Zachodniopomorski )
Uniwersytet Technologiczny Wydziat
w Szczecinie Elektryczny

Sterowanie procesem dystrybucji produktéw o zr6znicowanej

trwalo$ci w warunkach zmiennego popytu i opdznienr dostaw

z uwzglednieniem niepewnosci ukladu oraz wykorzystaniem
metod optymalizacji jedno- i wielokryterialnej

Rozprawa doktorska w dyscyplinie
automatyka, elektronika, elektrotechnika i technologie kosmiczne
w formie zbioru powiazanych tematycznie artykutéw naukowych

Autor: mgr inz. Ewelina Cholodowicz
Promotor: dr hab. inz. Przemystaw Orlowski, prof. ZUT
Katedra Automatyki i Robotyki

Szczecin, 2024






Sktadam serdeczne podzigkowania Mojemu Promotorowi,
Panu Profesorowi Przemystawowi Ortowskiemu,
za dostrzezenie we mnie potencjatu, nieustanne stawianie
przede mnq wyzwan, ktore byly nieocenione dla rozwijania
mojego naukowego charakteru, za ciekawe dyskusje naukowe,
ktore motywowaty mnie do podejmowania badan.
Dziekuje mojej rodzinie — w szczegolnosci mojej mamie
Teresie, za wsparcie i wiare w moj sukces.
Dziekuje mojemu partnerowi Pawtowi, za wyrozumiatos¢ w
momentach kiedy na dtugo pochtaniat mnie swiat nauki oraz
za nieustanng wiare w moj sukces, ktora sprawia, ze kazdego
dnia pragne byc lepszym inzynierem i naukowcem.
Na zakoriczenie, pragng podzigkowac mojej Alma Mater, Ze
uksztattowata mnie jako inzyniera i naukowca, co stato sig
poczatkiem wszystkiego co najlepsze w moim zyciu.






Spis tresci

1. KONCEPCJA ROZPRAWY DOKTORSKIE] 7
TL TEMAT PRACY .ottt et et ste et etes e et tte st et e sentesestentes e et enteseesenteseebentesesbenseseesententesenseseasensenenan 7
1.2, CELE ROZPRAWY ....oiiiuiitiieuietintentetententeteasentestsestesesseseesessentestesenteseesenseseasensesessensenessensentesensentssensenenn 7
1.3. TEZA ROZPRAWY ...oviuiiuitinieuietententetestentetestestestasestesessestesessentestesentestesentestasensestasenseneesensentesenseneesesenesn 8
1.4. UZASADNIENIE WYBORU TEMATYKL.......ccueuirtiiimirtinienietintentesestetesestensesessensesessensenessenseneesenseneesenseneenes 8

2. PUBLIKACJE NAUKOWE 13
2.1. CYKL PUBLIKACJTWCHODZACYCH W SKEAD ROZPRAWY .......ooeviiiiruieeieenueeenreesieessseeesseessseessnennes 13
2.2. POZOSTALE PUBLIKACIE NAUKOWIE .......cccoutiiiiitiieeeiiieeeeiteeeeeitteeeeetaeeeeetteeeeesseesenasssesasseseenssesesensenas 16

3. OMOWIENIE CYKLU PUBLIKACJI NAUKOWYCH WCHODZACYCH W SKEAD

ROZPRAWY DOKTORSKIE]J 17
3.1. MODELOWANIE SYSTEMU MAGAZYNOWEGO ........ccotiiiiieeienitenttenutenteeneestestesstesseeseessessessesmeesas 18

3.1.1. Dynamiczny dyskretny model systemu magazynowego ze zmiennym w czasie opoznieniem ..... 18
3.1.2. Hybrydowy model systemu magazynowego z produktami nietrwoatymi ............ccccccccvevvvnnnnnenn. 19
3.2. STEROWANIE PROCESEM DYSTRYBUCJI PRODUKTOW TRWAEYCH.........ccceovviiinieenieeineeeeneeeeneeeennes 24

3.2.1. Sterowanie procesem dystrybucji produktow trwatych z wykorzystaniem predyktora Smitha.... 25
3.2.2. Metoda cyklu zamawiania z adaptacyjnym maksymalnym poziomem zapasow dla uktadéw z

Atugimi OpOZNIENIAMT AOSHATD ..........cooveveeiiiiiiiiiiiiie et 27
3.3 ANALIZA METOD STEROWANIA DYSTRYBUCJA PRODUKTOW TRWAEYCH ...........cococvveverrrerennennnns 29
3.3.1. Poréwnanie metody punktu zamawiania oraz metody z requlatorem PD i predyktorem Smitha w
warunkach Zmiennych OPOZNICH ........c.ccocueuiviviciiiiiciiiieie e 30
3.3.2. Porownanie metody cyklu zamawiania oraz metody z regulatorem PD i predyktorem Smitha w
WATUNKACH ZADUTZONEO POPYLU ...ttt 31
3.3.3. Poréwnanie metod sterowania w warunkach dtugich zmiennych opozZnien.............cccceecvnunnne. 33
3.4. ANALIZA EFEKTYWNOSCI ALGORYTMOW OPTYMALIZACJI WIELOKRYTERIALNE] W
ZASTOSOWANIU DO AUTOMATYCZNEGO STEROWANIA ZAPASAMI.......cooovtiiiiiniiiiiiiiiiieceeerreiie e 35
3.5. STEROWANIE PROCESEM DYSTRYBUCJI PRODUKTOW NIETRWAERYCH ........cccerveuirieienirieienerieeenenns 37
3.5.1. Sterowanie procesem dystrybucji produktow nietrwalych z niepewnym procesem psucia sig z
wykorzystaniem sieci neuronowych i wielokryterialnej optymalizacji odpornej ............ccceccvvvvcvnnnne. 37
3.5.2. Sterowanie procesem dystrybucji produktow nietrwatych z niepewnym opdéZnieniem dostaw z
wykorzystaniem sieci neuronowych i algorytmMu geNEtYCZNEGO ..........cocueueuvuvureiiririreeeieceieiirereeeeas 40
3.5.3. Odporny neuronowy regulator przetgczalny w zastosowaniu do sterowania procesem dystrybucji
z produktami nietrwatymi w warunkach zmiennego Niepewnego POPYL ........covcvvecvrirvverecerenn, 42
3.5.4. Odporny regulator neuronowy oraz rozmyty estymator zmiennego niepewnego popytu w
zastosowaniu do sterowania procesem dystrybucji z produktami nietrwalymi..............ccccccccvcvvvnnennnnn. 45
PODSUMOWANIE 51
BIBLIOGRAFIA 53

PEENE TEKSTY ARTYKUEOW NAUKOWYCH WCHODZACYCH W SKEAD CYKLU
PUBLIKAC]I 57







ROZDZIAL 1

Koncepcja rozprawy doktorskiej

1.1. Temat pracy

Sterowanie procesem dystrybucji produktéw o zréznicowanej trwalosci w warun-
kach zmiennego popytu i op6znient dostaw z uwzglednieniem niepewnosci ukltadu

oraz wykorzystaniem metod optymalizacji jedno- i wielokryterialne;j.

1.2. Cele rozprawy

Zasadniczym celem rozprawy doktorskiej jest poprawa jakosci sterowania proce-
sem dystrybucji produktéw w kontekécie minimalizacji nastepujacych kryteriow:
utraconych korzysci realizacji sprzedazy (tzw. przestojow) oraz zajetosci po-
wierzchni magazynowej. Realizacja tego celu ma nastapi¢ w obliczu:

a. niestacjonarnoéci duzych opéznient transportowych i produkcyjnych,

b. zmiennosci lub niepewnosci popytu,

c. niepewnosci z tytulu zr6znicowanej trwatosci produktéw,

d

. niepewnosci czasu realizacji zaméwien.

Sformutowano ponadto pigc celéw szczegdtowych:

C1. Opracowanie adekwatnego dyskretnego modelu matematycznego systemu
dystrybucji uwzgledniajacego niestacjonarng dynamike opézZnieti transpor-
towych oraz zweryfikowanie poprawnoéci funkcjonowania stworzonego
modelu na drodze symulacji komputerowych w srodowisku Matlab/Simu-
link dla r6znych scenariuszy zachowania sie rynku.

C2. Analiza poréwnawcza regulatora PD z predyktorem Smitha i adaptacyjnym
referencyjnym poziomem zapaséw oraz metod: punktu zamawiania z adap-

tacyjnym poziomem zamowien, cyklu zamawiania z adaptacyjnym



maksymalnym poziomem zapaséw, w obliczu kroétkich oraz dtugich op6z-
nienl i zaburzen popytu.

C3. Analiza poréwnawcza efektywnosci ewolucyjnych algorytméw w zastoso-
waniu do wielokryterialnej optymalizacji systemu dystrybucji produktow z
uwzglednieniem opéznieni czasu realizacji zamoéwien i produkgji.

C4. Ulepszenie modelu magazynu o modelowanie procesu psucia sie produk-
tow z uwzglednieniem losowej trwatosci produktéw oraz weryfikacja mo-
delu z wykorzystaniem rzeczywistych danych uzyskanych z badan nad pro-
cesem psucia sie¢ wybranego rodzaju owocéw.

C5.0Opracowanie odpornego regulatora wykorzystujacego metody optymaliza-
¢ji odpornej, sztuczng inteligencje, w tym sieci neuronowe i logike rozmyta
oraz weryfikacja dzialania regulatora na rzeczywistych danych pochodza-

cych z systemu magazynowego.

1.3. Teza rozprawy

Teze niniejszej rozprawy doktorskiej sformulowaé mozna w nastepujacy sposéb:
Zastosowanie dyskretnych modeli dynamicznych wraz z metodami sterowania, wspieranych
przez nowoczesne techniki optymalizacji jedno- i wielokryterialnej oraz metody sztucznej
inteligencji, umozliwia poprawe jakosci sterowania zamowieniami w systemach dystrybucji,
szczegolnie w warunkach niepewnosci zwiqzanych z opoznieniami dostaw i zmiennego za-
potrzebowana rynkowego.

1.4. Uzasadnienie wyboru tematyki

Rosnaca ztozonos¢ taficuchéw dostaw i mnogos¢ strumieni przeptywow
dobr powoduje ciagla potrzebe doskonalenia metod sterowania systemami logi-
stycznymi [1]. Systemy produkcyjne i logistyczne, fancuchy dostaw i sieci przemy-
stu 4.0 sa narazone na coraz wieksze niepewnosci oraz ryzyka, ktére zwigzane sa
bezposrednio ze zwigkszeniem sie liczby kanaléw wymiany produktéw, informacji
oraz z ciggla zmiang dynamiki obiektéw logistycznych. Z tego powodu, konieczne
jest wspieranie decyzji zwigzanych z przeptywem débr w systemach logistycznych.

Wiele modeli systeméw magazynowych opartych jest o uproszczajace zato-
Zenia takie jak: liniowo$¢ elementéw modelu oraz stale opéznienia. Jednakze, w
rzeczywistych systemach logistycznych opéznienia sa zmienne i rzadko bywaja
zgodne z przewidywaniami. Elementy strukturalne systeméw logistycznych sa
nieliniowe, na przyklad magazyny posiadaja ograniczong (i nieujemna) prze-
strzefi do skladowania towaréw, a dostawcy oraz zasoby na produkgcji sa



ograniczone, co w konsekwencji skutkuje brakiem mozliwosci realizacji dowolnych
sygnaléw sterujacych [2]. Modele statyczne nie zapewniaja efektywnej analizy sys-
teméw magazynowych z uwzglednieniem opéznieni i zjawisk w niej wystepuja-
cych. W miare rozbudowywania struktur systeméw logistycznych bardziej ade-
kwatne staly sie modele dynamiczne, pozwalajace na kompleksowgq analize proce-
sow w nich wystepujacych. Z uwagi na analogie wystepujace pomiedzy systemami
stricte inzynierskimi, a fancuchem dostaw, automatyka, a w szczegélnosci teoria
sterowania moze dostarczy¢ narzedzi do tworzenia skutecznych mechanizméw op-
tymalizujacych dynamike proceséw logistycznych [3], [4]. Metody teorii sterowa-
nia moga potencjalnie wprowadzi¢ wiecej realizmu do dynamicznego planowania
i modelowania tych systeméw, utatwi¢ podejmowanie decyzji oraz poprawic¢ wy-
dajnos¢ w systemach produkcji i logistyki, taricuchach dostaw i sieciach Przemystu
4.0 [5].
W ujeciu systemowym magazyn mozna przedstawic jako obiekt, w ktérym na wej-
Sciu sq dostawy zwiekszajace stan zapaséw oraz zapotrzebowanie klientéw zmniej-
szajace stan zapasow, zaé na wyjéciu znajduja sie produkty, ktére zostaty sprzedane
oraz aktualny stan zapasoéw. Szczegdlnie istotng czescig systeméw magazynowych
sq systemy sterowania zaméwieniami, ktérych gtéwnym zadaniem jest wspieranie
decyzji menadzerskich w zakresie okreslenia terminu oraz wielkosci zamoéwien.
Nalezy zaznaczyd, ze systemy sterowania zaméwieniami jako jedna z czesci skla-
dowych systeméw magazynowych stanowi¢ beda gtéwny przedmiot rozprawy
doktorskiej. W przeciwienistwie do wielu rozwigzan dostepnych w literaturze, opis
systeméw magazynowych w przestrzeni stanu pozwala na zastosowanie metod
projektowania ukladéw regulacji, takich jak np. sterowanie ze sprzezeniem od
stanu, sterowanie liniowo-kwadratowe, sterowanie §lizgowe, sterowanie predyk-
cyjne, optymalizacja dynamiczna, regulatory neuronowe czy regulatory rozmyte.
Wedlug [6] szczegllnie istotne luki badawcze mozna wyréznié
w obszarze systemow zarzadzania zaméwieniami z produktami nietrwatymi. Nie-
efektywne sterowanie przeptywem produktéw nietrwalych, stanowi powazne za-
grozenie dla rentownosci firm w branzy sprzedazy hurtowej i detalicznej. Badania
statystyczne wykazaly, ze rocznie w krajach Unii Europejskiej powstaje okoto 88
milionéw ton zywnosci, ktéra sie¢ marnuje [7]. Znalezienie skutecznych metod ste-
rowania zapasami tatwo psujacymi sie, stalo sie bardzo interesujagcym problemem
zaréwno dla praktykoéw, jak i dla naukowcoéw. W przypadku produktéw o nieogra-
niczonym cyklu zycia, koszty przedsigbiorstwa zaleza od wielkosci uzytkowanej
powierzchni magazynowej i utraconych zyskéw z powodu przestojow. W przy-
padku produktéw psujacych sie utrata sprzedazy jest spowodowana nie tylko nie-
wystarczajacq liczba zaméwionych produktéw, ale takze potencjalnym zepsuciem
zapasow, ktére moze by¢ zmienne w czasie [8].



Na podstawie literatury [9], [10], [11] zidentyfikowano nastepujace braki w

badaniach naukowych w obszarze sterowania systemami magazynowymi w szcze-

golnosci systemami zamoéwien z produktami nietrwatymi, ktére obejmuja:

A)

B)

C)

D)

badanie wplywu op6Znieri zamoéwieni na funkcjonowanie odpornego ukladu
sterowania m.in. w przypadku stosowania pelnego sprzezenia od stanu
obiektu [12],

analize ukladéw sterowania systemami magazynowymi, ktére uwzgledniaja
dni przestoju obiektéw logistycznych (ang. closing days), np. z powodu
Swiat, wakagdji itp. Zgodnie z dostepnymi Zrédtami, praca [13] jako jedyna
jawnie przedstawia nowe ograniczenie w modelu systemu magazynowego
jakim sa dni zamkniecia (ang. closing days constraints). Jednakze praca ta
zaklada ustalony z goéry okres waznosci towaréw. W pracy nie uwzgled-
niono losowego charakteru psucia si¢ produktéw takich jak np. owoce, wa-
rzywa, co z punktu widzenia rzeczywistych systeméw magazynowych jest
problemem réwnie istotnym i moze znacznie wplynaé na dobdr struktury
oraz parametréw ukladu sterowania,

opracowanie funkcji psucia sie produktow, ktéra bedzie lepiej odzwiercie-
dlata zjawiska wystepujace w rzeczywistych warunkach, np. psucie sie owo-
cow [14]. W wielu artykutach naukowych zaklada sie, ze iloé¢ produktow
psujacych sie jest proporcjonalna do zgromadzonych zapaséw w [15],[16], co
stanowi bardzo duze uproszczenie.

opracowanie ukladéw sterowania systemem automatycznych zamoéwien dla
magazynu z produktami psujacymi sie z uwzglednieniem niepewnosci do-
staw. Do sterowania systemem automatycznych zaméwien w magazynach z
obszaru automatyki wykorzystywane byly takie regulatory jak m.in. regu-
lator proporcjonalno-catkujaco-rézniczkujacy (PID) oraz proporcjonalny (P)
[17], sterowanie §lizgowe, sterowanie liniowo-kwadratowe [18]. Obecnie w
obszarze automatyki popularnie rozwijanymi metodami sg sieci neuronowe,
ktére znajduja zastosowanie w sterowaniu obiektami nieliniowymi. W naj-
nowszych badaniach naukowych do problemu sterowania systemami auto-
matycznych zaméwient wykorzystuje sie podejScia: neuronowo-rozmyte,
czyli wykorzystujace logike rozmyta oraz sieci neuronowe [19]. W pracy [20]
wskazano nowy kierunek badan, ktéry dotyczacy fuzji metod takich jak sieci
neuronowe, algorytmy ewolucyjne czy systemy rozmyte w zastosowaniu do
réznych probleméw inzynierskich. Stato sie to réwniez inspiracja do podje-
cia tematyki badawczej zakladajacej polaczenie sieci neuronowych oraz al-
gorytméw ewolucyjnych w zastosowaniu do sterowania systemem zarza-
dzania zaméwieniami. W szczeg6lnosci w pracy [21] pokreslono potrzebe
badan w zakresie wykorzystania algorytméw optymalizacji do zadania do-
boru parametréw sieci neuronowe;j.

10



W zwiazku z powyzszym, podjeta tematyka badawcza odpowiada potrze-
bom nowoczesnych systeméw logistycznych, zmierzajacych ku automatyzacji
zwigzanej z globalizacjg, rosngca réznorodnoscia produktéw oraz potrzeba zacho-
wania konkurencyjnosci na rynku. W ramach pracy doktorskiej zaklada sie wyko-
rzystanie metod teorii sterowania i sztucznej inteligencji (m.in. sieci neuronowych)
oraz algorytméw ewolucyjnych, ktére pozwolg na sterowanie nieliniowym, dyna-
micznym systemem magazynowym w zakresie dystrybucji produktéw o réznej
trwatosci.

11
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ROZDZIAL 2

Publikacje naukowe

2.1.

Cykl publikacji wchodzacych w sklad rozprawy

W sktad niniejszej rozprawy doktorskiej wchodzi 12 tematycznie powigzanych ar-

tykutow (po tytule artykulu podano punktacje w roku publikagcji):

Al.

A2.

A3.

Chotodowicz, E., Ortowski, P.: Dynamiczny dyskretny model systemu maga-
Zynowego ze zmiennym w czasie opdzZnieniem. Logistyka, Tom: 4, Strony: 28-
32, 2015, ISSN: 1231-5478, (MNiSW = 10 pkt.).

Indywidualny wktad Autorki rozprawy obejmuje: udziat w opracowaniu kon-
cepcji, implementacji, przeprowadzeniu badan symulacyjnych, analizie wyni-
kéw, sformulowaniu wnioskéw, przygotowanie manuskryptu artykutu i

udzial w opracowaniu odpowiedzi na recenzje. Szacowany udzial wynosi
50%.

Chotodowicz, E., Ortowski, P.: Sterowanie przeptywem towaréw w magazy-
nie z wykorzystaniem predyktora Smitha. Pomiary Automatyka Robotyka, Tom:
19, Zeszyt: 3, Strony: 55-60, 2015, ISSN: 1427-9126, (MNiSW = 8 pkt.).

Indywidualny wktad Autorki rozprawy obejmuje: udziat w opracowaniu kon-
cepcji, implementacji, przeprowadzeniu badarn symulacyjnych, analizie wyni-
kow, sformulowaniu wnioskéw, przygotowanie manuskryptu artykulu i

udzial w opracowaniu odpowiedzi na recenzje. Szacowany udzial wynosi
50%.

Chotodowicz, E., Orlowski, P.: A periodic inventory control system with adap-
tive reference stock level for long supply delay. Measurement Automation Mon-
itoring, Tom: 61, Zeszyt: 12, Strony: 568-572, 2015, ISSN 2450-2855,
(MNiSW = 8 pkt.).

Indywidualny wktad Autorki rozprawy obejmuje: udziat w opracowaniu kon-
cepcji, implementacji, przeprowadzeniu badarn symulacyjnych, analizie wyni-
kéw, sformulowaniu wnioskéw, przygotowanie manuskryptu artykutu i
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A4.

A5.

A6.

A7.

udzial w opracowaniu odpowiedzi na recenzje. Szacowany udzial wynosi
50%.

Chotodowicz E., Ortowski P.: Comparison of a perpetual and PD inventory
control system with Smith predictor and different shipping delays using
bicriterial optimization and SPEA2, Pomiary Automatyka Robotyka, Tom: 20,
Zeszyt: 3, Strony: 5-12, 2016, ISSN: 1427-9126, (MNiSW = 8 pkt.).

Indywidualny wkiad Autorki rozprawy obejmuje: udzial w opracowaniu kon-
cepcji, implementacji, przeprowadzeniu badan symulacyjnych, analizie wyni-
koéw, sformulowaniu wnioskéw, przygotowanie manuskryptu artykutu i
udzial w opracowaniu odpowiedzi na recenzje. Szacowany udzial wynosi
50%.

Chotodowicz E., Orlowski P.: Poréwnanie systemoéw sterowania zapasami ze
zmiennym op6znieniem dostaw i zaburzonym zapotrzebowaniem: cyklicz-
nego oraz z regulatorem PD i predyktorem Smitha, Przedsigbiorczos¢ i Zarzg-
dzanie, Tom: XVII, Zeszyt: 12, Strony: 67-90, 2016, ISSN: 1733-2486,
(MNiSW = 14 pkt.).

Indywidualny wklad Autorki rozprawy obejmuje: udziat w opracowaniu kon-
cepcji, implementacji, przeprowadzeniu badan symulacyjnych, analizie wyni-
kow, sformulowaniu wnioskéw, przygotowanie manuskryptu artykutu i

udzial w opracowaniu odpowiedzi na recenzje. Szacowany udzial wynosi
50%.

Chotodowicz E., Ortowski P.: Comparison of SPEA2 and NSGA-II Applied to
Automatic Inventory Control System Using Hypervolume Indicator, Studies in
Informatics and Control, Tom: 26, Zeszyt: 1, Strony: 67-74, 2017, ISSN 1220-1766
(Print), ISSN 1841-429X, (Online), https://doi.org/10.24846/v26i1y201708,
(MNiSW = 15 pkt., IF = 1.02).

Indywidualny wkiad Autorki rozprawy obejmuje: udziat w opracowaniu kon-
cepcji, implementacji, przeprowadzeniu badan symulacyjnych, analizie wyni-
kow, sformulowaniu wnioskéw, przygotowanie manuskryptu artykulu i
udzial w opracowaniu odpowiedzi na recenzje. Szacowany udzial wynosi

50%.

Chotodowicz E., Ortowski P.: Impact of Control System Structure and Perfor-
mance of Inventory Goods Flow System with Long-Variable Delay, El-
ektronika Ir Elektrotechnika, Tom: 24, Zeszyt: 1, Strony: 11-16, 2018, ISSN:
1392-1215, https:/ /doi.org/10.5755/j01.eie.24.1.14244, (MNiSW = 15 pkt., IF
= 0.684).

Indywidualny wkiad Autorki rozprawy obejmuje: udziat w opracowaniu kon-
cepcji, implementacji, przeprowadzeniu badarn symulacyjnych, analizie wyni-
kéw, stormulowaniu wnioskéw, przygotowanie manuskryptu artykulu i

udzial w opracowaniu odpowiedzi na recenzje. Szacowany udzial wynosi
50%.
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AS8.

A9.

Chotodowicz E., Orlowski P.: Development of new hybrid discrete-time per-
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1.2).

Indywidualny wklad Autorki rozprawy obejmuje: udzial w opracowaniu kon-
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cepcji, implementacji, przeprowadzeniu badan symulacyjnych, analizie wyni-
kéw, sformulowaniu wnioskéw, przygotowanie manuskryptu artykulu i
udzial w opracowaniu odpowiedzi na recenzje. Szacowany udzial wynosi
50%.
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ROZDZIAL 3

Omowienie cyklu publikacji naukowych wcho-
dzacych w sklad rozprawy doktorskiej

W sklad przedstawionego cyklu publikacji wchodzi 12 artykutéw opubliko-
wanych w czasopismach naukowych oraz materialach miedzynarodowych konfe-
rencji. Podjeto sie nastepujacych zagadnier:: modelowania systemu magazyno-
wego, sterowania dystrybucja produktéw oraz optymalizacji tego procesu w obli-
czu zmiennoSci i niepewnosdci warunkéw operacyjnych. W ramach weryfikacji
przeprowadzono analizy poréwnawcze zaproponowanych rozwigzan z istnieja-
cymi gdzie wykorzystywano réwniez dane pochodzace z rzeczywistych systeméw
dystrybucji.

W ramach modelowania systemu magazynowego stworzono dwa modele.
Pierwszy model to liniowy, dyskretny, dynamiczny model matematyczny systemu
magazynowego z produktami trwatymi uwzgledniajacy niestacjonarnos¢ opézniers
zwigzanych z wykorzystywanymi §rodkami transportu [A1]. Z kolei, drugi model
powstal, aby odpowiedzie¢ na problem zarzadzania produktami nietrwatymi [A8].
W poréwnaniu do pierwszego modelu, model ten uwzglednia m.in. polityki FIFO
(ang. First-In-First-Out) oraz LIFO (ang. Last-In-First-Out).

W kontekscie sterowania i optymalizacji systeméw dystrybucji skoncentro-
wano sie na projektowaniu ukladéw zdolnych do radzenia sobie z dtugotrwatymi,
zmiennymi opdZnieniami oraz zmiennym popytem [A2, A3]. W celu weryfikacji
opracowanych metod, przeprowadzono analizy poré6wnawcze dotyczace ukladéw
sterowania [A4, A5, A7] oraz zastosowanych algorytméw optymalizacji wielokry-
terialnej [A6]. Nastepnie skupiono sie na opracowaniu ukladéw sterowania dedy-
kowanych do dystrybucji produktéw nietrwatych, uwzgledniajacych niepewnosci
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zwiazane z procesem psucia, opéZnieniami dostaw i zmiennoscia popytu [A9, A10,
Al1, A12].

3.1. Modelowanie systemu magazynowego

Dotychczasowe badania nad systemami logistycznymi koncentrowaty sie na
modelach zarzadzania dystrybucja, ktore okazuja sie niewystarczajace w obliczu
wyzwan stawianych przez nowoczesne systemy dystrybucji. Wspoélczesne systemy
dystrybucyjne charakteryzuja sie ztozonoscig i dynamicznoscig, co sprawia, ze tra-
dycyjne, uproszczone modele zarzadzania nie sa juz adekwatne, prowadzac do ob-
nizenia jakosci $wiadczonych ustug oraz zwigkszenia kosztéw operacyjnych. Dy-
namiczna zlozono$¢ nieliniowych modeli matematycznych, ktére opisuja systemy
magazynowe, znaczaco ulatwia ich formalne badanie, lecz jednocze$nie uniemozli-
wia znalezienie rozwigzania w sposéb analityczny. W zwiazku z tym, pojawia sie
koniecznos¢ symulacji takich systeméw, uprzednio opisujac procesy w nich zacho-
dzace za pomoca technik modelowania matematycznego. Dzieki temu mozliwe jest
testowanie offline technik sterowania zapasami, co w konsekwencji moze prowa-
dzi¢ do wyznaczenia optymalnych rozwigzan. Stad jednym z celéw niniejszej pracy
jest modelowanie systemu magazynowego, z uwzglednieniem jego specyfiki i po-

trzeb.

3.1.1. Dynamiczny dyskretny model systemu magazynowego ze
zmiennym w czasie opOznieniem

W pracy rozpoczynajacej cykl publikacji [A1] opracowano dyskretny dyna-
miczny model matematyczny systemu magazynowego uwzgledniajacy niestacjo-
narno$¢ wystepujacych w systemie op6znient zwiagzanych ze srodkami transportu i
procesem produkcyjnym. Na Rysunku 1 przedstawiono schemat blokowy modelo-

wanego systemu magazynowego.
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Rysunek 1. Schemat blokowy systemu magazynowego [A2].

18



Kompletny dyskretny dynamiczny model mozna zapisa¢ w nastepujacy sposob:

x(k)=a(k-1)x(k-1)+u(k-z,)

y(k):y(k—1)+(l—q(k—ts))x(k_z-s)_h(k) (1)

Przy zatozeniu, ze znane sg op6znienia produkcyjne i transportowe, kolejno 7,, 7

oraz funkcja (k) dla k € N bedaca tzw. wspotczynnikiem wysytki w chwili k, po-
wyzszy model jest liniowym, niestacjonarnym, dyskretnym modelem ukladu dy-
namicznego. Funkcja popytu jest modelowana jako pewna, nieznana z goéry ogra-

niczona funkcja czasu:
0<d(k)<d,, 2)

Gdzie d,,, oznacza maksymalng liczbe produktéw, ktéra moze by¢ sprzedana w
jednostce czasu.

Wartosci sygnatu d(k) moga zmienia¢ sie w czasie zgodnie z popytem na
rynku. Sprzedane towary, ktére zostaly wystane z magazynu oznaczono jako h(k)
za$ wielko$¢ zapaséw magazynowych to y(k). Z kolei, u(k) to ilos¢ zaméwionego
zapasu uzupelniajacego, zas$ x(k) to liczba produktéw oczekujacych na wysytke. Po-
prawnos¢ stworzonego modelu zostala zweryfikowana z wykorzystaniem symula-
¢ji komputerowych w érodowisku Matlab/Simulink w warunkach skokowej, li-
niowo narastajacej lub malejacej zmiany popytu. Model moze zostaé¢ wykorzystany
do syntezy oraz optymalizacji ukladu sterowania systemem dystrybucji produk-

tow, w ktérym wystepuja zmienne opdZnienia.

3.1.2. Hybrydowy model systemu magazynowego z produktami nie-
trwalymi

W ramach rozszerzenia opisu matematycznego systemu o produkty nie-
trwate opracowano drugi model, zaprezentowany w pracy [A2]. Stworzono hybry-
dowy model systemu dystrybucji dla produktéw nietrwatych (innymi stowy - psu-
jacych sie), ktoérych proces psucia moze by¢ opisany rozktadem Weibulla. Mozliwe
jest rowniez uwzglednienie dni zamkniecia (dni wolnych od pracy - np. weeken-
déw, Swiat) oraz implementacja polityk wydawania produktéw: FIFO oraz LIFO.
W celu wykazania poprawnosci modelu przeprowadzono analize dziatania modelu
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z wykorzystaniem przykladowego scenariusza zapotrzebowania - oddzielnie dla
dwéch rozpatrywanych polityk. W koricowym kroku, dokonano weryfikacji dzia-
tania modelu z wykorzystaniem danych rzeczywistych udostepnionych w bada-
niach [14] dotyczacych proceséw mikrobiologicznego psucia sie dwéch rodzajow
owocoéw przechowywanych w ré6znych temperaturach. Weryfikacja polegata na za-
daniu identyfikacji parametréw modelu w celu dopasowania modelu do danych
eksperymentalnych.

Podstawowe zalozenia lezace u fundamentu skonstruowanego modelu:

1. Maksymalny okres wazno$ci, oznaczony jako n, jest ustalony i znany a priori.
W ciagu tego okresu, czes¢ produktéw ulega degradacji zgodnie z rozkla-
dem Weibulla. Po uptywie n dni wszystkie produkty z tej samej partii uznaje
sie za przeterminowane, co przeksztalca je w odpady niezdatne do sprze-
dazy. Nie dokonuje si¢ zastepowania utraconych jednostek produktow.

2. Czes¢ nowej partii produktéw wprowadzanych do magazynu moze ulec ze-
psuciu podczas transportu.

3. Popyt jest funkcja zmienng w czasie.

4. Przestoje sa dopuszczalne, jednak nie realizuje sie zaleglego zapotrzebowa-
nia w nastepnych okresach.

5. W magazynie znajduje sie jeden rodzaj produktu.

Przechodzac do réwnar stanu modelu, mozna je sformutowac nastepujaco:

X (k+1)=(1-w)u(k)

% (k+1) = (1-w,)(x (k) -h (k)

X, (k+1)=(1-w,)(x, (k) =h,, (k))
Zmienna stanu xi(k) przechowuje informacje dotyczace liczby produktéw majacych
okreslony wiek i. Ilos¢ zamoéwienia u(k) oraz ilos¢ sprzedanych produktéow h(k) to

nieujemna, rzeczywista liczba. Interpretacja wektora stanu x(k) jest zaprezentowana
na Rysunku 2.
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Rysunek 2. Interpretacja wektora stanu x(k).

Zrédto: Opracowanie wlasne.

Wektor stanu reprezentuje liczbe produktéow w wieku i dla danej chwili k
gdzie i oznacza pozycje w wektorze stanu - im wieksze i, tym produkt jest starszy.
Poczatek psucia jest definiowany przez parametr polozenia y, ktory jest jednym z
parametrow rozkladu Weibulla. Jezeli y <S, gdzie s to czas realizacji zamdéwienia
uzupelniajacego do magazynu, to proces psucia rozpoczyna si¢ jeszcze przed do-
starczeniem produktu do magazynu, w przeciwnym przypadku moze rozpoczaé
sie w momencie dotarcia do magazynu lub pdzniej. Zakladajac, ze tempo pogorsze-
nia sie zapaséw podaza za rozkladem Weibulla, jego skumulowana funkcja roz-

kladu jest dana nastepujacym wyrazeniem:

0 pe(l,y)
F,=F(p.y.4.8)= ,m)”’ (4)
l1-e ' * pe(y.n)

Gdzie: S >0 jest parametrem ksztaltu, 4 >0 jest parametrem skali, y >0 jest pa-

rametrem polozenia definiujgcym poczatek procesu psucia. Z kolei p jest zmienna
definiujaca okres psucia sie. Wspolczynniki nietrwalosci produktow w; €[0,1] w

wieku i sg okreslone przez funkcje rozkladu Weibulla:
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1 i=n+1

W Tabelach 1-2 zaprezentowano wynik symulacji modelu na przykladzie za-
stosowania kolejek FIFO i LIFO. Popyt w wybranym horyzoncie symulacji wynosi
6 jednostek produktéw. Zaklada sie, ze wielko$¢ zamoéwienia u(k) to 1,5 jednostki,
czas realizacji dostawy do magazynu wynosi s = 2 oraz maksymalny czas przydat-
noéci produktow jest rowny n = 5. Wspotczynniki rozkladu Weibulla przyjmuja na-

stepujace wartosci: f=151=1,y =s.

Tabela 1. Wyniki symulacji opracowanego modelu z wdrozeniem polityki wydawania
FIFO [AS8].

x (k) di(k) h(k) w(k) z(k) x(k+1)

|

1 5 0 0 0 0 1,5
2 4 0 0 063 253 5
3 3 0 3 0,84 0 1,47
4 2 0 2 0,91 0 0
5 1 6 1 1 0 0

Tabela 2 ilustruje implementacje polityki FIFO, gdzie produkty o najkrot-
szym okresie przydatnosci do spozycia (najwieksze wartosci i) s priorytetyzowane
do sprzedazy jako pierwsze, co zobrazowano w trzeciej kolumnie h;(k). Analiza
uwzglednia zalozone zmienne stanu, wskazujac, ze pie¢ najnowszych jednostek
znajduje si¢ aktualnie w transporcie do magazynu x1(k)=5. W okresie dostawy za-
potrzebowanie wynosi zero di(k)=0. Stan magazynowy w wektorze stanu x(k) sta-
nowia wiersze i=2,3,4,5, ktéry obejmuje 4 jednostki o wieku 2 dni, 3 jednostki o
wieku 3 dni, 2 jednostki o wieku 4 dni oraz najstarsza jednostke w wieku 5 dni.
Sprzedane jednostki reprezentowane sa przez hi(k), co odpowiada 6 jednostkom naj-
starszych produktéw. W konsekwencji, w nastepnym dniu, okolo 1,47 (4-2,53) z 4
jednostek dwudniowych pozostaje w magazynie, gdyz pozostala czes¢ ulegta ze-
psuciu, co przedstawia warto$¢ zmiennej z2(k), zgodnie z przyjetymi wartosciami
wspotczynnikéw dla rozktadu Weibulla wi. Dodatkowo, do magazynu dostarczono
5 jednostek, a kolejne zamoéwienie 1,5 jednostki jest w trakcie dostawy. Wyniki sy-
mulacji modelu z zaimplementowang polityka LIFO przedstawiono w Tabeli 2.
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Tabela 2. Wyniki symulacji opracowanego modelu z wdrozeniem polityki wydawania
LIFO [AS8].

