they are a complex mixture of odorants with different odour thresholds. An additional problem is
occurrence of the odour interactions between mixture components. From a practical point of view, it would be
most valuable to directly link the odour intensity with the results of analytical air monitoring. This would allow
the on-line odour monitoring using electronic noses, which perform a holistic analysis of the gas mixtures
composition (like olfactometric methods). The paper presents the possibility of application of fuzzy logic to
determine the odour intensity and indicate odour interactions in model, five-component gas mixtures (acetone,
a-pinene, formaldehyde, toluene and triethylamine) using electronic nose prototype. As the results of the
studies, it was found the electronic nose prototype along with the fuzzy logic pattern recognition system can
be successfully used for this application. The results obtained using fuzzy logic are consistent with sensory
analysis results in 80%.

1. Introduction

Nowadays, more and more frequent problem of air pollution is the occurrence of odour nuisance. Although the
source of these nuisances is different (e.g. wastewater treatment plants, municipal landfills), their common
feature is that they are a complex mixture of odorants with different odour thresholds (Fang et al., 2012,
Gebicki et al., 2014a). Measurement and monitoring of air quality in terms of odour nuisance is an important
problem. At present, odour concentrations are determined by using the standard method EN 13725:2003 ,Air
Quality - Determination of Odour Concentration by Dynamic Olfactometry”. However, from a practical point of
view, it would be most valuable to directly link the odour intensity with the results of analytical air monitoring.
this solution is best suited to devices called electronic noses. These devices perform a holistic analysis of the
gas mixtures composition, without the separation and identification of its individual components (just like
olfactometric methods).

One of the advantages of olfactometry is taking into account the interactions (synergy, neutralization,
masking) between odour mixture components. Synergism is mutual amplification of two or more stimuli.
Masking is usually a substitution of an unpleasant odour with another, more pleasant one. Neutralization, also
called compensation, is typically interpreted as activity of additional component of the odorants mixture, which
leads to disappearance of odour or to distinct decrease in its intensity.

Previous studies have shown that these interactions can be also described using the electronic nose
technique (Szulczynski et al., 2017). In presented studies fuzzy logic was used as the data analysis method.
Fuzzy logic turned out to be very useful in engineering applications, where classical logic classifying only
according to the truth/false criterion can not effectively cope with many ambiguities and contradictions. It finds
many applications, among others in electronic control systems (machines, vehicles and vending machines),
data mining tasks or in the construction of expert systems. Therefore, the use of fuzzy logic to analyze the
electronic nose data is justified and purposeful.

Please cite this article as: Szulczynski B., Namiesnik J., Gebicki J., 2018, Analysis of odour interactions in model gas mixtures using electronic
nose and fuzzy logic, Chemical Engineering Transactions, 68, 259-264 DOI: 10.3303/CET1868044

91


http://mostwiedzy.pl

A\ MOST

260

1.1 Odour interaction theoretical models

Investigations on odour interactions have been carried out for many years, however, they have not led to
explanation of the mechanisms of these processes so far. Many theoretical models have been developed over
the years. They describe dependence between the odour intensity of air mixture (containing pollutants) and
the odour intensity, which would be exemplified if these pollutants were present separately. A multitude of
these models engulfs Zwaardemaker, Berglund, Patte and Laffort or U-models. However, the investigated
objects are usually mixtures containing two or three types of odorants. Real odorant mixtures are much more
complex. Several mathematical models have been developed to predict the quantitative interactions in binary
mixtures on the basis of perceived odor intensities of the unmixed components. They are presented in the
Table 1.

Table 1: Examples of theoretical models (I — odour intensity; k,aas, au — empirical constants specific to a given
pair of substances)

Model Authors

2 . 2 Zwaardemaker
Inp = |1 + 15 + 2I4lg cos ayp
ILip =k (4 + 1) Berglund, Lindvall
Iug = Iy + I + 2/I,I5 cos ay Patte, Laffort

The most universal model was proposed by Zwaardemaker. It depends on vector addition of the odour
intensities of mixture components. For example, for a ternary mixture, the model form is as follows:

e =13+ 13+ 1%+ 2 (Il cos aup + Iglc cos age + Ixlc cos ayc) (1)

The interaction coefficient (a) in the Zwaardemaker equation (1) is approximately constant for the given pair of
components of the mixture. The literature shows that its value is generally in the range of 102-115° (Yan et al.,
2015). Determining interaction coefficients for each pair of compounds is relatively time-consuming.

Another proposed model is the Patte and Laffort model:

Lige = /1} + 12 + 1% (2)

It adopts Euclidean additivity of particular components of the mixture when present separately (Laffotrt,
Dravnieks, 1982).

1.2 Electronic noses

For many years, scientists have been trying to create devices imitating human senses. Already at the
beginning of the 20th century, equivalents of the human sense of sight and hearing were created. Recently,
the artificial equivalents of sense of smell and taste have become more and more popular: electronic noses
and tongues. E-noses have found a special position in analytical chemistry, where they successfully replace
human senses in many areas of human activity: e.g. environmental monitoring (Capelli et al., 2014,
Lewkowska et al., 2016) or medical applications (Thaler, Hanson, 2005). Gardner and Bartlett coined the term
“electronic nose” in 1988. They later defined it as “an instrument which comprises an array of electronic
chemical sensors with partial specificity and appropriate pattern recognition system, capable of recognizing
simple or complex odors”(Gardner, Bartlett, 1994). This definition is valid until today. The electronic nose in its
construction consists of four main systems: sampling system, detection system, data processing system and
pattern recognition system. The description of the systems is shown in the Figure 1.

E-noses in their functioning resemble human sense of smell - sensors are an analogue of the olfactory
receptors in the epithelium of the nose. They convert the chemical information into a analytically useful signal.
In the next step, this signal is sent to the pattern recognition system, which in the case of a human being is the
brain, and in the case of an e-nose the appropriate mathematical-statistical algorithm. The most commonly
used data processing methods are: principal component analysis (PCA), partial least square regression (PLS)
and artificial neural networks (ANN). The use of artificial neural networks is the most intentional, due to the
fact that the architecture of the artificial neural network is intended to reflect the action of the human brain
(Wilson, Baietto, 2009).
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SAMPLING SYSTEM DETECTION SYSTEM
A set of sensors located in the measurement chamber. They exhibit
different selectivity and sensitivity, but as a whole, produce a characteristic
chemical image of the gas mixture (“fingerprint")

It eliminates all undesirable factors that can affect
the sensor response and provide stable and
reproducible measurement conditions (temperature,

humidity, gas flow velocity). \ /

ELECTROCNIC NOSE

PATTERN RECOGNITION SYSTEM SIGNAL PROCESSING SYSTEM
It assigns the received set of signals to one of the pattern classes

Figure 1: Electronic nose system description.

1.3 Fuzzy logic

Very interesting approach in the field of e-nose data analysis is fuzzy logic. L. Zadech introduced the basis of
fuzzy sets theory. Classical logic system is based on the two values, mostly represented by 0 and 1, or true
and false. The boundary between them is unambiguously defined and unchanging. Fuzzy logic is an extension
of the classical approach to approach closer to human brain. It introduces additional values between standard
0 and 1. this action is called blurring. It gives the opportunity to come up with values between this interval (eg,
almost false, half truth). In the case of non-fuzzy sets, the membership function is rectangular. It is set to 0 (no
membership in the set) or one (membership in the set). In case of fuzzy sets, other membership functions,
such as trapezoid, triangular, gaussian, sigmoidal are used. In this work, trapezoid functions were used.

Fuzzy logic allows a fuzzy description of real systems and is an alternative to describing systems using
classical binary logic. From this point on, the methods developed on the basis of the theory are of great
interest. Their development goes hand in hand with the growing number of applications of fuzzy logic in
practice. It is also used in electronic nose data analysis algorithms. The proposed scheme of using fuzzy logic
to estimate the odour intensity using e-nose is presented in the Figure 2.

FUZZY LOGIC RULES

E-NOSE %

SENSORS — FUZAIFICATION — ODOUR
SEN SRS > ~—{> INFERENCES —{ > DEFUZZIFICATION —-[> fiiaicpadil

Figure 2: Scheme of using electronic nose combined with fuzzy logic to estimate the odour intensity

An example of defined fuzzy set for the e-nose sensor signal values and a set of applied rules based on
conjunctive operations was described by Szulczynski et al. (2018).

2. Experimental
2.1 Reagents and chemicals

For determining the usefulness of the fuzzy logic algorithms to determine the odour interactions using the
electronic nose, 32 aqueous five-components solutions of odorous compounds: acetone, a-pinene,
formaldehyde, toluene and triethylamine were prepared. Concentrations of compounds used in mixtures
preparation are presented in Table 2. Solutions were prepared to perform sensory and electronic nose
analysis. The chemicals (Sigma-Aldrich) were of analytical reagent grade.

Table 2: Concentrations of compounds used in mixtures preparation

Mixture component Concentration A [ppm v/v] Concentration B [ppm v/v]
acetone 200 400
a-pinene 0.1 0.2
formaldehyde 200 400
toluene 0.5 1.0
triethylamine 1.0 2.0
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Solutions were prepared by mixing five components using all 32 concentration combinations (2°). The
concentrations of substances have been selected in such a way that their odour intensity values are between
0.4 and 1.4. The odour intensity of prepared samples was determined in three ways:

- using a sensory panel (sensory analysis),

- using an electronic nose combined with fuzzy logic,

- using theoretical model (2).
For easier interpretation of the results, the prepared samples were coded as shown in the Figure 3.

1 @
z E Sample composition:
@ % S lo | E - 200 ppm viv acetone
g = E § Z - 0.01 ppm viv a-pinene
2 g 8|8 g |::> - 400 ppm viv formaldehyde
- 0.5 ppm viv toluene
Concentration ‘ A ‘ A ‘ B ‘ A ‘ A - 1.0 ppm viv triethylamine

(according to Table 2) - water

Figure 3: Coding scheme for sample names

2.2 Sensory and electronic nose analysis

Sensory evaluation of odor intensity of prepared mixtures was carried out by 4 persons, selected according to
the procedure described by Gebicki et al. (2014b). Each member of the panel was responsible for assigning
the appropriate odour intensity value to a given sample using a 7-step scale described in German Standard
VDI 3940.Electronic nose analysis were carried out using an e-nose prototype equipped with eight sensors
(Table 3).

Table 3: Types of chemical sensors used to build an electronic nose prototype.

Sensor type Manufacturer / Model ~ Target gases

Photoionization ION Science / MiniPID  VOCs

Electrochemical Figaro / FECS44-100 ammonia

Electrochemical Figaro / FECS50-100  hydrogen sulphide

Metal Oxide Semiconductor Figaro / TGS2600 air contaminants

Metal Oxide Semiconductor Figaro / TGS2602 VOCs and odorous gases

Metal Oxide Semiconductor Figaro / TGS2603 air contaminants (triethylamine, mercaptanes, etc.)
Metal Oxide Semiconductor Figaro / TGS823 organic solvent vapours

Metal Oxide Semiconductor Figaro/ TGS8100 air contaminants (hydrogen, ethanol, etc.)

E-nose experimental setup is presented in Figure 4. Synthetic air flow through a system at a constant flow rate
of 300 cm>min™" (controlled by a mass flow controller). The dynamic headspace analysis of prepared samples
was conducted. By changing the position of the valve V1, the air flowed through the sample to the
measurement chamber. The electronic nose worked in the stop-flow mode: the sample flow time was 60
seconds. After closing V2 valve, the gaseous sample was stopped in the sensors chamber for 30 seconds.
After this time the purified air was returned to the measurement chamber for regeneration of the sensors.
Signals from the sensors were recorded using an ADC (Simex SlAi-8). Data analysis and other calculations

were performed using RStudio Desktop (v. 1.0.143) software.
V2

LOGTODIGITAL
E-NOSE

MASS FLOW
CONTROLLER

COMPUTER

SYNTHETIC AIR {>>

Figure 4: Electronic nose experimental setup
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3. Results and discussion

In Figure 5 are presented odour intensity values of tested samples determined using: theoretical model (2),
sensory analysis and electronic nose combined with fuzzy logic. Values which are statistically different from
the theoretical are marked with a darker color. A statistical U Manna-Whitney test was utilized to find the
measurement points, which differed statistically from the theoretical values.
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Figure 5: Odour intensities of tested samples determined using (a) theoretical model, (b) sensory panel and
(c) electronic nose combined with fuzzy logic.

As a result of the conducted studies, it was found that both: the sensory panel and the electronic nose
analysis were found odour intensity values statistically different from the theoretically predicted. This fact
indicates the presence of odour interactions in the tested five-component gas mixtures and the imperfections
of predicting the odour interactions by used theoretical model (2). Both: sensory and e-nose tests have been
found to enhance the perceived odour intensity (synergy effect). It should be noted that the odour interactions
were observed only in the case of samples with a higher concentration of a-pinene and toluene. This may be
due to the characteristic, pleasant smell of toluene and the pine, resinous scent of a-pinene, which makes the
smell feel more pleasant. Similar results were also observed in previous studies (Szulczyniski et al., 2017).
The results obtained using the sensory panel indicate the presence of 10 distinctive values, which is about
31% of tested samples. However, results obtained using an electronic nose combined with fuzzy logic are
consistent with sensory panel sensations in 80% (8 interactions indicated by e-nose system/10 interactions
indicated by sensory panel). Correlation between sensory analysis results and electronic nose measured
values are is presented in Figure 6.
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Figure 6: Correlation plot of obtained results

4. Conclusions

Correlation coefficient for this two groups of results is equal to 0.79, which indicates a very good positive
correlation between the obtained results. Such a high value of coverage of the results allows to conclude that
using the electronic nose to determine odour interactions in the tested five-components gas mixtures together
with fuzzy logic is justified and purposeful. This fact gives possibility to use electronic noses as devices that
can replace traditional olfactometers in the future, mainly due to the significantly shorter analysis time and
automated measurement capabilities.
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Abstract: Measurement and monitoring of air quality in terms of odor nuisance is an important
problem. From a practical point of view, it would be most valuable to directly link the odor intensity
with the results of analytical air monitoring. Such a solution is offered by electronic noses, which
thanks to the possibility of holistic analysis of the gas sample, allow estimation of the odor intensity
of the gas mixture. The biggest problem is the occurrence of odor interactions between the mixture
components. For this reason, methods that can take into account the interaction between components
of the mixture are used to analyze data from the e-nose. In the presented study, the fuzzy logic
algorithm was proposed for determination of odor intensity of binary mixtures of eight odorants:
n-Hexane, cyclohexane, toluene, 0-xylene, trimethylamine, triethylamine, x-pinene, and 3-pinene.
The proposed algorithm was compared with four theoretical perceptual models: Euclidean additivity,
vectorial additivity, U model, and UPL model.