I x (k) di(k) h(k) w(k) z(k) X (k+1)
1 5 0 0 0 0 1,5

2 4 6 4 0,63 0 5

3 3 0 2 0,84 0,84 0

4 2 0 0 0,91 1,81 0,16

5 1 0 0 1 1 0,19

W analizowanym przypadku, stosujac zasade LIFO w przeciwieristwie do
FIFO, najpierw sprzedaje sie produkty najnowsze, ktére znajduja sie na stanie ma-
gazynowym, tj. i > 1. W konkretnym scenariuszu, sprzedano cztery jednostki pro-
duktu, ktére stanowity najSwiezszy dostepny zapas. Dwie pozostate jednostki, po-
trzebne do zaspokojenia zapotrzebowania klienta na tacznie szeé¢ produktow, zo-
staly pobrane ze starszych zapaséw. W rezultacie, w magazynie pozostaja 3 jed-
nostki produktu, z ktérych w kolejnym cyklu 2,65 jednostek ulega procesowi psu-
cia, a w magazynie zostaje zaledwie 0,35 jednostek (0,16+0,19). Mozna obserwowacg,
ze stosowanie zasady LIFO skutkuje zwigkszonym ryzykiem psucia sie produktéw,
gdyz najstarsze jednostki pozostaja w magazynie na dluzej, bedac sprzedawanymi
jako ostatnie.

W kolejnym etapie przeprowadzono dopasowanie modelu do rzeczywistych
danych uzyskanych z badan nad $wiezo pokrojonymi melonami przechowywa-
nymi w temperaturze 7°C i 15°C. Otrzymane wyniki poréwnano z klasycznym mo-
delem psucia sie produktéw zaprezentowanym w pracy [22]. Na Rysunku 3 przed-
stawiono uzyskane wyniki, ktére pokazuja, ze proponowany model (oznaczony
jako WM - ang. Weibull deterioration model) lepiej dopasowuje si¢ do rzeczywi-
stych danych niz model powszechnie uzywany w literaturze - oznaczony jako DM
(ang. Deterioration rate of stock model). Znaczaca poprawa w modelowaniu jest
zauwazalna szczegodlnie przy wyzszych temperaturach (15°C).
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Rysunek 3. Znormalizowana iloé¢ zepsutych produktoéw z. podczas eksperymentu oraz
odpowiedzi modeli dla produktéw przechowywanych w temperaturze 7°C i15°C [AS8].

Rysunek 3 ilustruje, ze obserwowane wyniki sa zblizone dla obu analizowa-
nych modeli w przypadku produktéw przechowywanych w temperaturze 7°C.
Niemniej jednak, model WM wykazuje wyzsza precyzje dopasowania do danych
eksperymentalnych w temperaturze 15°C w poréwnaniu z modelem DM. Dodat-
kowo, zgodnie z modelem WM i danymi dla temperatury 15°C, pelne zepsucie catej
partii zamoéwionych produktéw nastepuje w identycznym momencie czasowym, k
= 14. Natomiast, dla modelu DM, prébki sa klasyfikowane jako zepsute dopiero po
uplywie 21 dni.

Jedna z waznych zalet opracowanego modelu jest to, ze umozliwia uwzgled-
nienie szerokiego zakresu wlasciwosci systeméw magazynowych, takich jak pro-
cesy psucia sie towaréw podczas transportu, dni zamkniecia, opéZnienia w dosta-
wach, losowa i stala trwatoé¢ produktow, polityki wydawania FIFO, LIFO. Co wie-
cej, struktura modelu moze by¢ fatwo dostosowana do celéw prognozowania, op-

tymalizacji oraz sterowania.

3.2. Sterowanie procesem dystrybucji produktéw trwa-
lych
W odpowiedzi na problemy zwigzane z zarzadzaniem procesem dystrybucji
w warunkach dlugich opéznierr i zmian zapotrzebowania, kolejne etapy badan

skoncentrowaly sie na systemach sterowania przedstawionych w publikacjach [A2,
A3]. Do badan symulacyjnych przyjeto model opracowany w [Al]. W pracy [A2]
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zaproponowano uklad sterowania dla systemu magazynowego polegajacy na ad-
aptacji predyktora Smitha dla ukfadu niestacjonarnego z ograniczeniami sygnatéw
oraz z optymalizacja parametréw ukladu z wykorzystaniem algorytmu genetycz-
nego. Dazac do ulepszenia klasycznych metod zarzadzania zapasami, w publikacji
[A2] przedstawiono modyfikacje metody cyklu zamawiania [23], ktére zapewniajq

wyzsza efektywnosé w kontekscie zmiennego zapotrzebowania i dtugich opézZnien.

3.2.1. Sterowanie procesem dystrybucji produktow trwalych z wyko-
rzystaniem predyktora Smitha

Warto podkresli¢, ze w klasycznym ukladzie sterowania, zaprojektowanym
bez uwzglednienia opdznieri, ich pdZniejsze wystepowanie moze negatywnie
wplywac na jakos¢ procesu sterowania. W odpowiedzi na wyzwania zwigzane ze
znaczacymi opéznieniami transportowymi, zastosowano specjalne rozwigzania ta-
kie jak predyktor Smitha. Jest to rodzaj regulatora predykcyjnego, szczegdlnie efek-
tywny w systemach charakteryzujacych sie diugimi i nieuniknionymi opdZnie-
niami.

Gléwnym osiggnieciem pracy [A2] jest opracowanie struktury klasycznego uktadu
sterowania, wzbogaconej o zmodyfikowany predyktor Smitha. Zaproponowana

struktura ukladu sterowania systemem dystrybucji produktéw jest przedstawiona
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Rysunek 4. Schemat blokowy ukladu sterowania dla systemu magazynowego ze zmody-
fikowanym predyktorem Smitha [A2].
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W oparciu o koncepcje sterowania dla uktadéw z opéZnieniami z wykorzystaniem
zmodyfikowanego predyktora Smitha przyjeto, ze przyblizony model uktadu bez
opdznient dany jest w nastepujacej postaci:

Jp (k) =9, (k-1)+u(k-1)-h(k) ©)
za$ model opéznienia zmiennego w czasie mozna zapisa¢ nastepujaco:
R(k)=a(k-1)%(k-1)+9,(k-7,+1) )

g(k)=(1-a(k-7,))%(k-7) 8)

W obliczu wystapienia opdzZnienia dla wejscia u(k) oraz jego braku dla wejscia d(k),
tradycyjne przeksztalcenie modelu systemu magazynowego z op6znieniem do ka-
skadowego polaczenia modelu bez opdZnienia i modelu opdzZnienia nie jest moz-
liwe do zastosowania w sposéb charakterystyczny dla klasycznej struktury predyk-
tora Smitha przeznaczonego dla uktadéw jednowejsciowych i jednowyjéciowych.
W zaproponowanym rozwiazaniu zaimplementowano zmodyfikowana konfigura-
cje uktadu sterowania dla systeméw z dlugimi opdéZnieniami, korzystajac z koncep-
qji predyktora Smitha w potaczeniu z przyblizonym modelem obiektu bez op6znier
dla systemu z dwoma wejéciami i jednym wyjSciem, gdzie opdznienie wystepuje
tylko na wejsciu u(k). Z uwagi na uproszczony charakter modelu bez op6Znieri w
zaproponowanej konfiguracji, sygnat (k) nie odzwierciedla z precyzja sygnatu wyj-
Sciowego y(k) z obiektu regulacji w pelnym horyzoncie czasowym. W odpowiedzi
na to ograniczenie, opracowano zmodyfikowana strukture uktadu regulacji. Struk-
tura ta zostala wzbogacona o dodatkowe wzmocnienie k3, ktére nie jest obecne w
klasycznych systemach sterowania wykorzystujacych predyktor Smitha.

W ramach weryfikacji funkcjonalnosci zaprojektowanego uktadu sterowania prze-
prowadzono badania symulacyjne. W symulacji przyjeto, ze model dynamiczny
charakteryzuje si¢ niestacjonarnoécia oraz znacznymi opdéznieniami, zaréwno sta-
tymi, jak i zmiennymi. Zadaniem optymalizacji byla minimalizacja wazonej funkcji
celu zawierajagcej dwie sktadowe: koszt utraconych szans sprzedazy (innymi stowy
przestojow) oraz koszt zajmowanej powierzchni magazynowej. Dodatkowo, w sy-
mulacjach uwzgledniono zmienna w czasie dynamike zapotrzebowania na rynku,
reprezentowana przez funkcje d(k), ktora przedstawiono na Rysunku 5 wraz z wy-
pracowanym przez regulator sygnalem zamoéwien u(k) oraz stanéw magazyno-
wych y(k) dla catego horyzontu symulacji.
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Rysunek 5. Funkcja zapotrzebowania rynkowego d(k), przebieg zamoéwien u(k) oraz stan

zapasOw magazynowych y(k) [A2].

Na przebiegu y(k) wida¢, ze maksima lokalne wystepuja w chwili dostarcze-
nia zaméwienia do magazynu. Ze wzgledu na znaczne opdznienie transportowe
wystepujace w systemie (14 dni), utrzymywane sa wysokie stany magazynowe. Ob-
serwuje sig, ze sygnal zamoéwien u(k) odzwierciedla profil sygnatu zapotrzebowa-
nia.

Na podstawie przeprowadzonych badan empirycznych z zastosowaniem
dynamicznego, dyskretnego modelu magazynu z niestacjonarnymi op6Znieniami,
wykazano, ze wartos$¢ zapaséw magazynowych y(k) nadaza w sposéb w przyblize-
niu liniowy za popytem d(k), co zapewnia ciggtoé¢ procesu dystrybucji oraz mini-

malizacje zajmowanej powierzchni magazynowe;.

3.2.2. Metoda cyklu zamawiania z adaptacyjnym maksymalnym po-
ziomem zapasow dla ukladéw z dlugimi opdznieniami dostaw

W pracy [A3] opracowano modyfikacje algorytmu sterowania zapasami
zwanego metoda cyklu zamawiania (ang. Re-Order Cycle, w skrécie ROC) popra-
wiajgcg jakos¢ sterowania systemem magazynowym z duzymi opdzZnieniami i

zmiennym popytem. Modyfikacja polega na dodaniu wiasciwosci adaptacyjnych,
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ktére pozwalaja na dostosowanie maksymalnego poziomu zapaséw do zapotrze-
bowania oraz co za tym idzie - na poprawe jakosci sterowania. Ponadto, przedmio-
tem analizy byl wplyw sterowania na efekt tzw. , byczego bicza”. Efekt byczego
bicza polega na tym, ze niewielkie zmiany popytu, powoduja coraz wieksze fluk-
tuacje w zamoéwieniach na wyzszych poziomach taricucha dostaw [24]. Istotne jest
podejmowanie dziatarh zmniejszajacych ten efekt, gdyz prowadzi on do niestabil-
noéci operacyjnej, ktéra przejawia sie m.in. w postaci utrzymywania zwiekszonych
zapasOw, spadku poziomu obstugi klientéw oraz nieefektywnego wykorzystania
zasobow [25].

Metoda cyklu zamawiania, w ktérej co dany okres c(k) generowane jest za-
mowienie uzupelniajace u(k) do okreSlonego poziomu maksymalnego zapaséw
[23], przedstawiona jest na Rysunku 6 wraz z zaproponowana modyfikacja. Uktad
zostal okreslony jako: metoda cyklu zamawiania z maksymalnym poziomem zapa-
sow (PIS-AMIL - ang. periodic inventory system with adaptive maximal inventory
level).

c(k)
Bm r—qum

><_

Rysunek 6. Schemat blokowy ukiadu sterowania dla metody cyklu zamawiania z adapta-
cyjnym maksymalnym poziomem zapaséw [A3].

Zastosowanie ukladu sterowania z niezmiennym maksymalnym poziomem
zapasOw jest wlasciwe w przypadkach, gdzie popyt pozostaje staty lub nie ulega
znaczacym zmianom w czasie. Dlatego tez, w przypadku zmiennego popytu, uklad
ten mozna zmodyfikowaé dodajac do niego wlasciwosci adaptacyjne. W zapropo-
nowanym ukladzie sterowania PIS-AMIL, wprowadzono wspoétczynnik k> w celu
umozliwienia adaptacji w zaleznosci od popytu rynkowego d(k) . Oba wspoétczyn-
niki k1 oraz k2 tworza afiniczng funkcje maksymalnego poziomu zapaséw w zalez-
noéci od popytu rynkowego, gdzie aktualny stan zapaséw oznaczony jest jako y(k).
W Tabeli 3 zestawiono otrzymane w procesie optymalizacji wartosci funkcji celu
oraz parametréw ukladéw z klasyczng metoda cyklu zamawiania (CPIS - ang. pe-
riodic inventory system) oraz PIS-AMIL dla ré6znych wartosci wagi w1 kosztu prze-
stojow j1. Z kolei, waga w2 odpowiada za udziat kosztu zajmowanej przestrzeni ma-
gazynowej j» w funkgji celu j.
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Tabela 3. Wartosci parametréw ukladéw CPIS oraz PIS-AMIL otrzymane w procesie opty-
malizacji wraz z warto$ciami funkcji celu j dla r6znych wartosci wagi w1 kosztu przestojow
[A3].

w1 CPIS PIS-AMIL

K [x104] 7 [x10°] k1 k2 7 [x10°]
40 1,21 8,77 1,06e-4 | 27,3 3,28
60 1,24 9,79 446 27,5 3,61
80 1,28 10,7 40,2 27,5 3,91
110 1,44 11,9 32,4 27,7 434
150 1,47 13,0 440 27,6 4,93
200 1,47 14,2 439 31,4 6,13
280 1,71 15,1 31,7 27,7 6,78
380 1,98 16,0 395 36,9 7,66
530 1,98 16,3 374 36,9 8,24
730 2,09 16,5 392 36,9 8,99
1000 2,09 16,5 413 36,9 9,99

Obserwuje sie przewage rozwigzan PIS-AMIL nad CPIS - érednia poprawa
wynosi 56% dla rozpatrywanych scenariuszy wag oraz popytu. Wskazuje to na re-
dukcje incydentéw zwiazanych z niedoborami oraz nadmiarem zapaséw w sto-
sunku do klasycznej metody cyklu zamawiania. Co wiecej, uktad CPIS osiaga naj-
wyzsza warto$¢ wskaznika efektu ,byczego bicza” biorac pod uwage caly zakres
rozpatrywanych wartosci wagi wi.

Podsumowujac, rezultaty badan potwierdzaja, ze wprowadzona modyfika-
cja klasycznego modelu cyklu zamawiania poprzez integracje wlasciwosci adapta-
cyjnych znaczaco zwigksza skutecznos¢ sterowania dystrybucja produktow w

szczeg6lnosci, w warunkach zmian popytu i dtugich op6Znieni.

3.3 Analiza metod sterowania dystrybucja produktéow
trwalych

W celu szczego6towej analizy podejs¢ stosowanych do sterowania dystrybu-
cja produktéw, prace [A4, A5, A7] zostaly poswiecone analizie jakosci sterowania
w obliczu zmiennych i dtugich op6éznieri [A4, A7] oraz w warunkach zaburzonego
popytu [A5]. Koncentracja na wnikliwej analizie poréwnawczej pod katem wielo-
kryterialnym, jak prezentuja prace [A4, A5], oraz jednokryterialnym, jak w pracy
[A7], pozwolila na uzyskanie kompleksowego obrazu efektywnosci poszczegol-
nych podejs¢. Praca [A7] stuzy jako podsumowanie analiz uktadéw sterowania roz-

wazanych w poprzednich pracach, szczeg6lnie w kontekscie produktéw trwatych.
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3.3.1. Por6wnanie metody punktu zamawiania oraz metody z regula-
torem PD i predyktorem Smitha w warunkach zmiennych op6Znien

Prace otwierajaca serie analiz poréwnawczych stanowi publikacja [A4], w
ktérej wykazano poprawe jakosci sterowania systemem dystrybucji produktow z
zastosowaniem regulatora PD ze zmodyfikowanym predyktorem Smitha i adapta-
cyjnym referencyjnym poziomem zapaséw (PD-SP-ARSL - ang. proportional-
derivative inventory control system with Smith predictor and adaptive reference
stock level) w stosunku do klasycznej metody punktu zamawiania z adaptacyjnym
poziomem zamoéwien (PIS-AOQL - ang. perpetual inventory system with adaptive
order quantity level). W analizie poréwnawczej wykorzystano wartosci kryteriow
przyjetych do optymalizacji: liczba przestojow j1 oraz zajmowana przestrzen maga-
zynowa j2. Na Rysunku 7 przedstawiono schemat blokowy regulatora metody

punktu zamawiania z adaptacyjnym poziomem zamoéwien.

|
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Rysunek 7. Schemat blokowy metody punktu zamawiania z adaptacyjnym poziomem za-
moéwien [A4].

Prog ks okreslajacy moment zamowienia jest staly, ale okres pomiedzy kolej-
nymi zamoéwieniami, wielko$¢ partii i maksymalny poziom zapaséw sa zmienne
(maksy-malny poziom zapaséw zalezy od zapotrzebowania). Parametry ki oraz k2
tworza funkcje afiniczng wielkosci dostawy w zaleznosci od zapotrzebowania
rynku. Dodatkowo poréwnano tez dziatanie metody punktu zamawiania z adapta-
cyjnym poziomem zamoéwient z uwzglednieniem mechanizmu pracy w toku (WIP
- ang. work-in-progress). Na Rysunku 8 przedstawiono uzyskane fronty Pareto w
wyniku optymalizacji dwu-kryterialnej dla ré6znych wartosci opézniers dostaw T.
Wyniki uzyskane dla metody punktu zamawiania oznaczone sg jako A, za$ z me-
chanizmem WIP jako A’. Z kolei, rozwigzania uzyskane dla regulatora PD ze zmo-
dyfikowanym predyktorem Smitha i adaptacyjnym referencyjnym poziomem za-
paséw oznaczone sa litera B.
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Rysunek 8. Fronty Pareto oraz wybrane punkty dla systemu sterowania magazynem z
réznymi opéznieniami dostaw produktéw [A4].

Jak mozna zauwazy¢ na Rysunku 8 a), b), niemal wszystkie rozwigzania A
sa zdominowane przez rozwigzania B dla wszystkich rozwazanych op6Znieni, z wy-
jatkiem sytuacji, gdy j1 <21j2 > 5200 dla t = 28, gdzie widoczna jest sytuacja prze-
ciwna. Jednakze ze wzgledu na znacznie wysoka warto$¢ kosztéw utrzymania za-
pasow, czyli wartos¢ jo, te rozwigzania nie sa istotne z praktycznego punktu widze-
nia. Analizujac fronty Pareto dla najmniejszego z rozpatrywanych opdznieni t = 2
(Rysunku 8 b), mozna zauwazy¢, ze rozwigzania A, A" oraz B sa zblizone, przy
czym nalezy zaznaczy¢, iz przewaga rozwigzan B zmniejsza sie dla wiekszych
opdznienr. Dla opdzZnienia t = 2, §rednia przewaga rozwigzan B nad A i A" wynosi
okoto 65%, zas dla t = 2 okoto 41%.

Podsumowujac, zjawisko niedoboréw zapaséw i wysokich kosztéw ich
utrzymania wystepuje rzadziej w ukladzie ze zmodyfikowanym predyktorem Smi-
tha niz w ukladach sterowania opartych o metode punktu zamawiania. Zaobsero-
wano, ze dodanie mechanizmu pracy w toku do ukladu z metoda punktu zama-
wiania prowadzi do poprawy jakosci systemu dystrybucji, niemniej jednak wyniki
te sa nadal zdominowane przez rezultaty uzyskane dla ukladu ze zmodyfikowa-
nym predyktorem Smitha.

3.3.2. Por6wnanie metody cyklu zamawiania oraz metody z regulato-
rem PD i predyktorem Smitha w warunkach zaburzonego popytu

W kolejnej pracy [A5] zaprezentowano opracowany uklad sterowania, ktéry
poprawia jakosc¢ sterowania w warunkach stochastycznego zaburzenia sygnatu za-
potrzebowania. Dokonano analizy poréwnawczej uktadow pod katem wystepowa-
nia zaburzen sygnalu zapotrzebowania o charakterze stochastycznym: metody
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cyklu zamawiania z adaptacyjnym maksymalnym poziomem zapaséw oraz regu-
latora PD i predyktora Smitha z adaptacyjnym referencyjnym poziomem zapaséw.
Analize wykonano na wynikach uzyskanych z procesu optymalizacji wielokryte-
rialnej przy wykorzystaniu kryteriow ji, j2 opisanych w podsekcji 3.3.1. Na Rysunku
9 przedstawiono schemat przyjetego w pracy [A5] systemu magazynowego.

ZAKEOCENIA ]

v PRODUKTY
> DOSTARCZONE
KLIENCI KLIENTOM
- do,, L SYSTEM
u(k) | OPOZNIENIE OpO AN OPOZNIENIE MAGAZYN y(&) STEROWANIA
PRODUKCYJNE [| OCZEKIWANIA 1 cpprvevINE 7|  ZAPASAMI —‘
NA TRANSPORT

Rysunek 9. Schemat blokowy systemu magazynowego [A5].

Schemat przedstawia podstawowe elementy systemu magazynowego, w
tym opdznienia oraz zaklocenia, gdzie jak w poprzednich pracach, d(k) reprezentuje
zapotrzebowanie na produkty z magazynu. W badaniach symulacyjnych przyjeto
zmienng w czasie dynamike zapotrzebowania z uwzglednieniem stochastycznego
zaburzenia multiplikatywnego o wariancjach 0? rownych 0, 0,005 oraz 0,1. Na Ry-
sunku 10 przedstawiono wykresy frontéw Pareto, gdzie na osi j1 umieszczono koszt
przestojow, a na osi j2 koszt utrzymania zapaséw dla trzech réznych wartosci wa-
riancji. Rozwigzania otrzymane dla metody cyklu zamawiania beda dalej ozna-
czone literg A, natomiast te uzyskane dla metody z regulatorem PD i predyktorem
Smitha literg B.
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Rysunek 10. Fronty Pareto oraz punkty wyznaczone na podstawie kryteriow dla
trzech wybranych wariancji zaklocerr [A5].
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W celu iloéciowego poréwnania wszystkich uzyskanych rozwigzan Pareto,
obliczono powierzchnie pomiedzy krzywymi reprezentujacymi rozwiazania dla
obydwu ukladéw przy tej samej wartosci wariancji. Nastepnie okreslono dwie pro-
porcje: pierwsza dla wariangcji 0,005 i 0, wynoszaca 11, oraz druga dla wariancji 0,01
i 0,005, wynoszaca 5,5. Wyniki te ukazuja rosnaca przewage metody z regulatorem
PD i predyktorem Smitha nad metodg cyklu zamawiania w miare wzrostu warian-
cji, co wskazuje na lepszg odpornosé na zaklécenia. Por6wnujac, wykorzystanie re-
gulatora PD z predyktorem Smitha generuje nizsze koszty utrzymania zapasow
oraz nizsze koszty z tytutlu niedoboréw zapaséw w stosunku do metody cyklu za-

mawiania.

3.3.3. Poro6wnanie metod sterowania w warunkach dlugich zmien-
nych opéznien

Praca zamykajgca cykl analiz poréwnawczych ukladéw sterowania proce-
sem dystrybucji dedykowang w szczego6lnosci dla produktéw trwalych jest artykut
[A7]. W pracy dokonano analizy zarzadzania zapasami w warunkach dtugich i
zmiennych op6zniers dla nastepujacych metod: metody cyklu zamawiania z adap-
tacyjnym maksymalnym poziomem zapaséw (PIS-AMIL), metody punktu zama-
wiania z adaptacyjnym poziomem zamoéwienr (PIS-AOQL), metody z regulatorem
PD z predyktorem Smitha oraz adaptacyjnym referencyjnym poziomem zapaséw
(PD-SP-ARSL). Wykazano przewage rozwiazan otrzymanych dla zaproponowa-
nego ukladu sterowania PD-SP-ARSL nad rozwigzaniami dla ukladéw PIS-AMIL i
PIS-AOQL pod katem wartosci kryteriéw jakosci 1, j2, tj. odpowiednio kosztu prze-
stojow i zajmowanej powierzchni magazynowe;j.

W badaniach symulacyjnych przyjeto dwa scenariusze sygnalu zapotrzebo-
wania. Pierwszym z nich jest sygnat trapezoidalny, w ktérym po k=300 zapotrzebo-
wanie na produkty wzrasta liniowo o 6 produktéw dziennie przez 100 dni, a potem
pozostaje stale przez kolejne 200 dni. Od k=600 popyt zmniejsza si¢ o 1,5 produktu
dziennie az do k=700, nastepnie pozostaje staly az do korica scenariusza tj. k=1000.
Drugi scenariusz obejmuje sygnal prostokatny charakteryzujacy sie skokowymi
zmianami zapotrzebowania - sa to skokowe wzrosty i spadki popytu przeplatane
okresami stalego popytu. Strojenie ukladéw przeprowadzono z wykorzystaniem
algorytmu genetycznego.

W szczegolnosci, w przypadku trapezoidalnego sygnatu zapotrzebowania
klientéw, wyniki uzyskane przez pozostale analizowane uklady sterowania oka-
zaly sie by¢ zdominowane przez ukilad PD-SP-ARSL. Dominacja ta jest
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zilustrowana na wykresie wartosci kryteriéw j1 oraz j2 funkgji celu, ktére zostaty

przedstawione na Rysunku 11, wykresie a).
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Rysunek 11. Fronty Pareto uzyskane dla trapezoidalnego a) oraz prostokatnego b) sy-

J

gnatu zapotrzebowania, uklady sg kolejno oznaczone jako: PIS-AMIL - niebieskie tréj-
katy, PIS-AOQL - zielone krzyzyki, PD-SP-ARSL - zéite kwadraty [A7].

Mozna zauwazy¢, ze rozwigzania a) dla ukladu PD-SP-ARSL zapewniaja
najnizsze koszty przestojow j1 oraz zajmowanej przestrzeni magazynowej j2. W
szczegolnosci, wyrazna przewaga ukladu PD-SP-ARSL nad uktadami PIS-AMIL i
PIS-AOQL w aspekcie minimalizacji kosztéw przestojow, reprezentowanych przez
kryterium ji, intensyfikuje si¢ w miare obnizania sie kosztow zajmowanej po-
wierzchni magazynowej j2. Z drugiej strony, w kontekscie popytu b), system PD-
SP-ARSL osigga najnizsze koszty zajmowanej powierzchni magazynowej. Jed-
nakze, w odniesieniu do kosztéw utraconych szans sprzedazy, system PIS-AOQL
uzyskuje niewielka przewage. Z uwagi na zblizone wartosci wskaznika kosztu ji,
mozna stwierdzi¢, ze oba ukfady charakteryzuja si¢ poréwnywalnymi kosztami
przestojow. Przechodzac, do oméwienia wynikéw otrzymanych dla odpowiedzi
czasowych, na Rysunku 12 zaprezentowano poziom utrzymywanych zapaséw dla

trapezoidalnego sygnatu zapotrzebowania.
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Rysunek 12. Poziom zapaséw y(k) dla trapezoidalnego sygnatu zapotrzebowania [A7].

Mozna zatem stwierdzi¢, ze uklad PD-SP-ARSL charakteryzuje sie lepsza od-
pornoscig na zmiany w zatozonym scenariuszu zapotrzebowania klientoéw. Uktad
PD-SP-ARSL utrzymuje najnizszy $redni poziom zapasu sposréd rozpatrywanych
ukladéw sterowania. Co wiecej, poziom ten jest wystarczajacy dla zmieniajacego
sie sygnalu zapotrzebowania rynkowego, co pozwala na osiggniecie nizszych kosz-

tow przestojow.

3.4. Analiza efektywnosci algorytmow optymalizacji
wielokryterialnej w zastosowaniu do automatycz-
nego sterowania zapasami

Z uwagi na ztozono$c¢ zadania optymalizacji w kontekscie systeméw dystry-
bucji produktéw, niezbedne jest stosowanie metod optymalizacyjnych do ustalania
optymalnych wartoéci parametréw uktadéw sterowania, poniewaz analityczne wy-
znaczenie optymalnego rozwigzania jest niemozliwe. Dodatkowo, wielowymiaro-
wos¢ przestrzeni potencjalnych rozwigzan sprawia, ze przeszukiwanie tej prze-
strzeni staje sie procesem czasochtonnym. W celu identyfikacji algorytmu optyma-
lizacji charakteryzujacego sie lepsza efektywnoscia, w pracy [A6] dokonano analizy
poréwnawczej dwoch standardowych algorytméw wykorzystywanych w optyma-
lizacji wielokryterialnej: SPEA2 (ang. Strength Pareto Evolutionary Algorithm 2)
oraz NSGA-II (ang. Nondominated Sorting Genetic Algorithm II).

W artykule [A6] poddano analizie efektywnoé¢ SPEA2 i NSGA-II w zastosowaniu
do optymalizacji uktadu sterowania systemem dystrybucji w ujeciu wielokryterial-
nym. Do oceny przyjeto powszechnie akceptowana miare jakosci uzywana do po-
rownywania aproksymagji frontow Pareto, tzw. wskaznik hiperobjetosci (ang. hy-
pervolume indicator, HYP), zwany inaczej metryka S (ang. S-metric). Do symulacji
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wykorzystano zaproponowana metode sterowania z regulatorem PD i zmodyfiko-
wanym predyktorem Smitha. Przyjeto trapezoidalny scenariusz sygnatu zapotrze-
bowania.

W badaniach nad optymalizacja niestacjonarnego systemu dystrybucji pro-
duktéw, gdzie wystepuja zmienne w czasie popyty i opéZnienia w transporcie oraz
produkcji, zauwazono, ze algorytm SPEA2 osigga lepsze wyniki w poréwnaniu do
NSGA-II. SPEA2 szybciej odnajduje najlepszy front Pareto wg. wskaznika HYP. Na
Rysunku 13 przedstawiono wartosci wskaznika HYP w zaleznosci od liczby iteracji
oraz rozmiaru populacji, kolejno a) dla algorytmu SPEA2 oraz b) dla algorytmu
NSGA-IIL

Hypervolume indicator
Hypervolume indicator

80
Iteration number

20
Population size 0 Population size
a) b)

20

Iteration number 0

Rysunek 13. Wartoé¢ wskaznika hiperobjetosci w zaleznosci od liczby iteracji (Iteration
number) oraz rozmiaru populacji (Population size) dla algorytmu SPEA2 a) oraz dla algo-
rytmu NSGA-II b) [A6].

Zaobserwowac mozna, ze algorytm SPEA2 wymaga okoto 70 iteracji do osia-
gniecia maksymalnych wartosci metryki HYP. Cechg szczeg6lng SPEA?2 jest zdol-
noé¢ do osiggania najwyzszych wartosci HYP juz przy matlej liczbie iteracji (ponizej
10), kiedy liczba osobnikéw w populacji przekracza 40. W przeciwienistwie do
SPEA2, NSGA-II nie osiagga tak efektywnych wynikéw przy malej liczbie iteracji,
nawet w przypadku duzych populacji (okoto 80 osobnikéw). NSGA-II notuje naj-
lepsze wyniki przy duzej populacji (wiecej niz 40 osobnikéw) oraz licznej liczbie
iteracji (powyzej 40). Ponadto, interesujacym zjawiskiem jest, ze HYP dla NSGA-II
spada do niemal zerowych wartosci dla populacji piecioosobowej, mimo wzrostu
liczby iteracji, podczas gdy SPEA2 w tych samych warunkach osiagga znacznie wyz-
sze wartosci HYP.

Podsumowujac, stwierdzono, ze dla automatycznego systemu sterowania
zapasami, algorytm SPEA2 osigga lepsze wyniki niz NSGA-II w rozwazanym sce-
nariuszu popytu. W szczego6lnosci, SPEA2 jest skuteczniejszy niz NSGA-II, gdy
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liczebnos¢ populacji oraz liczba iteracji sa niewielkie. SPEA2 szybciej znajduje naj-
lepszy front Pareto, ale jakos¢ tego frontu zalezy gléwnie od liczby iteracji. Jed-
nakze, gdy liczba iteracji i osobnikéw jest wysoka, wyniki obu algorytméw sa po-
dobne.

3.5. Sterowanie procesem dystrybucji produktéw nie-
trwalych

Systemy dystrybucji produktéw nie tylko musza radzi¢ sobie ze zmiennymi
i przedtuzajgcymi sie opéZnieniami w produkcji i dostawach oraz ze zmianami po-
pytu, ale r6wniez coraz wieksze znaczenie zyskuje ryzyko pogorszenia jakosci pro-
duktéw spowodowane naturalnymi procesami deterioracji. W odpowiedzi na te
wyzwania, badania [A9, A10, A11, A12] skupiaja si¢ na problematyce sterowania
systemami dystrybucji z produktami nietrwatymi, podatnymi na deterministyczne
i stochastyczne procesy psucia. Prace te koncentruja si¢ na opracowaniu metod za-
rzadzania systemami dystrybucji uwzgledniajacych niepewne procesy psucia [A9],
niepewne opdzZnienia czasu realizacji zamoéwieni [A10], oraz niepewny popyt [All,
A12].

3.5.1. Sterowanie procesem dystrybucji produktéow nietrwalych z
niepewnym procesem psucia sie z wykorzystaniem sieci neurono-
wych i wielokryterialnej optymalizacji odpornej

W pracy [A9] opracowano metode zarzadzania systemami dystrybucji pro-
duktéw nietrwalych z niepewnym procesem psucia, opartej na rozktadzie Weibulla
oraz regulatorach wykorzystujacych sieci neuronowe. Dokonano implementacji
sieci neuronowej oraz zastosowano odporng optymalizacje wielokryterialna do
problemu sterowania systemem dystrybucji produktéw nietrwatych o niepewnych
parametrach. Wykazano, réwniez przewage zaproponowanej metody nad podej-
$ciem nieuwzgledniajacym niepewnosci nietrwatosci produktéw na etapie optyma-
lizacji. Zaproponowana strukture modelu optymalizacyjnego dla ukladu z niepew-
nym procesem psucia przedstawiono na Rysunku 14.
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Rysunek 14. Zaproponowana struktura modelu optymalizacyjnego dla uktadu z niepew-

nym procesem psucia [A9].

Proces optymalizacji systemu rozpoczyna sie od zadania meta-optymalizacji.
Meta-optymalizacja jest wykorzystywana do wyboru optymalnej liczby neuronéw
w warstwie ukrytej. Zaklada sie, ze dla meta-optymalizacji rozwazanych jest piec
réznych liczb neuronéw: n={1,2,3,4,5}. Nastepnie, po wyborze liczby neuronéw n,
rozpoczyna sie proces uczenia regulatora sieci neuronowej. Dla procesu uczenia ge-
nerowany jest zestaw wektoréw stanéw poczatkowych dla modelu systemu maga-
zynowego [A2] przy uzyciu zbioru losowych liczb. Zestaw uczacy sktada sie z r6z-
nych scenariuszy stanéw zapaséw. Biorac pod uwage caly zakres zalozonych wa-
runkéw poczatkowych, obliczana jest suma kosztéw wskaznikoéw jakosci: przesto-
jOw Jn oraz koszt utrzymania nadmiaru zapaséw ponad zapotrzebowanie Jy. W ten
sposob jakos¢ jest oceniana nie tylko na podstawie pojedynczego scenariusza, ale
na podstawie zbioru scenariuszy popytu.

Opracowany regulator sieci neuronowej sklada sie z trzech warstw: wejscio-
wej, ukrytej oraz wyjsciowej. Przyjeto, iz opracowana sie¢ posiada jedng warstwe
ukryta, ktéra zawiera n neuronéw. Warstwa ukryta korzysta z liniowej funkcji
przejscia z nasyceniem (satlin), natomiast na warstwie wyjsciowej zastosowano do-
datnig, liniowa funkcje przejécia (poslin) nazywana réwniez ReLu (ang. Rectified
Linear Unit). Wejscie regulatora sieci neuronowej stanowi wektor stanu x(k) € Ry,
ktory reprezentuje liczbe produktéw majacych r6zny wiek i. Wyjscie sieci neurono-
wej to sygnal sterujacy u(k) € Ry, ktory jest generowang iloécia zaméwienia w celu
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zaspokojenia zapotrzebowania d (k) € R;,. Zastosowana struktura to sie¢ jednokie-
runkowa (ang. feedforward). Regulator na podstawie aktualnego wieku zapaséw i
dostaw w toku jest w stanie generowac optymalna wielko$¢ zaméwienia na kazdy
dzien k. Wagi sa elementami wektora v. Uczenie sieci neuronowej przeprowadzane
jest dla stalej wartosci zapotrzebowania d(k), ktére wynosi 1 jednostke na dzien,
jednakze przyjeto zbiér réznych warunkéw poczatkowych. W celach symulacyj-
nych, zaproponowano skalowanie zapotrzebowania, ktére zapewnia odpowiednie
dzialanie regulatora dla innych wartosci zapotrzebowania niz 1.

W celu weryfikacji uzytecznosci zaproponowanego podejscia, przeprowadzono ba-
dania symulacyjne z szerokim zakresem warunkéw poczatkowych. Na Rysunku 15
przedstawiono uzyskane fronty Pareto dla réznej liczby neuronéw w warstwie
ukrytej n € {1,2,3} oraz r6znych wartosci zakl6cenia procesu psucia sie produktéow
A €{0,0.2,0.5,1}.