Keywords: electronic nose; fuzzy logic; odor intensity; odor interaction; gas sensors; perceptual
model; odors

1. Introduction

The scent, which is a sensory impression, is relatively difficult to quantify. In research on odorous
compounds and in attempts to describe it, four basic fragrance characteristics are taken into account:
The odor concentration, odor intensity, hedonic tone, and odor threshold [1-4]. The odor intensity
(OI) depends on the number of fragrance molecules that contact the olfactory receptors, i.e., on its
concentration in the inhaled air. The odor intensity is defined as the “odor strength” that will be
triggered by a specific fragrance stimulus. In the case of gas mixtures whose components are odor
compounds, there is a discrepancy between the perceived smell and the total scent (which is the
sum of the fragrances of the individual components). This is caused by the occurrence of the odor
interaction, based on the mutual masking, synergy or the inhibition phenomenon [5]. Studies on the
types of olfactory interactions have been conducted for a very long time, but so far have not led to the
explanation of the mechanism of these processes. The objects of experimental research are usually air
samples containing only two or three types of odorants [6-9].

The relationship between physical stimuli acting on the senses and mental feelings is dealt with in
the field called psychophysics. In the case of olfactory interactions, the models of the odor interaction
are considered, which describe the dependence of the odor intensity of air containing mixtures of
impurities from:
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e  The odor intensity that would cause components of the mixture if they were present individually
(perceptual models);

e concentrations of components of the mixture and their psychophysical characteristics
(psychophysical models).

None of the numerous models developed represent a general model. Therefore, the problem
of predicting the odor intensity of gaseous mixtures has not been successfully solved, mainly due to
the occurrence of interactions between fragrances of the mixture, causing mutual enhancement or
weakening of the scent.

In the 70s and 80s of the twentieth century, considerable attention was given to developing
mathematical models for predicting the intensity and quality of odor mixtures. Several mathematical
models were proposed to estimate the odor intensities of mixtures, as they are perceived by humans:
Euclidean additivity, vectorial model, U model or UPL model [10-14]. However, the use of these
models requires prior sensory measurements that are expensive and time-consuming.

In recent years, there has been a lot of interest in the subject of the instrumentation of odor
measurement using devices called electronic noses [15-18]. Electronic noses are the analytical devices,
which in their functioning resemble the human sense of smell [19-25]. Sensors are the analogs of
the olfactory receptors. They turn the chemical information into an analytically useful signal. Then,
the signal is sent to the recognition system, which in the case of the human body;, is the brain, and in
the case of the e-nose, is the appropriate mathematical algorithm [26]. The most commonly used data
processing methods are: Principal component analysis (PCA), principal component regression (PCR),
partial least square regression (PLSR), fuzzy logic (FL), and artificial neural networks (ANN) [27-35].

Instrumentation of odor measurement will allow the use of instrumental methods wherever the
measurement, using the human sense of smell, will be impossible or even dangerous. In addition,
the use of electronic noses will significantly reduce the time and costs of a single analysis and will
enable continuous monitoring systems. Odor measurement instrumentalization is possible because
the mutual relations between the sensor signals may correspond to odor interactions in the mixture.

In the presented studies, four theoretical perceptual models were compared to those obtained
using the electronic nose, in which fuzzy logic was used as the method of analyzing measurement
data. The research was conducted with the use of eight odorous compounds: n-Hexane, cyclohexane,
toluene, o-xylene, trimethylamine, triethylamine, x-pinene, and p-pinene. The coefficient of odor
interaction for the binary mixtures of the abovementioned compounds was determined. The mixtures
were generated using a developed gas mixture generator. In the research, a prototype of an electronic
nose equipped with eight gas chemical sensors (one photoionization, two electrochemical, and five
metal oxide semiconductor sensors) was used.

2. Materials and Methods

2.1. Gas Mixture Generator

All samples (the single substance in air and binary mixtures) were prepared using a gas mixture
generator prototype. The device operates based on two methods of obtaining standard gas mixtures:
The bubbling system and permeation tubes. The device operation diagram is presented in Figure 1.

The compressed air was initially cleaned by a set of filters and adsorbers and then stored in
a stainless steel collector. Using mass flow controllers (red-y series, Vogtlin Instruments GmbH,
Aesch, Switzerland), the air was directed to bubbling vials or permeation chambers (in which the
permeation tubes were placed). The temperature of all device modules was precisely controlled and
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regulated. The last part of the generator is a mixer. This module allowed mixing all streams, as well as
due to the additional airline, it was possible to dilute the sample to obtain the desired concentration
of the components of the mixture. The output of the device was adapted to: Take a sample into a
gas-tight syringe (for gas chromatography analysis), insert the sample into the electronic nose sensor
chamber, and present the sample to the members of the sensory panel. For proper operation of the gas
mixture generator, it was calibrated using the gas chromatography technique (GC). Randomly selected
generated samples were also analyzed using GC to ensure correct concentration values.

@ Lx Buﬁitg"c’ ELECTRONIC
i e o NOSE

o won Ll><J

3 = 8‘ S5 SENSORY
o

2 >3 PANEL

COMPRESSED AR

CHAMBER 2
Figure 1. Gas mixture generator schematic (MFC—mass flow controllers).

The concentrations obtained using the bubbling system (Equations (1) and (2)) and using
self-manufactured permeation tubes (Equation (3)) can be calculated using the following formulas:

PO-M-V
T103RT @
L 2M04W o
10-6.V-M
E
- E ©)
pV

where: c—concentration of the substances in a stream of a carrier gas [ppm], W—the mass flow of the
evaporated substance [mg s™!], P’—the vapor pressure at the given temperature [Pa], M—the molar
mass of the evaporated substance [g mol™!], V—the volumetric flow rate of the stream of the carrier
gas [mL s71], R—the gas constant [J mol~! K™1], E—the permeation ratio [ng s71, p—the density of the
gas component subject to the process of permeation [ng nL~!].

2.2. Odorants

Eight chemical substances were used in the presented research. They represented four groups of
odorant compounds: The alkanes and cycloalkanes, aromatic hydrocarbons, amines, and terpenes.
Their basic properties are presented in Table 1.
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2.3. Sensory Analysis

Twenty-five volunteers participated in preliminary investigations, which utilized an air mixture of
n-butanol prepared at 5 concentrations: 0, 10, 20, 40, 80 ppm. During two days, each volunteer carried
out ten analyses aimed at the identification of an individual perceptibility threshold with respect to the
n-butanol solutions. The preliminary investigations allowed the selection of volunteers, who fulfilled
the criterion of individual repeatability required:

10° <23 @)

where: s—standard deviation of the individual odor evaluations.

The volunteers (5 women and 5 men) aged 22-35 were selected to participate in the sensory
analysis. They were trained for one week before the tests. The volunteers were non-smokers and their
physical, as well as their mental condition, was evaluated as very good. They did not eat or drink for
an hour before the test in order to avoid interference from foreign odors with the aroma substances
under examination. The task for panelists was to determine the odor intensity (OI) of the inhaled
sample using the German standard VDI 3940 scale (Table 2).

Table 2. German standard VDI 3940 odor intensity scale.

Intensity Level Odor Strength

0 Not perceptible
Very weak
Weak
Distinct
Strong
Very strong
Extremely strong

[ G R O S

2.4. Stevens’ and Weber—Fechner Laws Coefficients Determination

The dependence of the odor intensity on the concentration of a single substance can be described
using the Weber—Fechner (Equation (5)) and Stevens’ (Equation (6)) laws:

Ol = kwp-log CLOT (5)

OI = ks-C" (6)

where: Ol—odor intensity; kwr, ks, n—experimentally determined coefficients, C—odorant concentration,
and Cor—odorant odor threshold.

Sensory analysis of five concentration levels of each odorant was performed. Each concentration
was two-fold higher than the preceding. For the obtained results, two plots were performed: OI = f(logC)
for the Weber—Fechner coefficient and odor threshold determination and log OI = f(logC) for the Stevens’
law coefficients determination for each odorant.

2.5. Theoretical Prediction of Odor Intensity of Binary Mixtures

For theoretical prediction of the odor intensity of the prepared binary mixtures of odorants,
four theoretical models were used: The vectorial model, Euclidean additivity, U model, and UPL model.
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2.5.1. Vectorial Model

The form of the model was proposed by Berglund in 1973 [10]. The formula of olfactory interaction
in the binary mixture (A and B) is presented in Equation (7):

Olpp = \/011 + OI + 2:0lI Ol cos aap )

where cosxap is the interaction coefficient between odorant A and odorant B. For proper use, it is
necessary to experimentally determine the interaction coefficient value using Equation (8):

2 2 2
O, - Ol - OR

COSXAB = = O1,-Olg

®)

2.5.2. Euclidean Additivity Model

The Euclidean additivity model is a particular case of the vectorial model, where it is assumed
that there are no mutual interactions between the components of the mixture (cosasp = 0):

Olpg = /012A +01 )

In the presented research, this model was used as the reference model for the mutual comparison
of the obtained results.

2.5.3. U Model
Patte and Laffort proposed the U model for binary mixtures in 1979 [37]. Itis based on Equation (10):

Ol = Ol + OIp + 2-cos app- yOIA-Olp (10)

As in the case of the vectorial model, the interaction coefficient must be determined experimentally
by using the Equation (11):
Olpg — Ol — Olp

2-OI, Ol

COS AR = (11)

2.5.4. UPL Model

The UPL model is the modification of U model (Equation (10)) proposed in 1982 by Laffort and
Dravnieks [13]. The modification includes the interaction coefficient. In this case, cosxap reflects only
the Stevens’ power law determined for a single component. The first step for determination of the
interaction coefficient in a binary mixture is to determine the coefficient for each single component
using Equation (12):

cosap =211 (12)

Equation (12) is strictly correct only when Ol = Olg. In the next step, it is possible to determine
the interaction coefficient between the mixture components:

cos axp Ol + cos ap-Olp
Ol + Ol

COS XAR = (13)

2.6. Electronic Nose Analysis

In the presented research, the analyses were carried out using an electronic prototype equipped
with a measuring chamber containing eight sensors (Table 3).
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Table 3. Types of chemical sensors used in electronic nose prototype.

Sensor Type Model Manufacturer Detected Compounds
Photoionization MiniPID Ion Science Aromatic hydrocarbons, VOCs
Electrochemical FECS44-100 Figaro ammonia
Electrochemical FECS50-100 Figaro Hydrogen sulfide

Mgtal Oxide TGS2600 Figaro Air contaminants
Semiconductor

Me.t al Oxide TGS2602 Figaro VOCs and odorous gases
Semiconductor

Metal Oxide . Air contaminants
Semiconductor TGS52603 Figaro (triethylamine, mercaptanes, etc.)

Metal Oxide . .

Semiconductor TGS823 Figaro Organic solvent vapors

Mgtal Oxide TGS8100 Figaro Air contaminants
Semiconductor

The schematic of the measurement system is presented in Figure 2. Purified air flowed through
the system at a constant flow rate of 300 cm® min~'. It was controlled by a mass flow controller.
By changing the position of the valve V1, the sample from the gas mixture generator flowed through
the measurement chamber. The electronic nose worked in the stop-flow mode [38]: The sample flow
time was 40 s and the stop time of the mixture in the sensors chamber was—20 s (after closing the V2
valve). After this time, the purified air was returned to the measurement chamber for the regeneration
of the sensors. Signals from the sensors were recorded using an 8-chanel 12-bit analog-to-digital
converter and saved on the computer. The data analysis and other calculations were performed in
RStudio Desktop (v. 1.1.463) software [39] using R [40].

PURIFIED AIR

GAS MIXTURE
GENERATOR

PERSONAL
COMPUTER

Figure 2. Electronic nose experimental setup (MFC—mass flow controller, ADC—analog-to-digital converter).

One of the most interesting approaches in the field of e-nose data analysis is fuzzy logic.
The classical logic system is based on the two values, mostly represented by 0 and 1, or true and false.
The boundary between them is defined and unchanging. Fuzzy logic is an extension of the classical
approach to approach closer to the human brain; it introduces additional values between standard
true and false. Blurring the boundaries between them gives the opportunity to come up with values
between this interval (e.g., almost false, half truth). The proposed scheme of using fuzzy logic to estimate
the odor intensity is presented in Figure 3 and described in previous research [41,42].
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|

|

FUZZIFICATION '~ _ 5 |NFERENCES ——> DEFUZZIFICATION —L—>
(using Gaussian function) I

ODOUR INTENSITY
VALUES

ELECTRONIC NOSE
SENSORS SIGNALS

Figure 3. Fuzzy logic algorithm for the odor intensity estimation using electronic nose sensors signals.

In this work, Gaussian membership functions were used. The defining of fuzzy sets for each
sensor is presented in Figure 4. For each sensor at every odor intensity level (Table 2), all signal
distributions were determined using the Gaussian function (using the mean and standard deviation
values). In the next step, based on the measurements results, a set of rules were developed. An example
of the rule is presented in Equation (14):

IF(S1€ Very weak) AND...AND(Sg € Very weak) THEN (OI € Very weak) (14)

—Fitted Gaussian function

x Experimental sensar signals

MMM 00080 X X WX
a0a 1000 1200 1400 1600 1800 2000

ADC value

Figure 4. Gaussian membership function determined for TGS2603 sensor based on measurements of
sample with odor intensity equal to 3 (distinct odor).

The proposed fuzzy logic algorithm proceeds in three stages (Figure 3). At the input of the model,
eight input variables (each sensor signals) were introduced. In the fuzzification block, the degree of
belonging of the individual values to the fuzzy sets was calculated. In the next stage, using the created
rules, the resulting function of the model output was calculated. At the defuzzification stage, the
resulting affinity function was the basis for calculating the value of the sample odor intensity (output
variable for the fuzzy logic algorithm). In the presented research, the center of the gravity mechanism
was used for this purpose.

3. Results

After the performance of sensory analysis of single-component samples at five concentration
levels, the values of Weber-Fechner and Stevens’ power law coefficients were calculated. The results
are presented in Table 4.

Using determined Weber—Fechner law formulas, for each odorant, the concentrations corresponding
to odor intensity values equal to 1, 2 and 3 were calculated. The values are shown in Table 5.
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Table 4. Weber-Fechner and Stevens’ law coefficients calculated based on experimental measurements.

Weber-Fechner Law Stevens’ Power Law
Odorant
kwr Cor [ppm] n ks

n-hexane 2.14 £ 0.23 1.1 0.874 + 0.061 0.255
cyclohexane 1.93 +0.22 1.1 0.961 + 0.041 0.191
toluene 1.96 £ 0.29 0.34 0.382 + 0.125 1.119
o-xylene 223 +0.25 0.53 0.614 + 0.115 0.710
trimethylamine 2.14 £ 0.21 0.17 0.496 + 0.104 1.437
triethylamine 2.39 +£0.26 0.35 0.771 + 0.145 0.821
«-pinene 1.15+0.19 0.18 0.330 + 0.024 0.927
-pinene 1.45+0.20 0.24 0.361 + 0.025 1.004

Table 5. Concentration of individual substances used for generation mixture characterized with specific
odor intensity value.

Concentration [ppm]

Odorant
OoI=1 Ol =2 OI=3

n-hexane 32 9.3 27.1
cyclohexane 3.7 12.1 39.7
toluene 1.1 3.6 115
o0-xylene 15 4.2 11.6
trimethylamine 0.5 1.5 44
triethylamine 0.9 2.4 6.4
-pinene 1.3 10 741
f-pinene 1.2 5.8 28.5

In the next step of the research, 56 binary mixtures were generated. A total of 28 mixtures were
generated in such a way that the concentrations of the individual substances were equal to an odor
intensity equal to 1 (e.g., 1.1 ppm of toluene and 1.5 ppm of o0-xylene) and 28 mixtures corresponding
to odor intensity equal to 2 (e.g., 1.5 ppm trimethylamine and 10 ppm «-pinene). The odor intensity of
the mixtures was evaluated using sensory analysis in triplicate for each sample. In this way, the mean
value of the sensory odor intensity for each sample was determined, which was then used to determine
the odor interaction coefficients according to Equations (8, 11-13). The results for each theoretical
calculation are presented in Tables 6-8.

Table 6. Vectorial additivity odor interaction coefficients.

Odor Intensity =1 Odor Intensity = 2
£ g
] g ] 2 - g g @ 5] @ ] - @ ]
g 3 = % = = a a g 2 = % = = a 2
T % R & F § & & ¢ R & F 5 &
¢] @]
hexane - -
cyclohexane -0.88 - -0.87 -
toluene -0.60 -0.56 - -0.62 054 -
o-xylene -0.55 -0.48 -0.48 - -0.62 -0.50 —-0.48 -
T™MA -0.51 -0.54 -0.54 -0.73 - -05 -051 -0.53 -0.70 -
TEA -0.61 -0.61 -0.38 —0.44 -0.50 - —-0.62 —0.61 —0.37 -0.47 -0.49 -
a -pinene —-0.33 -0.57 -0.51 —0.63 -0.31 -0.29 - —-0.35 -0.58 -0.53 —0.63 —0.32 -0.30 -
f-pinene -0.33 -0.48 -0.39 -0.51 -0.27 -0.41 -0.63 -  -0.34 -0.49 -04 -051 -0.28 -0.44 -0.64 -

1 TMA—trimethylamine, 2 TEA—triethylamine.
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Table 7. U model odor interaction coefficients.

Odor Intensity =1 Odor Intensity =2
g g
o [ o o o o
® = ] B o ] x < ] B o =
3 © = % Z = 3 & g = 7 = = s &
= 3 & § F E & & 3B & F 8 &
o o
hexane - -
cyclohexane —-0.76 - -075 -
toluene —-0.55 -0.53 - -0.56 -0.52 -
o-xylene -0.52 -0.49 -0.49 - -0.54 -0.50 -0.49 -
TMA —-0.51 -0.52 —-0.52 -0.63 - —-0.50 -0.50 —0.51 -0.61 -
TEA -0.56 -0.56 -0.44 -0.47 -0.50 - -0.57 -0.56 -0.44 -0.48 049 -
«-pinene -0.42 -0.54 -0.51 -0.57 -0.41 -040 - -0.43 -0.54 -0.52 -0.57 -0.42 -041 -
B-pinene -042 -0.49 -0.45 -0.50 -04 -0.46 -0.57 - -0.42 -0.50 -0.45 -0.50 -0.40 -0.47 -0.58 -

1 TMA—trimethylamine, 2 TEA—triethylamine.

Table 8. UPL model odor interaction coefficients.

v
s o ) o
e § & 5§ = % g 8
- = S % = & &
= g F S = 3 &
9]
hexane -
cyclohexane -0.06 -
toluene -021 -0.19 -
o-xylene -0.16 -0.13 -0.29 -
TMA -019 -016 -0.32 -0.26 -
TEA -0.11 -0.09 -025 -0.19 -022 -
a-pinene -023 -020 -036 -030 -033 -0.26 -
B-pinene -022 -019 -035 -030 -033 -025 -0.36 -

1 TMA—trimethylamine, > TEA—triethylamine.

The electronic nose—fuzzy logic system was developed using the measurement results obtained
for the e-nose analysis of single component samples at odor intensity levels from 1 to 5. Using all
results for each sensor, its maximum signal value distribution was determined using the Gaussian
function. The mean values and standard deviations were calculated and transferred into membership
functions. An exemplary fuzzification step for the TGS2603 sensor is shown in the Figure 5.

—Very weak (Ol = 1)
——Weak (Ol = 2)
Distinct (Ol = 3)
——S8trong (Ol = 4)
——Very strong (Ol = 5)

0 500 1000 1500 2000 2500 3000 3500 4000
ADC value

Figure 5. Gaussian membership functions calculated for the TGS2603 sensor.
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Validation of the proposed algorithm was performed using a measured-predicted plot (Figure 6).
The measured values were obtained using a sensory analysis and the predicted values were the results
of the e-nose analysis (determined using the developed fuzzy logic algorithm).

N

Predicted odour intensity

0 1 2 3
Measured odour intensity

Figure 6. Proposed fuzzy logic algorithm validation plot.

For comparison of the theoretical models, sensory analysis, and values obtained using the electronic
nose and fuzzy logic, 28 binary mixtures were generated in such a way that the concentrations of the
individual substances were equal to an odor intensity equal to 3 (e.g., 74.1 ppm o-pinene and 28.5 ppm
B-pinene). The mixtures were investigated using the sensory panel and the electronic nose. Three
replicates were made for each sample. The theoretical values were determined using the vectorial
model (Equation (7)), Euclidean additivity model (Equation (9)), U model (Equation (10)), and UPL
model. As an interaction factor, the mean values from Table 6; Table 7 were used. The comparison of
the obtained is shown in Figure 7.

O Vectorial model

x - A U model
x N x UPL model
5 x x O e-nose & fuzyy logic
= x x x X% x 5 —Euclidean additivity
x| %
o : x x| *
4|9 X : x X
o © * x
z o o 8 n
i ° a @ a © o 2 e
2 o o B o a
23 ° g ol a.a "onB
5 A a o alo © 8o 8 % 0%
3 a a
8 B ) a
o
2
a
1
0
Il—)((ﬁﬂ.ﬂ.k—x((&ﬁ.)((ﬁﬁ.&((ﬂ.ﬂ.(n.n.ﬂ.ﬂ.n.
0O 3+ © = T & , © s Ww ©v & ° = quEcamuauua
+ r r F F + + £ + F F + + + F F 4+ 4+ + o+ o+ o+ o+ o+ 4+
RSN A
* 50 IO EFFFF

Figure 7. Odor intensity prediction models comparison (H—#-hexane, CH—cyclohexane, T—toluene,
0X—o-xylene, TMA—trimethylamine, TEA—triethylamine, aP—«-pinene, BP—f-pinene).
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For quantitative comparison of the perceptual models and the fuzzy logic algorithm, the mean
squared prediction error (MSPEpy;) was used:

Y.(Olpy - OIfr)?
n

MSPEpy = (15)

where: Olpy: odor intensity determined using one of the perceptual models, Olf;. odor intensity of
the same sample determined using fuzzy logic algorithm, n: number of samples. The MSPEpy, are

presented in Table 9.

Table 9. Mean squared prediction error values determined for perceptual models.

Vectorial Model U Model Euclidean Additivity UPL Model
MSPEp 0.54 0.53 1.09 3.77

4. Discussion

In the presented studies, the odor interaction coefficients were determined for three theoretical
models (the vectorial additivity model, U model, and UPL model) used to determine the odor intensity
of the binary mixtures of based on the intensity of individual components. The research was carried
out using eight odorants, belonging to five groups of chemical compounds. Considering the results
presented in Tables 6-8, it should be stated that all determined coefficients were negative and mostly
had values between —0.25 and —0.60. For the vectorial and U models, the lowest values were observed
for the interaction between n-hexane and cyclohexane, which indicated the occurrence of mutual
inhibition of the odor intensity. However, the highest values appeared mostly in mixtures in which
one of the components was a-pinene or 3-pinene. This phenomenon may have been caused by the
positive hedonic tone of these substances scents.

In the case of the vectorial additivity and U model, it was possible to compare the interaction
coefficients determined for mixtures generated at two odor intensity levels: 1 and 2. In both cases,
these values were very similar to each other, which allowed stating that at low odor intensity levels,
these coefficients are unchanged for a given pair of compounds.

The interaction coefficients values obtained for the UPL model differed significantly from the
other two models. It is connected with the theoretical determination of coefficients in this model, that
when determining them, there was no feedback with the values obtained by the sensory panelist team.
Analyzing the results presented in Figure 7, it can be seen that the partial compliance of the UPL model
with the others only occurred for mixtures containing o-pinene or 3-pinene. In all cases, this model
overestimated the odor intensity values.

The use of an electronic nose combined with the proposed fuzzy logic algorithm gave satisfactory
results, which in most mixtures, was similar to the vectorial and U models (mean squared prediction
error equal to 0.54 and 0.53, respectively). The worst fit was presented by the UPL model, where
MSPEpp was equal to 3.77. Discrepancies between the values occurred for mixtures containing
trimethylamine or triethylamine. This was caused by the very low odor thresholds of these substances.
At low concentrations of these substances, their scent could be felt as strong, while the substance
was not detected by sensors installed in the electronic nose. The proposed method of data analysis,
based on fuzzy logic, very well reflected the sensory panel feelings, especially for low values of the
odor intensity (Figure 6). However, the results presented only show a reference to the determination of
the odor intensity of binary mixtures, which are very rare in real conditions.

When treating the Euclidean additivity model as a simple reference model, it should be pointed
out that in all cases, we are dealing with the attenuation of the intensity in relation to the simple
Euclidean summation. This clearly proves the existence of mutual interactions between components in
the binary odor mixtures.
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The obtained results indicated a similar dependence, as in the case of using other models.
Yan et al. [43] proposed a model of odor interactions for binary mixtures of benzene and its derivatives,
employing a partial differential equation (PDE), which was compared with the U model, strongest
component model, and additivity model. In other studies, Yan et al. [14] proposed a modified vector
model and checked its use to study the interaction in binary, ternary, and quaternary mixtures. As in the
case of the presented research, he obtained good agreement between the predicted OI values with those
measured for the binary mixtures. Chen [44] compared the U model and modified vector model for
benzene, ethylbenzene, and toluene binary mixtures. In most of the results, there was an odor intensity
synergy effect for the studied mixtures. The proposed application of the electronic nose along with
the fuzzy logic algorithm allows continuous measurements, which in the case of the other presented
solutions, is possible only with the use of the PDE model, which requires more computing resources.

5. Conclusions

In the presented study, four theoretical perceptual models were compared to those obtained
using the electronic nose, in which fuzzy logic was used as the method of analyzing measurement
data. The analysis of the obtained results allowed us to conclude that the use of an electronic nose as
an instrumental tool for assessing the odor of binary gas mixtures is fully justified and purposeful.
However, the use of fuzzy logic introduces the need to properly select of the membership function,
defuzzification mechanism, and set of rules, which requires some expert knowledge.

With more complex mixtures, the use of an electronic nose can be problematic, mainly due to the
occurrence of mutual odor interactions between the mixture components. Solving the problem will
certainly help the development of sensory techniques associated with constructing more sensitive,
specific, and selective sensors with lower limits of detection. Another approach is the use of more
sophisticated methods of data analysis, which allow the evaluation of the interaction of fragrances by
analysis of signals obtained from e-nose sensors. In this field, artificial neural networks (ANN) are the
most valuable methods for sensor data processing. This is related to their similarity to the functioning of
the human brain, which is the most important part of the human sense of smell. However, the methods
of creating an optimal neural network are much more complicated and time-consuming compared to
fuzzy logic, mainly due to the need to determine the number of layers, the number of neurons in each
layer of the network and the type of activation function.