.......... n=1,A=0
n=2,A=0
n=3,A=0
---------- n=1,A=0.2 |
n=2,A=0.2
n=3,A=0.2
n=2,A=0.5
= = =n=3 A=0.5
n=2,A=1

= = =n=3 A=1

0 0.02 0.04 0.06 0.08 0.1

Rysunek 15. Fronty Pareto uzyskane w procesie uczenia dla regulatoréw z r6zna liczbg
neuronéw 7 i modelu systemu magazynowego z niepewnoscia procesu psucia sie dla wy-

branych wartosci zaburzen [A9].

Jak mozna zauwazy¢, regulator z siecig posiadajacg jeden neuron w warstwie
ukrytej jest zdominowany przez rozwiazania dla n € {2,3} przy wszystkich rozwa-
zanych zakltéceniach A. Po drugie, wyniki dla n € {2,3} s podobne w przypadku
braku zaklécerr badZz malego zakresu zaklécerr A € {0,0.2}. Przewaga struktury z
trzema neuronami jest widoczna dla najwyzszych wartosci zaklocerr, w szczegol-
noéci réznica jest najbardziej znaczaca dla A=1.

Nie tylko proponowane rozwiazanie obniza koszty, ale réwniez zapewnia
odpornos¢ na niepewnoéc charakterystyczng dla proceséw nietrwatosci produk-
tow. Z badan wnika, ze odporny regulator neuronowy, zwtlaszcza dla n=3,

39



wykazuje poprawe efektywnosci w poré6wnaniu do klasycznego regulatora neuro-
nowego oraz odpornego kontrolera neuronowego z mniejsza liczba neuronéw w
warstwie ukrytej. Stwierdzono, ze odporna optymalizacja zapewnia osiagniecie o
okoto 18% lepszych rozwigzan niz podejécie bez odpornosci, mierzone wskazni-
kiem hiperobjetosci. Proponowane podejscie dostarcza formalnych podstaw do op-
tymalizacji systemow zarzadzania zapasami w rzeczywistych warunkach, umozli-
wiajac podejmowanie decyzji o zaméwieniach w obliczu niepewnosci zwigzanej z
nietrwaltoscig produktow.

3.5.2. Sterowanie procesem dystrybucji produktéow nietrwalych z
niepewnym op6znieniem dostaw z wykorzystaniem sieci neurono-
wych i algorytmu genetycznego

Osiagnieciem kolejnej pracy [A10] jest opracowanie metody dla sterowania
dystrybucja produktéw nietrwatych w obliczu niepewnosci czasu realizacji zamo-
wien. W sklad tej metody wchodzi struktura ukladu sterowania oraz model opty-
malizacyjny. Prezentowane podejscie do kontroli zapaséw wykorzystuje kombina-
¢je sztucznych sieci neuronowych oraz optymalizacji odpornej z wykorzystaniem

algorytmu genetycznego do strojenia wag sieci. Proponowane podejécie przedsta-

wia Rysunek 16.
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Rysunek 16. Zaproponowana struktura modelu optymalizacyjnego dla uktadu z niepew-
nym czasem realizacji zamowien [A10].

Podejscie to mozna opisa¢ nastepujgco: pierwszym krokiem jest wygenero-
wanie losowych warunkéw poczatkowych stanu zapaséw. Nastepnym krokiem
jest proces optymalizacji. Celem procesu optymalizacji jest dostrojenie wag sieci
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neuronowych, ktére minimalizuja koszty jakosci dla najgorszego scenariusza nie-
pewnosci czasu realizacji zamoéwient. Koszt jest reprezentowany jako wazona suma
utraconych sprzedazy i kosztow przechowywania nadwyzek zapaséw nad popy-
tem, przy zalozeniu, ze koszt utraconych sprzedazy jest trzykrotnie wyzszy niz
koszt przechowywania. Na koniec, proces testowania jest przeprowadzany przy
uzyciu ré6znych warunkéw poczatkowych stanu zapaséw i réznych niepewnosci
czasu realizacji zamoéwien.

Dla celéw badan symulacyjnych wygenerowano odpowiedzi czasowe dla najwiek-
szej wartosci czasu realizacji zamoéwien (sa=8) sposréd rozpatrywanych. Przykta-
dowe wyniki przedstawiono na Rysunku 17 oraz Rysunku 18.
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Rysunek 17. Utracone sprzedaze dla regulatoréw zoptymalizowanych przy uzyciu r6z-
nych ograniczen zaktécen 6 [A10].

Wida¢, ze najmniejsza liczba utraconych sprzedazy wystepuje 6 =3. Ta ob-
serwacja sugeruje, ze zmienny popyt jest zaspokajany z najwyzszym poziomem ob-
stugi dla ukladu strojonego na najwieksza wartos¢ niepewnosci: & =3 sposréd roz-
wazanych ukladéw sterowania. Wazne jest podkreslenie, Ze znaczace braki charak-

teryzuja nieodporny uklad sterowania 6=0. Kolejno, na Rysunku 18 przedstawiono
sygnal zamoéwien.
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Rysunek 18. Zamoéwienia dla regulatoréw zoptymalizowanych przy uzyciu ré6znych
ograniczen zaktéceni 6 [A10].
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Na Rysunku 18 mozna zauwazy¢, ze regulator dostrojony do zakt6cenia 6=3
oblicza zamo6wienia, ktére §ledza zmiany w popycie bez oscylacji i przeregulowar.
Pozostate uklady sterowania generuja oscylujace ilosci zamoéwieri, co skutkuje

wiekszymi przestojami, ktére sa widoczne na Rysunku 17.

3.5.3. Odporny neuronowy regulator przelaczalny w zastosowaniu
do sterowania procesem dystrybucji z produktami nietrwalymi w
warunkach zmiennego niepewnego popytu

Gléwnym osiggnieciem pracy [A11] jest opracowanie odpornego regulatora
na bazie sieci neuronowych, optymalizacji odpornej dla systeméw dystrybucji z
produktami, ktére sa nietrwale i narazone na niepewnoéc popytu. W szczego6lnosci,
niepewnos¢ popytu zostala uwzgledniona na etapie projektowania systemu stero-
wania dystrybucja produktéw. Ponadto, proponowany model optymalizacyjny po-
zwala na efektywne poszukiwanie najgorszego scenariusza w przestrzeni rozwia-
zan, wykorzystujac kryterium Walda. Co wiecej, zaproponowane podejscie zostato
zweryfikowane na rzeczywistych danych pochodzacych z taficucha dostaw sieci
Walmart.

W podejsciu zastosowano sztuczng sie¢ neuronowg jako regulator do stero-
wania przeptywem produktoéw nietrwatych w warunkach niepewnosci popytu. Za-
projektowany regulator posiada mechanizm przelaczania, ktéry umozliwia zmiane
wag sieci neuronowej online bez potrzeby prowadzenia obszernych obliczen. Prze-
taczanie odbywa sie na podstawie stosunku ruchomej odchylenia standardowego
(MSTD) do ruchomej éredniej (MAVG) popytu. Proponowany system sterowania

jest zaprezentowany na Rysunku 19.
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Rysunek 19. Schemat blokowy odpornego regulatora neuronowego z przetaczaniem
wag dedykowanego dla systeméw sterowania dystrybucja produktéw nietrwatych z nie-
pewnym popytem [A11].
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Pierwszym krokiem podejscia jest optymalizacja i projektowanie uktadu ste-
rowania w trybie offline, ktérego wynik obejmuje cztery zoptymalizowane wektory
wag sieci neuronowych v dla wszystkich rozwazanych typéw regulatoréw. Te op-
tymalne wektory sa pierwszymi danymi wejSciowymi dla bloku przetaczania wag
(ang. Weights Scheduling). Kolejne dane wejsciowe do bloku przelaczania wag to:
estymator MSTD i estymator MAVG. Na podstawie dwéch ostatnich danych wej-
sciowych dokonywany jest wybér wektora wag v. Wybrany wektor wag v jest sto-
sowany w odpornym regulatorze neuronowym (RNN - ang. Robust Neural Ne-
twork Controller). Nastepnie obliczany jest sygnat zaméwienia u(k), ktory jest wej-
sciem do modelu magazynu (ang. Inventory model). Model magazynu, oparty na
niepewnym popycie da(k) i zamoéwieniach u(k), generuje biezacy wektor stanu x(k).

W celu weryfikacji wynikéw osiggnietych przez zaproponowany uklad ste-
rowania, poréwnano wyniki z regulatorem neuronowym zaproponowanym w
pracy [A9], ktory w dalszej czesci analizy oznaczany bedzie jako RNN, za$ regulator
przeltaczajacy oznaczony jest jako SRNN (ang. Switching Robust Neural Network
controller). Rysunek 20 prezentuje dane dotyczace sprzedazy h(k) oraz poziomy za-
pasow y(k) dla magazynu z produktami o nietrwalym charakterze, ktérego wzorzec
popytu mozna scharakteryzowac jako réwnomierny (ang. smooth demand pat-
tern). W ramach pierwszego przypadku symulacyjnego dokonano poréwnania
efektywnosci dwoéch regulatoréw zarzadzania zapasami: jednego przykladowego
regulatora z grupy RNN - RNN3 oraz SRNN, gdzie liczba 3 oznacza wartoé¢ zabu-

rzenia, na ktora strojony jest dany regulator, w tym przypadku jest to 6 =3.

h(k) (units)

Aaanh JANT SRl R IR S STHRTUE 1]
100 200 300 400 500 600 700

Rysunek 20. Liczba sprzedanych produktéw h(k) i poziom zapaséw y(k) dla regulatoréw
RNN3 i SRNN w przypadku réwnomiernego wzorca popytu (ang. smooth demand pat-
tern) [A11].
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Mozna zauwazy¢, ze uklad z regulatorem RNN3 charakteryzuje sie wiek-
szymi przestojami w sprzedazy (momenty z zerowq sprzedaza sa wyraZnie czest-
sze) niz dla SRNN. Jesli chodzi o poziom zapaséw, wartoé¢ szczytowa poziomu
zapasOw dla RNN3 wynosi 334 jednostki, a Srednia 35 jednostek, natomiast dla
SRNN wynosi 276 jednostek, a érednia 30 jednostek. Interesujagcym wnioskiem jest
to, ze SRNN jest w stanie zapewnié¢ wyzsza sprzedaz przy nizszych poziomach za-
pasow w przypadku niepewnego i rownomiernego wzorca popytu. W kolejnym
etapie, przyjeto inny charakter popytu, tzw. popyt przerywany (ang. intermittent
demand pattern). Wykresy czasowe z symulacji z przerywanym popytem poka-
zano na Rysunku 21.

g% SR
§i20-
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i~
= 0 :
400 450 500 550 600
k (days)
:(;)\20 RNN2 T T T T
c =====SRNN
210 l
T, i N TN .
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Rysunek 21. Liczba sprzedanych produktéw h(k), liczba zepsutych produktéw z(k), sche-
mat przelgczania s(k) dla regulator6w RNN2 i SRNN w przypadku przerywanego wzorca
popytu (ang. intermittent demand pattern) [A11].

Pomimo podobnej sprzedazy h(k), straty z powodu proceséw nietrwalosci
z(k) sa znaczaco nizsze dla SRNN w poréwnaniu do RNN2. Na przyklad, dla k=613
w systemie z zaimplementowanym regulatorem SRNN straty z tytulu psucia sa
prawie pie¢ razy mniejsze. Warto zauwazyé, ze w przypadku przerywanego
wzorca popytu, regulator SRNN przetacza wagi sieci czterokrotnie, co mozna zo-
baczy¢ na Rysunku 21 na wykresie sygnatu s(k), ktory przyjmuje wartosci {0, 0.1, 0.2,
0.3} reprezentujace odpowiednio odporne regulatory neuronowe RNNO, RNNT1,
RNN2, RNN3.

Podsumowujac, zastosowanie regulatora SRNN w systemie dystrybucji pro-
duktéw nietrwalych pozwala na obnizenie funkcji kosztéw o okoto 8,97 % w porow-
naniu do regulatoréw RNN. Szczegélowo, obserwuje sie okoto 9,50% spadek po-
ziomu zapaséw przy uzyciu SRNN w przypadku réwnomiernego popytu, okolo
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8,15% przy popycie przerywanym, 7,17% dla popytu nieregularnego oraz 6,72% dla

popytu nierownomiernego.

3.5.4. Odporny regulator neuronowy oraz rozmyty estymator zmien-
nego niepewnego popytu w zastosowaniu do sterowania procesem
dystrybucji z produktami nietrwatymi

W pracy [A12] zaproponowano nowq metode rozwigzania problemu zarza-
dzania zapasami nietrwatymi w warunkach niepewnego popytu. W opracowanym
podejsciu sztuczne sieci neuronowe i logika rozmyta sa wykorzystane do sterowa-
nia dystrybucja produktéw. Sie¢ neuronowa jest uzywana do obliczania sygnalu
zamoOwienia, a logika rozmyta do korekty liczby wygenerowanych zamoéwien,
uwzgledniajac prognozowang niepewnosé. Wraz z tym przeprowadzana jest od-
porna optymalizacja z uzyciem algorytmu genetycznego (GA) i kryterium Walda.
Ponadto, zaproponowang metode wyréznia mozliwosé wiaczenia réznych wzor-
cow popytu do procesu optymalizacji, w tym przerywanego, nieregularnego, row-
nomiernego i nieréwnomiernego. Metoda ta wyréznia sie zdolnoscig adaptacji za-
chowania regulatora do przewidywanej niepewnosci bez koniecznoéci przeprowa-
dzania intensywnych obliczeri, dzieki zastosowaniu dwuetapowego procesu opty-

malizacji. Architektura proponowanego systemu sterowania zostata przedstawiona

na Rysunku 22.
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Rysunek 22. Architektura sterowania za pomoca regulatora odpornego regulatora neuro-

nowo-rozmytego (ang. Fuzzy Robust Neural Network) z rozmytym prognozowaniem
niepewnosci popytu, przeznaczonego dla systemoéw sterowania dystrybucja produktéw
nietrwalych ze zmiennym i niepewnym popytem [A12].
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Odporny regulator neuronowo-rozmyty (FRNN - ang. Fuzzy Robust Neural
Network) sklada sie z dwoéch gléwnych komponentéw: estymatora rozmytego
(ang. Fuzzy Logic Estimator) oraz zbioru odpornych regulatoréw neuronowych
(ang. Set of Robust Neural Network Controllers) z wagami podanymi wektorowo
{vo, v1,v2, .., vin1}. Wygenerowany optymalny zestaw wag jest uzywany w drugim
etapie optymalizacji, ktéry ma na celu znalezienie optymalnych wartosci parame-
trow estymatora rozmytego {p1, p2, p3, ps, ps} oraz estymatora popytu ps, biorac pod
uwage kryteria jakosci takie jak minimalizacja kosztu przestojow oraz kosztu prze-
chowywania zapaséw. Jadrem zautomatyzowanego systemu zarzadzania zapasa-
mi jest odporny regulator neuronowy, ktory jest odpowiedzialny za generowanie
sygnaléow zamowient dla czterech réznych pozioméw niepewnosci popytu. Zamo-
wienia generowane przez regulator dla popytu bez niepewnosci oznaczone sa jako
uo, podczas gdy te dla popytu z najwyzsza niepewnoécia oznaczone sa jako m-1,
gdzie m to liczba rozwazanych pozioméw niepewnosci. Aby okresli¢ przewidy-
wany popyt na przyszte produkty, operacje sa przeprowadzane na obecnym nie-
pewnym sygnale popytu. Obliczane sa dwa sygnaly: ruchomy wspétczynnik
zmiennoSci popytu dmev (MCV - ang. Moving Coefficient of Variation) oraz rézni-
cowy ruchomy wspétczynnik zmiennosci popytu damv (DMV - ang. Difference of
Moving Coefficient of Variation). Te dwa sygnaly stuza jako dane wejsciowe do es-
tymatora rozmytego. Celem estymatora rozmytego jest wygenerowanie prognozy
niepewnosci popytu Af na podstawie ruchomego wspoétczynnika zmiennosci po-

pytu dmev oraz réznicy ruchomej zmiennosci popytu ddmv.

W celu weryfikacji podejécia, przeprowadzono analize poréwnawcza z me-
todami referencyjnymi, takimi jak przetaczalny regulator neuronowy (SRNN - ang.
Switching Robust Neural Network), ktéry zostal zaproponowany w pracy [A11]
oraz proporcjonalny regulator zaméw-do-poziomu (POUT - ang. Proportional Or-
der-Up-To Level). W ramach tego poréwnania oceniano takie parametry jak war-
tos¢ funkcji kosztu, wspodlczynnik realizacji zamoéwient (ang. fill-rate), taczny po-
ziom zapasow, liczba zepsutych produktéw oraz analiza czasowa odpowiedzi sys-
temu dla wyselekcjonowanych scenariuszy popytu. Tabela 4 prezentuje wyniki
uzyskane z procesu optymalizacji dla regulatoréw SRNN, FRNN i POUT.
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Tabela 4. Wartosci funkgji kosztu dla systeméw sterowania FRNN, SRNN i POUT uzy-
skane dla dwéch réznych zbioréw popytu: zbioru optymalizacyjnego i zbioru testowego
(w nawiasach), dla r6znych rozmiaréw okna [A12].

FRNN x10* SRNN x10* POUT

Wzorzec \%st ” 14 30 7 14 30 -
popytu Wopt

. 20,81 20,14 20,79 20,84 20,31 20,86
4,79) (4,54 (4,76) (4,75) (4,56) (4,76)
Przerywany 14 20,83 20,10 20,71 21,00 20,22 20,90 29,92
(Intermittent) 4,77) (452) (4,72) (482) (458 (481) (6,76)
20,81 20,12 20,64 2096 20,26 20,79

N w7y @s) @73) 479 (458) (477)

. 3043 2897 2925 3014 2900 2940

Nieréwn. 6,75 (636) (642) (672) (639) (645)
omicmy 14 31,31 2849 2880 3170 2866 2881 32,72
(Lumpy) (7,15) (643) (648) (7,28) (650) (652) (7,27)

s 3160 2862 2854 31,63 2878 28,67

(7,25) (647) (644) (7,27) (651) (647)

o 1451 1444 1460 1453 1453 1474

(332) (329 (342) (332) (331) (345)
Rownomieny =~ 1480 1434 1454 1462 1446 1470 17,09

(Smooth) (A7) (333) (348) (340) (333) (349) (4,19)
14,66 1439 1442 1471 1455 14,57

NV 339) (331) (345 (340) (334) (3,49)
o 2075 2021 2087 2078 2050 21,13
(423) (415 (440) (421) (419) (443)
Nieregularny =~ 2085 2011 2081 2105 2033 2L00 2557
(Erratic) (424) (412) (440) (428) (417) (443) (598)
5 2090 2013 2073 2127 2041 2099

(423) (410) (436) (434) (418) (4,44)

W Tabeli 4 przedstawione sa wartosci funkcji kosztu dla r6znych rozmiaréw
okna Wopt, Wtest Oraz czterech wybranych wzorcow popytu, gdzie wopt to rozmiar
okna, ktéry byl uzywany podczas procesu optymalizacji (wymienione w wier-
szach), a Wtest to rozmiar okna uzywany do celéw testowych (wymienione w ko-
lumnach).

Na podstawie wartosci funkcji kosztu uzyskanych dla zbioru optymalizacyjnego,
regulator FRNN zdaje sie dostarcza¢ najlepsze wyniki w wiekszosci rozwazanych
scenariuszy. W szczegolnosci, w fazie uczenia, regulator FRNN zapewnil najnizsza
wartoé¢ funkcji kosztu dla 94% poréwnywanych scenariuszy wzgledem SRNN i
POUT. W fazie testowej, przewaga regulatora FRNN jest widoczna w 83% przeli-
czonych przypadkéw, ktére obejmuja trzy rézne rozmiary okien i cztery rézne
wzorce popytu. Regulator SRNN zajat drugie miejsce, za§ POUT trzecie. Przewaga
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FRNN nad POUT jest znaczaca, wahajac sie od 7% dla nieréwnomiernego wzorca
popytu przy rozmiarze okna 7 do 33% dla przerywanego popytu przy rozmiarze
okna 14. Z kolei, przewaga FRNN nad SRNN jest najbardziej wyrazna w przypad-
kach nieré6wnomiernego wzorca popytu, gdzie maksymalna przewaga wynosi
okoto 2%. Na Rysunku 23 pokazano zoptymalizowane funkcje przynaleznosci

otrzymane dla 4 rozpatrywanych wzorcéw popytu.
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Rysunek 23. Wyniki optymalizacji parametréw funkcji przynaleznosci dla FRNN [A12].

W przypadku réwnomiernego popytu (smooth demand), funkcja przynalez-
nosci low dominuje i obejmuje prawie caly zakres wejsciowy. Natomiast w obecno-
Sci przerywanego popytu (intermittent demand), udziaty funkcji low i high pozo-
staja bardzo podobne jak dla réwnomiernego popytu (smooth demand), jednakze
funkcja medium ma wiekszy udzial. Warto zauwazy¢, ze w przypadkach nieregu-
larnego popytu (erratic demand), funkcja medium przyjmuje wiekszy udziat niz dla
rownomiernego (smooth demand) i przerywanego popytu (intermittent demand).
Co wiecej, w przypadku nieréwnomiernego popytu (lumpy demand), udziaty
wszystkich funkgji przynaleznoéci staja si¢ bardziej zréwnowazone.

Nastepnie, odpowiedZ systemu na popyt nieréwnomierny przedstawiono na Ry-

sunku 24 oraz Rysunku 25, odpowiednio dla sygnatéw produktéw sprzedanych i
poziomu zapasow.
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Rysunek 24. Sprzedane produkty dla FRNN i POUT w przypadku popytu nieréwnomier-
nego (ang. lumpy demand) [A12].
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Rysunek 25. Poziom zapaséw dla FRNN i POUT w przypadku popytu nieréwnomiernego
(ang. lumpy demand) [A12].

W przypadku popytu nieréwnomiernego, przewaga FRNN w spelnianiu po-
trzeb klientéw jest znaczaca i wynosi 14% w poréwnaniu do wynikéw uzyskanych
przez POUT. Chociaz FRNN osiagnat te przewage, ponoszac wyzsze koszty utrzy-
mania zapasoéw, ostatecznie okazalo sie bardziej oplacalne niz zapewnienie niz-
szego wspolczynnika realizacji zaméwien.

W odniesieniu do automatycznego generowania zaméwierh mozna stwier-
dzi¢, ze proponowany regulator FRNN ma przewage nad POUT i SRNN. W konse-
kwencji FRNN jest bardziej wrazliwy na niepewnosci popytu w systemie zarzadza-
nia zapasami niz POUT i SRNN. Mozna stwierdzi¢, iz proponowane podejscie
moze przyczynic sie do rozwoju rozwigzan dla systeméw zarzadzania zapasami,
majacych na celu usprawnienie algorytmoéw kontrolujacych cykle uzupetniania nie-
trwatych zapaséw z niepewnym popytem oraz ich automatyzacje.
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Podsumowanie

W zaprezentowanym monotematycznym cyklu 12 publikacji, dotyczacych
metod sterowania i optymalizacji systemow dystrybucji o r6znej trwatosci w obli-
czu dlugich, zmiennych i niepewnych opdZniei, zmiennego i niepewnego popytu
oraz niepewnego procesu psucia si¢ produktéw, przeprowadzono szereg badan sy-
mulacyjnych, z wykorzystaniem wygenerowanych oraz rzeczywistych sygnatow
zapotrzebowania oraz implementacji opracowanych metod, tacznie z analizami po-
rownawczymi wykazujacymi przewage proponowanych metod nad obecnie istnie-
jacymi.

Wyniki, ktére osiagnieto potwierdzaja postawiong teze o mozliwosci po-
prawy jakosci sterowania systemem dystrybucji, szczeg6lnie w warunkach niepew-
nosci zwigzanych z op6znieniami dostaw i zmiennym zapotrzebowaniem rynko-
wym poprzez zastosowanie dyskretnych modeli dynamicznych, wspieranych
przez nowoczesne techniki optymalizacji jedno- i wielokryterialnej oraz metody
sztucznej inteligengji.

Na podstawie uzyskanych wynikéw wykazano, ze opracowany hybrydowy
model systemu magazynowego dla produktéw nietrwalych uwzglednia szeroki za-
kres wlasciwosci systeméw magazynowych, takich jak procesy psucia sie towaréw
podczas transportu, dni zamkniecia, opéznienia w dostawach oraz losow3 i stala
trwatos¢ produktow, a takze polityki wydawania FIFO i LIFO. Zaproponowane me-
tody sterowania dla produktéw nietrwatych osiggaja lepsze wyniki niz klasyczne
metody, takie jak metoda cyklicznego zamawiania, metoda punktu zamawiania
oraz regulator zaméw-do-poziomu. W przypadku systeméw z produktami nie-
trwalymi wykazano, ze zastosowanie optymalizacji odpornej oraz zaprojektowa-
nego regulatora opartego na sieciach neuronowych i logice rozmytej pozwala na
poprawe efektywnosci systemu dystrybucji. Ponadto, niniejsza praca przyczynia
sie do rozwoju metod, ktére moga znalez¢ zastosowanie w automatyzacji systemow
dystrybucji i moga by¢ implementowane w systemach zarzadzania magazynem -
WMS (ang. Warehouse Management System).
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Mozliwe kierunki przysztych badani obejmuja analize polityki wydawania
LIFO (ang. Last-In, First-Out). W kontekscie sprzedazy zywnosci klienci maja ten-
dencje do wybierania najswiezszych produktéw, chyba ze istnieje zacheta cenowa,
co mozna modelowa¢ za pomoca polityki wydawania LIFO. Ponadto, interesuja-
cym kierunkiem badawczym jest rozwoj zaawansowanych technik prognozowania
specjalnie dostosowanych do towaréw nietrwalych oraz badanie stosowania strate-
gii dynamicznego ksztaltowania cen w celu optymalizacji zaspokajania potrzeb

klientow i pozioméw zapaséw w przypadkach réznych charakterystyk wzorcow
popytu.
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Wraz z rozwojem technologii oraz powstaniem coraz
to bardziej rozwinietych przedsiebiorstw pojawita sie
potrzeba efektywnej organizacji wewnetrznej jednostki
odpowiedzialnej za przeptyw towaru. Z tego wzgledu
zarzadzanie wspolczesnymi przedsiebiorstwami jest
procesem bardzo ztozonym [7]. Skomplikowanie me-
chanizmu funkcjonowania osrodkéw produkcyjnych
wynika, réwniez z mnogosci strumieni dobr oraz przy-
pisanych im strumieni informacyjnych, ktére oddzia-
tuja ze soba — uzupetniajg sie, badz krzyzuja [6]. Kon-
kurencyjnos¢ w coraz wiekszym stopniu warunkowana
jest przez wykorzystywane technologie oraz przez inno-
wacyjnos¢ [8]. Konieczno$¢ podnoszenia efektywnosci
gospodarowania pociagneta za soba wdrazanie coraz to
nowoczesniejszych metod matematycznych i statystycz-
nych bedacych dotychczas przedmiotem rozwazan teo-
retykow [11].

W celu ulepszenia funkcjonowania dziatalnosci ma-
gazynow stosuje sie szereg metod — poczawszy od zaso-
béw ludzkich, po zasoby stricte zwigzane z produktami.
Powstalo szereg systemow, w tym ekspertowych, ktdre
wykorzystujg rézne algorytmy sterowania przeptywem
daébr: [7], [10], [20], [21]. Zarzadzanie przeptywami moze
zachodzi¢ w skali makroekonomicznej — w gospodarce
danego kraju, jak rowniez w skali mikroekonomicznej
- w przedsiebiorstwach i réznego typu organizacjach.
Gtowna sktadowa inwestycji, ktora podlega unowocze-
$nianiu jest system magazynowy. Przewodnim celem
systemoéw ulepszajacych przeptyw dobr jest minimali-
zacja kosztow. Przeklada sie to na minimalizacje miejsca
sktadowania zasobdéw oraz zlikwidowanie przestojow
w dostawach i sprzedazy. Integralnym elementem logi-
stycznego tancucha dostaw jest transport — opdznienia
z nim zwigzane[9].

Systemy zarzadzania gospodarka magazynowa, opra-
cowane na poczatku lat 60. XX wieku byty pierwszymi
systemami wspomagajacymi zarzadzanie przedsiebior-
stwem. Wspoélczesne tendencje pokazuja, ze rynek zmie-
rza w kierunku pelnej automatyzacji produkcji, maga-
zynowania oraz transportu wewnatrz zakfadowegol[6].

Odpowiednia polityka zarzadzania zapasami ma klu-
czowe znaczenie dla wydajnosci produkcji i handlu oraz
funkcjonowania systemow logistycznych [2]. Z punk-

tu widzenia logistyki, magazynowanie stanowi bufor
w przeptywie materiatow [12],[13]. Magazyn produkcyj-
ny jest miejscem przechowywania materiatéw, surow-
cow, potproduktoéw itp. wykorzystywanych w procesie
wytwarzania wyrobdw, zas magazynowanie jest jed-
nym z elementéw gospodarowania zapasami. W ujeciu
systemowym magazyn produkcyjny mozna przedstawic
jako obiekt systemu, w ktérym na wejsciu sa dostawy
zwiekszajace stan zapaséw a na wyjsciu pobierane sa
materiaty potrzebne do produkcji.

System magazynowy obejmuje gtéwne sktadniki, ktd-
re mozna scharakteryzowac jako:
¢ dziatania zwigzane z przygotowaniem i skompletowa-
niem zamdéwienia i przygotowaniem do wysytki - wy-
stepuje opdoznienie pomiedzy faza produkcji, a dostar-
czeniem towaru
kumulowanie produktéw w oczekiwaniu na transport
- zwiazane ze srodkiem transportu stuzacym do do-
starczania zamdéwien. Wystepuje tutaj kolejne opoz-
nienie zmienne w czasie zwigzane z ustalonymi ter-
minami kursowania $rodkow transportu, na przyktad
statkow, co ma szczegdlne znaczenie w przypadku,
gdy wielkos¢ zamdwienia nie uzasadnia czarteru ca-
tego srodka transportu
opoznienie wynikajace z przewozu zamoéwienia $rod-
kiem transportu
kumulowanie dostarczonych produktow w magazynie
pomniejszone o produkty zuzywane lub sprzedawane
do odbiorcow koncowych.

k)
| d)
PRODUKCJIA| | - MAGAZYN | Bk | gy pNt
2 TRANSPORT

Rys. 1. Schemat blokowy systemu magazynowego.
Zrédfo: opracowanie wlasne.

[lustracje rozpatrywanego systemu magazynowego
przedstawia rysunek 1. W przypadku magazynu dla
jednego asortymentu (jeden rodzaj materialu) w mo-
delu wystepuje jeden sygnal wejsciowy, obrazujacy
dostawy i jeden wyjsciowy obrazujacy potrzeby pro-
dukcyjne.
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Magazynowanie i transport wewnetrzny

Do analizy i modelowania przeptywu débr w syste-
mie magazynowym mozna wykorzysta¢ metody opisane
w [20], [22] oraz wybrane rezultaty z prac zwiagzanych
z problematyka powstawania zatoréw i blokad komu-
nikacyjnych w sieciach komputerowych o zmiennych
w czasie parametrach [1], [5], [14], [16], [18], [19].

Gtéwnym celem artykutu jest adaptacja i rozbudowa
modelu matematycznego systemu magazynowego. In-
nowacja jest uwzglednienie niestacjonarnosci wystepu-
jacych w systemie opdznien zwigzanych z wykorzysty-
wanymi srodkami transportu. Tres¢ obejmuje analize
literaturowq zagadnien zwiazanych ze sterowaniem za-
pasami magazynowymi. Na bazie przeprowadzone;
analizy zaproponowano model matematyczny systemu,
a nastepnie dokonano jego wstepnej weryfikacji na dro-
dze symulacji komputerowych w srodowisku Matlab/Si-
mulink dla réznych scenariuszy zachowania sie rynku.

Model matematyczny

[los¢ produktow, ktére potencjalnie moga by¢ sprze-
dane z magazynu, jest modelowana jako pewna, niezna-
na z gory ograniczona funkcja czasu:

0<d(k)<d,, 1)

Gdzie d_, maksymalna iloscia produktow sprzeda-
wanych w jednostce czasu.

Chwilowe wartosci d (k) podlegaja wahaniom w cza-
sie i zaleza od zapotrzebowania na rynku. Zapotrzebo-
wanie na produkty jest w ogdlnosci zmienne w czasie.

ponadto

x(k)=0, u(k)=0 )

Jezeli ilo$¢ produktow w magazynie jest wystarcza-
jaco duza y(k) > d(k) , wowczas w chwili k zachodzi
d(k)=h(k).

Z punktu widzenia sterowania przeptywem towaru
istotne jest utrzymanie okreslonych zapaséw w magazy-
nie, niezaleznie od chwilowych zmian zapotrzebowania
klientéw, tak, aby nie doszto do sytuacji w ktérej maga-
zyn bedzie pusty, badz ilos¢ przechowywanych produk-
tow bedzie nadmierna lub wrecz przekracza pojemno$é
magazynuy, .

W celu uwzglednienia w modelu zmiennego w czasie
opdznienia zwiazanego z kumulacjg produktéw w ocze-
kiwaniu na transport wprowadzono wspotczynnik wy-
sytki w chwili czasu k, okreslony w nastepujacy sposob:

0 - wysyka
q(k)= o
1 - oczekiwanie na transport

Ilo$¢ produktow wyruszajacych do magazynu w chwi-
li czasu k bedzie spetniac nastepujaca zaleznos¢:

p(k)=(1=q(k))x(¥)

Ilos¢ produktéow oczekujacych na wysytke w chwili
czasu k, jest okreslona nastepujaca zalezno$cia:

(7)x(k):q(k—l)x(k—1)+u(k—rp)

®)

Q)

[lo$¢ produktéw wystanych z magazynu h(k) jest row-
niez zalezna od zapaséw magazynowych y k3 i spet-  bedzie zatem rowna:
nia nastepujace nieréwnosci: k k
p(k)=2u(l=7,)[Ta()  ®
0<h(k)<d(k)<d,,, @) [ il
llo$¢ produktéw zgromadzonych w magazynie
oraz w chwili czasu k, zwana stanem magazynu bedzie zatem
dana w nastepujacy sposdb:
0<h(k)<y(k)<y,m  ©
A e e e
| MAGAZYN
|
|
,,,,,,,,,,,,,,,,, I —
T rmemen 7 | H
| : } TRANSPORT ::
: & ':
; [ :I
= b = pen 1; i-
4 } N 'x(k) i ‘ 4 : Delay4 Saturation2 1 W
u(k) : Saturation] Delay] 1 | Delay2  Product Product! DEIEY3|I Z-1 :
““““““““ } 1(1) |Fen =1 ‘
z1 Ronaaing e oo o S o e B o]
| Sequence |
} ¢ Star |
!
TR Y. ——]
Rys. 2. Model systemu.
Zrédffo: opracowanie wlasne.
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Magazynowanie i transport wewnetrzny

y(k)=y(k=1)+(1-q(k))x(k=7,)=h(k) ©)
Kompletny dyskretny dynamiczny model mozna zapi-
sa¢ w nastepujacy sposob:

x(k)=q(k—l)x(k—1)+u(k—rp)
oy (k)=y(k-1)+(1-q(k))x(k-7,)-h(k)

Przy zatozeniu, Ze znane sa opo6znienia T,, T, oraz
funkcja g(k) dla k€ N, powyzszy model jest typo-
wym liniowym, niestacjonarnym, dyskretnym modelem
ukladu dynamicznego, dla ktérego mozna stosowac me-
tody podane miedzy innymi w pracach [3], [4], [15], [17].
Szczegotowy schemat blokowy analizowanego systemu
zostat przestawiony rysunku 2.

Na schemacie wystepuja nastepujace opdznienia:

7, — opoOznienie produkcyjne — zwiazane z czasem
potrzebnym na wyprodukowanie badz skompletowanie
zamdwienia.

7, - interwal czasu - niezbedny na przetransporto-
wanie zamowionych produktéw do magazynu bez czasu
oczekiwania na transport.

T, (k) - opodznienie zalezne od czasu zwiazane
z oczekiwaniem na srodek transportu i kumulacje za-
mowien.

Symulacja

Do symulacji zastosowano liniowy, niestacjonarny,
dyskretny model uktadu dynamicznego systemu maga-
zynowego utworzony w programie Matlab/Simulink. Do
rozwazan przyjeto dwa scenariusze sytuacji na rynku
oraz ilos¢ przychodzacego w k-tym dniu zamodwienia.
W przykladzie dokonano symulacji komputerowej prze-
ptywu towaréw w magazynie ze zmiennym w czasie
opoznieniem. Przedmiotem analizy jest wielko$¢ zapa-
sow w magazynie. Na potrzeby symulacji przyjeto, iz
uktad jest opisany dyskretnym, niestacjonarnym mode-

160 T T T T T

140 - ‘

|

201

180 200

20 L L I I L L
0 20 40 60 80 100 120

Kk

L L
140 160

lem liniowym (10) z ograniczeniami sygnatéw (1)-(4).
Na potrzeby pierwszej symulacji numerycznej modelu
(1)-(4),(10) przyjeto, scenariusz w ktérym brak jest za-
potrzebowania ze strony klientow, czyli d(k)=0 i h(k)=0
oraz jednostkowa znormalizowana dopuszczalna ilos¢
zamowienia k-tego dnia - u(k)=1. Na rysunku 3 pokazana
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150
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Rys. 4. Zatozona funkeja zapotrzebowania rynku na produkty dla scenariusza Il
Zrédfo: opracowanie wlasne.
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Rys. 5. llo¢ produktéw wystanych z magazynu w funkeji czasu dyskretnego dla
zafozonej funkeji zapotrzebowania rynku — scenariusz |l.
Zrédfo: opracowanie wlasne.
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Rys. 3. Odpowiedz skokowa uktadu - stan zapaséw magazynowych w funkii cza-
su dyskretnego — scenariusz |
Zrédfo: opracowanie wiasne.
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Rys. 6. Stan zapaséw magazynowych w funkeji czasu dyskretnego dla zatozonej
leJnkcii zapotrzebowania rynku - scenariusz Il.
Zrédfo: opracowanie wiasne.
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jest odpowiedz skokowa uktadu - ilo$¢ zapaséw w ma-
gazynie przy braku wysytek produktéow z magazynu do
klienta (braku zapotrzebowania).