Mutual comparison of the perceptual theoretical models has allowed us to demonstrate the
usefulness of these models, based on the interaction coefficients determined using sensory analysis
(i.e., the vectorial model and U model). The UPL model only takes into consideration the power law
exponents of the individual components. This means that the evaluation of the interaction between the
two components of the mixture using the UPL model is in most cases incorrect.
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Abstract

Biotrickling filtration is one of the techniques used to reduce odorants in the air. It is based on the aerobic degradation of pol-
lutants by microorganisms located in the filter bed. The research presents the possibility of using the electronic nose prototype
combined with artificial neural network for biofiltration process monitoring in terms of reduction in n-butanol concentration
and odour intensity of treated air. The study was conducted using two-section biotrickling filter packed with a commercially
available mixture of peat and perlite during 42 days with different n-butanol inlet concentrations, i.e., 100, 200, 400, and
800 ppm. During the tests, a concentration and odour intensity removal efficiency of around 90% and 20% was obtained,
respectively. It has been shown that the highest values were obtained for an inlet n-butanol concentration of 200—400 ppm.

Graphic abstract

Keywords Neural network - Sensors - Odoriferous substances -

Introduction

Removal of odorous compounds from air, including nitro-
gen and sulfur compounds as well as volatile organic com-
pounds, is gaining importance due to social awareness and
increasingly stringent environmental legislations [1, 2]. Such
a trend enforces the development of sustainable and effi-
cient methods of air deodorization. Among them, biological
methods of gas treatment are considered to be more effective
and economical alternative to conventional methods such as
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Alcohols

chemical scrubbing, incineration, absorption, or condensa-
tion [3, 4]. This is especially true when large volumes of
gases containing low or medium concentrations of pollutants
are taken into account.

One of the most common techniques of biological gas
treatment is biofiltration. The process of biofiltration con-
sists in passing a polluted stream of gas through a filter bed,
inhabited by microorganisms of various species (typically
bacteria or fungi) [5]. The pollutants diffuse from the gas
phase to the so-called biofilm, formed on the surface of the
elements of the filter packing. The compounds adsorbed on
the surface or absorbed in the biofilm undergo biodegra-
dation and the air leaves the biofilter cleansed and free of
unpleasant odors. The biofiltration process can be carried
out in two main types of apparatus, i.e., in a conventional
biofilter or in a biotrickling filter. In a conventional biofilter,
the contaminated gas is initially humidified in a separate
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chamber, and only then, it is transferred to the biofilter. The
packing of such a biofilter is most often made of natural
organic materials, e.g., bark, cones, or peat. The construc-
tion of a biotrickling filter, on the other hand, enables the
process to be carried out in one apparatus. The filter bed,
made of natural or synthetic materials, is regularly trickled
with liquid enriched with minerals necessary for the growth
of microorganisms. The trickling liquid may circulate in a
closed system subject to periodic regeneration. Biotrickling
filters allow easier control and regulation of the process,
including increased process stability, pH and temperature
control as well as continuous nutrient supply, compared to
conventional biofilters [6-8].

Biotrickling filtration is currently considered as the most
promising technology of biological air treatment [9]. This
results, among others, from the application of mobile liquid
phase, providing means for washing out from the bed the
biodegradation intermediates, possibly inhibiting the micro-
bial activity in conventional biofilters as well as outstanding
process efficiency and economy, as compared to other types
of bioreactors [10-12].

In this paper, a counter-current biotrickling filtration of
variable inlet loads of n-butanol was investigated. Butanol is
a representative of hydrophilic volatile organic compound.
However, it is treated in biological systems with rather high
purification efficiency, and its removal from air in biotrick-
ling filters has been scarcely investigated [13]. In addition,
in this study, a biotrickling filter was packed with a mix-
ture of inert and organic materials, i.e., a mixture of per-
lite and peat, contrary to majority of experimental studies,
where biotrickling filters are packed with inert materials
(ceramic elements, polyurethane foam, or lava rock) [14].
Such an approach allows a rapid start-up of the process and

eliminates the step of inoculating the packing materials with
microbial species.

The most frequently used techniques to evaluate effec-
tiveness of biofiltration process are gas chromatography
techniques. They enable separation and determination of
concentrations of individual components of the mixture. In
terms of the evaluation of the odour quality of purification,
such information is not directly useful. Therefore, electronic
noses—devices enabling holistic analysis of gas samples—
are increasingly used to assess the effectiveness of biofiltra-
tion [15, 16]. The electronic nose system consists of four
main components, as presented in Fig. 1.

As pattern recognition system various chemometric algo-
rithms are used, e.g., principal component analysis (PCA),
linear discriminant analysis (LDA), support vector machine
(SVM), or partial least square (PLS). However, the most
valuable method used in the e-nose system in artificial neural
network (ANN). Artificial neural networks are now consid-
ered the best method of analyzing data from artificial senses,
mainly due to the fact that ANNs in their architecture and
functioning resemble the nervous system in humans. The
simplest, having only one neuron, ANN is called the per-
ceptron. The McCulloch-Pitts neuron, which is a simplified
model of the biological nerve cell. The similarity in the con-
struction of both neurons is presented in Fig. 2.

The use of ANN for data analysis is possible only after
prior collection of the training data set—examples of inputs
along with defined, corresponding output values. Neural net-
work learning process involves changing its internal param-
eters (weight coefficients and neuron activation thresholds).
This is done using the appropriate algorithm, usually learn-
ing under supervision. The most frequently used algorithm
for this purpose is the back error propagation algorithm

Fig. 1 Electronic nose system
description

SAMPLING SYSTEM

provides stable and reproducible measuring conditions
(temperature, humidity, gas flow velocity) and eliminates all
undesirablefactors that can affect the sensor response

DETECTIONSYSTEM

built from the set of sensors located in the measuring
chamber. They show different selectivity and sensitivity, but
as a whole, produce a characteristic chemical image of the
gas mixture (“fingerprint”)

DATA PROCESSING SYSTEM
responsible for signal processing

PATTERN RECOGNITION SYSTEM
assigns the received set of signals to one of the pattern

classes
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Fig.2 Similarity of neuron cell
and artificial neural network
construction
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[17]. Its operation consists in the modification of weights
and threshold values based on training data in such a way as
to minimize the error made by the network while performing
its assigned tasks for all data included in the training set.

The article presents estimation of the odour intensity
of air samples (contaminated with n-butanol) undergo-
ing biofiltration process using electronic nose prototype
and artificial neural network. The removal efficiency
calculated using odour intensity changes was com-
pared with values calculated using changes in n-butanol
concentration.

114

Time of biofiltration/days

Results and discussion

The performance of a peat-perlite-packed biotrickling filter
is shown in Fig. 3 (concentration changes) and Fig. 4 (odour
intensity changes).

Shortly after introducing the mixture of air and
n-butanol to the biofilter, concentration removal efficiency
of about 37% is obtained and it increases to about 80-85%
during the first day of the process. When continuing the
process, values of RE_ . slightly increase, reaching the
values close to 90% within first 15 days of biofiltration.
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Fig.4 Odour intensity removal
efficiency (RE) changes dur-
ing the process

40 f-----

REq /%

In terms of odour intensity for 0—15 and 31-42 days,
removal efficiency was close to 20%. The higher values
were noticed for inlet concentrations equal to 200 and
400 ppm. Such high values of RE result from two main
reasons: first, n-butanol is a hydrophilic volatile organic
compound and it is easily removed from air streams in
biological systems [15, 18]; second, the applied packing
of a biotrickling filter is rich in plenty of microbial spe-
cies which favors biodegradation of air pollutants [19, 20].
In addition, stable values of n-butanol removal efficiency
indicate that the biological system attains adaptation to
the treated gas and microorganisms present in the peat
structure consume n-butanol as a source of carbon. Thus,
the period of 15 days was assumed as a start-up period,
i.e., the time period ensuring steady-state conditions in
the system [3].

To investigate the influence of an inlet loading on the
efficiency of biofiltration, inlet concentrations of n-butanol
were increased at 17th, 24th, and 31st days of the process
duration. This is reflected by a drop in the RE values cor-
responding to day 17th of biofiltration. However, within
next 2 days, the concentration removal efficiency increases,
reaching the values in the range 95-99%. Interestingly, fur-
ther increases in the inlet loading of n-butanol (days 24 and
31) only slightly influence the values of RE_ .. Such behav-
ior of the system suggests a good adaptation of the microbial
species inhabiting the biofilter packing for the treated com-
pound and suggests a stable working conditions for long-
term experiments. Obtained results are in accordance with
literature data regarding biotrickling filtration of n-butanol
[21]. It is worth noting that no problems with bed clogging
were faced during the investigated period of biofiltration
for the set values of EBRT and trickling liquid velocity and
frequency (Table 1). The measured pressure drop across
the filter packing during the experiment was in the range of
about 60-90 mm H,0.

@ Springer
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Table 1 Basic process parameters of a biotrickling filter

Parameter Value
Internal diameter of a biofilter 8 cm

Total height of a two-section biofilter 68 cm

Total volume of biofilter packing 2.5 dm?
Volumetric flow rate of gas phase 2.5 dm® min~!

Empty bed residence time (EBRT) 60 s
Inlet n-butanol concentrations 100, 200, 400, 800 ppm

Height of a Raschig rings layer

10x2.4 mm 3cm

6x1.5 mm 2cm
Volumetric flow rate of trickling liquid 0.2 dm® min™!
Frequency of trickling I min2h™!

Conclusion

As a result of the studies, it was found that the electronic
nose prototype along with the proposed artificial neural net-
work can be successfully used to estimate the odour intensity
of n-butanol contaminated air samples undergoing biofiltra-
tion process. Presented results indicate that n-butanol vapors
may be effectively eliminated from air in a biotrickling fil-
ter packed with a mixture of peat and perlite. Concentra-
tion removal efficiency of n-butanol exceeding 90% has
been achieved after the period of 20 days of biofiltration.
Such RE_,, . values correspond 20-30% in odour intensity
removal. On 23th day of process duration the highest effi-
ciency was observed (RE_,,.=98.6%, REy;=35.4%). High
values of RE were observed for inlet concentrations equal
to 200 and 400 ppm. This allows to conclude that for this
biofilter the values of these concentrations are optimal.
The choice of n-butanol as the target compound is also
justified by previous research, dealing with conventional
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Fig.5 Schematic diagram of the
biotrickling filter experimental
setup
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biofiltration of air polluted with n-butanol vapors [16].
Thus, the experimental comparison between the process
efficiency (conventional biofiltration versus biotrick-
ling filtration) is interesting both from scientific as well
as practical points of view. These results indicate that
n-butanol biofiltration precedes with much higher effi-
ciency in biotrickling filters (95-99%), keeping high
removal efficiency even for increased inlet loads, as com-
pared to conventional biofiltration (80-90%).

Experimental

The research was carried out in a two-section biotrickling
filter, shown schematically in Fig. 5. The biofilter was made
of organic glass and packed with a commercially available
mixture of peat and perlite (COMPO SANA, Compo, Ger-
many). Dimensions and process parameters of a biofilter are
given in Table 1.

After placing a filter packing bed in the individual sec-
tions and having the bioreactor twisted, a flow of a clean air
as well as a trickling of a liquid were introduced through a
packed bed. The intensity of air and trickling liquid flows
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are shown in Table 1. The activation of the biofilter packing
lasted 4 days, and as a trickling liquid a buffered peptone
water medium was used. After activation of the bed, the
flow of n-butanol and air mixture was started, further using
a trickling liquid as described above. After 4 days of opera-
tion of the system, the liquid used was replaced with a fresh
medium. The composition of the medium was changed and
it is as follows: Na,HPO,-2H,0 (15.2 g dm™%), KH,PO,
(3 gdm™3), NaCl (0.5 g dm™3), and NH,CI (1 g dm~3). A
trickling liquid of such a composition was changed every
4 days. During the tests, at least once a day, gas samples
were taken from the inlet and outlet streams. The flow of
the gas mixture stream at the inlet to the biofilter and the
pressure drop on the filter bed were regularly controlled.
The temperature of the filter bed was in the range 23-25 °C.

Odour intensity of the air samples was determined using
an electronic nose and artificial neural network. Electronic
nose analyses were carried out using an e-nose prototype
equipped with eight chemical gas sensors: ION Science
MiniPID, Figaro FECS44-100, Figaro FECS50-100, Figaro
TGS2600, Figaro TGS2602, Figaro TGS2603, Figaro
TGS823, Figaro TGS8100. The sensor characteristics are
presented in Table 2. The collected samples were sucked
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Table 2 Electronic nose sensors
characteristics

Sensor model

Sensor type

Detected compounds

ION Science MiniPID
Figaro FECS44-100
Figaro FECS50-100
Figaro TGS2600
Figaro TGS2602
Figaro TGS2603
Figaro TGS823
Figaro TGS8100

Photoionisation
Electrochemical
Electrochemical
Metal oxide semiconductor
Metal oxide semiconductor
Metal oxide semiconductor
Metal oxide semiconductor
Metal oxide semiconductor

Aromatic hydrocarbons, isobutylene
Ammonia, amines

Hydrogen sulfide, mercaptanes

Ethanol, isobutane

Hydrogen sulfide, toluene, ammonia
Trimethylamine, methyl mercaptane, ethanol
Benzene, n-hexane, acetone

Methane, isobutene, ethanol

Fig.6 Architecture of the artifi-
cial neural network

0]0]010)0]0J0)0

INPUT LAYER
sensors signals
(8 neurons)

OOO0O000OO

HIDDEN LAYER
(7 neurons)

Table 3 VDI 3940 Odour

X - Intensity Odour strength
intensity scale level

0 No odour

1 Very weak

2 Weak

3 Distinct

4 Strong

5 Very strong

6 Extremely strong

by a membrane pump into the e-nose chamber for 15 s. The
sample was then kept in the chamber for 30 s. The purified
air was then directed into the chamber for regeneration of
the sensors. For data analysis, the maximum signal value of
each sensor was used.

The odour intensity of the sample was determined using
previously designed Artificial Neural Network (topology:
8-7-1). Architecture of the network is presented in Fig. 6.

Three layer neural network was designed. The ANN
learning process was based on the analysis of n-butanol
samples of known odour intensity using electronic nose and
sensory analysis. It was carried out by four persons, selected
according to the procedure described in [22]. Each member
of the panel was responsible for assigning the appropriate
odour intensity value to a given sample using a seven-step
scale described in German Standard VDI 3940 (Table 3).
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OUTPUT LAYER
odour intensity
(1 neuron)

O

The weights were modified until the error between the
measured and predicted values are minimized. RStudio
Desktop (v. 1.0.143) software was used as the computa-
tional software.

Concentrations of n-butanol in the gas samples at the
inlet and outlet of the biofilter were determined using a
VARIAN CP-3800 gas chromatograph with a flame ion-
ization detector (FID). A 30 m long HP-5MS capillary
column was used (inner diameter 0.25 mm, film thick-
ness 0.25 pm). Conditions of chromatographic analysis
were as follows: carrier gas: nitrogen; carrier gas flow:
2 cm® min~'; split: 3; oven temperature: 150 °C; injector
temperature: 150 °C; FID temperature: 200 °C; total time
of a single analysis: 5 min. The analyses were performed
in triplicate and the results are presented for mean values.

Removal efficiency (RE) was calculated using change
in n-butanol concentration and odour intensity between
inlet and outlet stream using Eqgs. (1) and (2), respectively:

G C

RE inlet — “outlet x 100%, )

‘conc
inlet

Of
REq, =

OI,

inlet —

O]

inlet

outlet % 100%. (2)
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Abstract: The paper presents principle of operation and design of the most popular chemical sensors
for measurement of volatile organic compounds (VOCs) in outdoor and indoor air. It describes the
sensors for evaluation of explosion risk including pellistors and IR-absorption sensors as well as the
sensors for detection of toxic compounds such as electrochemical (amperometric), photoionization
and semiconductor with solid electrolyte ones. Commercially available sensors for detection of VOCs
and their metrological parameters—measurement range, limit of detection, measurement resolution,
sensitivity and response time—were presented. Moreover, development trends and prospects of
improvement of the metrological parameters of these sensors were highlighted.
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1. Introduction

Human activity contributes to generation of pollution, the amount and quality of which often
exceed utilization abilities of the natural environment. It leads to loss of biosphere balance and
frequently to unpredictable results. The anthropogenic sources of pollution can be divided into
4 basic groups:

- energetic connected with mining processes (mines, drawing shafts) and fuel combustion,

- industrial engulfing heavy industry (crude oil processing, metallurgy, cement plants, organic
chemistry industry), production and application of solvents, food industry, pharmaceutic industry
and so on,

- traffic, road transport (mainly cars), air and water transport,

- municipal, farms, houses, storage and utilization of solid waste and sewage (landfills, treatment
plants) [1-4].

Volatile organic compounds (VOCs) constitute an important fraction of gaseous pollutants
over urbanized areas, which originates from exhaust gases, evaporation of petroleum products and
utilization of organic solvents [5-9]. VOCs take part in many photochemical reactions that yield
harmful or even toxic products. Volatile organic compounds can also cause serious health problems as
a number of them exhibit toxic, carcinogenic, mutagenic or neurotoxic properties. Moreover, many of
them possess malodorous character that can contribute to deterioration of air quality [10-12]. What is
more, VOCs are present at different concentration levels in indoor air. People who live in the climatic
zone of the Central Europe spend most of their lifetime indoor. A statistic adult spends about 80%
of their life at home, workplace, school, restaurant, cinema, means of public transport, etc. [13-16].
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Elder people and children spent even more time indoor. Hence, even relatively low concentration of the
pollutants present in indoor air can constitute health hazard due to long time of impact. The amount
of pollutants present in indoor air increases due to different reasons [17-19]:

- construction of hermetic buildings (preventing energy loss), which do not provide enough
air exchange,

- implementation of construction and finish materials with not fully identified properties,

- decreasing of height and volume of rooms.

The World Health Organization (WHO) recognized volatile organic compounds as the most
important pollutants of indoor air. Harmless air is defined as the one, in which the total content of
VOCs is lower than 100 pg/m?. Among ca. 500 volatile compounds identified so far and present in
indoor air only a few were proved pathogenic. Nevertheless, many of them are believed to contribute
to such symptoms as: allergies, headaches, loss of concentration, drying and irritation of mucous
membrane of nose, throat and eyes, etc. [20,21]. A set of such symptoms is named “Sick Building
Syndrome”. Indoor air quality depends on ambient air (outdoor one) and indoor emitters such as:

- construction materials,

- finish materials (paints, lacquers, wallpapers, floor covering, expanded polystyrene boards),
- burning processes, tobacco smoking,

- cleaning and preservation substances.

The largest group of emitted compounds are hydrocarbons including aromatic ones: benzene,
toluene and xylenes. A significant contribution also originates from esters of short-chain organic
acids, terpenes, formaldehyde and phenols. However, correct evaluation of outdoor and indoor air
is not an easy task. Air is a quite complicated system subjected to changes even in a short period of
time. Recently observed dynamic progress in analytical methods and analytical instruments is a basis
for obtaining reliable information on indoor and outdoor air condition and quality. However, this
progress leads to an increase in the cost of monitoring and air quality evaluation, which significantly
limits their widespread application. Hence, alternative methods of acquisition of the information on
air quality are being sought. Special attention is paid to sensor techniques [22-24]. According to a
definition “chemical sensor” is a device, which changes chemical information from the environment
into analytically useful signal. Numerous advantages of the chemical sensors include: low cost of
manufacturing, simple design and possibility of miniaturization as well as relatively good metrological
parameters such as sensitivity, selectivity, measurement range, linearity or response time. VOCs
concentration level in air determines selection of the chemical sensors for their measurement. In the
case of measurement of exhaust gases and indoor air at workplace, applicability of the chemical sensors
is relatively high due to practical and economic advantages of these sensors.

The authors of this paper want to present up-to-date solutions available on the market as far
as the chemical sensors for measurement of volatile organic compounds in outdoor and indoor air
are concerned.

2. Characteristics of the Chemical Sensors for Detection of VOCs

In the case of commercially available chemical sensors for detection of volatile organic compounds
one can distinguish two main approaches: the sensors for identification of explosion risk including
thermal sensors (pellistors) and the infrared radiation absorption sensors. The latter group intended
for detection of toxic gases belonging to VOCs includes electrochemical, semiconductor with solid
electrolyte and PID-type sensors (photoionization detectors) [25,26]. Obviously, the main objective of
the manufacturers is elaboration of a sensor with the best selective properties and with the low limit of
quantification (LOQ). Figure 1 presents the concentration range of VOCs present in ambient air, indoor
air at workplace and in exhaust gases. The figure also shows, which commercially available sensors
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are designated for detection and measurement of VOCs in ambient air, indoor air at workplace and in
exhaust gases. It can be observed that the PID-type and electrochemical sensors are characterized by
the lowest LOQ values. Design and operation principle of these sensors were described below.

| |
EXHAUST GASES
WORKSPACE
ATMOSPHERES
ATMOSPHERIC AIR
MOS |
I
| PID |
| ~bpIr
[rc]
ELLISTO!
0,1ppb 10 ppb 1 ppm 100 ppm 1% 100%

Figure 1. The concentration range of VOCs present in ambient air, indoor air at workplace and in
exhaust gases and commercially available sensors are designed for detection and measurement of
VOCs. MOS—Metal Oxide Semiconductor, PID—Photoionization Detectors, NDIR—Nondispersive
infrared sensors, EC—Electrochemical, PELLISTOR—Thermal sensor.

2.1. Electrochemical (Amperometric) Sensors

In these sensors analyte particles diffuse through a membrane (separating gas environment
from an internal electrolyte) and the internal electrolyte (most frequently aqueous solution of strong
acids or bases, although mixtures with aprotic solvent are also utilized) towards the surface of a
working electrode suitably polarized with respect to a reference electrode. Electrochemical reaction
occurs at the working electrode, whereas a counter electrode experiences the reaction providing
electron balance. A result of the redox reaction is generation of electric current being a sensor signal.
This signal is proportional to concentration of the analyte present in direct vicinity of the sensor (gas
environment) [27,28]. Figure 2 schematically illustrates design of the electrochemical sensor in a
three-electrode version with the working (measurement) electrode, counter electrode and reference
electrode of constant potential with respect to the working electrode.

WORKING ELECTRODE
R RN
REFERENCE ELECTRODE
— SOLUTION
COUNTER ELECTRODE
S |

CURRENT MEASURING

Figure 2. Scheme of electrochemical sensor in a three-electrode version with the measurement electrode,
counter electrode and reference electrode.

Table 1 presents commercially available electrochemical (amperometric) sensors by Environmental
Sensors Co. intended for measurement toxic compounds in air.
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Table 1. Electrochemical sensors by Environmental Sensors Co. for measurement toxic compounds in air.

Pollutants Range (ppm) Resolution (ppm) Response Time (s)
ammonia 0-50 0.5 150
carbon monoxide 0-1000 0.5 35
chlorine 0-20 0.1 60
ethylene oxide 0-20 0.1 140
formaldehyde 0-30 0.01 60
glutaraldehyde 0-20 0.01 60
hydrogen sulfide 0-50 0.1 30
nitric oxide 0-1000 0.5 10
nitrogen dioxide 0-20 0.1 35
sulfur dioxide 0-20 0.1 15

2.2. Metal Oxide Semiconductor Sensors

In these sensors analyte particles diffuse towards the receptor surface, which is metal oxide
(maintained at suitable temperature using heater) where they undergo chemisorption. This interaction
results in change of resistance of the receptor element. Two types of metal oxide semiconductors are
utilized in measurement practice:

- type n (for example ZnO, SnO,), which change resistance of the receptor element in the case of
reducing gases presence,

- type p (for instance NiO, CoO), which change resistance of the receptor element in the case of
oxidizing gases presence.

The sensing mechanism of semiconducting n-type metal oxides is based on a phenomenon of
chemisorption of oxygen contained in air on the metal oxide layer. Adsorbed oxygen molecules trap
the electrons from a conducting band of the semiconductor. It results in formation of energetic barriers
between the grains of metal oxides, which block a flow of electrons. The consequence is an increase in
resistance of the chemically sensitive layer of the sensor. Resistance of the chemically sensitive layer
drops when gas molecules of reducing character appear. They react with bound oxygen leading to
liberation of electrons. Reverse principle of operation occurs for p-type metal oxides, which identify
oxidizing gases. The molecules of gas compounds remove electrons from the chemically sensitive
layer, thus forming electron holes (charge carriers).

The process of signal generation (change of resistance) in the semiconductor sensors is not fully
recognized. It is complex and consists of a number of co-existing phenomena: diffusion, chemisorption
and desorption of gases, catalysed chemical reactions, electric conductivity of semiconductors and
electron surface phenomena. The sensor sensitivity depends on:

- thickness of receptor layer and catalytic metal particles placed in it,
- temperature of receptor layer.

The receptor-converter elements of the resistance sensors can be:

- ultrathin (thickness from 5 to 100 nm)
- thin (thickness from 100 nm to 1 pm),
- thick (thickness from 1 to 300 um).

This division has conventional character as it is not the lateral dimension but a method of
elaboration that decides about classification into particular group. Desired measurement properties
are obtained via surface modification of the receptor-converter element by:

- formation of ultrathin, discontinuous structures,
- deposition of thin layers having compact or microporous internal structure [29,30].
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The materials used for the modification include metals: Pt, Pd, Ag, Au, V, Ru, Rh, Ti, Co, In and
oxides: SiOz, Rh203, Rqu, Ir203, TiOX, CuO, WO3, V205.

The mechanism of operation of the semiconductor sensors strongly depends on temperature
of the receptor-converter element as this parameter influences on the most important stages of a
measurement process. Typical operation temperature of these sensors is within the 500-900 K range.
Appropriate temperature is provided by electrical heaters.

The semiconductor sensors with solid electrolyte find a lot of applications in gas analysis. They can
be used for measurement of hydrocarbons and their derivatives, alcohols, ethers, ketones, esters,
carboxylic acids, nitroalkanes, amines or aromatic compounds [31-34]. Schematic design of the
MOS-type sensor is shown in Figure 3.

HEATER
CERAMIC
SUPPORT

CHEMOSENSITIVE
LAYER

ELECTRODES

/

Figure 3. Scheme of MOS-type sensor.

2.3. Nondispersive Infrared Sensors (NDIR)

Flammable gases and vapours from the VOCs group are subjected to characteristic absorption of
radiation from the infrared range. The ranges of oscillation frequency (wave number) characteristic
for selected functional groups of VOCs are presented in Figure 4. The principle of operation of
this type of sensor consists in arranging a source of infrared radiation along an optical line with a
detector. When an analysed gas appears in a measurement chamber, it absorbs radiation of a particular
wavelength and, following the Lambert-Beer law, there is a decrease in radiation reaching the detector,
which is converted into electrical signal. Intensity of infrared radiation is diminished as it passes
through the measurement cell. This reduction of light intensity is proportional to concentration of the
gases or flammable vapours subjected to detection [35,36]. An important element of the sensor is an
optical filter, which passes absorbed light of defined wavelength, thus providing selectivity of particular
sensor. Some designs possess additional (reference) chamber, which is filled with non-absorbent gas
(typically nitrogen). In this case the signal is generated based on a difference in readings from the
detectors of both chambers. Figure 5 schematically presents a design of the NDIR-type sensor.

[ on | =

5 ] [

3600 3200 3400 3000 2600 2200 1800 1400 1000
wavenumber [cm”]

Figure 4. Ranges wave numbers characteristic for selected functional groups of volatile organic compounds.
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Figure 5. Scheme of NDIR-type sensor.