Kolejne symulacje zostaly przeprowadzone na ry-
sunkach 51 6 z liniowym przebiegiem zapotrzebowa-
nia klientéw na rysunku 4, za$ u(k)=100. Przyjeto po-
czatkowe zapotrzebowanie na 50 jednostek w jednostce
czasu. Zaktadany okres probkowania wynosi 1 dzien.
Zaktadamy, ze odbiér towaréw przez firme spedycyjna
odbywa sie raz na 4 tygodnie. Nastepuje zatem kumu-
lacja produktéw oczekujacych na wysyltke. Jako funk-
cje q(k) przyjeto funkcje periodyczna, dang w nastepu-
jacej postaci:

0 dla rem(k,28)=0
q(k)z{ (k,28) (5)

1 rem(k,28) #0

gdzie: funkcja rem jest resztg z dzielenia.

Z rysunku 4 oraz z analizy przebiegéw mozna wy-
wnioskowa¢, ze w sytuacji, kiedy zmienia si¢ zapotrze-
bowanie na rynku, zas u(k)=const, przedstawiony model
nie nadaza nad zmianami zapotrzebowania. Wystepuja
wtedy wigksze opodznienia zwigzane z dostarczeniem
produktu do klienta. Gdy system zamawiania jest staty,
u(k)=const, ilo$¢ towaru nie zapewnia doboru odpowied-
nich zapaséw w magazynie w stosunku do zmiennego
w czasie zapotrzebowania klientow.

Whioski

Przeprowadzona analiza literaturowa tematu oraz
opisane w pracy zaleznosci umozliwily stworzenie
dyskretnego, dynamicznego niestacjonarnego modelu
matematycznego systemu magazynowego. Uzyskane
obecnie wyniki z badan symulacyjnych w $rodowisku
Matlab/Simulink wykazuja zgodnos¢ modelu z zatoze-
niami oraz potwierdzaja poprawnos¢ dziatania dla roz-
patrywanych warunkéw symulacji.

W dalszej kolejnosci planowane jest rozszerzenie pro-
wadzonych prac o wykorzystanie modelu do syntezy
optymalnego sterowania zamoéwieniami majace na celu
optymalizacje przeptywu towaréw w magazynie.

Streszczenie

W pracy dokonano analizy literaturowej zagadnien
zwiazanych z modelowaniem systeméw magazynowych.
Nastepnie zaproponowano dyskretny, dynamiczny mo-
del systemu magazynowego z uwzglednieniem opdznien
dostaw, opdznien dotyczacych realizacji zamdéwienia
oraz zmiennych w czasie opdznien zwigzanych z ocze-
kiwaniem na transport. Wskazano mozliwos¢ rozbudo-
wy modelu w celu optymalizacji fizycznego przeptywu
produktéow od producenta na rynek, poczawszy od eta-
pu wytwarzania, skonczywszy na etapie doreczenia to-

Logistyka 4/2015

=]
| B
L |
]
0),40)0
n
S~
=
=
N
o
=
D 0
' =1 = =
- ‘-—.
¢ [ . .
e Proa e Oop ponaad
at do ad enla Prod ora
ep e d O Old
PO P e d a ep awe
O1E€S]0INa e o e OWeE
p 0 0
0 6 0 0 p 01 500 100
0 Op po e zgod ope
1]} A
) aped

31




Magazynowanie i transport wewnetrzny

waru do klientéw. Problem ten jest istotny w przedsie-
biorstwach produkcyjnych i handlowych, ktére daza do
minimalizacji czasu realizacji operacji magazynowych
i maksymalizacji przepustowosci magazynu przy za-
pewnieniu ciaglosci procesu produkcyjnego i sprzedazy.
W koncowej czedci przedstawione sg wyniki symulacji
komputerowych w $rodowisku MATLAB/ Simulink.

Stowa kluczowe: ukfad niestacjonarny, matematycz-
ny model magazynu, systemy dyskretne.

Dynamic discrete-time model of a warehouse
system with time-varying delay

Abstract

This work includes analysis of the literature related
to issues in the inventory control. On the basis of the
analysis of the inventory system, we proposed mathe-
matical model and then made its initial verification in
the way of computer simulation in Matlab / Simulink
for different scenarios of the market behavior. The sim-
ulation was designed to reflect the dynamic phenome-
na connected with inventory control. This is a suitable
foundation to design a stable control strategy which
will minimize lost service favorable circumstances (oc-
curring when only a part of the required demand can
be satisfied from the stock available at the distribution
center. Such a model enables the use of existing synthe-
sis methods of control to avoid demurrages and min-
imize their effects. A block diagram of an inventory
system with delay varying in time is presented in Fig.1.
The last part of this paper presents the results of a sim-
ulation of the developed model in Fig.2. The graph of
this responses is shown in Figs. 3,5 and 6.

The paper presents a mathematical model of a ware-
house system with time-varying delivery delay. The aim
of this work is to adapt and extend the mathematical
model and analyze the mechanism of flow of goods
associated with inventory management. The work con-
tains an introduction with literature review, simulation
and potential future research directions. The first part
of the paper is focused on crucial facts about the inven-
tory phenomena over the years. There are a number of
theorems and techniques that view inventory manage-
ment from variant perspectives. Modern enterprises
have to make inventory decisions that benefit the entire
supply chain to maximize profit and minimize costs. In
this article, we want to show not only the mathematics
associated with proper inventory control but also the
mechanism of managing inventory. Striking a balance
between operating savings and the costs and capital re-
quirements associated with larger stock is the funda-
mental problem of inventory policy.

Keywords: inventory control, inventory system, vari-
able delay, discrete-time systems.
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Sterowanie przeprywem towarow W magazynie
7 Wykorzystaniem predyktora Smitha

Ewelina Chotodowicz, Przemystaw Ortowski

Zachodniopomorski Uniwersytet Technologiczny w Szczecinie, ul. Sikorskiego 37 70-313, Szczecin

Streszczenie: w pracy przedstawiono wyniki analizy literaturowej zagadnien zwigzanych ze
sterowaniem przeptywem materiatéw w systemach magazynowych. Na podstawie zaproponowanego
dyskretnego, niestacjonarnego, dynamicznego modelu systemu magazynowego ze zmiennym

w czasie opdznieniem stworzono uktad sterowania. Przedstawiona koncepcja usprawnienia
przeptywu towardw wykorzystuje predyktor Smitha z regulatorem PID. Do doboru optymalnych
nastaw parametréw uktadu regulacji zastosowany zostat algorytm genetyczny. Wskaznik jakosci
skonstruowano na bazie: kosztéw tworzenia i utrzymania zapasow oraz utraconych zyskow,

tj. réznic miedzy zapotrzebowaniem a sprzedazg produktdéw. Wskaznik ten odzwierciedla, jak system
sterowania zamdwieniami nadgza za zmieniajgcymi sie potrzebami rynku. Problem ten jest istotny

w przedsiebiorstwach produkcyjnych i handlowych, ktére dgzg do minimalizacji czasu realizacji
operacji magazynowych i maksymalizacji przepustowosci magazynu przy zapewnieniu ciggtosci
procesu produkcyjnego i sprzedazy. Sformutowano opis matematyczny systemu sterowania oraz
problemu optymalizacji. Dokonano jego implementacji stosujgc algorytm genetyczny. Przedstawione
zostaty wyniki badan symulacyjnych ukazujgce jako$¢ zaproponowanego ukfadu regulacji

w Srodowisku MATLAB/Simulink.

Stowa kluczowe: uktad niestacjonarny, matematyczny model magazynu, systemy dyskretne, uktad sterowania, predyktor Smitha, requlator PID

1. Wprowadzenie

U podstaw rozwoju metod i technik zarzadzania produkcja
znajduje si¢ potrzeba poprawy jakosci oraz gltéwnie rynek
charakteryzujacy sie duza konkurencyjnosécia. Wywierana jest
presja na przedsiebiorstwa, ktére poprzez podnoszenie jakosci
produktéw staraja sie zwiekszy¢ swoja atrakcyjnosc.

Zjawisko wystepowania przestojéw w systemach magazyno-
wych jest zwigzane zaréwno z czynnikami losowymi, takimi
jak bledy pracownikéw, wypadki, katastrofy, kradzieze oraz
wszelkiego rodzaju zakltdcenia, jak i przede wszystkim z pozio-
mem zastosowanej technologii.

Jedng z gtéwnych metod pozwalajacych na zminimalizo-
wanie strat jest dobér odpowiedniej polityki zarzadzania zapa-
sami. Wspélczesny magazyn jest bowiem postrzegany jako
miejsce optymalizacji poziomu zapasow, skracania cykli realiza-
cji zamowien, ksztaltowania poziomu obshugi klienta, a przez to
obnizania kosztéw logistycznych. Gléwnym powodem tworzenia
zapasow jest koniecznosé wyréwnywania réznych intensywnosci
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strumieni przeplywéw [1]. Priorytetem jest zapewnienie odpo-
wiedniego poziomu obslugi klientéw z uwzglednieniem jakosci
i stosunku do calosci zrealizowanych zaméwien.

W krajach wysoko uprzemyslowionych gléwny kierunek
rozwoju przemystu to racjonalizacja przeplywu materialéw,
graniczna minimalizacja zapaséw oraz redukcja cykli produk-
cyjnych [2]. W licznej grupie czolowych japoriskich firm pro-
ces produkcyjny prowadzony jest przy niemal zerowym stanie
zapaséw [3].

Znaczna czes$é kosztéw logistycznych (przewaznie od 20 %
do 30 %) jest generowana przez utrzymywane zapasy [4]. Znale-
zienie optymalnej wielkosci poziomu zapasu, ktéra uwzglednia
procesy zakupéw (produkcji) i sprzedazy stanowi warunek dla
skutecznego i efektywnego zarzadzania zapasami [4]. Koordy-
nacja tych procesow w logistycznym tancuchu dostaw pozwala
przedsigbiorstwu osiggnaé¢ sukces na rynku.

W sterowaniu zapasami nalezy rowniez uwzgledniaé takze
koszt braku (wyczerpania) zapasu [5]. W koszt ten wchodza:
koszty posrednie — zwiazane z mozliwoscia przejecia klien-
t6w przez konkurencje (pogorszenie si¢ wizerunku firmy) oraz
koszty bezposrednie — utrata marzy handlowej na skutek braku
towaru [1].

Trudno jest uzyskaé zadowalajace efekty zwiagzane z ukla-
dem sterowania w systemach z opdznieniem, co stanowi funda-
mentalny problem w wielu procesach regulacji. Z kolei magazyn
umozliwia skracanie czasu uplywajacego miedzy otrzymaniem
zamoéwienia od klienta, a realizacja dostawy [2].

Podejscie Rosenblatta i Rolla [6] optymalizuje trzy rodzaje
kosztow: koszty zwiazane z poczatkowa inwestycja — budowa
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i konserwacja, koszty niedoboru towaréw i przestojow oraz
koszty zwiazane z polityka przechowywania proporcjonalne
z reguly do zajmowanego miejsca w magazynie.

Powyzsze przyklady wskazuja na to, ze rozwiazania zmierza-
jace do minimalizacji kapitatu, kosztow, a w efekcie do maksy-
malizacji zysku sa zagadnieniem istotnym i potrzebnym.

Pojawia sie coraz wiecej metod usprawnienia przeplywu
materialéw w systemie magazynowym, ktére wykorzystuja z kolei
coraz to bardziej zaawansowane techniki sterowania [7-10].

W pracy [7] rozwazany jest liniowy stacjonarny uklad dys-
kretny ze stalym opdznieniem do skutecznej kontroli systeméw
magazynowych z towarami tatwo psujacymi sie, z wykorzysta-
niem metod opartych na sterowaniu Slizgowym. W pracy [§]
wykorzystano sterowanie liniowo-kwadratowe w celu wyelimino-
wania zagrozenia tzw. efektu byczego bicza (ang. bullwhip effect).

W przypadku obiektéw uwarunkowanych niepewnoscia do
sterowania systemami magazynowym sprawdzaja si¢ metody
sztucznej inteligencji — w pracy [11] zastosowano logike rozmyta
do usprawnienia przeplywu materialéw w magazynie.

Uklady regulacji dla obiektéw z opdznieniem bazujace na
koncepcji predyktora Smitha, majg szerokie zastosowanie nie
tylko w procesach przemystowych [12]. Do analizy i modelowania
przeptywu débr w systemie magazynowym mozna wykorzystacé
wybrane rezultaty z prac zwiazanych z problematyka powsta-
wania zatorow i blokad komunikacyjnych w sieciach kompute-
rowych o zmiennych w czasie parametrach [13-17].

W niniejszej pracy zaproponowano uklad sterowania dla sys-
temu magazynowego polegajacy na adaptacji predyktora Smitha
dla ukladu niestacjonarnego z ograniczeniami sygnaléw oraz
z optymalizacja parametréw ukltadu z wykorzystaniem algo-
rytmu genetycznego.

2. Model matematyczny

Model matematyczny systemu magazynowego wraz ze szcze-
gélowym opisem zostal podany w pracy [18]. Ponizej podano
najwazniejsze informacje.

Liczba produktéw, ktére potencjalnie mogg by¢ sprzedane
z magazynu jest modelowana jako pewna, nieznana z gory ogra-
niczona funkcja czasu: 0 < d(k) < d_ . Chwilowe wartoéci d(k)
podlegaja wahaniom w czasie i zaleza od zapotrzebowania na
rynku. Zapotrzebowanie na produkty jest w ogdlnosci zmienne
w czasie. Liczba produktéw wyslanych z magazynu (k) jest
zalezna od zapotrzebowania jak i od dostepnych zapaséw maga-
zynowych y(k) i spelnione sa nastepujace nieréwnosci:

Jezeli liczba produktéw w magazynie jest wystarczajaco
duza y(k) = d(k), wéwczas w chwili k zachodzi d(k) = h(k).

7 punktu widzenia sterowania przeplywem towaru istotne
jest utrzymanie okreslonych zapaséw w magazynie niezaleznie
od chwilowych zmian zapotrzebowania klientow, tak aby nie
doszto do sytuacji, w ktorej magazyn bedzie pusty, badz liczba
przechowywanych produktéw bedzie nadmierna badz wrecz prze-
kraczajaca pojemno$¢ magazynu y . W celu uwzglednienia
w modelu zmiennego w czasie opdznienia zwiazanego z kumula-
cja produktéw w oczekiwaniu na transport wprowadzono wspol-
czynnik wysyltki produktéw do magazynu w chwili k, okreslony
w nastepujacy sposob:

q(k) = {(1)

— wysylka

(2)

— oczekiwanie na transport
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Liczba produktéw oczekujacych na wysytke do magazynu
w chwili k, jest zalezna od wielkosci zaméwien u(k) okreslona
nastepujaca zaleznoscia:

v(k)=qk-Da(k-1)+u(k-1,) (3)

Liczba produktéw zgromadzonych w magazynie w chwili £,
zwana stanem magazynu, bedzie zatem dana zaleznoscia:
y(k) = y(k = 1)+ L= qlk = 7, )|2(k - 7,) - h(k) (4)
gdzie: z(k) 2 0, u(k) 2 0,
T, opo6znienie produkcyjne — zwiazane z czasem potrzebnym na
wyprodukowanie badz skompletowanie zamdéwienia,
T, — op6znienie spedycyjne — interwal czasu niezbedny na prze-
transportowanie zaméwionych produktéow do magazynu bez
czasu oczekiwania na transport.

d(k)
H hik
u(ky’ N 0 ZPASOW [ e

Rys. 1. Schemat blokowy systemu magazynowego ze sterowaniem
Fig. 1. Block diagram of inventory system with control

Przy zalozeniu, ze znane sa opdznienia 7, T, Oraz funkcja
q(k) dla k € N, powyzszy model jest liniowym, niestacjonarnym,
dyskretnym modelem ukladu dynamicznego, dla ktérego mozna
stosowa¢ metody podane m.in. w pracach [19—22] z zastrzeze-
niem danych ograniczen. Schemat blokowy analizowanego sys-
temu zostal przedstawiony na rys. 1. Uktad sktada sie z trzech
gléwnych blokéw: produkeji, transportu i magazynu. Opo6znienie
zalezne od czasu T (k) zwigzane jest z oczekiwaniem na $rodek
transportu oraz z kumulacja zamoéwien.

3. Uktad sterowania

W klasycznym ukladzie sterowania, zaprojektowanym bez
uwzgledniania opéznienia, jego wprowadzenie moze dziataé
destabilizujaco lub negatywnie na jako$¢ sterowania. Z tego
wzgledu w przypadku znaczaco duzych opdznien wykorzysty-
wane sa uktady specjalne. Konstrukcja przedstawionego na
rys. 2 ukladu sterowania bazuje na strukturze klasycznego pre-
dyktora Smitha. Jest to rodzaj regulatora predykcyjnego, ktéry
byl opracowany z my$la o systemach sterowania, ktére charak-
teryzuja sie dlugimi oraz nieuniknionymi op6znieniami. W jego
strukturze zaimplementowano model bez op6Znienia oraz samo
opOznienie, z dwiema petlami sprzezenia zwrotnego.

Bazujac na koncepcji sterowania uktadéw z opdznieniami
z wykorzystaniem predyktora Smitha przyjeto, ze przyblizony
model uktadu bez opéznien dany jest w nastepujacej postaci:

9, (k) =g, (k = 1)+ ulk - 1) - (k) (5)
oraz model opdznienia zmiennego w czasie w postaci:

#k) = gk =1)i(k-1)+, (-7, +1) (6)
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== gl -7 )ik - ,). (7)
Model regulatora PID dla btedu sterowania modelu przybli-

zonego bez opéznienia g(k) oraz bledu modelu przyblizonego
z opéznieniem y(k) — (k) dany jest w postaci:

u(k) = ke (k) +up (k) + kle(k) = e(k = 1)1+ ky [y (k) - (R,

gdzie:
u; (k) =u; (k1) + kel —1)

e(k) =y, (k) -9, (k)

Przyjeto, ze wartos¢ referencyjna zapaséw magazynowych y_(k)
jest funkcja zalezna od zapotrzebowania [16] dana w postaci:

Schemat ukladu sterowania zostal przedstawiony na rys. 2.

Zmienne od k, do k; sa parametrami uktadu regulacji. Nastawy
uktadu sterowania obliczono stosujac algorytm genetyczny.

Wamocnienie
- @1 {1 Obickt ze znanym
Yo l) J:n opdinieniem

' dik) Mk »1)
[ \ ) b k)
— Y| . RS ] PR SRS
Model opéinicnin 3
_\m.d).'
. 5,0k ) =*)!
G, :
8 i
| k) - k)
L k, h
PREDYKTOR SMITHA |

Rys. 2. Schemat blokowy uktadu sterowania dla systemu
magazynowego
Fig. 2. A block diagram of the control system for the inventory system

Ze wzgledu na to, ze opdéznienie wystepuje dla wejscia u(k),
a nie wystepuje dla wejscia d(k), przeksztalcenie modelu systemu
magazynowego z opdznieniem na polaczenie kaskadowe modelu
bez opdznienia i modelu opdznienia nie moze zostaé zrealizo-
wane dokladnie tak, jak ma to miejsce w klasycznej struktu-
rze predyktora Smitha dla ukladéw o jednym wejsciu i jednym
wyjéciu. W rozpatrywanym rozwigzaniu zastosowano zmody-
fikowang strukture ukladu sterowania dla ukladéw z duzymi
opdznieniami wykorzystujaca ide¢ predyktora Smitha z przy-
blizonym modelem uktadu bez opéznienia dla obiektu o dwéch
wejsciach 1 jednym wyjsciu, przy czym opodznienie wystepuje
tylko dla wejscia u(k).

Ze wzgledu na przyblizony charakter modelu bez opdznienia,
wystepujacy w zaproponowanej strukturze sygnal g(k) nie jest
dokladnym odzwierciedleniem sygnalu y(k) wychodzacego
z obiektu regulacji w calym horyzoncie czasowym. Zmodyfiko-
wana struktura uktadu regulacji ze wzmocnieniem £,, ktéra nie
wystepuje w klasycznym uktadzie regulacji z predyktorem Smi-
tha, zostala zaproponowana w efekcie przeprowadzonych
badan empirycznych.

Na podstawie informacji o zapotrzebowaniu rynku na
poszczegdlne produkty, uklad sterowania wyznacza okreslona
liczbe produktéw, ktore nalezy zamowic.

Gléwnymi czynnikami doboru sterowania jest minimalizacja
kosztéw i strat zwiazanych z zajmowana powierzchnia magazynu
oraz przestojami.

Ewelina Chotodowicz, Przemystaw Ortowski

Przestoje sa sytuacja bardzo niekorzystna — zapotrzebowa-
nie jest wéwczas wigksze niz liczba sprzedanych produktéw,
gdyz zrealizowane zamoéwienia nie nadazaja za zmieniajacym sie
w czasie zapotrzebowaniem konsumentéow. W tym celu tworzony
jest zapas rezerwowy (buforowy) gwarantujacy, ze w kolejnych
okresach zawarto$¢ magazynu nigdy nie spadnie do zera.

4. Kryterium optymalizacji

Zagadnienie optymalizacji ukladu sterowania wymaga sformu-
lowania wskaznika jakosci procesu, ktéry ma byé¢ optymalny.
Rozwazmy zagadnienie znalezienia optymalnych wartoéci para-
metréw k; (i = 1, 2, ..., 6) uktadu dynamicznego przy ustalonej
jego strukturze (rys. 2). W przypadku systemu magazynowego
wskazniki mozna opisaé¢ zaleznosciami:

= Sl n00) (10)
i = S ul) (1)

k=n,

gdzie ny =71 + 71 + 7T, (T[’) jest skumulowanym opdéznieniem
ukladu dla u(k = 0), a N jest dlugoscia horyzontu czasowego.

Zalezno$¢é (10) reprezentuje utracone mozliwosci reali-
zacji sprzedazy. Z kolei wyrazenie (11) dotyczy zajetosci
powierzchni magazynowej.

W rozwazanym przypadku zastosowano skalaryzacje funkcji
celu do postaci sumy wazonej:

J=wigy + wyjy (12)
gdzie w, i w, to wspélczynniki wagowe.

Dla modelu opisanego zaleznos$ciami (1)—(4) oraz ukladu
regulacji opisanego réwnaniami (5)-(9) i wskaznika jakosci
danego w postaci (10)—(12) zadanie optymalizacji mozna zde-
finiowaé w postaci:

min (13)
Fy ko kg kg ks
przy ograniczeniach:
k 20,ky 20,k 20,k 20,k5 20,k 20 (14)

Zaproponowany uklad ma na celu okreslanie optymalnej
wielkosci dostaw, ktéra zapewnia minimalizacje wskaznika
kosztu stanowiacego $rednia wazona tacznych kosztéw zapasow,
obejmujacych koszty tworzenia zapaséw i koszty ich utrzyma-
nia oraz utraconych korzysci, ograniczajac ryzyko przestojow.

5. Badania symulacyjne

W przyktadzie oméwiono wyniki symulacji komputerowej prze-
plywu materialéw w systemie magazynowym ze zmiennym
w czasie opOznieniem oczekiwania na transport. Przyjeto struk-
ture ukladu sterowania z rys. 2. Przedmiotem analizy jest wiel-
kosé zapaséw w magazynie. Na potrzeby badan symulacyjnych
ukladu sterowania dla dyskretnego, niestacjonarnego liniowego
modelu z ograniczeniami sygnaléw opisanego réwnaniami (1)—
(4), ukladu regulacji opisanego réwnaniami (5)—(9) oraz wskaz-
nika jako$ci danego w postaci (10)—(12), przyjeto nastepujace
wartosci parametréw uktadu: T,=T = = 14, w, = 1000, w, = 1,
n, = 42, N = 1000. Okres probkowama jest réwny 1 doble Do
rozwazan przyjeto zmienne w czasie zapotrzebowanie na rynku
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(rys. 3). Jako funkcje ¢(k) przyjeto funkcje periodyczna, dana
w nastepujacej postaci:

0 dla rem(k,14)=0
qb) = { (k,14) (15)

1 dla rem(k,14) # 0

gdzie funkcja rem jest reszta z dzielenia.

Do rozwiazania zadania optymalizacji (16)—(17) zastosowano
algorytm genetyczny z nastepujacymi parametrami: liczebnosé
populacji 200, liczba osobnikéw elitarnych 10, udzial krzyzo-
wania 0,8.

Rozwiagzaniem zadania optymalizacji sa nastepujace warto-
$ci parametrow:

k=1,26, k,=56,7, k;=0,853, ky=0,138, ks =342, k;=0,113
oraz odpowiadajace im wartosci wskaznikéw kosztu:
j=1,03-107, j, = 0,000377 - 107, j, = 0,652 - 10".

Dla przyjetych wspélezynnikéw wagowych w, i w, utrzymy-
wany poziom zapaséw w magazynie (rys. 5) umozliwial pokry-
cie zapotrzebowania przez okres okolo 28 dni. Ze wzgledu na
wysoka warto$¢ wspotezynnika w, = 1000 mozliwe jest ograni-
czenie przestojow kosztem utrzymywania wiekszych zapasow
w magazynie. Warto$¢ zapaséw magazynowych y(k) nadaza
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Rys. 3. Zatozona funkcja zapotrzebowania rynku na produkty
Fig. 3. Presumed function of market demand for products
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Rys. 4. Przebieg zamoéwien dla zatozonej funkcji zapotrzebowania rynku
Fig. 4. The course of orders for the presumed function of market demand
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w spos6b w przyblizeniu liniowy za zapotrzebowaniem d(k).
Wartosé referencyjna dla ukladu przyblizonego ymf(k) jest okoto
dwukrotnie wyzsza od maksymalnej wartosci y(k). Ze wzgledu
na réznice miedzy modelem przyblizonym bez opdznienia
a obiektem sterowania, w szczegdlnosci zmiennym w czasie op6z-
nieniem 7 (k), w ukladzie wystepuja rozbieznosci miedzy pozio-
mami wartodci sygnatéw y(k) oraz g, (k). Dla uktadu
przyblizonego bez op6znienia dostawy sa realizowane codziennie,
podczas gdy w rozpatrywanym ukladzie dostawy nastepuja nie
czesciej niz co 14 dni. Oznacza to, ze wielko$¢ zapaséw magazy-
nowych y(k) musi pokryé co najmniej 14 kolejnych dni zapotrze-
bowania rynku d(k). Maksima lokalne (rys. 5) wystepuja w chwili
dostarczenia zamdéwienia do magazynu, zas wyznaczona przez
uktad sterowania wielko$¢ zamowien przedstawia rys. 4.

6. Podsumowanie

W systemach magazynowych opdéznienie zwiazane z czasem

przejscia produktéw od magazynu do klienta jest czesto zmienne

w funkcji czasu. W rodowisku MATLAB/Simulink przeprowa-

dzono badania symulacyjne dla scenariusza zmian, w ktérym

przyjeto, ze:

—model dynamiczny jest niestacjonarny ze znacznym opo6znie-
niem, w uktadzie wystepuja opdznienia stale i zmienne w czasie,

— priorytetem jest minimalizacja przestojow, co odzwierciedla
duza warto$¢ wagi we wskazniku (12),

— uktad jest autonomiczny i nie stanowi czesci tanicucha dostaw,
w ktérym wystepuja centra dystrybucyjne oraz ogniwa posred-
niczace,

— zapotrzebowanie klientéw jest zmienne w czasie, wedlug przy-
jetego deterministycznego scenariusza zmian d(k). Pomiar
zapotrzebowania nie jest obarczony zakléceniami o charak-
terze stochastycznym. Uklad sterowania jest ukladem przy-
CZyNOwyI.

Ze wzgledu na nieco inne podejscie od prezentowanych w pra-
cach zwiazanych z zarzadzaniem lancuchem dostaw, w szcze-
gblnosci zmienne w czasie znaczne opdznienia i inny cel uktadu
regulacji, trudno o dokonanie szczegdtowego poréwnania. Jednak
zaprezentowang metode zarzadzania zapasami, mozna w sposob
uproszczony skonfrontowaé z klasyczna polityka zarzadzania
zapasami zawarta m.in. w 23], w ktérej zaméwienia sa umiesz-
czone na poczatku kazdego okresu, tak aby zwigkszyé poziom
zapaséw w gére do predefiniowanych pozioméw na podstawie
znanych, stalych w czasie opdznien i zapotrzebowania rynku.
Zaproponowane podejécie oparte jest na modelu niestacjonar-
nym, zmiennym w czasie, przykladowym scenariuszu zapotrze-
bowania klientéw oraz dokonywaniu zamoéwien w ilosci i czasie
okreslonym przez uktad sterowania.

W nastepnych pracach planowane jest uwzglednienie wplywu
przyjetego scenariusza na wiasnosci ukladu sterowania, stocha-
stycznego charakteru zapotrzebowania odbiorcéw oraz uwzgled-
nienie specyficznych efektéw wystepujacych w tancuchu dostaw,
m.in. efektu byczego bicza [23].
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Inventory goods flow control system using Smith predictor

Abstract: There are a number of theorems and techniques that view inventory management from
variant perspectives. The recent progress in research has resulted in innovative and more general
techniques that can reduce the supply chain costs fundamentally. Modern inventory control is
anchored in vastly advanced and complex models, which require considerable computational efforts.
In this paper, we use a mathematical model of a warehouse system with time-varying delivery delay
and adapt control system in order to apply it to the problem of goods flow in inventory systems. On
the basis of the analysis of the inventory system, we propose a control system, then made its initial
verification in the way of computer simulation in MATLAB/Simulink. The concept of improving the
flow of materials is based on the structure of the Smith predictor and the PID controller. We perform
optimization studies using genetic algorithm. Two quality indicators are subjected to minimization: the
total costs of creating and maintaining inventories and differences between the demand and sales of
products — the value of providing on whether the storage system keep up with the changing needs of
the market (avoid stoppages). In this article, we mainly want to show that our idea of control system is
able to achieve a high service level with maintaining a given inventory capacity to avoid redundancy.

Keywords: inventory control, inventory system, variable delay, discrete-time systems, Smith predictor, control systems, PID controller
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A periodic inventory control system with adaptive reference stock

level for long supply delay

Abstract

Modern inventory control is anchored in vastly advanced and complex
models, which require considerable computational efforts. In this paper,
we use a mathematical model of an inventory system with large supply
delay and control system in order to optimize goods flow in inventory
systems. The paper proposes the use of automatic control systems to
control the system for supplementary orders. A discrete-time, dynamic
model of the warehouse system is assumed for the analysis. For the given
model, two automatic control systems: adaptive and classical non-adaptive
periodic inventory systems , are analyzed. The non-adaptive control
system is well known in the literature and the second one is its extension.
The parameters of the control system are tuned by minimizing the cost
function using a genetic algorithm for the assumed scenario for the market
demand. Results of numerical simulations of the dynamical system and
selected results in the objective space are presented in the paper.

Keywords: inventory control, inventory system, delay system, discrete-
time systems, control systems, periodic inventory system.

1. Introduction

Nowadays, increase in the global competition in the world
market what makes the supply chain management more critical
and essential. The inventory management is one of the main
pillars of supply chain policy. Acting as a buffer to smooth
production in response to demand fluctuations is determined as the
main role of inventory. In fact, there is a plenty of reasons for
keeping inventories. The most significant is to satisfy the demand
during the replenishment period in order to prevent lost sales.
Predictability, fluctuations in demand, unreliability of supply,
price protection, quantity discounts, lower ordering costs [19] are
also important reasons for obtaining and holding inventory. It is
utmost important to maintain the right balance between demand
and orders with a view to minimizing costs. What is more,
inventory is a protection against fluctuations in demand — facilitate
satisfying customer demands. Inventory costs generally fall into
ordering costs and maintenance costs [19].

The stabilizing effect of inventory in a supply chain was
investigated by Baganha [4]. On the other hand, empirical data
and experience with management games suggest that, in most
industries, inventory management policies can have a destabilizing
effect by increasing the volatility of demand as it passes up
through the chain (,the bullwhip effect”) Baganha [4]. The
bullwhip effect has been noted and assigned to various causes
across a range of academic disciplines [18]. The concept stems
from Forrester’s Industrial Dynamics [14]. Forrester is
a forerunner of the bullwhip effect. However, the term Bullwhip
Effect was coined by Procter & Gamble management [7]. The
traditional conceptual definition of bullwhip was described by Lee
[16] as “the phenomenon where orders to the supplier tend to have
larger variance than sales to the buyer (i.e., demand distortion),
and the distortion propagates upstream in an amplified form (i.e.,
variance amplification).

The phenomenon in which variance of demand is amplified
when moving upstream — has attracted the attention of many
researchers for the last few decades. The existence of the bullwhip
effect in supply chains is identified in several papers: [5], [6]. It is
shown that production is more variable than sales. It has been
recognized that demand forecasting and ordering policies are two
of the key causes of the Bullwhip Effect [7]. Identified five major
causes of the bullwhip effect are pointed by Lee[l16] i.e.,
forecasting, non-zero lead-time, order batching, supply shortages,
and price fluctuations, and discussed the conditions under which
the increase in order variance will not occur.

The paper presents a comparative analysis of selected control
algorithms involving supplementary orders to the inventory in the
presence of high and variable time delays. The adopted tuning
criterion of the control systems is minimizing the rate of cost
which represents the weighted sum of lost sales due to shortages
and total carrying costs. The profound research was conducted
into optimization of control system structures: the classic periodic
inventory system and the periodic inventory system with adaptive
maximal inventory level. The two control systems are evaluated
on the basis of the model proposed by Chotodowicz and Ortowski
[11]. Parameters were selected for each of the control system
structures through solving optimization tasks for a specific
scenario of variable market demand using a genetic algorithm. To
be precise, these solutions were obtained for the different weight
coefficient and for classic and adaptive periodic inventory control
system structures. The value of the bullwhip effect indicator is the
additional criterion of the analysis. The bullwhip effect was
measured for each tuned control system.

The main achievement of this research is a comparison of two
control strategies for the inventory goods flow. The profound
research was conducted into parameter optimization of two control
system structures: the classic periodic inventory system and the
periodic inventory system with adaptive maximal inventory level.
The concept of a classical periodic inventory system is excerpted
from literature. Parameters are selected by solving optimization
tasks for a specific scenario of variable market demand using
a genetic algorithm in Matlab/Simulink.

2. The mathematical model

The number of products that could potentially be sold from the
store is modelled as a certain, unknown in advance limited
function of time: 0<d(k)<d .y, Where d,,,, is the maximum number
of products sold per unit of time. Instantaneous values of d(k)
fluctuate in time and depend on the market demand. Demand for
the products is generally variable in time. The number of products
shipped from the inventory 4(k) depends on the demand, as well as
the available stocks y(k) and the following inequalities are held:

0<h(k)<d(k)<d, . 0<y(k)< . (1)

If the quantity of products in stock at time £ is sufficiently large, it
means that: d(k)= h(k).

From the standpoint of controlling the flow of goods, it is
important to maintain certain stocks in the inventory, regardless of
transient changes in the customer demand, so as to avoid a
situation in which the warehouse is empty or the quantity of the
stored products is excessive, or even exceeds the storage capacity
Vmax- The product quantity stored in the inventory at the moment £,
called the stock, is given by:

y(k)=y(k-1)+u(k—z,—7,)—h(k) (©)

where: : x(k)=0, u(k)>0, T, - production delay — related to the

time required to produce or complete the orders, 7, — forwarding

delay — the time interval indispensable to transport the ordered
products to the inventory without waiting time for transport.



569

Measurement Automation Monitoring, Dec. 2015, vol. 61, no. 12

e ————————————
T =1 []
A = =1 '
| PROGUCTION || TRANGECHT :b" ¥ kR ¥ iy
' i | ON | e
ulk]! 3 i . i OFSTOCHS ™™ cusToMER
- i
I 1 _l
_______ | s . ik |
4 L
= il i
. |
. I
: k) |
! itk - [
T L] !
'
INVENTORY

Fig. 1. Block diagram of the inventory system with control

The block diagram of the analyzed system is shown in Fig.1.
The system consists of three main blocks: production, transport
and storage.