2.4. Thermal Sensor (Pellistor)

A phenomenon of explosion can be initiated in a mixture of flammable gas and air only
within precisely defined concentration range. Lower explosion limit (LEL) determines the minimum
concentration of the substance, which can react in a rapid combustion process. Upper explosion limit
(UEL) describes the maximum amount of the fuel, at which the mixture contains enough oxidizer
to initiate the explosion. The values of LEL and UEL differ for various substances and are usually
expressed with respect to air. Concentrations of explosive substances below LEL and above UEL
allow for safe operation. Table 2 presents the values of LEL for selected substances from the VOCs
group [25]. The principle of operation of this type of sensor consists in diffusion of a mixture of air and
particular flammable compound through porous sinter towards porous sensor surface. The porous
element contains miniature coil made of platinum wire. Electric current flows through a coil made
of platinum wire and heats the pellistor up to a few hundred degrees Celsius. The reaction at the
catalytic surface releases heat, which increases temperature of the platinum coil, inducing an increase
in its resistance. The pellistor is most commonly implemented as one arm of the Wheatstone bridge,
the output of which is the final signal. In the case of temperature changes the output bridge signal is
proportional to heat of reaction. Increase in temperature is a measure of concentration of flammable
gas substance [25,37,38]. A scheme of the pellistor design is illustrated in Figure 6.

Table 2. Lower explosion limit for selected VOCs.

VOCs Lower Explosion Limit (% v/v) VOCs Lower Explosion Limit (% v/v)
acetone 2.5 ethyl acetate 2.0
benzene 1.2 styrene 1.0

n-butanol 1.7 toluene 11
cyclohexane 1.0 1,3-butadiene 14
1,4-dioxane 19 n-butane 14
ethanol 3.1 methyl chloride 7.6
diethyl ether 17 dimethyl ether 2.7
methanol 6.0 ethylene oxide 2.6
n-hexane 1.0 methane 44
n-octane 0.8 propane 17

INACTIVE

SINTER DISC PELLISTOR

\

SUPPLY
VOLTAGE

)

GAS o
MOLECULES

ACTIVE PELLISTOR
WITH CATALYST

Figure 6. Scheme of pellistor-type sensor.
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2.5. Photoionization Sensor (PID)

The principle of operation of the photoionization sensors consists in ionization (decay into
charged particles) of neutral molecules of chemical compounds. When diffusing VOCs molecules
enter the region of UV lamp impact, they are ionized by photons. Then formed ions are directed
between two polarized electrodes. The ions move towards the electrodes in an electric field generated
by an electrometer. In this way a current flow is generated, which is then converted into voltage
signal. This signal is proportional to concentration of the compounds subjected to ionization.
The photoionization sensors utilize electrodeless ultraviolet lamps (wavelength 10-400 nm). Operation
of the lamp consists in excitation of the filling gas (most often krypton, xenon, radon) via the impact
of external electromagnetic field. This type of sensor is most frequently applied for measurement
of summary concentration of volatile organic compounds [39-41]. A scheme of the photoionization
sensor is presented in Figure 7.

ELECTRODES ELECTROMETER

GAS - ) ( ( -
e y O - TONISATION
INLET ) e} ey LAMP

Figure 7. Scheme of photoionization sensor design.

Table 3 shows the main applications of the above described sensors for detecting the VOC.

Table 3. Main applications currently commercially available of sensors for determination of VOC.

Sensor Type Applications Compounds

- Urban air monitoring
- Roadside monitoring

- Industrial perimeter measurement alcohols, aldehydes, aliphatic

hydro-carbons, amines, aromatic

MOS - Indoor Air Quality ) hydro-carbons (petrol vapors, etc.),
- Smart home & Internet of Things modules carbon oxides, CH4, LPG, ketones
- Medical equipment organic acids.

- Fire detection
- Ventilation control/air cleaners

- Industrial hygiene & safety monitoring
- Confined space entry

- Soil contamination and remediation VOC’s with proper ionisation
PID - Hazmat sites and spills potential (isobutylene,
- Arson investigation aromatic hydrocarbons)

- Low concentration leak detection
- EPA method 21 and emissions monitoring

- Indoor Air Quality
NDIR - Combustion process monitoring
- Biogas production

infrared absorbing VOC'’s
(especially methane)

- Breathanalyzer
i - Env1ronmetna1‘ pr(')tecflon o ethanol, formaldehyde,
- Odorants monitoring in natural gas applications mercaptanes
- Urban and industrial area monitoring
- Mobile monitoring applications
- Hydrogen and combustile gas leak detectors most combustile gases and
PELLISTOR - Detectors for fuel cells vapours (iso-butane,
- Explosive atmosphere monitoring propane, methane)
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The literature also provides information about other types of the sensors for VOCs detection
in outdoor and indoor air. They include the following sensor types: chemoresistors (conductive
polymers), surface acoustic wave, optical, quartz microbalance, FET, hybrid nanostructures. Table 4
presents advantages and disadvantages of these sensors together with the information about a VOC
group they are designated.

Obviously, new solutions are still being sought in order to make the sensory techniques attractive
and fulfil the customers’ requirements. It is also worth to mention the sensor matrixes, also termed
electronic noses, which are comprised of different types of chemical sensors. The most frequently
utilized sensors include semiconductor, electrochemical and PID-type ones. These devices have been
already applied in many fields of human activity including safety, environmental pollution, medicine,
work safety regulations, food industry, chemical industry [42-44].

A search for new ways to improve metrological and utility parameters is also evident in the
field of electrochemical and semiconductor sensors technology. In case of the semiconductor sensors
with solid electrolyte it is proposed to modify the receptor layer via suitable doping and addition of
catalysts. The conductometric sensors with a layer of organic conducting polymer operate in a way
similar to the semiconductor sensors, change of resistance is a signal of both sensors. Two types of
these sensors can be distinguished as far as their structure is concerned: with a composite polymer
layer (for instance polypyrrole, graphite dissolved in a polymer matrix serving as an insulator) and
with a layer of intrinsically conducting polymers (for example polyaniline, polypyrrole, polythiophene,
polyacetylene, poly(phenylvinylene), poly(thienylenevinylene), poly(3,4-ethylenedioxythiophene),
poly(N-vinylcarbazone). The sensors of the first type (utilizing the composite layer), as opposed to
the MOS-type sensors, can operate at very high humidity and they exhibit linear response to many
gas substances in a very wide concentration range. In case of the sensors of the second type (with the
layer of intrinsically conducting polymers) the polymers can be doped (type n and type p) in a way
similar to semiconductors. A type of doping results in an increase in the number of charge carriers and
a change of polymer chain structure. Both processes cause enhanced mobility of holes or electrons in
the polymer depending on the type of doping applied, which significantly contributes to an increase
in sensor sensitivity. The advantages of the sensors with a layer of intrinsically conducting polymers
include broad selection of suitable conducting polymer and possibility of its doping in order to obtain
desired sensor’s characteristics [45-50].

Traditional internal electrolyte in the electrochemical sensors is substituted with the ionic liquids,
the main advantage of which is a possibility of modification of their physico-chemical properties by
selection of suitable cation and anion. These modifications provide broadening of electrochemical
durability range, relatively high electrical conductivity and possibility of measurement of volatile
organic compounds, which would be impossible or significantly limited in the case of aqueous
electrolytes utilization [51,52]. The ionic liquids also found application in conductive polymers sensors
and optical sensors. In case of the conductive polymers sensors a function of the ionic liquids is to
modify electrical conductivity of a polymer matrix and to provide selective sorption with respect to
the air component determined. Suitable selection of the ionic liquid ensures improved sensitivity
due to high enough gas/polymer matrix partition coefficient. Sensitivity of the optical sensors
depends on a fluorescent dye (or dye mixture) applied and on the polymer matrix, in which the
dye is dissolved. Such parameters of the matrix as polarity, hydrophobicity, porosity and expansion
tendency have a significant impact on the value of sensor signal. The ionic liquids in the optical sensors
influence on change of physico-chemical properties of the polymer matrix, mainly on polarity and
sorption properties.
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3. Commercially Available Chemical Sensors for Measurement of VOCs in Outdoor and Indoor Air

Table 5 gathers basic information about the types of commercially available sensors for measurement
of toxic gases and flammable gasses from the VOCs group and their metrological parameters.
The mentioned parameters include (unless the information was unavailable): measurement range,
measurement accuracy, resolution, limit of detection, sensitivity and response time.

Table 5. Commercially available chemical sensors for measurement of volatile organic compounds.

Manufacturer S;}t]\;:r Range Accuracy Resolution LOD Sensitivity Re;i]:nvitelse
Aeroqual MOs 0-500 ppm <45 ppm + 10% 1 ppm 1ppm nd 30s
MOSs 0-25 ppm <#0.1 ppm + 10% 0.1 ppm 0.1ppm nd 60s
AppliedSensor MOS 450-2000 ppm nd nd nd nd nd
AMS MOs 10-5000 ppm nd nd 10 ppm 0.002 (Rs/Ro)/ppm <10s
Camb;é:ferMos MOS 10-400 ppm nd nd 10ppm  0.005 (Rs/Ro)/ppm nd
SGX Snesortech MOs 10-500 ppm nd nd nd 0.014 (Rs/R,)/ppm nd
Mocon Baseline Series PID 2-20,000 ppm nd nd 1-250 ppb nd <5s
PID 50 ppb-6000 ppm nd nd 1ppb nd <3s
Alphasense PID 1 ppb-50 ppm nd <50 ppb nd nd <3s
NDIR 0%-2.5% <=£500 ppm <400 ppm <500 ppm nd <40s
Winsen EC 0-1 mg/dm?® nd nd nd nd <20s
Winsen EC 0-10 ppm nd 0.02 ppm nd nd <60s
Citytech EC 0-14 ppm nd <0.5 mg/m? nd nd <90s
Figaro MOs 1-100 ppm nd nd nd 0.06 (Rs/R,)/ppm 30s
Umweltsensortechnik MOs 0.1-100 ppm <£20% nd nd nd <100s
Wuhan Cubic NDIR 0%-100% +1% full scale 0.1% nd 2% <25s
. MOS 0.1-30 ppb 0.2 ppb 0.1 ppb 0.1 ppb nd nd
Uniete SRL EC 0.6-25 Effm 0.1 ;’;’m 01 Egm 06 §§m nd nd
Synkera MOS 50-900 ppm +£5% full scale nd 50 ppm nd <60s
0.1-6000 ppm, 0.1 ppm, 25 mV/ppm,
ION Science PID 1 ppb—40 ppm, nd nd 1 ppb, 0.7 mV/ppm, 3s
5 ppb-100 ppm 5 ppb 10 mV/ppm
Gray Wolf PID 0.1-10000 ppm nd nd nd nd <1 min
E‘;‘Q’K:;‘:‘E‘gal EC 0-30 ppm nd 0.01 ppm 0.1 ppm nd 60's
Z.B.P. SENSOR GAZ pellistor 0%-100% LEL +1.5% LEL nd nd >30 mV/% nd
Figaro pellistor 0%-100% LEL nd nd nd 0.02mV/ppm <30s
SGX Snesortech pellistor 0%-100% LEL nd nd nd 15mV/% <10s
MICROcel pellistor 0%-100% LEL nd nd nd 5mV/% <5s
Sixth Sense pellistor 0%-10% LEL +10% LEL nd nd >25mV/% <10s

4. Conclusions

The methods of measurement of outdoor and indoor air pollutants belonging to the group of
volatile organic compounds utilize broad spectrum of devices, from inexpensive chemical sensors
presented in this paper to costly stationary systems such gas chromatographs, UV and IR spectrometers
(including the ones with Fourier transformation), mass spectrometers, as well as electron capture detectors,
flame ionization detectors, photoionization detectors and thermal conductivity detectors [84,85]. Selection
of a suitable sensor depends on the gas to be measured, expected concentration range, the fact whether
the sensor is meant to be stationary or portable, detect areal or point pollution, identify presence
of other gases that could influence on the reading or damage the measurement device. Presented
sensors are characterized by obvious advantages such as economic factor, relatively good metrological
parameters, functionality, simple design, possibility of miniaturization. Nevertheless, they also possess
certain limitations due to still too high limit of detection and quantification (MOS, NDIR, Pellistor,
EC). Some of them also exhibit poor selective properties. That is why it is often the case that summary
content of VOCs present in outdoor and indoor air is measured (PID). The chemical sensors reveal
high reliability and functionality as far as personal, zone or indoor monitoring and identification
of hazardous substances leaks from technological installations are concerned. This conclusion is
also supported by the market, which offers wide variety of the chemical sensors for detection of
flammable gases or toxic gases from the VOCs group. Progressively stricter legal rules concerning
healthcare, protection of the natural environment and safety at workplace, focused on control of
hazardous compounds emission beside industrial plants, power plants, transportation routes and
municipal emitters such as landfills or sewage treatment plants resulted in the fact that air quality
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protection had become one of the most important elements of the ecological policy of the European
Union. Despite the fact that the spectroscopic techniques are the most often applied reference methods
for continuous ambient air monitoring (imision measurements), in many cases these are the chemical
sensors, which are supplementary tools allowing prevention measures to be undertaken, especially in
emission measurements.

Summarizing, the chemical sensors for detection and measurement of VOCs will be still developed
and improved as there is an increasing market demand for them.
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odour profile using prototypes of electronic nose instruments (2018) Measurement:
Journal of the International Measurement Confederation, 116, pp. 307-313.DOLI:
10.1016/j.measurement.2017.11.029 (IF: 2.791, Q2 — Instruments and Instrumen-

tations)

Szulczynski, B., Arminski, K., Namiesnik, J., Gebicki, J. Determination of odour
interactions in gaseous mixtures using electronic nose methods with artificial neural
networks (2018) Sensors, 18 (2), art. no. 519, DOIL: 10.3390/s18020519 (IF: 3.031,

Q2 — Chemistry, analytical; Q1 — Instruments and Instrumentations)
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10.

11.

12.

13.

14.

15.