3. Description of the control system

There are many types of inventories. Each of them does not
require same policy because the form of inventories depends upon
its specific destiny. In this work, one type of product is considered
and it is assumed that the supply chain is composed just of one
manufacturer, a retailer and a customer. Due to the similarity
between the considered class of systems and engineering
processes, it is a natural choice to apply control-theoretic methods
in the design and analysis of strategies governing the flow of
goods. The main purpose of the control selection is to minimize
the costs relating to occupation of the surface of the inventory and
losses relating to shortages. Shortage is an extremely
disadvantageous situation - the demand is greater than the amount
of products, because orders have not keep up with the time-
variable changing needs of customers. For this purpose, there is
formed a supply reserve (buffer) in order to avoid lack of products
in subsequent periods. The control system determines a certain
amount of products to be ordered on the basis of the market
demand. The two basic questions of the fundamental problems of
logistics are “in what” quantity and — “when” to resupply stock
[9]. There are several replenishment techniques attempt to answer
this primary questions.

As a result, a class of inventory models has been designed to
cope with situations where the demand level fluctuates. The two
classic systems for managing independent demand inventory are
periodic review and perpetual review systems [17]. We use
a conception of the classical periodic inventory system to create its
modified version with adaptive stock level. To analyze the
behavior, it is essential to create a mathematical description of the
investigated control systems:

A. Classical periodic inventory system (CPIS)

The distinguishing feature of the classical periodic inventory
system with one parameter is that the review period is fixed, but
order quantity, demand rate and reorder point are variable. The
order quantity is the maximum inventory level minus the
inventory position on the review date. In this system, the inventory
position is checked only at specified time intervals [17].

The control action can be described in the following way:

©)

k,—y(k) for rem(k,14)=0
u(k)=
0 otherwise
where rem(a,b) means the remainder of a after division by b.
The auxiliary function rem occurring in equation (2) is used to
achieve a constant cycle of procurement. The controller has only
one parameter to tune — the maximal inventory level k;.The

control system from the investigated case makes orders with
a view of the time between the order and delivery.
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Fig. 2. Block diagram of the control system for Periodic Inventory System with
adaptive maximal inventory level

B. Periodic inventory system with adaptive maximal
inventory level (PIS-AMIL)

The use of a control system with constant maximum inventory
level is appropriate in a situation where the demand is constant or
does not change significantly over time. The control system with
adaptive setpoint was successfully used in the associate issues e.g.
for packet flow control in computer networks with significant
changes in available bandwidth over time [15]. This approach
employs a linear relationship between the demand d(k) and the
maximal inventory level y.., with connection to the classical
periodic inventory system, which gives an opportunity to the
adaption of the maximum level of inventory in stock. The
additional factor k, is introduced in order to enable adaptation
depending on the market demand. Both factors k;, k£, make an
affine function of the maximal inventory capacity depending on
the market demand. The block diagram of the proposed control
structure with adaptive maximal inventory level is shown in Fig. 2
and is given in the following form:

u(k):{k1+k2d(k)—y(k) Jor rem(k,14)=0 @

0 otherwise

4. Optimization criterion

The desired level of inventory can neither be high or low
because high level inventory will lead to increase in carrying cost
while low level of inventory will lead to increase in ordering costs.
This process requires a special method, which provides a
compromise between these two indicators. A numerical
optimization is employed in order to find the solution. The
optimization helps to fulfil the tasks of inventory management:
looking after the amount of stock, the quantity of order and the
order time to protect the regular and planned course of production
against the random disturbance of running out of materials and
goods. It is extremely important to use the simplest model for the
optimization for a certain problem in numerical optimization
issues — as simple as possible. Simplification of the optimization
model not only contributes to reducing the calculation time but
also enables you to find solutions closer to the global minimum
repeatedly in the case of multimodal issues.

The issue of optimal control requires a mathematical
formulation of the process performance index to be optimal.
Consider the problem of finding the optimal values of the
parameters k;, i=1, 2 of a dynamical system with fixed structure
from Fig. 2. For the inventory system, the indicators can be
described by the following relations:

1 N
- N k:no

(d(k)~h()) ®

A
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b= Nk:n0y<k ) ©)

where: ng=17,*7, is a cumulative delay, N is the length of the time
horizon.

Equation (5) represents lost sales due to shortages. In turn,
expression (6) concerns the maintenance costs. In the present case,
the weighted sum scalarization of the objective function is used:

J=WJt Wy, @)

where w; and w, are the weighting factors.

For the given model (1)—(2), the control systems described by
equations (3)—(4) and the cost function in the form of (5)—(7), the
optimization problem can be defined in the following form:

. 8
min j ®

where the optimization variables and constraints are dependent on
the controller structure:

k :[kl], k=0 foreq. (3)

k=[k.,k,], k=0, k, >0 foreq. (4)

The proposed system is aimed at determining the optimal size of
orders, which minimizes the weighted cost function, including the
cost of stocking and maintenance costs and lost benefits, reducing
the risk of shortages.

5. Simulation research and analysis

In this section we present computer simulations of material flow
in the inventory. The structures of control systems from Section 3
are applied. The main purpose of this section is to analyse
properties of two different control structures: the classical
periodic inventory system and its modification: the periodic
inventory system with adaptive maximal inventory level.

For the simulation of the inventory control systems described by
equations (3)—(4) and the cost function in the form of (5)—(7), the
following values of the system parameters are held: z=7=14,
w=60, or w;=530, w,=1, N=1000.

ano

600

dik]

400

200

Q 200 404 800 BDD 1000
K

Fig. 3. Presumed function of the market demand for products — trapezoidal signal

The sampling period is 1 day. Tuning the control system
parameters is based on the criterion (8) and the time varying
market demand signal plotted in Fig. 3. The optimization problem
(8) is minimized using a genetic algorithm with parameters:
population size 50, elite count: 2., crossover fraction: 0.8. The
optimal controller parameters for the control system obtained for
different weights are collected in Table 1. The genetic algorithm
received great attention and was successfully applied to other
problems in the supply chain environment: [13], [12], [20], [1].

Measurement Automation Monitoring, Dec. 2015, vol. 61, no. 12

Fig. 4. Objective space for the two inventory control systems

The Pareto front with shortages cost and holding cost calculated
for 11 logarithmic spaced weights in the range <40, 1000> given
in Table 1 and the signal from Fig. 3 is depicted in Fig. 4. The
points of the Pareto front for the PIS-AMIL are marked by ‘x’ and
the green smoothing line, whereas for the CPIS control system are
marked by the red circles and the red smoothing line. It is clearly
visible that the solutions of the CPIS control system are dominated
by the solutions of the PIS-AMIL control system.

Tab. 1. Optimal controller parameters for the control system

W CPIS PIS-AMIL
ky [x10%] j[x10%] ky ky J [x10%]

40 1.21 8.77 1.06e—4 27.3 3.28
60 1.24 9.79 44.6 27.5 3.61
80 1.28 10.7 40.2 27.5 3.91
110 1.44 11.9 324 27.7 4.34
150 1.47 13.0 44.0 27.6 4.93
200 1.47 14.2 439 31.4 6.13
280 1.71 15.1 31.7 27.7 6.78
380 1.98 16.0 395 36.9 7.66
530 1.98 163 374 36.9 8.24
730 2.09 16.5 392 36.9 8.99
1000 2.09 16.5 413 36.8 9.99

To highlight the comparison, we analyze the stock level
response for different control systems, weights and consumers
demands. All the solutions found for the CPIS in Fig. 4 are
dominated by the PIS-AMIL solution. It means that the
phenomenon of shortages and inventory redundancy occurs less
than in the classical periodic inventory system.

Let us now focus on the solutions for w;=60. The classical
periodic inventory system has about 24 times higher inventory
level than the periodic inventory system with adaptive maximal
inventory level at the moment £=41. Therefore, the first shortage
after delivery of the first order occurred between day 96 to 111 for
the PIS-AMIL and day 375 for the CPIS control system. The
cyclical short shortages appearing in the PIS-AMIL disappeared
completely when the demand reached the constant level on day
400 and the occurrence of linear falling demand.

Despite the fact that at the time when demand is constant for
ke<400, 600> PIS-AMIL inventory level is higher about 3000
units than CPIS. What is important, in PIS-AMIL in this period
there is no shortage, while the CPIS from 400 to 700 day has
shortages (lasting four days, appearing every 10 days, this
situations continues for about 300 units). The period for £>700 is
similar for both control systems, which is caused by a similar
reference stock level.
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Fig. 5. The level of stocks of four control systems as a discrete time function for
the presumed function of market demand, where w,=60

The situation is similar in Fig. 6 for w;=530. The day 42
highlighted the differences between the two systems. Similarly,
CPIS has about 12 times larger stock than PIS-AMIL. Now the
difference between stocks is 2 times lower, because the stock level
increased 4 times for PIS-AMIL compared with w;=60. It is
because the weight of the cost for shortages increased, so the
control systems were made to store bigger stock to provide
customer satisfaction as long as possible. It can be seen that for
the higher weight w;=50 corresponding to the higher cost of
shortages, the maximal stock level increased about 2 times for the
CPIS, and about 4 times for the PIS-AMIL — shortages appearing
after 41 days were eliminated completely.
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Fig. 6. The level of stocks of four control systems as a discrete time function for the
presumed function of market demand for trapezoidal signal, where w;=530

The desired level of inventory can neither be high or low
because high inventory level leads to increase in carrying cost
while low level of inventory leads to increase in ordering costs. It
means that a single proportional regulator (CPIS) cannot keep up
with the adequate orders course with a view to the demand signal.

In addition, we calculate the variance amplification for the
analyzed systems, which is known in the literature [10] — measure
of the bullwhip effect. The bullwhip effect is a wasteful
phenomenon that occurs due to a lack of information across the
supply chain. Two primary definitions of bullwhip effect
measurement exist. The first measurement method consists in
comparing the order variance with the demand variance [16]
where order can also be explained as production release in
a manufacturing setting. The second definition, used in most
empirical studies, compares the variance of order receipts (or
shipments) with the variance of sales. The bullwhip measurements
based on these two definitions are usually a good approximation
of each other (as the material flow more or less follows the
information flow), but they differ in concept.

We conduct a measure of bullwhip effect, which is defined as
the ratio between the variance of order quantity and the variance
of demand. Then we discuss the linkage between the bullwhip
measure and weights of the cost function. For a detailed

discussion on the different implications between the uncertainty
propagation and variability propagation along the supply chain,
we refer the readers to works: [2], [3], [8]. Fig. 7 shows how the
weight of the cost function impacts the bullwhip effect measure.

Marks are identical as those in Fig. 4. The values of bullwhip
should be possibly small. Generally, the CPIS control system has
the biggest BWE values for w <150 (see Fig. 5). The PIS-AMIL
control system has smaller values of BWE for w;>150. The point
w;=150 is mutual.

BWE
m

W

Fig. 7. Impact of the weight of the cost function on bullwhip effect indicator

6. Conclusions

The proposed structures of the systems enable automatic order
control for the inventory with a large 28 days delay in differ
service quality. Our analysis shows that imposing a finite capacity
to the system has a smoothing effect on the order variability. On
the basis of the signal, we can decide how control systems react
for the demand and verify the quality of the control system as well
as test whether it is adequate to the demand signal. The empirical
results shown in Figs. 5 and 6 reflect the differences between these
two control inventory systems. The system response indicates the
weaknesses of the CPIS structure. The system response of the
CPIS in Figs. 5 and 6 is characterized by an inappropriately large
increase in stock in the initial period of the simulation. The
increase is almost 24 and 12 times larger than that in the structures
PIS-AMIL. The use of this control algorithm for systems with
long delays is not advisable. One the other hand, the time
responses for the system PIS-AMIL show the adequate level of
orders and stocks, also in a wide range of changes —keeping stock
at the minimum level.

On the basis of the investigation results, we tried to answer: how
the structure of the control system impact on the properties of the
control inventory control system. The structure of the CPIS — does
not provide appropriate reaction for high varying demands, the
reference inventory level is inappropriate. The system with
adaptive reference stock level PIS-AMIL has much better
performance. The simulation results indicate that the proposed
approach can make an effective tracking of a given demand.
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Comparison of a Perpetual and PD Inventory
Control System with Smith Predictor and
Different Shipping Delays Using Bicriterial
Optimization and SPEAZ

Ewelina Chotodowicz, Przemystaw Ortowski

Zachodniopomorski Uniwersytet Technologiczny w Szczecinie, ul. Sikorskiego 37 70-313, Szczecin

Abstract: Inventory optimization is critical in inventory control systems. The complexity of real-world
inventory systems results in a challenging optimization problem, too complicated to solve by conven-
tional mathematical programing methods. The aim of this work is to confront: a perpetual inventory
system found in the literature and inventory system with PD control and Smith predictor proposed by
the authors. To be precise, the two control systems for inventory management are analyzed with diffe-
rent shipping delays and compared. With regard to complexity of the proposed control system, we use
a SPEA2 algorithm to solve optimization task for assumed scenario of the market demand. The objec-
tive is to minimize the inventory holding cost while avoiding shortages. A discrete-time, dynamic model

of inventory system is assumed for the analysis. In order to compare the results of systems, Pareto

fronts and signal responses are generated.

Keywords: inventory control systems, optimization, perpetua

1. Introduction

Increasing dimension of inventory management requires
advanced methods to reduce maintenance costs. As a result
of the emergence of complex inventory control systems, more
and more scientist began to use the methods of multi-crite-
ria optimization. Pareto-based techniques were proposed in
1993 and 1994, e.g., MOGA [1], NPGA [2] and NSGA [3].
One of the most effective algorithms, used in multi-criteria
problems, is the Strength Pareto Evolutionary Algorithm
(SPEA) proposed in [4]. SPEA has shown very good perfor-
mance in comparison to other multi-objective evolutionary
algorithms [5]. Furthermore, improved version of SPEA has
also been created. It is called SPEA2 and is presented in [6].
The improved Strength Pareto Evolutionary Algorithm is one
of the most important multi-objective evolutionary algorithms
that use elitism approach and therefore it has been used in
recent studies: [7-12].
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Inventory optimization means maintaining a certain level
of inventory that would eliminate the out-of-stock situations
and at the same time would provide as low as possible hold-
ing costs. In a nutshell, this is all about maintaining balance
between demand and supply. Every inventory system faces the
challenge of matching its supply volume to customer demand.
How well control system manages this complex challenge
has a profound impact on inventory profitability. Due to the
necessity for effective inventory management inventory control
systems have been developed. The two classic systems for
managing customer demand are a periodic and a perpetual
system [13]. A perpetual inventory system is a superior to
the older periodic inventory system because it keeps contin-
ual track of sales and inventory levels which helps to prevent
stock-outs — this is its advantage.

There has been an growing interest in solving inventory
management problem. Before control systems, a lot of inven-
tory models have been invented: [14-16]. More and more
works have been focusing upon creating new or modified
inventory control systems: [17-24]. Issues of a similar prob-
lem dimension, but associated with congestion control in
computer networks, are presented in [25].

Due to occurring variance amplifications of order quanti-
ties in inventory systems, called the bullwhip effect [26], it is
necessary to use special methodology to eliminate such a sit-
uation. This extremely negative phenomenon had gave rise to
range of methodologies used to this day and is indispensably
connected to the stability of supply chains which is investi-
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gated in [27]. Conducted research in [27] quantifies the effect
of these variations on system stability and presents mechanism
with work in progress (WIP) position. On the other hand, in
[17] is proposed methodology for time-varying delay based on
Smith predictor. However, in [26, 27] it is suggested a general
replenishment rule that can reduce variance amplification sig-
nificantly by control theoretic approach, which integrated dif-
ferent forecasting methods into the order-up-to system. To our
knowledge, order-up-to systems usually result in the bullwhip
effect [26]. An order-up-to policy is optimal in the sense that
is minimizes the expected holding and shortage costs [28]. As
far as methods for bullwhip effect reduction are concerned,
H-infinity control methodology minimizes the worst case effects
of the external demand fluctuations on the performance of
the system [29]. The application of this method requires that
the transportation and production lead times are known and
constant, but also can be used with satisfactory results with
time-varying delays. H-infinity policy applies the filtering tech-
niques and optimizes local inventory costs while avoiding the
bullwhip effect.

In order to make a fair comparison between a classical stock-
based order-up-to policy and PD with Smith predictor inven-
tory control system we apply work-in-progress to account for
the destabilizing effect in the perpetual inventory system. The
aim of this work is to analyze and compare work of systems
with different shipping delays: Perpetual Inventory System
with adaptive order level and work-in-progress mechanism pro-
posed by literature and Proportional-derivative Inventory Con-
trol System with Smith predictor and adaptive reference stock
level proposed by the authors. In other words, this work is
comparison between our PD-Smith-based methodology which
was used in [21] for time-varying delay (in this work is exam-
ined for time-invariant systems) and classical order-up-to pol-
icy used mostly for time-invariant systems. Parameters were
selected for all control systems structures through solving
optimization tasks for a specific scenario of variable market
demand using the Strength Pareto Evolutionary Algorithm
2 (SPEA2) in MATLAB/Simulink. In this article, we mainly
want to show differences of results gained through solving opti-
mization task using SPEA2 and performance for two control
inventory systems and different shipping delays. The objective
of inventory optimization is to maintain optimal inventory
levels depending on demand and to minimize inventory hold-
ing cost while avoiding shortages [30]. In [31] Pareto-based
meta-heuristic algorithm are used to solve the bi-objective
inventory models. The first objective function aims to min-
imize the total cost of the system, which consists of holding
cost, ordering cost and shortage cost and the second objective
function, maximizes the service level through minimizing the
cumulative distribution of the demands [31].

In this paper, the results for both systems are compared
using a bi-objective optimization. In order to compare the
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Fig. 1. Block diagram of inventory system with control system
Rys. 1. Schemat blokowy systemu magazynowego z uktadem sterowania
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results, several numerical examples are generated and the
results are analyzed on the basis of generated plots and tables.

2. The Mathematical Model of Inventory

The number of products that could potentially be sold from
the store is modelled as a certain, unknown in advance
limited function of time: 0 < d(k) < d_ . Where d__ is the
maximum number of products sold per unit of time. Instan-
taneous values of d(k) fluctuate in time and depend on the
market demand. Demand for the products is generally vari-
able in time. The number of products purchased from the
inventory h(k) depends on the demand, as well as the avail-
able stocks y(k) and following inequalities are held:
0<nk)<dk)<d

max’

0<y(k) <y, (1)
If the quantity of products in stock at moment k is sufficiently
large, it means that: d(k) = h(k).

From the standpoint of controlling the flow of goods, it is
important to maintain certain stock in the inventory, regard-
less of transient changes in customer demand, so as to avoid
a situation in which the magazine is empty or the quantity
of the stored products will be excessive, or even exceeds the
storage capacity y__ .

The product quantity stored in the inventory at moment
k, called the stock, is therefore given as follows:

y(k) = y(k = 1) + u(k —7) — (k) (2)

T — the time required to deliver ordered products to the inven-
tory.

The delay is known 7 and this model is a linear, stationary
and discrete with signals saturations. The block diagram of
the analysed system is shown in Fig. 1. The system consists of
three main blocks: transport and production delay, inventory
model and control system based on order control.

3. The Control Systems Definitions

There are many different ways to keep control of the inven-
tory but in every inventory control system, it is necessary to
determine when and how much to order. Scientific methods for
inventory control can give a significant competitive advantage.
Control system has to order the certain amount of products
at a certain time with a view to market demand and current
inventory level. Inventory control means that all stocks of pro-
ducts are promptly and properly ordered, issued, preserved
and accounted in the best interest of an entity that manages
its inventory.
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Fig. 2. A block diagram of Perpetual Inventory control system with
adaptive order level

Rys. 2. Schemat blokowy ciagtego systemu sterowania magazynem

z adaptacyjnym poziomem zamdwien
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It is essential to create a mathematical description of investi-
gated two control systems:

A) Perpetual Inventory System with adaptive
order level

A Perpetual Inventory System is also known as “Automatic

Inventory System”. A perpetual system keeps records of the

amount in storage, and it replenishes when the stock drops

to certain level k,.

The reorder point — threshold, inventory content critical value,
is fixed, but review period, order quantity and maximal inven-
tory level are variable (max inventory level depends on demand).
k, together with a factor k, make an affine function of maximal
inventory capacity depending on market demand, given in the
following form:

0
ulk) = {kld(k) thy for yk)<h,’ (3)

where: &, — reorder point.

In order to make a fair comparison between a classical stock-
-based order-up-to policy and PD with Smith predictor inven-
tory control system we supplement the control law (3) of the
perpetual inventory system with work-in-progress term to pro-
vide for the controller data about past orders which are not
delivered to the inventory yet. The system will be denoted as A’
and the control law is described in the following way:

0 for y(k) + 3 ulk — 1) > kyd(k)
ulk)= : o
kyd(k)+ky — ZU(k — 1) otherwise

i=1

B) Proportional-derivative Inventory Control
System with Smith predictor and adaptive
reference stock level

The structure shown in Fig. 3 — the control system is based

on a classical structure with Smith predictor. It is a kind of

a predictive controller, which was developed for control sys-

tems, which are characterized by long and inevitable delays.

Its structure is based on implementations of the model with-

out delay and with delay. Based on the control concepts for

systems with delays using a Smith predictor it is assumed
that an estimated model of the system without delay is given
in the form:

Up(k) =4, (k= 1)+ ulk - 1) = h(k) ()

Model of discrete-time PD controller for error (k) of model
without delay is given in the following form:

u(k) = koe(k) + &y ek —e k-1 (6)
where:

&(k) =y, (k) -5, (k) (7)

It is assumed that the reference value of stocks y, (k) is a linear
function of the demand given in the form of:

y, (k) = kyd(k) (8)

Ewelina Chotodowicz, Przemystaw Ortowski

Block diagram of the control system is shown in Fig. 3. The
variables k—k, are parameters of the control system.

Due to the similarity between the considered class of systems
and engineering processes, it is a natural choice to apply con-
trol-theoretic methods in the design and analysis of strategies
governing the flow of goods.

Adaplive reference PD CONTROLLER
{nventory level l""'"'"""""'""""""""I
@ k O W@
d(k) T R Goin £ 1 )
o o— 1 |
Hx) '? i !
=} i .
| Delay :

Fig. 3. A block diagram of Proportional-derivative Inventory control
system with Smith predictor and adaptive reference stock level

Rys. 3. Schemat blokowy systemu sterowania magazynem z regulatorem
proporcjonalno-rézniczkujacym oraz predyktorem Smitha z adaptacyjnym
referencyjnym poziomem zapaséw

4. Bicriterial optimization and SPEA2

Consider, the problem of finding the optimal values of the
parameters k, 7= 1, 2, 3 of a dynamic system with fixed struc-
ture from Figs. 2-3. In the case of the inventory system, cost
functions can be defined by the following relations:

i = %g[d(k) ) (9)

y(k)

M=

1
o = — 10
J2 N # ( )

T

where: 7 — the time required to deliver ordered products to the
inventory, N is the length of the time horizon.

The equation (9) represents a lost opportunity to make sales.
In turn, the expression (10) concerns use of space in the inven-
tory.

The objective is represented as the following vector:

j= [jp]ﬁ] (11)

For the model described by relationships (1)—(2) and the con-
trol systems described by equations (3)—(8) and a quality indi-
cator in the form of (9)—(11) the optimization problem can be
defined in the following form:

min j (12)

Where optimization variables and constraints are dependent
on the controller structure:

k=1[k, k, k], k, 20,k >0,k=>0

The improved Strength Pareto Evolutionary Approach
(SPEA2) is chosen to perform the control system optimiza-
tion resulting in the final analysis and comparison. SPEA is an
extension of the Genetic Algorithm for multiple objective opti-
mization problems. SPEA2 has an external archive consisting
of the previously found non-dominated solutions. It is updated
after every generation and for each solution a strength value is
computed [28]. An archive of the non-dominated set is mainta-
ined separate from the population of candidate solutions used
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INPUT: Generate the initial

Fig. 4. Flow chart of SPEA2 algorithm
Rys. 4. Schemat blokowy algorytmu SPEA2

in the evolutionary process, providing a form of elitism. Due to
potential weaknesses of SPEA, the improved version — SPEA2
has better fitness assignment scheme, more precise guidance of
the search and a new archive truncation methods [6]. To avoid
situations where population members dominated by the same
members of the archive have the same fitness value, SPEA2
takes into account both the number of dominating and domi-
nated solutions in computing the raw fitness of a solution. The
objective of the algorithm is to locate and maintain a front of
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Fig. 5. Pareto front and selected points for inventory control system
for two different delays

Rys. 5. Front Pareto oraz wybrane punkty dla systemu sterowania
magazynem z dwoma réznymi opdznieniami
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non-dominated solutions — set of Pareto optimal solutions. The
flow chart which shows the steps of SPEA2 can be seen in Fig. 4.

5. Simulation Research and Analysis

In this section the results of computer simulations and compa-
rative analysis is presented. The structures of control systems
in Figures 2 and 3 are applied. The main purpose of this sec-
tion is to compare the optimization results for different time
delays for two different control structures: Perpetual Inventory
System with adaptive order level A, Perpetual Inventory System
with adaptive order level with work-in-progress mechanism A’
which stems from literature and Proportional-derivative Inven-
tory Control System with Smith predictor and adaptive refe-
rence stock level proposed by authors. Results for A — PIS-AOL
control system are marked by black lines, A’ — PIS-AOL’ by
blue lines and whereas for B — PDIS-SP-ARSL control system
are marked by red line.

With a view to simulation research of the control systems for
a discrete, stationary linear model with signal bounds described
by equations (1)—(2), the control systems described by equations
(3)—(8) the quality indicator in the form of (9)—(11), the time
horizon N = 1000 and the sampling period is one day. Tuning
of the control system is based on a the bicriterial optimization
task using SPEA2 (improved version of Strength Pareto Evo-
lutionary Algorithm) and trapezoidal demand signal plotted in
Fig. 8 and 9. On the basis of the results we try to evaluate: how
does the controller structure impact on the properties of the
inventory control system.

To solve the optimization problem (17) a SPEA2 was used
with parameters: population size 500 for all A, A’ and B, maxi-
mal number of generations 50 for A’ and B, 400 for A.

In order to see the impact of the delay between ordering
products and delivering it to the inventory — 7 on the results of
optimization task and the performance of the control system,
simulations were carried out for three values of 7: 28, 14 and 2.
First, an analysis of the objective function plots has been con-
ducted. Pareto front with shortages cost j, and holding cost j,
is depicted in Fig. 5 for 3 delay values.

It can be noticed from Fig. 5 that almost all solutions for
A control system are dominated by solutions for B control sys-
tem for all considered delays except from solutions for j, < 2 and

700
——B for =2
600 H — A for =2
— A for =2
500
400 \
_|(\l
300

200 1

100 ¥

Fig. 6. Pareto front and selected points for inventory control system
fort=2
Rys. 6. Front Pareto oraz wybrane punkty dla systemu sterowania dla 1 = 2
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Fig. 7. System response — purchased products h(k) and customer
demand d(k) for A4,B4 for 1 = 28
Rys. 7. Odpowiedz uktadu — zakupione produkty h(k) oraz zapotrzebowanie
klientéw d(k) dla A4, B4 dla T = 28
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Fig. 8. System response - difference between customer demand d(k)
and purchased products h(k) for A4, B4 for t = 28 and A1,B1 for t =2
Rys. 8. Odpowiedz uktadu — réznica pomiedzy zapotrzebowaniem klientéw
d(k), a zakupionymi produktami h(k) dla A4, B4 dlat=28iAl,Bidlat=2

J, > 5200 for T = 28 where the opposite situation can be seen.
However, due to considerably high value of holding cost, i.e. the
value j,, these solutions are not relevant for practical reasons.
On the other hand, A’, which is A with work-in-progress mech-
anism, achieves smaller cost function values j and j,. Although
results for A and B are also relatively close to each other for
small delay T = 2. It means that the phenomenon of shortages
and high holding costs occurs less in B than in A and A’ Next
step of the analysis requires selection of points in the Pareto
front plots (Fig. 5 and Fig. 6) on the basis of three criteria.
Three points were chosen among the solutions space for 7 = 2
and T = 28. Selected points were chosen by three criterions (see
Table 1 and 2):
1) min(1005, + 7,): AL, B1, A’1 for 7 = 2 and A4, B4, A’4 for
T = 28 — marked by blue circles;
2) j, = const ~ 100: A2,B2, A’2 for 7 = 2 and j, ~ const ~ 2900:
A5, B5, A’5 for 7 = 28 — marked by green circles;
3) j, ~ const ~ 1.8: A3,B3, A’3 for 7 = 2 and j, ~ const ~ 17.3:
A6, B6, A6 for T = 28 — marked by cyan circles.
After points selection, it is possible to make a simulation rese-

arch of responses of presented inventory control systems: h(k),
y(k), d(k) — h(k).
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Table 1. Selected optimization results using SPEA2 Algorithm to A
Control System

Tabela 1. Wybrane wyniki optymalizacji z wykorzystaniem algorytmu
SPEA2 do systemu sterowania A

Point : -
o I I K, k, Ky
Al 1.60 5.1 | 0997 | 031 804
A2 1.33 99.3 | 0995 | 134 477
A3 175 403 | 0997 | 0.022 318

20.6 394 0.983 0.808 4459
A5 9.58 2918 0.887 44.96 27775
A6 17.3 1323 0.939 16.6 27495

Table 2. Selected optimization results using SPEA2 Algorithm to B
Control System

Tabela 2. Wybrane wyniki optymalizacji z wykorzystaniem algorytmu
SPEA2 do systemu sterowania B

Point : :
b Ja k; k, ks
B1 0.0489 0.225 5.20 0.238 0.524
B2 0.00423 100 1.95 1.488 0.0081
B3 1.78 0.006 4.94 0.253 0.283
7=28
B4 3.91 385 68.7 0.0240 0.825
B5 1.79 2879 97.1 0.015 0.995
B6 17.3 50.9 28.1 0.529 0.219

Table 3. Selected optimization results using SPEA2 Algorithm t A’
Control System

Tabela 3. Wybrane wyniki optymalizacji z wykorzystaniem algorytmu
SPEA2 do systemu sterowania A’

Point : :

) I k; k, Ky
Al 0.788 74.3 3.00 0.0259 21.1
A’2 0.662 102 3.00 0.107 8.83
A’3 1.73 46.1 2.99 0.0574 10.5

10.8 801 28.5 28.4 377
A’5 2.33 2918 27.5 742 200
A’6 17.3 478 28.0 8.50 308
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Fig. 9. System response - the stock level y(k) for A4, A’4, B4 for 1 = 28
Rys. 9. OdpowiedZ uktadu — poziom zapaséw y(k) dla A4, A4, B4 dla 1 =28
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Fig. 10. System response - difference between customer demand d(k)
and purchased products h(k) for A3, A’3,B3 for 1=2

Rys. 10. Odpowiedz uktadu — réznica pomiedzy zapotrzebowaniem
klientéw d(k), a zakupionymi produktami h(k) dla A3, A'3, B3 dlat=2

In Fig. 7 h(k) is showed. It represents number of purchased
products. In ideal control system h(k) = d(k) but deviations
occured because of the unknown in advance demand, delay 7
and the criterion of minimizing inventory stocks j,. In Fig. 8 can
be seen precisely difference between selled goods in two systems
with different two shipping delays: 7= 2 and 7 = 28.

Beacause of broad simulation horizon and small delay (v = 2),
a plot with h(k) is showed almost demand h(k) ~ d(k). There is
no visible difference between d(k), h,(k), h (k) for points A3, B3
and 7 = 2. This is because of incomparably small deviation value
compared to demand. For this reason, we show Fig. 8 which
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Fig. 11. System response - the stock’s level y(k) for A3, A’3, B3 for t =2
Rys. 11. Odpowiedz uktadu — poziom zapaséw y(k) dla A3, A3, B3dlat=2

1000
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presents the difference of the two values: customer demand
minus the current number of purchased products.

It is also necessary to take into account y(k) which represents
number of accumulated stocks in the inventory. Inventory con-
trol system which generates higher peak stocks levels as a result
of demand decrease is definitely worst than one with lower
stocks level. This situation can be seen in Fig. 9 — for k£ € (600,
700) system B has the peak value — 970, A — 4500 and A’ —
3000. After including work-in-progress mechanism in A, it can
be seen that y(k) has the shape of saw and there is no single
hudge signal like in A, but classical saw-shaped stock level. In
the Fig. 9, you can see that B and A aims to achieve zero level
of stocks for T = 28 and manage it for k£ > 800.

On the basis of defintion of j, it may be concluded that its
difference should equal zero for k =1, 7 + 1, .., N where N is
the length of the time horizon. In Fig. 8 and 10 it is clearly seen
that difference between demand and the number of purchased
products of the two systems is almost the same until £ < 300.
We can say that on response to step demand with level 50 at
the time zero of two systems is similar, but complety different
responses occur for linearly increasing demand — interval k €
(300, 400).

Tables 1-3 consist of solutions for selected points. They shown
that for the same shortage cost, the holding cost is the smallest
for system B, what we can observe in the Fig. 11. Furthermore,
taking into consideration the interval in the Fig. 11 —
ke (300, 400) when d(k) rapidly changing (from 50 to 650), it
is an evidence that B manage to cope with fast amplification of
demand with minimal stock level. On the contrary, A and A’
have almost the same value of j, as B, but significantly higer
values of the j, indicator (holding cost), i.e.: A —40.3, A’ - 46.1,
where for B j, = 0.006.

6. Conclusions

Advantage of Proportional-derivative Inventory Control Sys-
tem with Smith predictor and adaptive reference stock level
over Perpetual Inventory System with adaptive order level is
clearly visible through steps of the comparison process. First
step of analysis shows significant advantage of B over A for
every value of assumed delay between ordering products and
delivering it to the inventory. Comparison of Pareto front
plots was made for the same value of the delay and the same
demand function. The simulations results shows that system
proposed by the authors have better values of optimization
indicators presented in table 1 and 2 for all criterions descri-
bed in section 5.: for criterion min(100j, + j,) — j, and j, are
smaller, for criterion j, = const — 4, is smaller, and for criterion
j, = const — j, is smaller.

In order to finalize the comparison, we analyse figures with
number of purchased products, the stock level response and
pointed out the difference of market demand and currently
purchased products. What is more, Proportional-Derivative
Inventory Control System with Smith predictor and adaptive
reference stock level has better inventory stocks level value —
smaller for 7 = 28 and 7 = 2 taking into account the whole time
horizon. Proportional-Derivative Inventory Control System with
Smith predictor and adaptive reference stock level — for each
delay and is characterized by the lowest value of j and j,. The
overall conclusions show a advantage of B over A and A’ in cer-
tain periods: for all j, j, (t = 2, 7 = 14) or almost all for 7 = 28.
As a result of this, the inventory holding cost is larger and
shortages are more frequent and longer for the order-up-to pol-
icy A and A’ than it is for PD with Smith predictor approach
in these periods.
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The results demonstrate the capabilities of the evolutionary
optimization approach to generate true and well distributed
pareto-optimal non-dominated solutions.

In conclusion, adding work-in-progress mechanism to per-
petual inventory control system results in better system per-
formance in some specific periods shown in Figs. 5 and 6, but
the results are still dominated by results for PD with Smith
predictor approach.
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Analiza porownawcza systemu sterowania €iggtego oraz
z requlatorem PD i predyktorem Smitha dla roznych opoznien
dostaw z zastosowaniem metod optymalizacji dwukryterialne]

| SPEA?

Streszczenie: w pracy przyjeto dyskretny, stacjonarny, dynamiczny model systemu magazynowego
ze statym w czasie opéznieniem dostaw. Gtéwnym celem jest przeprowadzenie analizy poréwnawczej
dwoch systemow automatycznego sterowania zamowieniami: ciggtego systemu sterowania
magazynem z adaptacyjnym poziomem zamowienia (ang. Perpetual Inventory System with adaptive
order level) oraz systemu sterowania magazynem z regulatorem proporcjonalno-rézniczkujgcym oraz
predyktorem Smitha z adaptacyjnym poziomem referencyjnym zapasdéw dla trzech réznych opéznien
dostaw. Optymalne nastawy uktadéw regulacji zostaty dobrane za pomocg algorytmu ewolucyjnego
dla probleméw optymalizacji wielokryterialnej: SPEA2 (ang. Strength Pareto Evolutionary Approach).
W symulacji uwzgledniono dwa kryteria minimalizacji: koszt utrzymania zapaséw (ang. Holding Cost)
oraz koszt niedoboru zapasu (ang. Shortage Cost). Wyniki badari symulacyjnych zaprezentowano za
pomocg wykresow oraz tabel w srodowisku MATLAB/Simulink.

Keywords: systemy zarzadzania zapasami, optymalizacja, optymalizacja wielokryterialna, SPEAZ, system sterowania, predyktor Smitha
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Comparison of Inventory Control Systems with Time-varying
Delivery Delay and Disturbed Demand: a Periodic and PD
Controller with Smith Predictor

Abstract: In this paper, we use a mathematical model of an inventory system with time-
varying delivery delay and two control systems in order to compare their properties with
different variance of noise for the goods flow optimization problem in the inventory
systems. Control systems structures based on mathematical discrete equations are given
for optimization: a Periodic Inventory System with adaptive maximal inventory level and
Proportional-derivative Inventory Control System with Smith predictor and adaptive
reference stock proposed by the authors in previous works. Parameters were selected
for each of the control system structures through solving bictriterial optimization task
for a specific scenario of variable market demand using SPEA2 in Matlab/Simulink. In this
article, we mainly highlight which control structure reaches better performance taking
account probabilistic disturbance in market demand.

Key-words: inventory control system, automated order system, time-varying inventory
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Wprowadzenie

Koniecznos¢ ciggtego postepu powoduje, ze sterowanie przeptywem débr w maga-
zynie wymaga podejmowania mozliwie najkorzystniejszych decyzji warunkujgcych
osiggniecie pozadanych celéw. Zwiekszenie wymiaru zarzadzania magazynem wy-
maga stosowania zaawansowanych metod w celu minimalizacji wszelkich kosztéw.
Jednym z gtéwnych srodkéw umozliwiajacych osiagniecie tych celéw jest optyma-
lizacja. Sprzyja temu obserwowany od szeregu lat zaréwno rozwoj metod i technik
optymalizacji, jak i coraz szersze stosowanie ich w praktyce. Do obszaru poszukiwa-
nia skutecznych metod rozwigzywania wielokryterialnych zadan optymalizacyjnych
nalezy ewolucyjna optymalizacja wielokryterialna. Narzedzia optymalizacji znajdu-
ja wiele zastosowan w problemach zwigzanych z minimalizacja kosztéw [Chaisiri,
Lee, Niyato 2012, ss. 164-177; Yeh 2015, ss. 1051-1065; Yepes, Marti, Garcia-Segura
2015, ss. 123-134; Sawik 2015, ss. 58-66]. Systemami wymagajacymi minimalizacji
kosztéw zwigzanych z wieloma kryteriami sg systemy magazynowe. W wyniku po-
wstania ztozonych systeméw sterowania zapasami coraz wiekszy udziat ma zasto-
sowanie optymalizacji wielokryterialnej do tego typu problemoéw. Techniki Pareto
zostaty zaproponowane w latach 1993 oraz 1994, np. MOGA [Fonseca, Fleming 1993,
ss. 416-423], NPGA [Horn, Nafpliotis, Goldberg 1994, ss. 82-87] and NSGA [Srinivas,
Deb, 1994, ss. 221-248]. Jednym z najbardziej efektywnych algorytméw uzywanych
w problemach optymalizacji wielokryterialnej jest Strength Pareto Evolutionary Al-
gorithm (SPEA) zaproponowany w [Zitzler, Thiele 1998, ss. 1-34]. Co wiecej, utwo-
rzono réwniez ulepszong wersje tego algorytmu zwang SPEA2 [Zitzler, Laumanns,
Thiele 2001, ss. 95-100]. Algorytm ten jest jedna z najwazniejszych wielokryterial-
nych metod ewolucji, ktére wykorzystuja elitaryzm [Zitzler, Thiele 1999, ss. 257-271].
W ostatnich latach nastapito zwiekszenie zainteresowania rozwigzaniem problemu
zarzadzania magazynem. Przed samymi systemami sterowania stworzono wiele
réznych modeli magazynu: [Chotodowicz, Orfowski 20153, ss. 28-32; Ouyang, Wu,
Cheng 2013, ss. 277-288; Sarkar 2013, ss. 3138-3151]. Coraz wiecej prac skupiato
sie réwniez na stworzeniu nowego badz zmodyfikowanego systemu sterowania
magazynem: [Ignaciuk, Bartoszewicz 2011, ss. 39-49; Ignaciuk, Bartoszewicz 2010,
ss. 269-274; Ledniewski, Bartoszewicz 2014, ss. 4589-4594; Ignaciuk 2015, ss. 338-
348; Ignaciuk, Bartoszewicz 2012, ss. 1561-1582; Fattahi, Hajipour, Nobari 2015, ss.
211-223; Chotodowicz, Ortowski 2015b, ss. 55-60; Chotodowicz, Ortowski 2015c, ss.
568-572; Abrahamowicz, Ortowski 2016, ss. 5-10; Ortowski 2016]. Ze wzgledu na
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cyklicznego oraz z regulatorem PD i predyktorem Smitha

wystepowanie zjawiska zwiekszenia wariancji ilosci zamawianych produktéw w sys-
temie magazynowym, zwanego efektem byczego bicza (bullwhip effect) [Dejonc-
kheere, Disney, Lambrecht i in. 2003, ss. 567-590], konieczne jest stosowanie spe-
cjalnych metod, aby zminimalizowa¢ badz wyeliminowac jego wptyw. To niezwykle
niekorzystne zjawisko doprowadzito do powstania szeregu metod stosowanych do
tej pory i ma zwiazek ze stabilnoscia tarncuchéw dostaw — co zostato poddane ana-
lizie przez duet Riddalls, Bennett [2002, ss. 459-475]. Przeprowadzone tam rozwa-
zania okreslaja ilosciowo wptyw efektu zwiekszenia wariancji na stabilnos¢ systemu
i wskazuja na mechanizm eliminujacy ten wptyw — tzw. mechanizm z praca w toku
(WIP, work-in-progress position). Z drugiej strony Chotodowicz i Ortowski [2015b,
ss. 55-60] zaproponowali metode ze zmiennym w czasie opdZnieniem dostaw, ktéra
oparta jest na predyktorze Smitha. Jednakze w innych pracach [Dejonckheere, Di-
sney, Lambrecht i in. 2003, ss. 567-590; Riddalls, Bennett 2002, ss. 459-475] przed-
stawiona jest ogdlna zasada uzupetniania zapasow, ktéra znacznie zmniejsza wzrost
wariancji z zastosowaniem teoretycznego podejscia do sterowania, ktére taczy w so-
bie r6zne metody prognozowania.

Celem pracy jest analiza poréwnawcza dwdch systemow sterowania w obecno-
$ci stochastycznego zaburzenia zapotrzebowania rynku z r6zng wariancja. Do analizy
przyjeto dynamiczny dyskretny model systemu magazynowego ze zmiennym w cza-
sie op6znieniem [Chotodowicz, Ortowski 20153, ss. 28-32]. Nastawy uktadéw regula-
¢ji zostaty wyznaczone w wyniku minimalizacji wskaznika kosztu za pomocga SPEA2.
Jako kryterium jakosci sterowania przyjeto wskaznik minimalizujacy koszty groma-
dzenia i utrzymania zapaséw oraz utracone korzysci zwigzane z brakiem mozliwosci
zaspokojenia zapotrzebowania rynku w celu dokonania poréwnania pomiedzy kla-
syczng cykliczng polityka zarzadzania zapasami z mechanizmem pracy w toku (work-
-in-progress) (A) a uktadem sterowania z regulatorem PD oraz z predyktorem Smitha
(B). W pracy zawarto wyniki obliczen i symulacji komputerowych dla przyjetego za-

burzonego stochastycznie scenariusza zmian zapotrzebowania rynku.
Model matematyczny
Model matematyczny systemu magazynowego zostat podany w pracy Chotodowicz

i Ortowskiego [2015a, ss. 28-32]. Na rys. 1 przedstawiony jest schemat blokowy syste-

mu magazynowego.
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Rysunek 1. Schemat blokowy systemu magazynowego
PRODUKTY
DOSTARCZONE

d(k), h(k)
= SYSTEM
uk)| opGINIENIE || OPOZNIENIE || OPGZNIENIE MAGAZYN yk) | STEROWANIA
PRODUKCYINE | SPEDYCYJNE ZAPASAMI
NA TRANSPORT

Zrédto: Opracowanie wihasne.

Schemat sktada sie z podstawowych elementéw systemu magazynowego wraz
z opdznieniami i uwzglednieniem zaktécen gdzie d(k) to zmienne w czasie zapotrze-
bowanie na rynku na towary z magazynu. Przyjeto, ze jest to pewna, nieznana, ogra-

niczona z géry funkcja: 0<d(k)<d __, u(k) - (sygnat sterujacy) ilos¢ produktéw zamé-

wionych k-tego dnia, T, — opdznienie produkcyjne zwigzane z czasem potrzebnym
na wyprodukowanie oraz skompletowanie zamowienia, T, - opdznienie spedycyjne
- czas niezbedny na transport zamoéwionych produktéw do magazynu bez czasu
oczekiwania na transport, 7 (k) — zmienne w czasie opdznienie wynikajace z oczeki-
wania na $rodek transportu, h(k) - ilos¢ produktéw sprzedanych, ktéra zalezy od za-
potrzebowania oraz dostepnych zapaséw magazynowych y(k). Przy czym spetnione
sg nieréwnosci:

O<h(k)<d(k) <d__,O0<y(k)<y__ ()

Jezeli poziom zapaséw jest wystarczajacy, to zachodzi d(k)=h(k). Wprowadzo-
no réwniez wspoétczynnik wysytki w chwili czasu k w celu uwzglednienia w modelu
zmiennego w czasie opdznienia zwigzanego z kumulacjg produktéw w oczekiwaniu

na transport:

0 - wysylka
q(k)= = @
1 - oczekiwanie na transport
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Liczba produktéw oczekujacych na wysytke do magazynu jest opisana zalezno-

Scia:
x(k)=q(k=T)x(k-1)+u(k-1) (3)
gdzie: x(k)=0, u(k)=0

Stan magazynu w chwili k jest zalezny od poprzedniego stanu magazynu, liczby
produktéw dostarczonych do magazynu i produktéw wydanych z magazynu h(k), co

przedstawia ponizsza zaleznosc:

y(k)=y(k=1)+(1-q(k-T ))x(k-T )-h(k) (4)

Opis uktadow sterowania

Zadaniem ukfadu sterowania systemem dostaw w magazynie jest utrzymanie od-
powiedniego oraz wystarczajgcego poziomu zapaséw w magazynie w zaleznosci
od zmiennego w czasie zapotrzebowania d(k). Wystarczajacy poziom zapaséw to
ten, ktory pokryje zapotrzebowanie, a odpowiedni oznacza adekwatng liczbe pro-
duktéw w stosunku do danego zapotrzebowania. Klasyczne systemy sterowania
zapasami SCS (Stock Control Systems) stanowig podstawe regulacji stanéw zapaséw
wielu przedsiebiorstw. Losowy charakter popytu jest przyczyng uzywania w praktyce
okreslenia: stochastyczne systemy sterowania zapasami (Stochastics Inventory Control
Systems). Zarzadzanie zapasami w systemach SCS polega na udzieleniu odpowiedzi
na pytania: ,Kiedy i ile zamawiac?” - realizowane jest to poprzez ustalenie dla kaz-
dego scenariusza zapotrzebowania odpowiednich parametréw nazwanych normami
sterowania, odnoszacych sie do ilosciowo-czasowych parametrow zapaséw. Wielkos¢
tempa doptywu produktéw do klientéw uwarunkowana jest przez polityke dostaw
stosowang w danym przedsiebiorstwie. Jednymi z automatycznych systemoéw stero-
wania opartych na klasycznych politykach dostaw sa: ciggty (dowolny okres zama-
wiania) oraz cykliczny (staty okres zamawiania) system sterowania zamoéwieniami.
W pracy dokonano poréwnania dwdéch systemoéw: cyklicznego obecnego w literatu-
rze oraz systemu zaproponowanego przez autoréw opartego na regulatorze propor-

cjonalno-rézniczkujacym i predyktorze Smitha.

4 R—
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A) Klasyczny cykliczny system sterowania zapasami
z adaptacyjnym maksymalnym poziomem zapaséw

Zatozeniem systemu ze statlym okresem zamawiania (Periodic Reorder System) jest
zmienna wielkos¢ sktadanego zaméwienia x(k) przy statym okresie jego ponawiania.
Wymaga to cyklicznego ustalania wielko$ci zamoéwienia.

Uzupetnianie zapasu nastepuje do ustalonego maksymalnego poziomu. System
nie wymaga ciggtej kontroli standéw zapaséw, lecz kontroli okresowej - odpowiada
jednoznacznie na pytanie ,kiedy zamawia¢?”. Aby umozliwi¢ adaptacje poziomu za-
paséw zalezna od zapotrzebowania rynkowego dodano wzmocnienie k. W celu
zminimalizowania efektu przeregulowania takich systemoéw sterowania (bullwhip ef-
fect) wprowadzony zostat mechanizm ograniczania jego wptywu na uktad. W pracy
zastosowano tzw. mechanizm pracy w toku, dzieki temu mozliwe jest uwzglednie-
nie zamowien w trakcie realizacji oraz adekwatne poréwnanie zachowania sie dwéch
badanych w pracy uktadéw sterowania. Z tego powodu w pracy przedstawiona jest
zmodyfikowana wersja klasycznego cyklicznego systemu sterowania zapasami, ktérg

przedstawia rys. 2 i opisuje nastepujgca zaleznos¢:

1, jezeli stacja zajeta w czasie ¢
0, jezeli stacja wolna w czasie t, (5)

B(t) ={
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B) System sterowania magazynem z regulatorem
proporcjonalno-rézniczkujgcym oraz predykiorem
Smitha z adaptacyjnym referencyjnym poziomem
Zapasow

Struktura uktadu przedstawiona jest na rys. 3. System sterowania jest oparty na
strukturze z predyktorem Smitha. Predyktor Smitha jest rodzajem regulatora pre-
dykcyjnego, ktéry zostat stworzony dla systemoéw charakteryzujacych sie dtugimi
opdznieniami. Jego struktura sktada sie zimplementacji modelu bez opéznienia oraz
z opdznieniem. Biorac pod uwage koncepcje sterowania uktadéw z opdznieniami
z zastosowaniem predyktora Smitha, przyjeto przyblizony model ukfadu bez opéz-

nienia w nastepujacej formie:
5, (£)=3, (k-1) +u(k~1)~ (k) ©
oraz model zmiennego w czasie op6znienia dostaw w postaci:

#(k)=q(k=1)%(k=1)+5,(k—-7,+1) @)

(k)=(1-q(k))z(k~7,) ®

Model regulatora PD dla btedu sterowania modelu przyblizonego bez opdznienia

oraz btedu modelu przyblizonego z opdznieniem y(k)-y(k)dany jest w postaci:

u(k) =k,s(k)+k (e(k)-&(k-1)) (9)
gdzie:
e(k)=y,, (k)-7,(k) (10)

Zatozono, iz wartos¢ referencyjna poziomu zapaséw y (k) jest nastepujaca linio-

wa funkcja zapotrzebowania:

yr(k)=k,d(k) n
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Zagadnienie optymalizacji dwukryterialnej

Aby podejmowac efektywne decyzje zwigzane z przyjmowang polityka uzupetniania
zapasOw niezbedna jest znajomos¢ kosztow zapaséw. Wsrdd kosztéw zwigzanych
z gospodarka zapasami wyréznia sie koszt utrzymania zapaséw (Holding Cost) oraz
koszt niedoboru zapasu (Shortage Cost). Koszt utrzymania zapasu stanowi zamrozo-
ny kapitat obrotowy i w rezultacie jest odpowiedzig na pytanie, jaka cze$¢ zapasow
jest wykorzystywana. Z kolei koszt niedoboru, czyli innymi stowy koszt wyczerpania
zapasu, to koszt bedacy skutkiem braku dostepnosci produktéw w okresie zapotrze-
bowania przewyzszajgcego stan magazynu. Koszt niedoboru przyjmowac moze dwie
formy: przeniesienie utraconych korzysci na nastepne okresy albo brak mozliwosci
odzyskania utraconej sprzedazy. W niniejszej pracy przyjeto, ze niedobory skutkuja
bezpowrotna utratg potencjalnych zyskéw. Przyjetym w modelu kryterium optyma-
lizacji w ustalaniu ekonomicznej wielkosci zamdwienia jest minimalizacja kosztéw
utrzymania zapaséw oraz minimalizacja wystepowania przestojow.

W pracy rozwazony zostat problem znalezienia optymalnych wartosci parame-
tréw k,, k,, k, uktadéw dynamicznych przy strukturach opisanych réwnaniami (5)-(11)
oraz przedstawionymi na rysunku 2 i 3. W tym celu sformutowano nastepujace dwa

wskazniki kosztu:

A ICCRIC) 12
iy

J2 :Nkznoy(k) (13)

gdzie:

j,— koszt strat zwigzanych z przestojami

Jj,~ koszt utrzymania zapaséw

N=T +T+T, - skumulowane opdznienie uktadu dla u(k=0)

N - dtugosc¢ horyzontu czasowego analizy.

Funkcja celu jest przedstawiona w postaci nastepujacego wektora:

J=0,4)]

Zagadnienie znalezienia optymalnych wartosci parametréow k,i=1,2,3 ukfadu
dynamicznego (1)-(4) przy jego strukturach danych (5)-(11) zostato przedstawione

w postaci nastepujacego zadania optymalizacji:
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s i 15
min (15)

Gdzie ograniczenia parametréw regulatora zaleza od jego struktury:

k=[k k], k,20, k,>0 dla réwnania (5)

k=[k,,k2,k3], k,20, kZZO, k320 dla rownania (6)-(11)

W dalszej czesci do wyznaczenia wartosci k ,k ,k, wykorzystano algorytm SPEA2.
Schemat blokowy ukazujacy etapy SPEA2 zaprezentowany jest na rys. 4.
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Rysunek 4. Schemat blokowy przedstawiajacy algorytm SPEA2

WEJSCIE: Generacja populacji Zbior

poczatkowej oraz inicjalizacja zbioru }—> zewnetrzny -
zewnetrznego =

v

Aktualna populacja

¥
Obliczenie funkcji
Mutaga, dopasowania dla aktualnej
Keaybowans populacji oraz zbioru
e zewnetrznego
7
- - Niezdominowane rozwiazania (ND) z
Binarna selekcja sumy dwoch zbioréw: aktualnej populacii |
turniejowa oraz zbioru zewnetrznego

Redukcja zbioru ND Wypeinij ND
za pomoca operatora zdominowanymi
“obciecia” rozwigzaniami ze zbioru
zewnetrznego

Skopiwanie ND do
zbioru
zewnetrznego

WYJSCIE:
Zbidr najlepszych
niezdominowanych
rozwiazan

Zrédto: Opracowanie wiasne.

Badania symulacyjne i analiza

Optymalizacja proceséw logistycznych w magazynie polega na maksymalnym wyko-
rzystaniu posiadanych zasobéw przy utrzymaniu minimalnych kosztéw. Istotne jest
zachowanie mozliwie najlepszej ciggtosci przeptywu towaréw. Poprawnos¢ realiza-

¢ji Ztozonych proceséw magazynowych zalezna jest od poprawnego funkcjonowa-
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nia pojedynczego ukfadu sterujacego, ktéry podejmuje dwie gtéwne decyzje: ter-
min ztozenia zamdwienia oraz ilo$¢ produktéw przypadajaca na jedno zamédwienie.
Sterowanie nowoczesnymi systemami magazynowymi bazuje w istocie w petni na
technologiach informatycznych oraz automatyzacyjnych. Metody symulacyjne od-
grywaja réwniez znaczaca role w badaniach systeméw magazynowych i s efektyw-
nymi narzedziami wykorzystywanymi do poprawy funkcjonowania zaprojektowa-
nych uktadéw sterowania. Pozwalajg one w znacznym stopniu wyeliminowac ryzyko
podjecia nieprawidtowej decyzji dotyczacej wielkosci i terminu zamdwienia poprzez
analize wptywu poprzedniego zapotrzebowania na zachowanie sie systemu. W tej
sekcji s zaprezentowane wyniki symulacji komputerowych w srodowisku Matlab/
Simulink oraz analiza poréwnawcza otrzymanych rozwigzan dla dwoch systemoéw au-
tomatycznego sterowania zapasami: A — klasycznego cyklicznego systemu sterowania
zapasami z adaptacyjnym maksymalnym poziomem zapasdw i B — systemu sterowania
magazynem z regulatorem proporcjonalno-rézniczkujgcym oraz predyktorem Smitha
z adaptacyjnym referencyjnym poziomem zapasdéw zaproponowanego przez autoréw.
Do badan symulacyjnych przyjeto struktury wybranych uktadéw sterowania przed-
stawione na rys. 2 i 3 oraz liniowy, niestacjonarny, dyskretny model uktadu dynamicz-
nego systemu magazynowego ze zmiennym w czasie opdznieniem dostaw (3)-(4)
z ograniczeniami sygnatéw (1)-(2). Wybrane dwa uktady sterowania zamoéwieniami
opisane sg rownaniami (5)-(11). Optymalizacja uktadéw sterowania A oraz B jest zre-
alizowana z zastosowaniem algorytmu SPEA2 - z parametrami: liczebnos¢ populacji:
500 oraz maksymalna liczba generacji: 50. W przeprowadzonym procesie optymali-
zacji pod uwage brane sa dwa kryteria: kryterium reprezentujace koszty utraconych
korzysci z powodu przestojow j, oraz kryterium opisujace koszty utrzymania zapaséw
Jj,» okre$lone mianem wskaznikéw jakosci danych w postaci (12)-(13). Na potrzeby
badan symulacyjnych zatozono nastepujace warunki (parametry uktadéw): opéznie-
nie produkcyjne réwne opdznieniu transportowemu Tp=TS=10 dni, zmienne w czasie
opdznienie dostaw T_(k), horyzont czasowy N=1000 dni, czas probkowania réwny
1 dzien, brak mozliwosci zwrotéw towaréw. Ze wzgledu na potencjalne mozliwosci
zastosowania proponowanego rozwigzania w rzeczywistym uktadzie sterowania roz-
wazana jest klasa srodkéw transportu kursujacych periodycznie i charakteryzujacych
sie duzymi opdznieniami. Wybrany srodek transportu uwzglednia zmienne w czasie
opdznienie i fakt, ze zamoéwienia s3 kumulowane. Przykladem takiego $rodka trans-
portu jest statek. Na potrzeby badan symulacyjnych przyjeto, ze co 10 dni odbiera
catos¢ dostarczonych towaréw x(k). W przypadku systemu A generator cyklu jest syn-
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chronizowany ze $rodkiem transportu. W celu uzyskania najkrétszego czasu dostar-
czenia zamowienia opdznienie oczekiwania na transport dla systemu A jest réowne
0. Do rozwazan przyjeto scenariusz zmiennego zapotrzebowania ze stochastycznym
multiplikatywnym zaburzeniem o wariancjach 02:0, 0,005 oraz 0,1, wyrazone jest za

pomoca nastepujacej zaleznosci:
d(k)=d (k)r(k) (16)

gdzie:
r(k)- proces losowy Gaussa, taki, ze: E(r(k)) = 5] E(r2 (k)) = a3

Na rysunku 5 ukazano sygnat zapotrzebowania z zaktéceniem o wartosci warian-

¢ji: 0,1 oraz bez zaktécenia.

Rysunek 5. Sygnat zapotrzebowania d(k) bez zaktécen i z zaktéceniem

T T T T T T T T T

1200 - ——d(k) dla 0=0,1| |
= d(K) dla o2=0

1000 - 1

800 - -

d(k)

600 [~

400 [~

200 - =

0 1 L 1 L | 1
0 100 200 300 400 500 600 700 800 900 1000

Zrédto: Opracowanie wiasne.

W skfad kryteriow analizy poréwnawczej uktadéw A oraz B wchodzg: wykresy

frontéw Pareto z wybranymi punktami wyznaczonymi na podstawie trzech kryteriéw
(min (50, + j, ), j, ® const, j, ~ const )

oraz odpowiedzi uktadéw przedstawiajgce poziom zapaséw oraz réznice pomie-
dzy zapotrzebowaniem a zakupionymi produktami dla trzech wybranych wartosci
wariancji zaburzenia stochastycznego sygnatu zapotrzebowania klientéw 02:0, 0,005
i 0,1. Skonfrontowano liczbe, dtugos¢ trwania przestojow oraz utrzymywane zapasy

magazynowe w okresach liniowego wzrostu, spadku oraz statej wartosci zapotrzebo-
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wania. Na podstawie wynikéw symulacji dokonano empirycznej weryfikacji efektyw-

nosci uktadéw sterowania w zaleznosci od wariancji zaktécen.

Rysunek 6. Front Pareto oraz punkty wyznaczone na podstawie kryteriow dla
trzech wybranych wariancji zaktécen

i\ = T T T T I

3000 - ‘0" —Bdac’=0
_— i R = =Adac’0 ||
\ —— B dla 0?=0,005
2600 |- Y % ‘02 -~ Adia 0*=0,005
r N e e B dla 0?=0,1
2400 - \\ \‘Qé . ............ Adao?=01
2000 -
1800 |~
1600 [~
1400 -

Zrédto: Opracowanie wiasne.

Na rys. 6 znajduje sie wykres z frontami Pareto, na osi x jest koszt przestojow j,
oraz na osi y jest koszt utrzymywania zapasow j, dla 3 wartosci wariancji. W celu po-
réwnania ilosciowego wszystkich otrzymanych rozwiazan Pareto obliczono pola po-
wierzchni pomiedzy wykresami systemoéw A i B dla takiej samej wartosci wariangji.
Nastepnie wyznaczono ich dwa ilorazy dla wariancji 0,005 i 0, ktéry wynosi 11, oraz
dla wariancji 0,01 i 0,005, ktéry wynosi 5,5. Ukazuje to rosnacg przewage systemu B
nad A wraz ze wzrostem wariancji. System B odznacza sie zatem lepsza odpornoscia
na zaktécenia.

Na rysunku 6 zaznaczono 3 grupy punktéw 11-16, 21-26, 31-36, punkty 12-15
nie zostaly podpisane ze wzgledu na czytelnos¢ rysunku, sa to kolejne punkty po-
miedzy punktami 11-16. Punkty zostang wykorzystane w analizie poréwnania stanu
zapasow y(k) w magazynie oraz utraconych korzysci na rzecz przestojow d(k)-h(k).
Punkty zostaty wybrane na podstawie trzech kryteriéw:

1) j,=const=2960+2970 : punkty 11-16

2) min (50j,+j,): punkty 21-26

3) j,=const=60,0+60,8 : punkty 31-36
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Wyniki zastosowania trzech wymienionych kryteriéw do rozwigzan Pareto opty-
malnych dla dwdch systeméw sterowania zamoéwieniami: A oraz B otrzymanych
w procesie optymalizacji bikryterialnej zamieszczono w tabeli 1.

Kolejnym etapem analizy jest poréwnanie wybranych przypadkéw sposréd punk-
tow tabeli 1. Mozna zauwazy¢, ze przy podobnej wartosci j, dla wariancji réwnej 0,
koszt j, jest mniejszy dla systemu B o mniej wigcej 36%, dla 6°=0,005 o 18%, dla dla
0°=0,1 0 50%. Z kolei dla statego kosztu utrzymania zapaséw wartosci dla systemoéw
A'i B s3 w przyblizeniu réwne dla 0°=0, a dla wariancji réznej od 0 zachodzi znacza-
ca poprawa wskaznika j, dla systemu B wraz ze wzrostem wariancji odpowiednio dla
0°=0,005 0 17%, 0°=0,1 0 25% mniejsze wartosci j, w poréwnaniu z systemem A.

W celu dokonania poréwnania odpowiedzi dwdch uktadéw sterowania wyzna-
czono wartosci szczytowe zapaséw magazynowych osiggane w przedziatach liniowo
narastajacego zapotrzebowania d(k) na rysunku 7 dla punktéw 33,35 oraz 0°=0,005.
Dla przedziatu k€(300,400) wartos$¢ d(k) rosnie z 50 do 650, a wartosci szczytowe wy-
nosza odpowiednio: A — 5704, B — 4317 dla k=395. W okresie spadku zapotrzebowa-
nia k€(600,700) z 650 na 450 wartosci szczytowe zapasdéw magazynowych przedsta-
wiaja sie nastepujgco: A — 8942, B - 5439 dla k=648.



cyklicznego oraz z regulatorem PD i predyktorem Smitha
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Rysunek 7. Odpowiedz uktadu - poziom zapaséw y(k) dla punktéw 33,35 dla
0°=0,005

T E=
T i
0

Zrédto: Opracowanie wiasne.

Na rys. 8 przedstawiono réznice pomiedzy zapotrzebowaniem klientéw, a dostar-
czonymi im produktami dla punktéw 14,16 i wariancji 0°=0,1. Lacznie przestoje przy
liniowym wzroscie zapotrzebowania dla A trwaty: 23 dni zas dla B — 17 dni. Dla syste-
mu A odnotowano 4 przestoje trwajgce srednio: 6 dni, a dla B - 5 przestojéw o sred-
niej dtugosci 3 dni. Z kolei przy liniowym spadku zapotrzebowania sytuacja przesta-
wia sie nastepujaco: A - 9 dni, B— 0 dni. Dla A wystapity 2 przestoje o sredniej dtugosci
trwania 5 dni. Dla interwatu pomiedzy wzrostem i spadkiem zapotrzebowania, czyli
k €(400,600) mozemy zauwazy¢ 0 straty klientéw dla systemu B, a 31 dni przestojow

dla systemu A, w tym 7 takich przestojow o sredniej dtugosci trwania 4 dni.

Rysunek 8. Odpowiedz uktadu - réznica pomiedzy zapotrzebowaniem klientéw
d(k), a zakupionymi produktami h(k) dla punktéw 14,16 dla 0°=0,1
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Zrédto: opracowanie wiasne.
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Dla k € (300,400) warto$¢ d(k) rosnie z 50 do 650, a wartosci szczytowe wynoszg
odpowiednio: A - 12000, B — 9139 dla k=395. W okresie spadku zapotrzebowania

ke (600,700) z 650 na 450 wartosci szczytowe zapaséw magazynowych przedstawiajg
sie nastepujaco: A - 25540, B - 15630 dla k=648.

Rysunek 9. Odpowiedz uktadu - poziom zapaséw y(k) dla punktéw 14,16 dla
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Zrédto: Opracowanie wiasne.

Dla k €(300,400) wartosci szczytowe dla wariancji 0,1 wynoszg odpowiednio: A —
8031, B - 4186 dla k=395. W okresie spadku zapotrzebowania k€ (600,700) wartosci

szczytowe zapasdw magazynowych przedstawiaja sie nastepujaco: A - 21270, B -
6595 dla k=648.

Rysunek 10. Odpowiedz uktadu - poziom zapasow y(k) dla punktow 34,36 dla
0’=0,1

4
25% 10

T

—y(k)dlaB
\ \ - == y(k) dia A
2+ 1 "

Zrédto: Opracowanie wiasne.
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Przedstawione na rys. 11 niedobory produktéw na catym horyzoncie analizy dla
punktéw 34,36 i 0°=0,1 pozwalajg dokona¢ poréwnania ilosciowego. tacznie prze-
stoje przy liniowym wzroscie zapotrzebowania dla A trwaty: 31 dni, co odpowiada
liczbie 6 przestoi $rednio po 5 dni trwania, a dla B — 42 dni, 9 przestojéw, réowniez
5-dniowych. Dla k€(400,600): A — 59 dni, w tym 8 przestojow o sredniej dtugosci 7 dni,
B - 30 dni, 18 przestojow trwajacych srednio 2 dni. Z kolei przy liniowym spadku za-
potrzebowania sytuacja przedstawia sie nastepujaco: A — 14 dni, 3 przestoje srednio
po 5 dni, a B - 7 dni, 4 przestoje $rednio po 2 dni.

Cykliczny system sterowania zapasami (A) ma zwiekszone w poréwnaniu z sys-
temem z regulatorem PD i predyktorem Smitha (B) koszty spowodowane utrzymy-
waniem wiekszych poziomoéw zapaséw. W rozpatrywanym przypadku zapasy w A sg
wieksze 0 32% poziomu zapaséw systemu B w okresie liniowego wzrostu zapotrze-
bowania oraz 0 64% w okresie spadku zapotrzebowania dla 0°=0,005 dla kryterium
j,=const oraz 0 92% i 222% dla tego samego kryterium, ale wariancji 20-krotnie wiek-

szej (0°=0,1).

Rysunek 11. Odpowiedz uktadu - réznica pomiedzy zapotrzebowaniem klientow
d(k), a zakupionymi produktami h(k) dla punktéw 34,36 dla 0°=0,1

700 T T T T T T T T T

i —d(k)-h(k) dla B
i s — == d(k)rhk)diaA| -

600 [~

o

S

t=]
T

(
i
I
W
I
I
"
i
1

N
o
=]

T

d(k)-h(k)

0 100 200 300 400 500 600 700 800 900 1000

Zrédto: Opracowanie wiasne.

Zakonczenie

Potrzeba efektywnego sterowania zapasami w logistycznych faricuchach dostaw
w warunkach rosnacej dynamiki tych proceséw stwarza obecnie szczegdlnie duze

zapotrzebowanie na uktady automatycznego sterowania uwzgledniajagce modelowa-
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nie zaktécen wystepujacych w rzeczywistych przebiegach proceséw magazynowych.
Przeprowadzone badania symulacyjne wykazuja, ze zaproponowany uktad z regu-
latorem PD i predyktorem Smitha ma przewage nad klasycznym cyklicznym syste-
mem sterowania zapasami w sytuacji, gdy zapotrzebowanie klientéw jest zaburzone
stochastycznie, mimo ze dla obu uktadéw zamoéwienia sa kumulowane i dostarczane
w przyjetym scenariuszu w tych samych momentach, raz na 10 dni. Za stosowaniem
systemow cyklicznego sterowania zapasami w praktyce przemawia czesto brak moz-
liwosci ciggtego monitorowania stanéw zapaséw oraz ograniczone mozliwosci trans-
portowe — wptywa to na koniecznos¢ utrzymywania w systemie relatywnie wieksze-
go poziomu zapasu. Z uwagi na okresowe sterowanie zapasami okres przestojéw jest
znacznie dtuzszy dla systemu cyklicznego sterowania zaméwieniami, taczna dtugosé¢
trwania przestojéw wynosi 136 dni dla systemu A, dla B za$ 66 dni - system cyklicz-
nego sterowania zapasami zachowuje duze, wynikajace z braku biezacej kontroli
zapasow, prawdopodobienstwo nieprzewidzianych niedoboréw. W sytuacji braku
zaktécen zapotrzebowania oba systemy zachowuja sie podobnie. Dopiero wptyw za-
ktécen o niezerowej wariancji ukazuje przewage systemu z regulatorem PD i predyk-
torem Smitha — wraz ze wzrostem wariancji wzrasta réznica p6l pomiedzy wykresami

dwoch badanych systeméw magazynowych.
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Abstract: The optimization of multi-objective problems is an area of important research. The importance attained by this
type of problems has allowed the development of multiple algorithms. To determine which multi-objective algorithm has
the best performance with respect to the problem of goods flow in the inventory, in this article an experimental comparison
between two of the main multi-objective evolutionary algorithms is conducted: Nondominated Sorting Genetic Algorithm
IT (NSGA-II) and Strength Pareto Evolutionary Algorithm 2 (SPEA2). The inventory model is optimized by taking into
account two objectives: minimal cost of lost opportunities to make sales and minimal cost of used space in the inventory.
The results obtained by both algorithms are compared and analysed based on hypervolume indicator that measures the

volume of the dominated space.

Keywords: inventory control system; SPEA2; NSGA-II; multi-objective optimization; hypervolume.

1. Introduction

Growing inventory management complexity is
making it increasingly difficult to effectively

managed inventories. The objective of
inventory management is to  provide
uninterrupted production, sales, customer-

service levels at the minimum cost. Inventory
control is about generating maximum profits
with minimum inventory investment, without
affecting customer satisfaction levels. Due to
effective inventory control, well-received
products can always be delivered, going out of
stock can be avoided. There has been an
growing interest in solving inventory
management problem. More and more works
have been focusing upon inventory control
systems: [23],[21],[22],[3]. Moreover, lead
time uncertainty can disrupt the proper
performance of such systems. Therefore, papers
are also continuously dealing with uncertainty
in inventory control [8], [24]. As a result of the
emergence of complex inventory control
systems, scientist began to use the methods of
multi-criteria optimization: [25],[14],[16],[19].

Multi-objective optimization problems appear
in many fields, such as engineering, economics,
and logistics. In the last decade, evolutionary
approaches have been the primary tools to
solve real-world multi-objective problems.
Multi-objective optimization algorithms allow

optimization performance by taking into
account multiple objectives simultaneously and
searching for the set of optimal solutions that
form the socalled Pareto front. Evolutionary
multi-objective optimization, which applies
evolutionary computation to multi-objective
optimization, has attracted a great deal of
attention recently [6],[20],[9],[12] There are
many varieties of multi-objective genetic
algorithms (MOGA), but the best studied is the
application of genetic algorithms (GA) to
multi-objective optimization problem. In multi-
objective optimization, the problem is to find
best possible compromise solutions which
cannot be improved according to one objective
without deteriorating the other. Nowadays,
there is a great range of algorithms and their
applications in a variety of multi-objective
problems. Among the multi-objective, genetic
algorithms, SPEA2 [29] proposed by Zitzler
and NSGA-II [7] proposed by Deb provide
excellent results as compared with other multi-
objective genetic algorithms proposed. These
algorithms include important search
mechanisms, such as preservation of good
solutions discovered in the search and
appropriate reduction of the possible Pareto-
optimal solutions [13].