Szulczynski, B., Gebicki, J., Namiesnik, J. Monitoring and efficiency assessment of
biofilter air deodorization using electronic nose prototype (2018) Chemical Papers,
72 (3), pp. 527-532. DOI: 10.1007/s11696-017-0310-9 (IF: 1.246, Q3 — Chemistry,

multidisciplinary)

Szulczynski, B., Rybarczyk, P., Gebicki, J. Monitoring of n-butanol vapors biofil-
tration process using an electronic nose combined with calibration models (2018)
Monatshefte fur Chemie, 149 (9), pp. 1693-1699. DOI: 10.1007/s00706-018-2243-6
(IF: 1.501, Q3 — Chemistry, multidisciplinary)

Rybarczyk, P., Szulczynski, B., Gebicki, J., Hupka, J. Treatment of malodorous air
in biotrickling filters: A review (2019) Biochemical Engineering Journal, 141, pp.
146-162 DOI: 10.1016/j.bej.2018.10.014 (IF: 3.475, Q2 — Chemistry, engineering)

Gospodarek, M., Rybarczyk, P., Szulczynski, B., Gbicki, J. Comparative evaluation
of selected biological methods for the removal of hydrophilic and hydrophobic odo-
rous VOCs from air (2019) Processes, 7 (4), art. no. 187, DOI: 10.3390/pr7040187
(IF: 2,753, Q2 — Chemistry, engineering)

Szulczynski, B., Gebicki, J. Determination of odor intensity of binary gas mixtures
using perceptual models and an electronic nose combined with fuzzy logic (2019)
Sensors, 19 (16), art. no. 3473, DOI: 10.3390/s19163473 (IF: 3,275, Q2 — Chemistry,

analytical; Q1 — Instruments and Instrumentations)

Szulczynski, B., Rybarczyk, P., Gospodarek, M., Gebicki, J. Biotrickling filtration of
n-butanol vapors: process monitoring using electronic nose and artificial neural ne-
twork (2019) Monatshefte fur Chemie, 150 (9), pp. 1667-1673. DOI: 10.1007/s00706-
019-02456-w (IF: 1,349, Q3 — Chemistry, multidisciplinary)

Wasilewski, T., Szulczynski, B., Wojciechowski, M., Kamysz, W., Gebicki, J. A hi-
ghly selective biosensor based on peptide directly derived from the harmOBP7 al-
dehyde binding site (2019) Sensors, 19 (19), art. no. 4284, DOI: 10.3390/s19194284
(IF: 3,275, Q2 — Chemistry, analytical; Q1 — Instruments and Instrumentations)

Rybarczyk, P., Szulczynski, B., Gebicki, J. Simultaneous removal of hexane and
ethanol from air in a biotrickling filter-process performance and monitoring using
electronic nose (2020) Sustainability, 12 (1), art. no. 387, DOI: 10.3390/sul12010387
(IF: 2,576, Q2 — Environmental sciences)

Rybarczyk, P., Szulczynski, B., Gospodarek, M., Gebicki, J. Effects of n-butanol
presence, inlet loading, empty bed residence time and starvation periods on the
performance of a biotrickling filter removing cyclohexane vapors from air (2020)
Chemical Papers, 74 (3), pp. 1039-1047, DOI: 10.1007/s11696-019-00943-2 (IF: 1.680,
Q3 — Chemistry, multidisciplinary)
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16. Wasilewski, T., Szulczynski, B., Wojciechowski, M., Kamysz, W., Gebicki, J. Deter-
mination of long-chain aldehydes using a novel quartz crystal microbalance sensor
based on a biomimetic peptide (2020) Microchemical Journal, 154, art. no. 104509,
DOLI: 10.1016/j.microc.2019.104509 (IF: 3,594, Q1 — Chemistry, analytical)

17. Rybarczyk, P., Marycz, M., Szulczynski, B., Brillowska-Dabrowska, A., Rybarczy,
A., Gebicki, J. Removal of cyclohexane and ethanol from air in biotrickling filters
inoculated with Candida albicans and Candida subhashii (2021) Archives of Envi-
ronmental Protection, DOI: 10.24425/aep.2021.136445 - artykul przyjety do druku
(IF: 1,775, Q3 — Environmental sciences)

Pozostale publikacje w czasopismach recenzowanych

1. Szulczynski, B., Gebicki, J. Currently commercially available chemical sensors em-
ployed for detection of volatile organic compounds in outdoor and indoor air (2017)
Environments, 4 (1), art. no. 21, pp. 1-15. DOI: 10.3390/environments4010021

2. Szulczynski, B., NamieSnik, J., Gebicki, J. Analysis of odour interactions in mo-
del gas mixtures using electronic nose and fuzzy logic (2018) Chemical Engineering
Transactions, 68, pp. 259-264 DOI: 10.3303/CET1868044

3. Rybarczyk, P., Szulczynski, B., Gebicki, J. Investigations on the removal of hydro-
phobic odorous volatile organic compounds by biotrickling filtration monitored with
electronic nose (2018) Chemical Engineering Transactions, 68, pp. 421-426, DOL:
10.3303/CET1868071

4. Szulczynski, B., Gbicki, J., Namieénik, J. Application of fuzzy logic to determine
the odour intensity of model gas mixtures using electronic nose (2018) E3S Web of
Conferences, 28, art. no. 01036, DOI: 10.1051/e3sconf/20182801036

5. Szulczynski, B., Dymerski, T., Gbicki, J., Namiesnik, J. Instrumental measurement
of odour nuisance in city agglomeration using electronic nose (2018) E3S Web of
Conferences, 28, art. no. 01012, DOI: 10.1051 /e3sconf/20182801012

6. Szulczynski, B., Gbicki, J. Electronic nose - An instrument for odour nuisances moni-
toring (2019) E3S Web of Conferences, 100, art. no. 00079, DOI: 10.1051 /e3sconf/201910000079

7. Szulczynski, B., Rybarczyk, P., Marycz, M., Gebicki, J. Enhancing the removal effi-
ciency of cyclohexane in biotrickling filtration process monitored by electronic nose
(2020) Chemical Engineering Transactions, 82, pp. 433-438. DOI: 10.3303/CET2082073

8. Stupek, E., Makos, P., Dobrzyniewski, D., Szulczynski, B., Gebicki, J. Process con-
trol of biogas purification using electronic nose (2020) Chemical Engineering Trans-
actions, 82, pp. 427-432, DOI: 10.3303/CET2082072

Rozdzialy w monografiach ksigzkowych
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1. Szulezynski B., Gebicki J., Kaminski M.: Powigzanie intensywnosci zapachowej z
sygnalami czujnikéw elektronicznego nosa, w: Powietrze Atmosferyczne: Jako$é -
Zagrozenie - Ochrona, red. Kazimierz Gaj, Jézef Kuropka, Oficyna Wydawnicza
Politechniki Wroctawskiej, Wroctaw 2016, s. 290-299

2. Szulezynski B., Gebicki J., Namie$nik J.: Analysis of odor interactions in ternary
gas mixtures using electronic nose, w: Proceedings of the 13th International Stu-
dents Conference ”Modern Analytical Chemistry”, red. Karel Nesmerak, Charles
University, Faculty od Science, Praga 2017, s. 249-255

3. Szulczynski B., Rybarczyk P., Gebicki J.: Estimation of the odour intensity of air-
samples undergoing biofiltration process using electronic nose and artificial neural
network, w: Proceedings of the 14th International Students Conference ”Modern
Analytical Chemistry”, red. Karel Nesmerak, Charles University, Faculty od Scien-
ce, Praga 2018, s. 263-268

4. Szulczynski B., Rybarczyk P., Gebicki J: Ocena skutecznosci usuwania wybranych
zwigzkow odorowych z powietrza z wykorzystaniem biofiltra ze zlozem zraszanym,
w: Aktualne problemy w inzynierii i ochronie atmosfery, red. J. Kuropka, K. Gaj, I.
Séwka, Oficyna Wydawnicza PWr, Wroctaw 2018, s.206-213

5. Gebicki J., Szulczynski B., Bylinski H., Kolasiniska P., Dymerski T., Namiesnik J.:
Application of Electronic Nose to Ambient Air Quality Evaluation With Respect
to Odour Nuisance in Vicinity of Municipal Landfills and Sewage Treatment W :

Electronic Nose Technologies and Advances in Machine Olfaction, red. Y. Albastaki,
F. Albalooshi Bahrajn: IGI Global, 2018, s.175-201

6. Gebicki, J., Szulczynski, B., Bylinski, H., Kolasinska, P., Dymerski, T., Namiesnik,
J. Application of electronic nose to ambient air quality evaluation with respect to
odour nuisance in vicinity of municipal landfills and sewage treatment w: Electronic
Nose Technologies and Advances in Machine Olfaction, 2018, pp. 175-201. DOTI:
10.4018/978-1-5225-3862-2.¢h009

7. Gebicki, J., Szulczynski, B.: Remote Monitoring of Environmental Pollutants, w:
Green Analytical Chemistry: Past, Present and Perspectives, Springer, 2019, 325-
352, DOI: 10.1007/978-981-13-9105-7

Projekty badawcze i badawczo-rozwojowe

1. Okreslenie mechanizmu polepszonej skutecznosci biofiltracji powietrza zanieczysz-
czonego parami zwiazku hydrofobowego w wyniku dodatku par zwigzku hydrofi-
lowego - projekt PRELUDIUM Narodowego Centrum Nauki, nr projektu: UMO-
2019/35/N/ST8/04314 (kierownik projektu)

2. Rozwdj technologii otrzymywania eteru dimetylowego pod katem zagospodarowania

maltych z16z weglowodoréw — projekt INGA Narodowego Centrum Badan i Rozowju
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oraz Polskiego Gérnictwa Naftowego i Gazownictwa (mlodszy specjalista do budowy

Mobilnego laboratorium analitycznego — wykonawca)

Ekologiczne asfalty - projekt w ramach Programu Operacyjnego Inteligentny Rozwdj

(wykonawca)

Instrumentalizacja pomiaru zapachu z zastosowaniem elektronicznego nosa — pro-
jekt OPUS Narodowego Centrum Nauki, nr projektu: UMO-2015/19/B/ST4/02722

(wykonawca)

Brak mozliwosci ostrzegania mieszkancéow Starogardu Gdanskiego o alertach smogo-
wych z wykorzystaniem technologii ICT - projekt ,e-Pionier IT — Wsparcie inwesto-
row z branzy ICT szansa na rozwdj potencjatlu uzdolnionych programistéw” reali-
zowanego przez Excento Sp. z 0.0., nr projektu: WG-POPC.03.03.00-00-0007/17-00
(konstruktor mechaniki i pneumatyki)

Wdrozenie do praktyki matryc czujnikowych jako narzedzi wskaznikowych do moni-
toringu jako$ci powietrza na terenie aglomeracji tréjmiejskiej — projekt Wojewddzkie-
go Funduszu Ochrony Srodowiska i Gospodarki Wodnej w Gdansku, numer projektu:
WFOS/D/201/19/2018 (wykonawca)

Brak powszechnego dostepu do informacji dotyczacych jakos$ci powietrza atmosfe-
rycznego pod katem zawartoéci pytlu zawieszonego PM10 - projekt ,e-Pionier —
wsparcie uzdolnionych programistéw na rzecz rozwiazywania zidentyfikowanych pro-
bleméw spotecznych lub gospodarczych” realizowanego przez Excento Sp. z o.o.,
numer projektu: WG-POPC.03.03.00-00-0008/16-00 (konstruktor mechaniki i pneu-
matyki)

Wystapienia konferencyjne

Referaty:

1.

Rybarczyk P.; Szulczynski B.; Gebicki, J. INVESTIGATIONS ON THE REMO-
VAL OF HYDROPHOBIC ODOROUS VOLATILE ORGANIC COMPOUNDS BY
BIOTRICKLING FILTRATION MONITORED WITH ELECTRONIC NOSE, 6th
International Conference on Environmental Odour Monitoring Control, Mediolan,
9-12.09.2018r.

Szulczynski B.; Gebicki J. Electronic nose -aninstrument for odour nuisancesmoni-
toring, 11th Conference of Interdisciplinary Problems in Environmental Protection
and Engineering, Polanica-Zdr6j, 8-10.04.2019r.

Szulczynski B. Estimation of the odour intensity of air samples undergoing biofiltra-
tion process using electronic nose and artificial neural network, 14th ISC “Modern
Analytical Chemistry”, Praga 20-21.09.2018r.
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10.

11.

12.

13.

14.

Szulczynski, B.; Gebicki, J.; Namiesnik J. Analysis of odor interactions in ternary
gas mixtures using electronic nose, 13th International Students Conference ”Modern
Analytical Chemistry”, Praga, 21-22.09.2017r.

. Szulczynski, B.; Gebicki, J.; Namiesnik J. Zastosowanie logiki rozmytej do okre-

Slania intensywno$ci zapachowej modelowych mieszanin gazowych za pomoca elek-
tronicznego nosa, X Konferencja Naukowa Ochrona Powietrza w Teorii i Praktyce,
Zakopane, 18-21.10.2017r.

. Szulczynski, B.; Dymerski T.; Gebicki, J.; Namie$nik J. Instrumentalny pomiar

uciazliwosci zapachowej na terenie aglomeracji tréjmiejskiej, X Konferencja Nauko-
wa Ochrona Powietrza w Teorii i Praktyce, Zakopane, 18-21.10.2017r.

Szulczynski, B.; Rybarczyk P.; Gebicki, J. Modeling of the hydrophobic odorous
compounds biofiltration process, Interfacial Phenomena in Theory and Practice, the
XIITth Summer School for Postgraduate Students and Young Researchers, Sudomie,
25-29.06.2018r.

Szulczynski B.; Rybarczyk P.; Gebicki J; Ocena skutecznosci usuwania wybranych
zwiazkéw odorowych z powietrza z wykorzystaniem biofiltra ze zlozem zraszanym,
XIV Konferencja Naukowa POL-EMIS, Boguszow-Gorce, 20-23.06.2018r.

Szulczynski B., Gebicki J., Kaminski M., Instrumentalizacja pomiaru zapachu, XLV
Ogélnopolska Szkota Chemii ,,Chemia na fali”, Rozewie, 10-14.11.2016r.