The design of quality measures for
approximations of the Pareto-optimal set is of
high importance not only for the performance
assessment, but also for the construction of
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multi-objective optimizers [30]. To evaluate
and compare the set of solutions found by these
optimizers, quality indicators have been
developed. A popular way to measure the
quality of a Pareto set is the hypervolume
indicator which measures the volume of the
dominated space bounded from below by a
reference point [1]. The hypervolume indicator
was first proposed in [31],[32] and was called
as ‘size of the space covered’, and in other
works as ‘hyperarea metric’[26], ‘S-metric’[33]
and ‘Lebesgue measure’ [17],[11]. Using the
hypervolume of the dominated portion of the
objective space as a measure for the quality of
Pareto set approximations has received more
and more attention in recent years. The
hypervolume indicator is one of the most
popular measures for the performance
assessment of multi-objective optimizers and in
this context it has been subject to several
investigations [28],[18],[10]. There are some
studies that discuss the usage of this measure
for multi-objective search [34],[15],[2] and in
particular the issue of fast hypervolume
calculation. Moreover, this indicator has been
successfully  integrated into  stochastic
optimizers, such as evolutionary algorithms,
where it serves as a guidance criterion for
searching the parameter space.

Main aim of the paper is to compare
performances of two evolutionary multi-
objective algorithms (SPEA2 and NSGA-II)
applied to automatic inventory control system.
To perform the comparison, the hypervolume
indicator is calculated for sets of Pareto fronts.

2. Model for solving optimization
problem

Model of an inventory control system from [4]
is used as a tool to calculate the performance of
optimization algorithms. The block diagram of
the analysed system is shown in Fig.1.

I i | sTocks
i:»|rg<k>| oo "

u(k)
SMITH

h(k)

PREDICTOR

Figure 1. Block diagram of inventory system with
control.

As far as inventory systems are concerned,
inventory can be represented as plant with two

inputs: u(k) (supply) which increases stocks

and d (k) (time-varying demand for products
from the inventory) which is limited
0<h(k)<d(k)<d,, ,and two outputs: (k)
(finished products delivered to customers) and
y(k) (the level of stock). This model does not
include returns and has a limit of maximum
demand and the second output. From the
logistics point of view, the inventory is a
buffer of goods flow, so it accumulates

delivered products. The system consists of
three main parts: production, transport and

storage. Time-dependent delay 7, (k) is
associated with waiting for a mean of transport
and accumulation of orders. Assuming that the
delays z,, 7, are known and function g(k) for
ke N this model is a linear, non-stationary,
discrete dynamical system model. The product

quantity stored in the inventory at moment £,
called the stock, is therefore given as follows:

y(k)=y(k=1)+(1-q(k))x(k—7,)=h(k) (1)

The product quantity awaiting shipment at

max 2

moment k& is defined by the ollowing
relationship:
x(k)=q(k—1)x(k—l)+u(k—rp) 2)

Time-varying delay is implemented in form of
g(k), which is shipping rate at moment k&
defined as follows:

0 - shipment

q(k)={ G)

1 - waiting for transport

Inventory control system consists of Smith
predictor (It is based on implementation of
the model without delay and with delay) and
discrete-time proportional- derivative
controller (PD controller) and is described in
[4]. Model of the system without delay,
implemented in the Smith predictor is given
in the form:

P(k)=p(k=1)+u(k-1)-h(k) 4

Discrete-time proportional-derivative controller
is given in the following form:

68 http://www.sic.ici.ro
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u(k)=hye(k)+k (e(k)-e(k-1)) )
where:

6(k) = v,y (k)= 5(k) (6)
Vg (k) =hid (K) ™

In the system presented in fig. 1, optimization
task determines the problem of finding  the

optimal values of the parameters k, (i=1,2,3).

Cost functions are presented by following
relations:

IEPACORID) ®
J :%,ﬁy(k) ©)

Time required to deliver ordered products to
the inventory for k=0 is

ny=t,+rt, (T p)+ r,and N is the length of the

time horizon. The equation (8) represents cost
of shortages. In turn, the expression (9)
represents holding cost. These indicators are
associated with financial costs. Its form is
based on the physical interpretation of the
problem and can be evaluated in arbitrary
currency. The objective is presented as the
following vector:

j=[j1,j2] (10)

For the model and control system described in
[28,29] and the quality indicator in the form of
(8) — (10) the optimization problem can be
defined in the following form:

min j (11

3. Algorithms NSGA-II and
SPEA2

In some areas such as engineering or
economics, often have problems that require
simultaneous optimization of two or more
functions, in these cases, there is talk of
multi-objective  optimization  problems.
Evolutionary  Algorithms have become
popular as robust and effective methods for
solving optimization problems. The Non-
dominated Sorting Genetic Algorithm and
SPEA2 is a multi-objective algorithm and is
an instance of an Evolutionary Algorithm
from the field of Evolutionary Computation.

A. NSGA-IT

There are two versions of the algorithm, the
classical NSGA and the updated and currently
canonical form NSGA-II. The Non-dominated
Sorting Genetic Algorithm II (NSGA-II) is
proving to be a robust optimization algorithm
for a whole range of multi-objective problems.
The non-dominated sorting segregates the
population

By first finding the non-dominated solutions
in

the population, and marks these points as the
first

front. In the next step calculates the average
distance between members of each front on the
front itself. Parents are selected from the
population by using binary tournament
selection based on the rank and crowding
distance. An individual is selected if the rank is
smaller than the other or if crowding distance is
greater than the other. Crowding distance is
compared only if ranks for both individuals are
the same. The selected population generates
offsprings from crossover and mutation
operators. The population with the current
population and current offsprings is sorted
again based on non-domination and only the
best individuals are selected taking into account
population size. The selection is based on the
rank and on the crowding distance on the last
front. In a nutshell, NSGA-II algorithm has
three features: it uses an elitist principle,
emphasizes non-dominated solutions, uses an
explicit diversity preserving mechanism [6].

B. SPEA2

The improved Strength Pareto Evolutionary
Approach (SPEA2) is chosen to perform the
control system optimization resulting in the final
analysis and comparison. SPEA is an extension of
the Genetic Algorithm for multiple objective
optimization problems. SPEA2 has an external
archive consisting of the previously found non-
dominated solutions. It is updated after each
generation and for each solution a strength value
is computed. An archive of the non-dominated set
is maintained separate from the population of
candidate solutions used in the evolutionary
process, providing a form of elitism. Due to
potential weaknesses of SPEA, the improved
version — SPEA2 has better fitness assignment
scheme, more precise guidance of the search and
a new archive truncation methods. To avoid
situations where population members dominated
by the same members of the archive have the
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same fitness value, SPEA2 takes into account
both the number of dominating and dominated
solutions in computing the raw fitness of a
solution. The objective of the algorithm is to
locate and maintain a front of non-dominated
solutions — set of Pareto optimal solutions. This
is achieved by using evolutionary process to
explore the search space, and a selection
process that uses a combination of the degree to
which a candidate solution is dominated and an
estimation of density of the Pareto front as an
assigned fitness.

An archive of the non-dominated set is
kept separate from the population of candidate
solutions used in the evolutionary process, which
represents a kind of elitism. [29].

4. Simulation and results

In this section the results of computer
simulations and an experimental comparison
between two algorithms: SPEA2 and NSGA-II
for multi-objective optimization is presented.
To evaluate the performance of the algorithms,
we use hypervolume indicator with reference
point whose value was estimated on the basis
of the spread of points on all Pareto fronts and

equal: 7 =[350 25000]. The reference point is
placed in such a way as to be dominated by
most members of the sets to be investigated.
Initial conditions of SPEA2 and NSGA-II are
presented in the table 1.

Table 1. Parameters of the algorithms

Parameter SPEA2 and NSGA-II
Number of generations [1,400]
Population size 5,10,20,40,80
Mutation probability 0.4
Crossover probability 0.7
Mutation rate 0.02

The structure of the control system in fig. 1 is
applied as an optimization model with
production delay and shipping delay:
T,=7,= 8, time horizon: N=1000 days and the
sampling period: 1 day. Time-varying market
demand function d (k) shown in fig. 2 is taken
as an input signal to the inventory system.

800
600
<
400
200
0
0 200 400 600 800 1000
k
Figure 2. Presumed function of market demand d(k)
for products.

Results for SPEA2 are marked by red line and
for NSGA-II by blue line. On the basis of the
results we try to evaluate: which algorithm has
better performance for the proposed model of
inventory control system.

First, HYP is calculated for each of the 100
iterations of algorithms. Results are presented
in fig 2 and 3. The hypervolume metric
assesses the area that is between a chosen
reference point (corner to a hypercube), and the
Pareto surface which limits the hypercube. The
hypervolume indicator assesses not only the
proximity to the true Pareto front, but also the
diversity of solutions obtained across the set,
especially at the edges. The higher value of
hypervolume indicator, the better Pareto set.
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Figure 3. Hypervolume indicator vs. iterations for
population size: 10.

It can be seen from fig. 2 and 3 that
hypervolume value (HYP) is increasing with
the increase of the iteration for both algorithms.
However, according to fig. 2 SPEA2 has the
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advantage over NSGA-II to about 75 iteration
because achieves higher values of HYP.
Interesting observation is that HYP is always
lower for NSGA-II at first, but later becomes
higher. SPEA2 hold almost the same HYP from
iteration number 25, but NSGA-II increases it
slowly and hold the highest value from iteration
number 75 to 100 so at the last iteration has the
best result. SPEA2 has the better ability to fast
finding good Pareto set, however it quickly
loses diversity of founded solutions for small
number of iterations and in the last iteration has
worse solutions than NSGA-II.
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Figure 4. Hypervolume indicator vs. iterations for
population size: 80.

One the other hand, for situation in which the
number of individuals in population is 8-fold
higher, as in fig. 4, SPEA2 achieves higher
value of the HYP for all iterations and also has
the ability to quickly find the Pareto front with
the high value of HYP. For example, starting
from about 20 iteration SPEA2 reaches almost
the same value (0.96) as in the last iteration,
and what is more, it is higher about 4 times
than for NSGA-II (0.22). The results show
clearly that SPEA2 outperforms NSGA-II in
every iteration when the population size is
higher. The hypervolume shows the speed of
the convergence of the algorithms so SPEA2
converges faster to a better Pareto front
approximation and obtains very good results
quickly while NSGA-II require more time to
reach the same quality of Pareto set.

Influence of the population size can be seen
also in fig 4 and 5. Several simulations were
performed in order to investigate the influence

of the population size as well as the maximum
number of generations converging towards the
Pareto-optimal front. In fig. 4 and 5, the
outcomes of each iterations for NSGA-II and
SPEA2 are visualized in 3D space. For small
number of population better performance has
SPEA2 and is able to find Pareto-optimal set
regarding the small population size. NSGA-II
for small population has HYP close to zero,
when SPEA2 is able to reach significantly
higher HYP values.

0.5

Hypervolume indicator

100

80

Iteration number 60

20
Population size

Figure 5. Hypervolume indicator for SPEA2: 1 to
100 iterations for population sizes: 5, 10, 20, 40, 80.

As can be seen on fig 5, SPEA2 keeps the local
minimum, and needs about 70 iterations to
reach the highest values of HYP. What is more,
SPEA2 has even the highest HYP for small
number of iterations (smaller than 10) when
population size is higher than 40.

Hypervolume indicator

20
0 Population size

Iteration number 0

Figure 6. Hypervolume indicator for NSGA-II: 1 to
100 iterations for population sizes: 5, 10, 20, 40, 80.

On the other hand, fig. 6 shows that NSGA-II is
not able to achieve as good performance as
SPEA2 for small number of iterations even for
large population size (about 80). NSGA-II has
the best results for both large population (more
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than 40 individuals) and high number of
iterations (over 40). Furthermore, what is
interesting that HYP of NSGA-II equals almost
0 HYP for population of 5 individuals, despite
of increasing number of iterations when SPEA2
at the same scenario has significantly higher
HYP.
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Figure 7. Hypervolume indicator: 1 to 400 iterations
for population size: 40.

Fig 7 indicates that both algorithms show
comparable results in target of the presented
optimization task. The difference in search
ability is significantly visible between SPEA2
and NSGA-II maybe because of the fact that
congestion is considered in binary tournament
selection in NSGA-II mating selection. In
tournament selection in NSGA-II, when the
fitness values of two individuals being
compared are equal, the individual with lower
congestion is selected. Therefore, it can
produce a more uniformly distributed

population than SPEA2 [27].
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Figure 8. Pareto Fronts for SPEA2 which show case

with a sharp decline in the value of the hypervolume
indicator from fig. 7.

Although the differences in performance appear
large when population size is small, as fig. 5

and 6 show, the difference is no so distinct
when it comes to larger population and higher
number of iterations, as fig. 7 shows. In the
next step, impact studies were conducted with a
higher number of iterations. In this way,
significant difference between algorithms can
be seen in fig. 7. It can be seen that SPEA2 has
a tendency to decrease HYP and it fluctuates up
and down visibly for certain iterations. To look
more closely at the reasons for the behavior of
SPEA2, Pareto fronts in fig. 8 are presented.

As can be seen, SPEA2 removes solution close
to the point of origin to expand range of
solution set in iteration 131. This behavior is
caused by a nearest neighbor density estimation
technique which increases diversity.

5. Conclusions

In this paper, we have performed an
experimental ~ comparison  between  two
algorithms for multi-objective optimization:
SPEA2 and NSGA-II. Comparison was based
on hypervolume indicator borrowed from the
literature. It has been found that for the
automatic inventory control system, SPEA2
outperforms NSGA-II for considered scenarios.
SPEA2 is better than the NSGA-II when
population size and number of iterations is
small. Obviously, small populations do not
provide enough diversity among the
individuals. Increasing the population size,
however, does not automatically cause an
increase in performance, as can be observed in
performance of NSGA-II for small iteration
number. SPEA2 is able to faster finding the
best Pareto front, but quality of this Pareto front
mostly depends on number of iterations.
Although, when number of iterations and
individuals is high, performances of both
algorithms are similar. These observation
suggest that SPEA2 and NSGA-II are effective
algorithms for presented kind of problem.
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Abstract—In this paper, we use a mathematical model of a
inventory system with time-varying delivery delay and three
control systems in order to compare their properties for the
goods flow optimization problem in the inventory systems.

Structures of the chosen control systems are based on
mathematical discrete equations: a periodic inventory system
with adaptive maximal inventory level and perpetual inventory
system with adaptive order quantity level as well as the
methods proposed by the authors in previous works based on
the Smith predictor. The selection of the control systems
parameters is done by solving optimization tasks for a specific
scenario of time-varying market demand using a genetic
algorithm in Matlab/Simulink.

In this article, we mainly want to compare which of the
control structures is able to achieve a high service level with
maintaining of a given inventory maximal level in response to
assumed consumer demand scenario.

Index Terms—Inventory control; Delay systems; Discrete-
time systems; PD control.

1. INTRODUCTION

Supply-chain risks can become full-fledged supply-chain
problem, causing unanticipated changes in flow due to
disruptions or delays. The proper control system is essential.
Decisions concerning inventory control are associated with
order batching and when to order. Acting as a buffer to
smooth production in response to demand fluctuations is
determined as the main role of an inventory. In fact, there
are plenty of reasons for keeping inventories. The most
significant is to satisfy the demand during the replenishment
period in order to prevent loss of orders. More important
reasons for obtaining and holding inventory can be find in
[1]: predictability, fluctuations in demand, unreliability of
supply, price protection, quantity discounts, lower ordering
costs. It is utmost important to maintain the right balance
between demand and orders with a view to minimizing
costs. What is more, inventory is a protection against
fluctuations in demand — it facilitates satisfying customer
demands. Inventory costs generally fall into ordering costs
and holding costs [1]. In the worst-case scenario, customer
service goes down, sales are lost, lead times lengthen, costs
go up, maximal level of inventory is increasing.

Over the years models of inventory systems have been
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being created in a variety of areas. In this paper, the model
of inventory proposed by the authors is considered. We want
to extend our research [2]-[4] over the control systems taken
from literature and compare it with originally created system
which has a better or similar performance.

There are more and more methods of improving the flow
of goods in the inventory systems, which in turn use more
and more advanced control techniques [3]-[10]. In [7] linear
stationary discrete system with a fixed delay to the effective
control of storage systems with perishable goods, using
methods based on sliding-mode control is considered. In [8§]
it is used a linear-quadratic control in order to reduce the
risk of bullwhip effect.

The paper presents a comparative analysis of the impact
of the control system structure and the performance of the
inventory goods flow system. Control systems structures
based on mathematical discrete equations are given for
optimization: a periodic inventory system with adaptive
maximal inventory level and perpetual inventory system
with adaptive order quantity level as well as the methods
proposed by the authors in previous works based on the
Smith predictor. Parameters were selected for each of the
control system structures through solving optimization tasks
for a specific scenario of variable market demand using a
genetic algorithm.

II. THE MATHEMATICAL MODEL

A hybrid discrete automata model is used to describe the
system. Number of products that could potentially be sold
from the store is modelled as a certain, unknown in advance

limited function of time: 0<d (k) <d where d___ is the

max
maximum number of products sold per unit of time. Time-

max

varying values of variable d(k) depend on the market

demand. If the stock level at moment k is sufficiently high,
then demand will be fulfilled, it means that d (k) = h(k)

Shipped products from the inventory /(k)depends on the

demand, as well as the available stocks y(k)and following

inequalities are held:
0<h(k)<d(k)<d, ,0<y(k)<yo.. (1)

Regardless of constant changes in customer demand, it is
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important to maintain accurate stocks in the inventory. A
crucial matter is to avoid a situation in which stocks levels
are critically low or the quantity of the stored products is
excessive, or even exceeds the storage capacity Vmar. In
order to take into account variable time delays in the model
associated with product accumulation in anticipation of
transport, we introduce shipping rate at moment & defined as
follows

q(k)

0 - shipment,
2

1 - waiting for transport.

The product quantity awaiting shipment at time £ is
defined by the following relationship
x(k)=q(k=1)x(k=1)+u(k-7z,). 3)
The product quantity stored in the inventory at moment £,
called the stock, is therefore given as follows

y(k)=y(k-1)+(1-q(k))x(k-z,)-h(k), 4)

where x(k)>0, u(k)>0, 7z, — production delay — related
to the time required to produce or complete the orders, 7, —

forwarding delay — the time interval indispensable to
transport the ordered products to the inventory without
waiting time for transport.

For the needs of this work, it is assumed that the
inventory model has one supplier. The results can be easily
extended to the case with more suppliers with the similar
delivery time, i.e. total production, shipping and forwarding
delays from each supplier. Moreover, on the basis of the
balance of products in the inventory, it is clear that products
only have to cumulate or be sold to the customers.

Control fu (& L(ﬁﬂ
i 7, z,(k)+7, [
system Stocks [ (k)
d(k) Customer

Fig. 1. Block diagram of inventory system with control.

Assuming that known are the delays z,, 7., function

q(k) for £ €N the system is discrete-time, non-stationary,

linear with signals saturations, for which methods can be
used, given in inter alia [11]-[13]. The block diagram of the
analysed system is shown in Fig. 1. The system consists of
three main blocks: production, transport and storage. Time-

dependent delay 7, (k) is associated with waiting for a

mean of transport and accumulation of orders.

III. THE CONTROL SYSTEMS DEFINITIONS

The two basic questions any inventory control system
must answer are when and how much to order. There are
several replenishment techniques attempt to answer this
fundamental questions.

Control system determines a certain amount of products
to be ordered on the basis of market demand. As a result, a

12

class of inventory models has been designed to cope with
situations where demand level fluctuates.

The two classic systems for managing independent
demand inventory are periodic review and perpetual review
systems [14].

It is essential to create a mathematical description of
investigated control systems:

A. Periodic Inventory System with Adaptive Maximal
Inventory Level
It is a modified version of the classical periodic inventory

system which gives an opportunity to the adaptation of the
maximum level of inventory in stock. The block diagram is
depicted in Fig. 2. It has been put additional factor k; in
order to enable adaptation depending on the market demand.
Factor k; together with %k, make an affine function of
reference stock level depending on market demand, given in
the following form

" {&d@)+@—yuy for gq(k-t,)=0, )
u =
0, otherwise.
n c(k)
an I~ 7 s u(k)

d(k)

—b kl

y(k)
Fig. 2. A block diagram of the control system for the periodic inventory
system with adaptive reference stock level.

B. Perpetual Inventory System with Adaptive Order
Quantity Level.

A perpetual system is responsible for continuous record-
keeping of the inventory level, and it replenishes when the
stock drops to certain level k3. The reorder point is fixed, but
review period, order quantity and maximal stock level are
variable (max inventory level depends on demand). The
structure of the system is shown in Fig. 3. Factor &, together
with k» make an affine function of maximal stock level
depending on market demand, given in the following form

() = , for y(k)>k,,
T kd (k) + k. for y(k)<k

= Ky,

(6)

where k3 — reorder point.

Fig. 3. A block diagram of the control system for the perpetual inventory
system with adaptive order quantity level.

C. Proportional-Derivative Inventory Control System

with Smith Predictor and Adaptive Reference Stock Level

Proposed control system consists of a classical structure
of inventory model with Smith predictor. It is a type of
predictive controller for control systems with long and
inevitable delays. Its structure is based on implementations
of the model without delay and with delay.

Based on the control concepts for systems with delays
using a Smith predictor it is assumed that an estimated
model of the system without delay is given in the form
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7, (k)= 5, (k=1)+u(k=1)=h(k). 7)

Error of approximate model without delay and error of
approximate model with delay is given by:

£(k)= vy (k)= 5, (k). ()
and the PD controller is evaluated in the following form:
u(k):kzg(k)+k3(8(1{)—8(1{—1)), 9

It is assumed that the reference value of stocks y,, (k) is

a linear function of the demand [3] given in the form of
yr(k):k]d(k). (10)

Figure of the control system is shown in Fig. 4. The
variables &, —k, are parameters of the control system.

Fig. 4. A block diagram of the control system for the proportional-
derivative inventory control system with Smith predictor and adaptive
reference stock level.

Similarities between the considered class of systems and
engineering processes allow to apply control-theoretic
methods in the design and analysis of strategies managing
the flow of goods in inventories.

IV. OPTIMIZATION CRITERION

It is extremely important to use the simplest optimization
model for a certain problem in numerical optimization
issues — as simple as possible. Simplification of optimization
model not only contribute to reduce the calculation time but
also enables you to find solutions closer to the global
minimum repeatedly in the case of multimodal issues.

The issue of optimal control requires a mathematical
formulation of the process performance index to be optimal.
Consider the problem of finding the optimal values of the

parameters £, (i = 1,2...4) of a dynamical system with fixed
its structure from Fig. 2-Fig. 4. In the case of the inventory

system indicators can be described by the following
relations:

- 2 (a(0)=h(k). i
k:no
13
J= Nké,y(k)’ (12)

where n, =rp+rs+z'g(rp) is a cumulative delay for

u(k=0), N is the length of the time horizon.
The equation (13) represents a lost opportunity to make
sales. In turn, the expression (14) concerns use of space in

13

the inventory. These indicators are associated with financial
costs. Its form is based on the physical interpretation of the
problem.

In the present case, scalarization of the objective function
is used to form of the weighted sum

(13)

Jj= W1j1 + szga

where w, and w, are weighting factors and j can be
evaluated in arbitrary currency.

For the model described by relationships (1)—(4) and the
control systems described by equations (5)—(12) and a
quality indicator in the form of (13)—(15) the optimization
problem can be defined in the following form

min /, (14)
where optimization variables and constraints are based on
the controller structure:

k=[k.k,], k, 20, k, >0 foreq. (5),
k =[k.ky,k ], k20, k, 20, k; >0 for eq. (6),
K =[k.ky. k] & 20, k20, k, 20 for eq. (7)-(10).

The parameters k; — k3 of controller are non-negative
because it is assumed that returns are not taken into
consideration. According to this and to the requirements of
negative feedback loop, including stability issues, the output
signal of the controller cannot be negative. The proposed
system is aimed at determining the optimal size of
deliveries. It minimizes the cost ratio consisting of the
average weighted total inventory costs including the cost of
stocking and maintenance costs and lost benefits, reducing
the risk of stoppages.

V. SIMULATION RESEARCH AND ANALYSIS

In this section we conduct computer simulations. The
structures of control systems in Fig. 2-Fig. 4 are applied.
The main purpose of this section is to compare properties of
three different control structures: periodic inventory system
with adaptive maximal inventory level and perpetual
inventory system with adaptive order quantity level, present
in economic environment and proportional-derivative
inventory control system with Smith predictor and adaptive
reference stock level proposed by authors.

400 600 800 1000

200

0
K (days)
Fig. 5. Presumed function of market demand for products — trapezoidal
signal.

With a view to simulation research of the control systems
for a discrete, non-stationary hybrid model described by
equations (1)-(4), the control systems described by
equations (5)—(12) and the quality indicator in the form of
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(13)—(15), the following values of the system parameters are
held: t, =1, =14, w,=1, n,=42, N=1000. For the

simulations purposes, it is assumed that w, is either 60 or

530.

The sampling period is 1 day. Specific time-varying
market demand functions shown in Fig. 5 and Fig. 6 are
taken into consideration. Demand signal is shown in Fig. 5
is the assumed scenario proposed by the authors. The
presumed function of market demand consists of step
change at £=0. Next, it is constant until £~=300. After that, it
linearly increases with slope 6 products per day for 100
days, then it is constant for 200 days. From (=600 the
presumed demand decrease with slope —1.5 products per day
until =700 and then it is constant until the end of the
scenario (k=1000). This demand signal has these different
values in order to show the control system performance at
different conditions. The signal in Fig. 5 is used for
verifying optimal controller parameters.

400 600 800
k (days)
Fig. 6. Presumed function of market demand for products — rectangular

signal.

0 200 1000

As a function that controls the periodic time-variability of
the model g(k) it is assumed following periodic function

0 for rem(k,14)=0,

15
1 for rem(k,14)=0, (15)

61(’()={

where the function rem is the remainder of the division.

Tuning of the control system is based on the criterion (1)
and trapezoidal demand signal plotted in Fig. 5. On the basis
of the results we try to evaluate: how does the controller
structure impact on the properties of the inventory control
system. In order to verify the solution for different scenario
— rectangular demand test signal plotted in Fig. 6 are
employed.

Before developing the theoretical argumentation, it is
important to first establish definitions and foundational
concepts underlying this research.

To solve the optimization problem (17) in order to
determine parameters of controllers, a genetic algorithm
with parameters: population size 50, elite count: 2, crossover
fraction: 0.8 is used. The genetic algorithm has been
receiving great attention and it has successfully been applied
to other problems in the supply chain environment [15]-
[18]. All variables used for simulation are summarized in
the Table I.

Pareto front with shortages cost j, and holding cost j,
calculated for 11 logarithmic spaced weights in the range
< 40,1000 > and trapezoidal signal is depicted in Fig. 7.

Results for PIS-AOQL control system are marked by blue
triangles and blue smoothing line. Points of Pareto front for
PIS-AMIL are marked by green ‘x’ and green smoothing

line whereas for PDIS-SP-ARSL control system are marked
by yellow squares and yellow smoothing line.

TABLE L. VARIABLES USED FOR SIMULATION.

Variable Value
7, production delay 14 days
7, forwarding delay 14 days
N simulation horizon 1000 days
w; weighting factor of shortage costs 60 or 530

w; weighting factor of holding costs 1

ny cumulative delay 42 days
population size 50
elite count 2
crossover fraction 0.8

9000
8000 |
70001
6000 |
-4 5000 f
4000 |

3000

2000}

1000 -
0 40

30

10 20 50
I
Fig. 7. Pareto front for inventory control system for trapezoidal signal.

It can be noticed from Fig. 7 that solutions for PDIS-SP-
ARSL control system are non-dominated although results
for ‘x” and PDIS-SP-ARSL are close to each other. The
solutions for PIS-AOQL are dominated by PDIS-SP-ARSL
and PIS-AMIL however they are also relatively near the
non-dominated solution of PDIS-SP-ARSL.

In order to compare the different control systems,
consequently marked by square, ‘x’ and triangle some
additional evaluations are made. One of them are plot in the
objective space for rectangular demand shown in Fig. 8 with
controllers optimized for trapezoidal demand depicted in
Fig. 6. The results do not differ significantly from each
other.

3000
2500 1
2000 -
1500+ vy
1000

500 i i i i J
1.2 1.8 2 2.2 24 26
iy
Fig. 8. Pareto front for inventory control system for rectangular signal.

14 16

Solutions of PDIS-SP-ARSL control system are non-

14
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dominated over the solutions for other two control systems
structures. It means that the phenomenon of shortages and
inventory redundancy occurs less than in other two systems.

i ..‘li |

400

12000

10000

8000

y(k) (units)

6000

4000

2000 |5

600 800
k (days)

Fig. 9. The level of stocks of three control systems vs. the discrete time for

the presumed function of market demand for trapezoidal signal, where

w1=60.

1000

System responses y(k) of the control system are shown

in Fig. 9-Fig. 12. Responses for w;=60 are close each other.
Although for the weight w1=530 indicates the weaknesses of
the PIS-AOQL structure. The main reason for is that the
system response in Fig. 11 is characterized by
inappropriately large increase of stock in the initial period of
the simulation. The peak is almost 4 times larger than in the
structures PIS-AMIL and PDIS-SP-ARSL. A similar
situation can be seen in Fig. 12.

3000

2500 -

2000 +

(units)

=
= 1500

1000 +

500

il

800 1000

400 600
k (days)
Fig. 10. The level of stocks of three control systems vs. the discrete time
for the presumed function of market demand for rectangular signal, where

w1=60.

x10%

05+ ‘I I‘\“\H ”‘~' (L

600
k (days)
Fig. 11. The level of stocks of three control systems vs. the discrete time
for the presumed function of market demand for trapezoidal signal, where
wi=530.

0
0 200 1000

400 800

In order to finalize the comparison we analyse the stock
level response for different control systems, weights w, and

15

customer demands. Let’s now move on to the system
response which represents inventory levels. On the basis of
the inventory stock, we can decide how control systems
react for the demand and have an opportunity to differ them.

One the other hand, the same formulation in case of
triangular signal shows that the non-dominated set contains
subsets of solutions for PDIS-SP-ARSL and PIS-AMIL. It
can therefore be concluded that the PDIS-SP-ARSL and
PIS-AMIL control system have better robustness for the
changes in the assumed scenario of customer demands.

Time responses for systems PIS-AMIL and PDIS-SP-
ARSL remain adequate level of orders and stocks, also in a
wide range of changes of w;. Inventory control system has
to provide weighted balance between this two indicators:

and j, .
4
55 =10
2
E
=215
=
=
1
0.5 \ \\
oL [ iy RN
0 200 400 600 800 1000

k (days)
Fig. 12. The level of stocks of three control systems vs, the discrete time
for the presumed function of market demand for rectangular signal, where
w1=530.

The analysed results for the structures PIS-AMIL and
PDIS-SP-ARSL are similar. However, by comparing the
obtained value of the cost indicator j, presented in Fig. 7 and
Fig. 8 it can be noted that for small values of w is the little
advantage of the system PDIS-SP-ARSL for both
trapezoidal and rectangular signal.

Our analysis shows that adaptive reference stock level has
a smoothing effect on the order variability.

CONCLUSIONS

The overall objective of inventory management is to
achieve satisfactory levels of customer service while
keeping inventory costs within reasonable bounds. The
balancing act between liquidity and profitability is key to
good inventory management.

Regarding the objective, a decision maker has to make
two fundamental decisions: the timing and size of orders
(i.e., when to order and how much to order).

The risk of shortage can be reduced by holding safety
stock, which is a stock in excess of average demand to
compensate for variability in demand and lead time. It is
important, that safety stock cannot be high.

The main factor of the control selection is to minimize
costs and losses relating to holding costs. Shortage is
extremely disadvantageous situation — the demand is greater
than the amount of products, because orders have not keep
pace with the time-variable needs of customers.

On the basis of empirical analysis, it was found that the
structure of the control system has a great impact on the
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performance of the inventory goods flow system with long-
variable delay. The goal was to minimize the total cost of
the system and maximize service level simultaneously. The
structure of the PIS-AOQL provides the worst reaction for
high varying demands, the reference inventory level is
higher almost 3-4 times than in other systems. The system
with adaptive reference stock level PIS-AMIL has much
better performance. Pareto front for inventory control
system for trapezoidal signal in Figure 6 shows that PDIS-
SP-ARSL has the best values of indicators which represents
lost opportunities to make sales and use of space in the
inventory.

For future study, we will focus on more complex systems
e.g. hybrid systems associated with supply chain and taking
into account the specific effects occurring in such objects.
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Abstract. The inventory systems are highly variable and uncertain due to market demand instability, increased environmental impact, and
perishability processes. The reduction of waste and minimization of holding and shortage costs are the main topics studied within the inventory
management area. The main difficulty is the variability of perishability and other processes that occurred in inventory systems and the solution
for a trade-off between sufficient inventory level and waste of products. In this paper, the approach for resolving this trade-off is proposed. The
presented approach assumes the application of a state-feedback neural network controller to generate the optimal quantity of orders considering
an uncertain deterioration process and the FIFO issuing policy. The development of the control system is based on state-space close loop control
along with neural networks. For modelling the perishability process Weibull distribution and FIFO policy are applied. For the optimization of the
designed control system, the evolutionary NSGA-II algorithm is used. The robustness of the proposed approach is provided using the minimax
decision rule. The worst-case scenario of an uncertain perishability process is considered. For assessing the proposed approach, simulation
research is conducted for different variants of controller structure and model parameters. We perform extensive numerical simulations in which
the assessment process of obtained solutions is conducted using hypervolume indicator and average absolute deviation between results obtained
for the learning and testing set. The results indicate that the proposed approach can significantly improve the performance of the perishable

inventory system and provides robustness for the uncertain changes in the perishability process.

Key words: multiple objective programming; optimal control; genetic algorithm; perishable inventories; inventory control.

1. INTRODUCTION

Nowadays, rapid changes in inventory systems force the devel-
opment of new control approaches which will be able to over-
come the variety of uncertainties appearing in such systems.
One of the important factors contributing to the uncertainty
in storage systems is perishability. Perishable products have
highly varying deterioration rates which means that an uncon-
trolled perishability process can cause high waste [1]. Due to
the high loss ratio of products (about 30% in many countries), it
is highly important to effectively and efficiently control the in-
ventory flow, in particular the level of product perishability [2].
The process of product deterioration usually does not occur uni-
formly, hence, unsteadiness in quality decrease should also be
considered during the control of perishable inventories [3]. New
technologies provide the measurement and control of deteriora-
tion in perishable inventories, e.g. RFID tagging [4, 5], Internet
of Things (IoT) [6]. Therefore, the latest technology advance-
ments create the proper environment for the application of new
control methods to perishable inventories. Novel approaches
have to provide the adaptation to changes and robustness to un-
certainties that nowadays often occur in supply chains [7].
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In inventory, there are a few types of uncertainties, the four
most popular in the literature are: (a) uncertain demand, (b) un-
certain lead-time, (c) uncertain supply (d) uncertain perisha-
bility. The most researched uncertainties are (a), (b), and (c).
For example, demand and supply uncertainty is assumed in [§]
and the methods of bi-objective integer programming are pro-
posed to manage blood inventory — the supply uncertainty of
blood is modelled from regional banks to hospitals. The main
goal of blood banks is to maintain sufficient stock while mini-
mizing wastage due to the expiration of blood. The next work
which also considers demand and supply uncertainty is [9]
where a mixed linear programming model (MILP) is used with
Lagrangian relaxation to reduce memory usage and time. De-
mand uncertainty is also taken into consideration in [10] where
the order quantity is calculated by popular order-up-to policy
and logistic stability is examined. In [11] new variants of peri-
odic review policy and continuous review policy are proposed
to reduce the holding costs and shortages in inventory systems
with demand uncertainty. Approach including lead-time uncer-
tainty is presented in [12] where an optimal ordering decision
model is developed using differential equations. The lead time
tends to change due to capacity constraints, defects in prod-
ucts, delays in material supply, and changes in production pro-
cesses [13]. For both demand and lead times uncertainty, the
research is available in [14]. Dealing with these two uncertain-
ties and NP-hard study is possible thanks to the hybrid solu-
tion approach based on Simulated Annealing and direct search
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method. On the contrary, there is a lack of research on the con-
trol of perishable inventory with an uncertain lifetime of prod-
ucts (d). The uncertain character of perishability is considered
in [15] where a robust optimization model is designed for con-
trolling uncertain parameters. The second work is the recent
research [16] where a multi-objective mathematical program-
ming model is developed to optimize the cost, energy consump-
tion, and traffic congestion associated with such supply chain
operations. What is more, in [16] uncertain lifetime of prod-
ucts is explicitly modelled as a Weibull random variable, and
the perishability process depends on vehicle refrigerator uti-
lization. According to recommendations in [15], it is more ef-
ficient to use multi-objective meta-heuristic algorithms such as
the nondominated sorting genetic algorithm II (NSGA-II) for
problem-solving due to an exponential increase in computation
time.

From this viewpoint, to cope with uncertain perishability
processes this study is devoted to the problem of developing
a new approach for optimizing perishable inventory systems,
especially with uncertain perishability. In a nutshell, this paper
aims to develop a novel approach for control and optimization
using neural networks, state-space models, and evolutionary al-
gorithms. Overall, to identify our contributions, the literature
review reveals that the perishable inventory control with per-
ishability uncertainty has not been widely studied. Most pre-
vious studies on the control of inventory systems without per-
ishability and uncertainty in the perishability process. The main
contributions of this paper are:

1. Development of a novel solution for perishable inven-
tory system with uncertain perishability and first-in-first-
out (FIFO) issuing policy that combines neural networks,
bi-criterial optimization, and robust optimization using the
minimax method.

2. The numerical study shows that the proposed robust sys-
tem can find about 18% better solutions than the non-robust
approach in terms of a hypervolume indicator.