Szulczynski B., Wykorzystanie elektronicznego nosa do identyfikacji i rozréznia-
nia wybranych grzybéw plesniowych, 41. Miedzynarodowe Seminarium Naukowo-
Techniczne ,,Chemistry for Agriculture”, Karpacz, 27-30.11.2016r.

Szulczynski B., Gebicki J., Estimation of intensity and hedonic quality of odour
mixtures by electronic nose, 2nd Symposium “Air Quality and Health”, Wrocltaw,
12-14.06.2017r.

Wykorzystanie elektronicznego nosa do rozrézniania wybranych gatunkéw grzybow
na podstawie ich profilu zapachowego, XVII Ogélnopolskie Sympozjum Naukowego
Kota Chemikéw UAM, Puszczykowko, 24.10.2015r.

Badanie mozliwosci rozrézniania wybranych rodzajow grzybéw na podstawie ich
profilu zapachowego za pomoca prototypu elektronicznego nosa, Wplyw mtodych
naukowcéw na osiagniecia polskiej nauki - IX EDYCJA, Wroctaw, 09.01.2016r.

Szulczynski B., Gebicki J., Kaminski M., Sensoryczne algorytmy analizy podobien-
stwa, XLIV Ogélnopolska Szkota Chemii ,,Poznaj Nasza Chemi¢”, Koszuty, 30.04-
04.05.2016r.

Postery:
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. Szulczynski, B.; Namiesnik J.; Gebicki, J. ANALYSIS OF ODOUR INTERAC-

TIONS IN MODEL GAS MIXTURES USING ELECTRONIC NOSE AND FUZZY
LOGIC, 6th International Conference on Environmental Odour Monitoring Control,
Mediolan, 9-12.09.2018r.

. Szulezynski, B.; Rybarczyk P.; Gebicki, J. Application of electronic nose to effective-

ness monitoring of air contaminated with toluene vapours biofiltration process, 10th
Jubilee Conference InfoGlob 2018, Gdansk-Nynashamn 18-20.09.2018r.

. Szulczynski B.; Gebicki J. Niskokosztowe czujniki pylu PM10, IV Interdyscyplinarna

Akademicka Konferencja Ochrony Srodowiska, Gdansk 5-7.04.2019r.

. Szulezynski, B.; Rybarczyk P.; Gebicki, J. Modelowanie procesu biofiltracji powietrza

zanieczyszczonego parami n-butanolu, 11T Interdyscyplinarna Akademicka Konferen-
cja Ochrony Srodowiska, Gdansk, 13-15.04.2018r.

. Szulezynski, B.; Rybarczyk P.; Gebicki, J. Removal of selected odorous volatile or-

ganic compounds from model gas mixtures in biotrickling filter, 45th Internatio-
nal Conference of Slovak Society of Chemical Engineering, Tatranské Matliare, 21-
25.05.2018r.

. Szulczynski B., Gebicki J., Urzadzenie do ciagltego generowania mieszanin zapa-

chowych o okreslonej intensywnosci, II Interdyscyplinarna Akademicka Konferencja
Ochrony Srodowiska, Gdansk, 17-20.03.2017r.

. Szulczynski B., Gebicki J., Namie$nik J., Monitoring and efficiency assessment of

biofilter air deodorization using electronic nose prototype, 44th International Con-
ference of Slovak Society of Chemical Engineering, Demanovskd Dolina (Stowacja),
22-26.05.2017r.

. Elektroniczny nos — nowoczesny instrument analityczny wykorzystywany w diagno-

styce medycznej, I Konferencja Doktorantéw Pomorza BioMed Session, Gdansk,
12.12.2015r.

. Szulczynski B., Gebicki J., Kaminski M., Powigzanie intensywno$ci zapachowej z sy-

gnatami czujnikéw elektronicznego nosa, XIII Konferencja Naukowa Pol-Emis 2016,
Szklarska Poreba, 01-04.06.20161r
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mgr inz. Bartosz Szulczynski Gdansk, 26.02.2021r.
Katedra Inzynierii Procesowej i Technologii Chemicznej

Wydziat Chemiczny, Politechnika Gdarnska

ul. G. Narutowicza 11/12

80-233 Gdansk

OSWIADCZENIE

Jako wspdtautor publikacji:

1. Szulczynski, Bartosz, Namies$nik, Jacek, Gebicki, Jacek. (2017). Determination of Odour
Interactions of Three-Component Gas Mixtures Using an Electronic Nose. Sensors, 17, 1-18.
doi:10.3390/517102380
Oswiadczam, ze moj wktad polegat na:

e zaprojektowaniu i skonstruowaniu prototypu elektronicznego nosa, wykonaniu
stanowiska badawczego (wraz z wykonaniem oprogramowania sterujacego i zbierajacego
dane pomiarowe),

e przeprowadzeniu badan oraz wykonaniu obliczert w oparciu o metode regresji gltownych
sktadowych (PCR)

e opracowaniu i interpretacji uzyskanych wynikéw.

2. Szulczynski, Bartosz, Arminski, Krzysztof, Namiesnik, Jacek, Gebicki, Jacek. (2018). Determination
of Odour Interactions in Gaseous Mixtures Using Electronic Nose Methods with Artificial Neural
Networks. Sensors, 18(2), 1-17. doi:10.3390/s18020519
Oswiadczam, ze moéj wkiad polegat na:

e zaprojektowaniu i skonstruowaniu prototypu elektronicznego nosa, wykonaniu
stanowiska badawczego (wraz z wykonaniem oprogramowania sterujgcego i zbierajacego
dane pomiarowe),

e przeprowadzeniu badan oraz opracowaniu i interpretacji uzyskanych wynikéw w zakresie
analizy sensorycznej oraz wyznaczania wartosci teoretycznych intensywnosci i jakosci
hedonicznej,

e wykonania rysunkow i napisania czesci manuskryptu (dotyczacej analizy sensorycznej,
elektronicznego nosa oraz wyznaczania wartosci teoretycznych intensywnosci i jakosci
hedonicznej).

3. Szulczyniski, Bartosz, Namiesnik, Jacek, Gebicki, Jacek. (2018). Analysis of odour interactions in
model gas mixtures using electronic nose and fuzzy logic. Chemical Engineering Transactions, (68),
259-264. doi:10.3303/cet1868044

4. Szulczynski, Bartosz, Gebicki, Jacek. (2019). Determination of Odor Intensity of Binary Gas
Mixtures Using Perceptual Models and an Electronic Nose Combined with Fuzzy Logic. Sensors,
19, 1-15.\\ d0i:10.3390/519163473
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Oswiadczam, ze méj wktad polegat na:

e zaprojektowaniu i skonstruowaniu prototypu elektronicznego nosa, wykonaniu
stanowiska badawczego (wraz z wykonaniem oprogramowania sterujgcego i zbierajacego
dane pomiarowe),

e opracowaniu zestawu regut logiki rozmytej

e przeprowadzeniu badan oraz opracowaniu i interpretacji uzyskanych wynikow,

e wykonaniu rysunkéw oraz przygotowaniu tresci manuskryptu.

5. Szulczynski, Bartosz, Rybarczyk, Piotr, Gospodarek, Milena, Gebicki, Jacek. (2019). Biotrickling
filtration of n-butanol vapors: process monitoring using electronic nose and artificial neural
network. Monatshefte Fur Chemie, 150, 1667-1673. doi:10.1007/s00706-019-02456-w
Oswiadczam, ze moj wkiad polegat na:

e zaprojektowaniu i skonstruowaniu prototypu elektronicznego nosa, wykonaniu
stanowiska badawczego (wraz z wykonaniem oprogramowania sterujacego i zbierajgcego
dane pomiarowe),

e zaprojektowaniu i wykonaniu biofiltréw wraz z systemem wytwarzania mieszanin
gazowych,

e opracowaniu struktury sieci neuronowej,

e przeprowadzeniu badan z wykorzystaniem elektronicznego nosa oraz opracowaniu i
interpretacji uzyskanych wynikdw,

e wykonaniu rysunkdw oraz przygotowaniu tresci manuskryptu.

Szulczynski, Bartosz, Gebicki, Jacek. (2017). Currently Commercially Available Chemical Sensors
Employed for Detection of Volatile Organic Compounds in Outdoor and Indoor Air. Environments,
4(1), 1-15. doi:10.3390/environments4010021,
Oswiadczam, ze moj wkiad polegat na:
e zebraniu danych literaturowych dotyczacych gazowych czujnikéw chemicznych i
opracowania zebranych informacji w formie tabel zamieszczonych a manuskrypcie,
e wykonaniu rysunkéw.
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dr hab. inz. Jacek Gebicki, prof. uczelni Gdansk, 26.02.2021r.
Katedra Inzynierii Procesowej i Technologii Chemicznej

Woydziat Chemiczny, Politechnika Gdariska

ul. G. Narutowicza 11/12

80-233 Gdansk

OSWIADCZENIE

Jako wspotautor publikacji:

1.

Szulczyniski, Bartosz, Namiesnik, Jacek, Gebicki, Jacek. (2017). Determination of Odour
Interactions of Three-Component Gas Mixtures Using an Electronic Nose. Sensors, 17, 1-18.
d0i:10.3390/517102380

. Szulczynski, Bartosz, Arminski, Krzysztof, Namiesnik, Jacek, Gebicki, Jacek. (2018). Determination

of Odour Interactions in Gaseous Mixtures Using Electronic Nose Methods with Artificial Neural
Networks. Sensors, 18(2), 1-17. doi:10.3390/518020519

. Szulczynski, Bartosz, Namiesnik, Jacek, Gebicki, Jacek. (2018). Analysis of odour interactions in

model gas mixtures using electronic nose and fuzzy logic. Chemical Engineering Transactions, (68),
259-264. doi:10.3303/cet1868044

Szulczynski, Bartosz, Gebicki, Jacek. (2019). Determination of Odor Intensity of Binary Gas
Mixtures Using Perceptual Models and an Electronic Nose Combined with Fuzzy Logic. Sensors,
19, 1-15. doi:10.3390/519163473

. Szulczynski, Bartosz, Rybarczyk, Piotr, Gospodarek, Milena, Gebicki, Jacek. (2019). Biotrickling

filtration of n-butanol vapors: process monitoring using electronic nose and artificial neural
network. Monatshefte Fur Chemie, 150, 1667-1673. doi:10.1007/s00706-019-02456-w

Oswiadczam, ze mdj wkiad polegat na:
e opracowaniu koncepcji artykutu,
e koordynowaniu i nadzorowaniu badan,
e merytorycznej ocenie uzyskanych wynikéw oraz wnioskéw,
e korekcie manuskryptéw wysytanych do druku.

Szulczynski, Bartosz, Gebicki, Jacek. (2017). Currently Commercially Available Chemical Sensors
Employed for Detection of Volatile Organic Compounds in Outdoor and Indoor Air. Environments,
4(1), 1-15. doi:10.3390/environments4010021,

Oswiadczam, ze méj wktad polegat na:
e opracowaniu koncepcji artykutu,
e przygotowaniu tresci manuskryptu,
e korekcie edytorskiej.
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OSWIADCZENIE

Jako wspoétautor publikacji:

1. Szulczyniski, Bartosz, Rybarczyk, Piotr, Gospodarek, Milena, Gebicki, Jacek. (2019). Biotrickling
filtration of n-butanol vapors: process monitoring using electronic nose and artificial neural
network. Monatshefte Fur Chemie, 150, 1667-1673. doi:10.1007/s00706-019-02456-w

Oswiadczam, ze moj wktad polegat na:
e prowadzeniu procesu biofiltracji,

¢ wykonaniu analiz chromatograficznych,
e korekcie jezykowej manuskryptu.
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OSWIADCZENIE

Jako wspotautor publikacji:

1. Szulczynski, Bartosz, Rybarczyk, Piotr, Gospodarek, Milena, Gebicki, Jacek. (2019). Biotrickling
filtration of n-butanol vapors: process monitoring using electronic nose and artificial neural
network. Monatshefte Fur Chemie, 150, 1667-1673. doi:10.1007/s00706-019-02456-w

Oswiadczam, ze méj wkiad polegat na:
o mikrobiologicznej kontroli procesu biofiltracji,
e przygotowywaniu i wymianie pozywek mikrobiologicznych,
e pobieraniu prébek do analizy chromatograficznej.
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Jako wspétautor publikacji:

1. Szulczynski, Bartosz, Arminski, Krzysztof, Namiesnik, Jacek, Gebicki, Jacek. (2018). Determination
of Odour Interactions in Gaseous Mixtures Using Electronic Nose Methods with Artificial Neural
Networks. Sensors, 18(2), 1-17. doi:10.3390/s18020519

Oswiadczam, ze mdj wkiad polegat na:
e przeprowadzeniu analizy danych pomiarowych,
e opracowaniu struktury sztucznej sieci neuronowej,

e wykonaniu rysunkéw i przygotowania manuskryptu w czesci dotyczacej sieci
neuronowych.

Kovipriad rsniods
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Prof. dr hab. inz. Jacek Namiesnik byt wspotautorem publikacji:

1. Szulczynski, Bartosz, Namiesnik, Jacek, Gebicki, Jacek. (2017). Determination of Odour
Interactions of Three-Component Gas Mixtures Using an Electronic Nose. Sensors, 17, 1-18.
doi:10.3390/517102380

2. Szulczynski, Bartosz, Arminski, Krzysztof, Namiesnik, Jacek, Gebicki, Jacek. (2018). Determination
of Odour Interactions in Gaseous Mixtures Using Electronic Nose Methods with Artificial Neural
Networks. Sensors, 18(2), 1-17. doi:10.3390/s18020519

3. Szulczyniski, Bartosz, Namiesnik, Jacek, Gebicki, Jacek. (2018). Analysis of odour interactions in
model gas mixtures using electronic nose and fuzzy logic. Chemical Engineering Transactions, (68),
259-264. d0i:10.3303/cet1868044

Oswiadczam, ze wktad prof. dr. hab. inz. Jacka Namiesnika polegat na ocenie merytorycznej
uzyskanych wynikéw badan oraz korekcie przygotowanych manuskryptéw.
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