We conduct a series of simulations to investigate the perfor-
mance of our approach. The achieved results show that the pro-
posed approach allows the perishable inventory system to ob-
tain good robustness on perishability uncertainty with a view to
customer satisfaction, holding cost, and wastage reduction. The
remainder of this paper is organized as follows. Section 2 re-
views related literature. Section 3 presents the inventory model
with perishable products. A neural controller for perishable in-
ventory is introduced in Section 4. Section 5 is devoted to the
learning process of a neural network using multicriteria opti-
mization. Section 6 reports and analyses the computational re-
sults obtained through simulations in Matlab. Section 7 con-
cludes the paper and provides perspectives for future study.

2. RELATED WORK

Our paper is mainly related to two streams of research in the
literature: robustness of perishable inventory control methods
and their optimization, artificial intelligence methods used for
perishable inventory control problems (especially neural net-
works).

There is a rich body of literature on the control of perishable
inventory systems. The types of products in perishable invento-
ries are mainly food (mostly dairy, fruits, vegetables) and blood.
Major challenges in the blood supply chains are connected to
the shortage and wastage of blood products [8]. The main chal-
lenge of supply chains is keeping enough stock level to pro-
vide full product availability while minimizing the losses due to
outdating [17, 18]. There are also different approaches applied
in perishability simulation. For example, the inventory mod-
els presented in [19-21] contain the constant perishability rate,
which means that for example in each review period 5% of un-
sold stock decays and 95% remains. On the other hand, in [22]
it is assumed that the freshness of the product is a linearly de-
creasing function of the age of the perishable goods. Another
way of perishability modelling is presented in [1] where the de-
terioration rate is affected not only by the storage environment
and the preservation effort but also by different perishability
characteristics of different agri-fresh products (for example, the
deterioration rate for bananas is different from the deterioration
rate for apples). The variable character of perishability is caused
by handling and transportation equipment, product temperature
and air-conditioning, etc. In order to resemble this variability
more, the Weibull distribution is also used to describe a per-
ishability rate [16,23,24]. But still, there is a lack of research
in which the uncertain character of process perishability is in-
cluded in simulation research. To the best of our knowledge,
none of these studies has discussed the effects of the uncer-
tainty of perishability rate on the performance of the inventory
system.

2.1. Robustness of perishable inventory control methods
and their optimization

Increasing uncertainty of logistic and production processes ini-
tiated the rapid development of approaches to ensure system
robustness. Authors from [25] develop a robust proportional-
integral-derivative (PID) tuning model based on simulation-
optimization and computational intelligence methods which
provide insensitivity to variability (e.g. demand variability).
They combine surrogate techniques and evolutionary algo-
rithms to decrease the level of computational complexity in the
tuning of PID controller. In turn, a new optimal model-based
sliding mode controller dedicated to the perishable inventory
system is presented in [26] which provides a fast reaction to the
unknown disturbance, e.g. customer’s demand, ensures limited
and smooth orders, and reduces the holding and operating costs.

In [27] new robust approach is proposed which is based on
classical order-up-to policy including various demand uncer-
tainty using robust dynamic programming approaches. What
is more, the solution approach provides optimality of the re-
sults and stable changes in costs in case of demand variability.
The problem of uncertainty in the decay of raw material is ad-
dressed in [15], where methods of robust optimization are ap-
plied. Moreover, multi-objective algorithms are recommended
for more efficient optimization performance (shorter time of
computations), which is utilized in this research.

Optimization of the inventory systems is presented in e.g.
[28-31], which are used only for control parameters tuning, re-
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gardless of possible uncertainties inclusion in the optimization
process, and robust optimization. The robust approach facili-
tates minimizing the possible loss for a worst-case scenario ap-
proach that provides the feasibility of the solutions for all pos-
sible values of the uncertain parameters included in the uncer-
tainty set [32,33]. The research in [34]] consists of bi-criterial
optimization using two criteria: customer service level (SL) and
overall holding cost (HC) and evolutionary algorithm: NSGA-
II to improve the distribution of the product in a specific type of
logistic systems network (mesh-type).

2.2. Artificial intelligence methods used for the perishable
inventory control problem

In the recent decade, there is a significant increase in the pop-
ularity of neural network techniques applied to inventory con-
trol [35]. The most popular application of neural networks in
the inventory control system is demand prediction as in [36,37].
The most popular model of neural network used for inventory
control is the backpropagation neural network. In [38] an online
neural network controller that optimized a three-stage supply
chain is developed which means that the weight tuning process
is a continuous optimization problem in which a backpropaga-
tion (BP) algorithm is applied. However, the standard BP algo-
rithm has inherent disadvantages such as slow convergence, the
problem of converging to a local minimum, a complication of
the system, and random network structure selection. Trying to
overcome these difficulties, researchers develop different im-
proved BP neural network models [35]. In [35] improved BP
algorithms have an advantage both in convergence and predic-
tion accuracy in comparison to the existing approaches. To im-
prove neural network control, the application of evolutionary
algorithms becomes more popular. One of the solutions exist-
ing in the literature is genetic algorithm-based learning. In [39]
is shown that artificial neural networks combined with genetics
for a variety of complex functions can achieve superior opti-
mization solutions when compared with BP. Comparing the BP
and genetic algorithm (GA), it can be observed that BP moves
from one point to another whereas the GA searches the weight
space from one set of weights to another set in many direc-
tions simultaneously which increases the chance of reaching the
global minimum. A more effective process of weights tuning is
achieved in [40] where a method that combines BP and GA
for the learning process is presented. The combination of neu-
ral network and fuzzy logic is also a presence in the literature
on inventory control [41] where a two-layered feed-forward
with a backpropagation learning algorithm is used. In the re-
search [40] the genetic algorithm is used to train the weights
of the neural network which significantly improves the perfor-
mance of the system. However, there is still a gap in the applica-
tion of these methods to uncertain inventory control problems
with perishable products. There are still few studies on con-
trol systems and optimization approaches to deal with uncertain
perishable inventory systems.

2.3. Contribution of this study

The review of the pertinent literature implies that there is a lot
of research on designing control policies with the application to
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inventory systems. Most of the work focus on investigating ob-
taining an optimal performance with a view to possible demand
deviations. In addition, a few pieces of research devote study to
developing new approaches for handling the uncertainty of per-
ishability processes. Through the review of these papers, it was
found that there is no comprehensive solution for the determi-
nation of the optimal quantity of orders in perishable inventory
systems affected by uncertain perishability rates. Therefore, de-
signing the approach to resolving this matter is a contribution to
the current state of the art. The main contribution of this study
is the application of the neural network controller and robust
multi-objective optimization to the problem of uncertain per-
ishable inventory system control. The main task of the designed
controller is to calculate order quantity such that the customer’s
demand is satisfied without holding the excess stock.

According to the literature, a lot of new approaches, and
methods are designed for inventory systems without perishabil-
ity and there is a research gap in the research of new methods
which have application in perishable inventory systems. As it
can be noted, there is a lack of work that considers process per-
ishability. Hence, what differentiates this work from the previ-
ous studies is the development of an approach for optimal con-
trol of perishable inventory systems with uncertain perishabil-
ity processes, which is based on Weibull distribution and neural
network controllers. In contrast to earlier results devoted exclu-
sively to the inventory control systems, in this paper control ap-
proach for perishable inventory with uncertainty is developed.
In order to verify our approach usability, simulation research
with a wide range of initial conditions is conducted. To the best
of our knowledge, works [15, 16] as the only two of the few
which have included uncertainty of perishability in the perish-
able inventory model. According to the conclusion in [15] in
this work it is decided to use NSGA-II for optimization in or-
der to shorten the computational time. We also assume a ran-
dom lifetime of perishable products, which is still less studied
than fixed-lifetime perishability and non-perishable products.
Our approach provides robustness for the uncertain character
of the perishability process and the generated order signal is
finite and stable.

3. ANINVENTORY MODEL WITH PERISHABLE
PRODUCTS

3.1. Preliminaries

Let us consider the nonlinear, discrete-time perishable inven-

tory with random lifetime products proposed in [24]. The con-

sidered class of inventory system assumes that stored products

have a limited shelf-life. The main purpose of the inventory sys-

tem is to satisfy customer demand and optimize the stock lev-

els and losses due to perishability. The model fundamentals are

based on the following assumptions:

1. The inventory system considers a single item only.

2. A review period is constant and equals one day.

3. Lead time is deterministic and positive and equals s days
(s >0).

4. Shortages are allowed but are not backlogged. Excess de-
mand is lost.
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5. There is only one stocking point in each period k.
Demand is a time-varying function.

7. The maximum shelf-life / is fixed and known a priori. Lost
units are not replaced.

8. Items deteriorate according to a variable rate. The Weibull
distribution is used to represent the distribution of the time
to deterioration. It is assumed that after a period of [ days
distribution function is almost equal to 1. It means that the
error resulting from the assumption of a finite time horizon
is negligible.

9. The part of a new batch of products entering the inventory
could spoil during the transport.

10. The products are sold according to FIFO policy.

o

3.2. Notation
The variables used in the model are presented in Table 1.

Table 1
Applied notation
Symbol Definition
N The length of the simulation horizon
ke{l,2,...,N} | Discrete-time
l The maximal lifetime of the item
i€{1,2,...,1} | The index of state variables
s Deterministic lead time
dmax The maximum demand in one period k
wi Perishability coefficients
x(k) The vector of state variables
y(k) Inventory level (on-hand stock)
u(k) Order quantity
F(p,7,A,B) The? cumu_lati.ve Qistribution function of the
Weibull distribution
A, The nqminal .val.ue Qf scale parameter A from
the Weibull distribution
s The perturbgted V.alu? o.f scale parameter A
from the Weibull distribution
A Perturbation
z(k) The aggregated amount of perished product
zi(k) The sum of perished product
d(k) Aggregated demand
d;(k) Demand for a product of age i
h(k) The aggregated amount of sold product
hi(k) The sold product of age i
n Number of neurons in the hidden layer
v The vector of network weights
aj The activation function in the first layer
e The activation function in the second layer
cj The transformation function in the second layer

3.3. The applied model — in brief

The model reflects the real processes in the inventory system
with perishable products. The main goal of every inventory sys-
tem is to satisfy customer demand. In order to maintain high

customer service and minimize the on-hand stock, the replen-
ishment orders must be just in time delivered. It is important
to note that the orders arrive in the inventory after lead-time
denoted as s. It means, that applied control input makes an im-
pact on the system after the period s. It makes these systems
much more different from the classical systems. The dynamics
of the system are influenced by the on-hand stock and work-in-
progress orders. However, the demand does not affect the dy-
namics and is modelled as an unknown a priori, bounded func-
tion of discrete time 0 < h(k) < d(k) < dmax. There is full de-
mand satisfaction when the number of sold products A(k) € R>o
is equal to the current demand d(k) € R>¢, h(k) = d(k) The
maximum value of imposed demand for products per k period
is constrained by dimax € R>0. The general description of the as-
sumed inventory system is that: (a) the orders are generated in
regular intervals on the basis of the on-hand stock quantity y(k),
work-in-progress deliveries x;(k), where i = {1,2,...,s — 1}
and expected demand d(k), (b) the products are sold accord-
ing to FIFO issuing policy, (c) products ages according to
Weibull distribution. Total demand consists of a sum of de-

!
mand for products characterized by age i: d(k) = Zd,-(k). In
i=1

this model, i represents the age of products, e.g. i = 1 means
that d) (k) € R>o is the demand for the freshest products avail-
able in the inventory. The total number of the sold product is

/
given by h(k) =Y hi(k), where hi(k) € R>o — sold products
i=1

of age i. As inventory systems become more complex, repre-
senting them with differential equations or transfer functions
becomes highly advanced. Considering that, for efficient im-
plementation in Matlab and on computing server, the model is
formulated using a state-space approach. State-space represen-
tation of this system is given by / equations

(1)

x(k+1) = (1—=wp) (xp-1(k) =1 (k).

State variable x;(k) € R>¢ keeps the information about products
quantity of age i. Items start to deteriorate during transport to
the inventory. Order quantity u(k) is a positive and real num-
ber. Perishability coefficients w; € (0, 1) of product of age i are
provided by the Weibull distribution function

F1 l=17
F—F
w; = =2 1 2
i I—F} l ,3, Sl ()
1 i=1+1.

Assuming that the inventory deterioration rate follows
a Weibull distribution, its cumulative distribution function can
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be presented in the following form

0 pe(ly),
Fp:F(va7)“7ﬁ): uﬁ (3)
1_6( A ) pe(Y?Da

where B > 0 is the shape parameter, A > 0 is the scale param-
eter, ¥ > 0 is the location parameter defining the beginning of
deterioration, p is the time of deterioration. On-hand stock is
a sum of the products stored to the inventory with different age

I
i which can be described as y(k) = in(k). The products are

sold according to FIFO policy, e.g. tlhes oldest products, that is,
the quantity with the highest i, is consumed first. In order to
preserve the inventory processes, the following inequality must
be met y(k) — h(k) > 0. It means that the system cannot sell
more units than available on-hand stock. Perishability process
of products for each moment k and age i is given by [ + 1 equa-
tions

“4)

z41(k) = wipq (xi(k) — hy (k)) .

Products perish according to Weibull distribution what means
that perishability can occur for every group of products (accord-
ing to age 7). For a general overview of the quantity of prod-

ucts losses, the sum of perished quantities of ages i is given as
I+1

(k) = ; zi(k).

4. NEURAL CONTROLLER FOR PERISHABLE INVENTORY
Artificial neural networks consist of the number of connected
neuron cells with weights imitating the real processes which
occur in brains. The main goal of this work is to develop a ro-
bust neural network controller for uncertain perishable inven-
tory systems in order to optimize the performance of this sys-
tem using multicriteria optimization. The developed neural net-
work controller consists of three layers: input, hidden, and out-
put layer. It is assumed that the developed network has one hid-
den layer which has n neurons. The hidden layer has the sat-
urating linear transfer function (satlin) whereas on the output
layer is a positive linear transfer function (poslin). The applied
structure of the neural network is depicted in Fig. 1.

The input of the neural network controller is the state vector
x(k) € R>, which is the number of products on every shelf — the
shelf represents the age of the product. The output of the neu-
ral network is the control signal u(k) € R>(, which is the order
quantity generated in order to satisfy the demand d (k) € R>¢.
The applied structure is a feed-forward network, in which the
activation functions a;, e, and transformations c; and u occur.
Based on the current stock age and work-in-progress deliveries,
the controller can generate the optimal order quantity for each
day k. The weights are the elements of vector v. Neural network
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Fig. 1. The applied structure of the neural network controller

learning is conducted for constant demand value d(k), which
is 1 unit per day. However, for simulation purposes, the de-
mand scaling is proposed, which provide the proper controller
behaviour for different value of demand than 1.

5. LEARNING USING MULTICRITERIA OPTIMIZATION

For the tuning of the neural network weights, multicriteria opti-
mization is applied. First, the proper optimization criteria have
been formulated. The first criterion is describing the number of
lost sales due to stock shortages

N

Y, (d(k)—h(k)). (5)

k=s+1

Iy =

As a second criterion for optimization, the surplus of stock over
demand is considered

m(k), (6)
k=s+1
where
(i) {y(k) - for y(#) 2dW)ATH) <d®),
0 otherwise.

The inequalities in the above relationship (7) eliminate the
penalty for the stock which results only from the initial condi-
tions Xg. In other words, the penalty begins to be counted when
the quantity of products from the initial vector is consumed.
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To be more precise, if a free response (response for initial con-

ditions without any orders) y(k) of the system is equal to or
smaller than the current demand and there is a surplus in stock,
the cost criterion is nonzero. Otherwise, the shortages caused
by initial conditions do not increase the criterion (6). It is im-
portant to note, that the free response of a system is when the
input is zero — when the controller does not generate non-zero
results.
Formulated criteria can be written as the following vector:

J= [ 4] ®)

For a given nonlinear model of the uncertain, perishable inven-
tory system (1)—(4) and the formulated cost vector (8), the op-
timization task can be defined as follows:

min maxJ (v,Xp,A)
VoA

)
st. —0<A<9,
where v is the vector of network weights.
The optimization process is depicted in Fig. 2.
=

,r ___________ > Metaoptimization E?r?lif:g[ ’

T .

' AE[33] Sooe- b o,

i 'n i

s ' L L

| Robust 4-'“-'“-({"(- ):30) | Learning using |*e(:})

—»| optimization | max(J:(k),2(K))| optimization [~~~ """ 7777777 1

: R v
phors ; Y Ikxs)
i d(k) Ik %)
| X(K)_, |Neural network| 4(K) Inventolry
. controller mode
| A
N e T S 7

Fig. 2. The structure of conducted optimization process

The process of system optimization starts with the meta op-
timization task. Meta-optimization is used to choose an opti-
mal number of neurons in the hidden layer. It is assumed that
for meta optimization the 5 different numbers of neurons are
considered n = {1,2,3,4,5}. Next, after choosing the number
of neurons n, the learning process of the neural network con-
troller begins. For the learning process, the learning set of the
initial state vectors for the inventory model is generated using
a set of random numbers. The learning set consists of different
inventory states. Taking into consideration the whole range of
assumed initial conditions, the sum of the inventory costs (8)
is calculated. In this way, the performance of the controller is
evaluated not only based on one single case but on a variety
of cases. The main goal of the optimization is to minimize the
shortage and holding costs. Due to uncertainty in real processes,
the next step is highly necessary. In order to make the system
more robust for the uncertainty, the robust optimization process

is included. In this study, we apply the minimax decision rule
which the main goal is to minimize the possible loss for a worst-
case scenario. In this research, a worst-case scenario is the max-
imum value of criteria (8) obtained for a system with uncer-
tainty. For robust optimization, the uncertainty of process per-
ishability is considered, more specifically the scale parameter A
of Weibull distribution is perturbated. The value of A determi-
nates the speed of perishability, for example, decreasing value
of lambda means that products deteriorate faster. Based on the
minimax decision rule, the weights of the designed controller
are optimized NSGA-II. The optimization is conducted with the
use of parallel calculation mode in Matlab. The stopping crite-
rion is the maximal number of generations which equals 4000.
The population size is 2000 individuals.

6. SIMULATION STUDY

The simulation research consists of three parts. The first one
compares the optimization performance of controllers for the
selected number of neurons in the hidden layer and the uncer-
tain character of the perishability process. In the second stage,
the testing of learning is conducted — the solution front is gener-
ated for different initial conditions of the inventory model. The
learning set consists of 180 different inventory states. The third
research is focused on the comparison between non-robust and
proposed robust systems.

The system parameters are set in the following way: re-
view period 1 day, delivery delay 3 days, perishability hori-
zon 7 days, simulation horizon 8 days, adopted issuing policy
is FIFO. The selected type of perishability is random lifetime
perishability and is modelled by three-parameter Weibull dis-
tribution. For simplification purposes, after / days the whole
batch of products perish, but not all at once. In more detail,
during the storing period, the product quality worsens on daily
basis according to Weibull distribution. It is assumed that the
process of goods perishability is affected by unknown pertur-
bation, bounded by A, such that |A| < §. The scale parameter
Aa of the Weibull distribution is uncertain which is a sum of
a nominal value of the scale parameter A,, = 5 and perturbation
A. It is assumed that the demand scenario is constant and there
is uncertainty about the perishability process in the inventory.
The initial conditions of the state vector X( are generated using
random numbers in the range (0, 2) containing 180 different
inventory states in total.

6.1. Result of the learning process for neural network
controllers

In this subsection, the results of the learning process are pre-
sented. The learning process is conducted with the use of the
selected structure of a neural network, evolutionary algorithm,
and bicriteria optimization. The used structure of a neural net-
work is presented in Fig. 1 (in the previous section). For learn-
ing the optimization criteria are defined (5)—(6) and NSGA-II
is used.

In Fig. 3, there is obtained Pareto front for the different num-
ber of neurons in the hidden layer n € {1, 2, 3} and different
values of perturbation A € {0,0.2,0.5,1}.

Bull. Pol. Acad. Sci. Tech. Sci., vol. 70, no. 3, p. 141182, 2022
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Fig. 3. Pareto fronts of results obtained for NN controllers and
uncertain inventory model for selected values of perturbation —
learning stage

It can be seen that the controller with 1 neuron in the hidden
layer is dominated by solutions for n € {2, 3} all considered
perturbations A. Secondly, the results for n € {2, 3} are similar
for no perturbation and small perturbation range A € {0, 0.2}.
The advantage of structure with three neurons is visible for the
highest perturbations values, in particular, the difference is the
most significant for A = 1. For detailed analysis, in Table 1
the value of the hypervolume indicator (HV) for the obtained
Pareto front is shown — the reference point for HV calculation
is (0.1, 0.2).

Table 2 shows that without perturbation there is no difference
between n = 2 and n = 3, which is consistent with the Pareto
front analysis. Moreover, it can be noted, that the best value of
HYV is achieved for n = 3 for the highest value of perturbation
A = 1. It is important to note that the higher the HV, the closer
the solution to the optimal point.

Table 2
HV values for the selected number of neurons and perturbation
for a reference point (0.1, 0.2) — learning stage

Number of neurons | A=0 | A=02 | A=05 | A=1
n=1 0.679 0.645 - -
n=2 0.998 0.991 0.951 0.834
n=3 0.998 0.991 0.935 0.862

Furthermore, we compare the HV calculated for the Pareto
fronts achieved by NN based controller and one of the classical
ordering policies known as the order-up-to policy. Based on the
papers [42,43], it is assumed that the OUT controller can be
described by the following equation

(vour — y(k) — WIP(k)) d(k),
for your > y(k) + WIP(k),

0 otherwise,

u(k) = (10)
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where your is the order-up-to level, and WIP(k) represents the
placed but not yet completed orders due to the occuring delays.

For comparison of purpose parameters, the OUT controller
has been computed using multiobjective optimization as for the
NN-based controller. The assumed reference point for HV cal-
culation is (0.1, 3). The obtained results for the zero perturba-
tion case (A = 0) show that HV is about 42% smaller than for
the NN-based controller with two neurons. It means that the
NN-based controller significantly improves quality indicators
both in terms of shortages and holding costs in comparison to
the OUT controller.

6.2. Testing of optimized control system structures

In the next stage, the testing for the different seeds of random
initial conditions that are used for learning is performed. As
quality indicators, HV and average absolute deviation (AAD)
between solutions obtained for the learning and testing stage, is
used. Firstly, the HV values for one reference point (0.1, 0.2)
for all considered controllers are presented in Table 3.

Table 3
HYV values for the selected number of neurons and perturbation
for a reference point (0.1, 0.2) — testing stage

Number of neurons | A=0 | A=02 | A=05 | A=1
n=1 0.694 0.631 - -
n=2 0.997 0.989 0.931 0.780
n=3 0.996 0.989 0911 0.825

Judging by the HV values, the same relationship as in
the learning stage is observed. For smaller perturbations A =
{0, 0.2} the difference between n = 2 and n = 3 is merely visi-
ble. The only increasing value of perturbation A = {0.5, 1} re-
sulted in gaining a significant advantage of n = 3. In order to
see the individual differences between obtained results, Fig. 4
presents the summarized comparison of HV for the learning and
testing stages.

-
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Hypervolume indicator
o
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[ =—8— | carning
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Fig. 4. The value of HV — comparison of the results for learning and
testing stages

In Fig. 4, there are HV values for the different number of
neurons in the hidden layer and different values of perturbation
in the perishability process. First, the worst performance is for
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n = 1, because it achieves the lowest value of HV for the se-
lected two perturbation values A = 0 and A = 0.2. It is assumed
that for n = 1 highest values of perturbation are not taken into
consideration. This is because the controller with one neuron in
the hidden layer is not able to find satisfactory results for this
system. The best value of HV is achieved assuming n = 2 and
n = 3 for the system with no perturbation (A = 0), for n = 2,
n = 3 for small perturbation (A = 0.2). The significant advan-
tage of n = 3 begins to be visible for high perturbation val-
ues (A = 1). Secondly, the achievements of the learning process
are analyzed using the testing process. Therefore, the average
ratio of the HV for testing to the HV for learning is equal to
98.6 % for all selected neural network structures and perturba-
tions. Furthermore, it can be seen that the higher the perturba-
tion value A, the more significant differences between the HV
for the learning and testing stages. The worst learning effective-
ness among considered cases is for n = 2 and the perturbation
A=1-93.8%.

Secondly, let us look at the sets of solutions obtained in the
testing stage. Figures 4(a)—(f) and 5(a)-(d) show the compari-
son plots for low perturbations A = {0, 0.2} and high perturba-
tions A = {0.5, 1}.

Judging by the results depicted in Fig. 6, the set of solutions
obtained in the testing phase is similar to the one achieved in the
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Fig. 5. Set of solutions obtained for NN controllers and uncertain
inventory model for low values of perturbation {0.5,1}

learning stage, but some deviations occur. In order to quantify
these deviations, two indicators are used — the hypervolume per-
centage difference (HVD) between HV values for the learning
and testing stage and AAD. In Table 4 a simple summary of the
hypervolume percentage differences between learning and test-
ing sets is provided. The HVD and AAD values are calculated
taking into account marked reference points in Figs. 5 and 6.
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Fig. 6. Set of solutions obtained for NN controllers and uncertain
inventory model for high values of perturbation {0.5,1}

Table 4
HVD between solutions sets for learning and testing for the selected
number of neurons and perturbation

Number Uncertainty
of neurons A=0 A=02 A=05 A=1
n=2 0.1% 4.6% 5.0% 6.3%
n=3 7.1% 5.4% 7.1% 4.4%

Taking into consideration only the cases with uncertainty in
the inventory system, the lowest value of the HVD —is for n =
3, A =1 — the advantage is equal to 1.9% in comparison to
the result for n = 2. It means that solutions obtained for n =
3 provide the best set of solutions in the testing stage relative
to the learning set. For presented perishable inventory system
with uncertainty, three neurons in the controller structure cause
that system can learn more effectively than the system with two
neurons.

Moreover, the AAD values (Table 5) indicate that for the
small perturbations there is no significant difference between
obtained results for n =2 and n = 3.

The following relationship is visible: the highest the uncer-
tainty, the more significant the difference between AAD for
n =2 and n = 3. For the highest perturbation A =1, the n =3
controller provides a smaller AAD than for n = 2. On the other
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Table 5
The average absolute deviation between solutions obtained after learn-
ing and testing for the selected number of neurons and perturbation

Uncertainty
Number of neurons
A=0|A=02 ]| A=05|A=1
n=2 0.009 | 0.011 0.041 | 0.094
n=3 0.007 | 0.013 0.053 | 0.068

hand, the controller with two neurons gives better results for
A ={0.2,0.5} which are lower than a three-neuron case by
about 20%. However, the controller with 3 neurons achieves the
best effectiveness of the learning process for A = 1 because the
testing set deviates about 30% less from the learning set than
forn =2.

6.3. Comparison of the robust and non-robust neural
network controller

In order to verify the proposed robust controller, numerical sim-

ulations of the perishable inventory flow process have been per-

formed. In Fig. 7, the specific points are selected to analyze the

time responses of the designed controllers.

0.2

.......... n=1,A=0
m—n=2,A=0
n=3,A=0
.......... n=1,4=0.2
—n=2,A=0.5
= = =n=3,A=05
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J

h

Fig. 7. Selected points from the Pareto fronts of results obtained for
NN controllers and uncertain inventory model for selected values of
perturbation at the learning stage

The points are selected using the following criteria: (a) 1%
average of shortages, (b) 1% average of excess stock, (c) 10%
average of excess stock — in the whole range of initial condi-
tions Xg. It is important to note that J; and J, are calculated
in these cases on which the controller has an impact. In detail,
the controller does not have an impact on the initial conditions
X so the criteria are calculated apart from the impact of the
initial conditions xo which is reflected by equations (5)—(7). In
Table 6, there are the symbols of marked points from Fig. 7
and the average of optimization criteria (5)—(6) obtained in the
learning process for a certain value of perturbation A.

As we can see, the values of cost functions are the smallest
for the controller n = 3. The difference in shortage costs J;, be-
tween robust systems increases about 20% for (c) than for (b).
For the purpose of an analysis of the controller performance,
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Table 6
Selected points and cost function values for assumed cases
Case Point J1 J

@ Py 0.010 0.100

7 = 0.0l P312 0.010 0.080
=" Pyo3 0.010 0.000
®) Py 0.000 0.010

7 —0.01 P33 0.045 0.010
h=" Py 0.050 0.010
(c) P31 0.004 0.100
Jy=0.1 P 0.010 0.100

one case of initial condition X is selected based on the maxi-
mal difference between values of criterion J, for a non-robust
(NC) and robust system (RNC). In order to compare the per-
formance of the selected case, the time plots for case (a) are
presented (Figs. 8 and 9).

In Fig. 8, it can be seen that the non-robust system (learned
without perturbation 8 = 0 — marked as NC) orders the smallest
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Fig. 8. Order quantity of three systems for chosen initial conditions
X(, constant customer service level (J;, = 0.01), perishability parameter
A ={4,6}, and two or three neurons in the neural network n = {2,3}
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Fig. 9. Time plots (h(k) — sold goods, y(k) — inventory level) of three
systems for chosen initial conditions Xy (maximal difference on Jj),
constant customer service level (J;, = 0.01), perishability parameter
A ={4,6}, and two or three neurons in the neural network n = {2,3}

amounts of products in the two first-time moments k = {1,2}.
From the third day, the non-robust system orders the same quan-
tity on the whole simulation horizon for A =4, for A = 6 it de-
creases slightly after k = 5. Moreover, the controller with two
neurons (n = 2) starts with the highest order quantity and af-
ter k = 5 maintains high orders. Figure 8a shows that the ro-
bust network controller (learned including perturbation 6 = 1
— marked as RNC) for n = 3 provides total demand fulfilment
(without shortages), whereas the NC, n = 3 system achieves
about 5% loss in sales. The RNC, n = 3 thanks to maintaining
about 4% higher stock can flexible response to the uncertain
character of the uncertain process. The robust controller with
two neurons keeps about 6% higher stock than the controller of
n =3 (Fig. 9). What is more, two considered closed-loop sys-
tems states converge in finite time (about 8 steps). These results
suggest that the proposed robust optimization approach with the
uncertainty set is effective in dealing with perishability distri-
bution uncertainty. What is important, the robust system keeps

10

the higher stock only for one period, and when demand is sta-
ble, the system keeps the smallest possible stock, which can be
seen starting from k = 6.

Finally, in order to show the superiority of the robust con-
troller for n = 3, the simulations for the test set of initial con-
ditions x¢ are performed. In detail, the solutions in the objec-
tive space are generated using obtained weights from the learn-
ing process from section A. Two types of controllers: NC and
RNC are simulated for the same value of perturbation. It is as-
sumed that the perturbation of the perishability process is equal
to A = 1, where the nominal value of the scale parameter is
An = 5. Instead of picking a single scenario of initial condi-
tions like in section C, the test set of 180 initial conditions is
taken into consideration. For the purpose of the testing phase,
the new set of initial conditions xq is generated with the same
distribution as in the learning phase but with a different seed.
The obtained solutions sets are depicted in Fig. 10.

0.2

015 |

0.05 |

Fig. 10. Solution space for the neural controller and robust neural
controllers for the test of the set initial conditions X

As can be seen from Fig. 10, the best results are for robust
neural controllers in the majority of the time horizon. The RNC,
n = 3 provides about 18% higher quality of solution space in
terms of HV than for NC, n = 3. It means that RNC, n = 3
can minimize the uncertainty of perishability more effectively,
especially for the solutions of the smallest value of shortage
cost, i.e. J; < 0.02. Among robust controllers, the RNC, n =3
achieves about 5% higher HV than RNC, n = 2 which shows
that the controller with a three-neuron system is more robust
than the two-neuron controller. Consequently, in the case of
significant perturbation, i.e. A =1 RNC, n = 3 can crucially
maintain less stock providing higher demand satisfaction at the
same time. This also means that for robust systems there are
smaller losses due to product perishability.

7. CONCLUSION

Improving the approaches of goods flow in the production-
logistic systems is highly desirable in nowadays industry, which
makes the research on inventory control approaches of utmost
importance. Not only does the proposed solution reduce the
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costs but also provides robustness for the uncertain character of
perishability. We show that a robust neural network controller,
especially for n = 3, exhibits improved performance compared
with the classical neural controller and robust neural controller
with a lower number of neurons in the hidden layer. This work
also shows that multicriteria optimization can be used for neu-
ral network optimization in the problem of perishable inven-
tory control. What is important, this is evident that the con-
troller with three neurons limits the stock and provides full de-
mand satisfaction at the same time. The research shows that the
cost performance obtained by applying the robust state-space
controller to the model with uncertain parameter A is superior
to the non-robust controller. It is found that a robust system
can achieve about 18% better solutions than the non-robust ap-
proach in terms of hypervolume indicators. Our proposed so-
lution approach provides formal ground for real-life inventory
optimization and can improve warehouse management systems
to make ordering decisions under perishability uncertainty. Fur-
thermore, the approach can be also adopted for inventory sys-
tems with multiple items.

Further research should focus on a perishable inventory
model with two uncertainties such as lead-time, demand, and
development of the proposed approach to perishable inventory
system optimization.
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Abstract: Many control algorithms have been applied to manage the flow of products in supply
chains. However, in the era of thriving globalization, even a small disruption can be fatal for some
companies. On the other hand, the rising environmental impact of a rapid industry is imposing
limitations on energy usage and waste generation. Therefore, taking into account the mentioned
perspectives, there is a need to explore the research directions that concern product perishability
together with different demand patterns and their uncertain character. This study aims to propose a
robust control approach that combines neural networks and optimal controller tuning with the use of
both different demand patterns and fuzzy logic. Firstly, the demand forecast is generated, following
which the parameters of the neural controller are optimized, taking into account the different demand
patterns and uncertainty. As part of the verification of the designated controller, the sensitivity to
parameter changes has been determined using the OAT method. It turns out that the proposed
approach can provide significant waste reductions compared to the well-known POUT method while
maintaining low stocks, a high fill rate, and providing lower sensitivity for parameter changes in most
considered cases. The effectiveness of this approach is verified by using a dataset from a worldwide
retailer. The simulation results show that the proposed approach can effectively improve the control
of uncertain perishable inventories.

Keywords: perishable inventory management; sustainable control system; artificial intelligence;
evolutionary computation; uncertain demand; robust optimization; energy sustainability

1. Introduction

Perishable inventories, such as food and pharmaceuticals, require careful management
to ensure their quality and safety. One of the key considerations for the efficient man-
agement of such inventories is the energy consumption required to preserve and extend
the shelf life of perishing goods. In recent years, there has been an increasing interest in
reducing the energy consumption of supply chains, both to decrease costs and reduce
environmental impacts (i.e., pollution reduction and promote carbon neutrality). There is a
lot of emphasis on the promotion of the so-called “green” supply chain [1]. Green supply
chains include green manufacturing, green products, green resources, green movement,
and green logistics, i.e., green supply chain management (GSCM) [2]. In the era of Industry
4.0, not only is improving operational efficiency highly necessary but also compliance with
the regulatory and market pressures for pollution, waste control (Sarkar et al., 2022 [3]),
and energy consumption.

An effective inventory management system is crucial for ensuring the optimal func-
tioning of the entire supply chain. A well-controlled inventory system can lead to improved
efficiency and productivity throughout the entire supply chain. One of the essential aspects
that must be considered in the management of perishable inventory systems is the role of
energy. It is imperative that energy is utilized to maintain the appropriate temperature,
humidity, and other essential environmental conditions that are necessary to preserve the
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quality and safety of perishable goods. For example, refrigeration systems are commonly
used to cool and preserve perishable foods, pharmaceuticals, blood, and other perishable
products. These systems consume a significant amount of energy, and their efficient opera-
tion is essential for minimizing costs and reducing the environmental impact of inventory
management. In addition, energy costs can represent a significant portion of the operating
expenses for perishable inventory systems, and optimizing energy use can result in signifi-
cant cost savings. Therefore, the efficient control of energy use is essential for the effective
management of perishable inventories.

There exists a strong correlation between energy consumption and other inventory
costs. Specifically, the holding cost, which is the cost of maintaining an inventory over a
period of time, can impact the energy utilized in perishable inventory systems in a couple
of ways. First, holding costs can motivate inventory managers to reduce their energy
consumption in order to lower their overall costs. For example, if the holding cost of a
perishable inventory is high, managers may be motivated to reduce energy consumption by
using more energy-efficient refrigeration systems or optimizing the scheduling of energy-
intensive operations. Second, the holding cost can also influence the tradeoff between
energy use and product quality. In some cases, it may be more cost-effective to use more
energy to maintain optimal environmental conditions for perishable goods, even if it means
higher energy consumption. However, in other cases, it may be more cost-effective to allow
some degradation of product quality to reduce energy utilization and lower the holding
costs. The optimal balance between energy use and product quality depends on a diverse
set of aspects, including the specific characteristics of the perishable products, the holding
cost, and the energy cost.

2. Literature Review

One of the initial attempts to achieve optimal inventory performance was the devel-
opment of the Economic Order Quantity (EOQ) model, which involves placing a constant
order when the inventory level falls below a predetermined level. Going further, the next
policy was invented where the order quantity was adjusted based on a difference between
the current inventory level and the desired target level, which is called the Order-Up-To
(OUT) policy. This policy has been widely used in inventory systems [4] for decades
and continues to be relevant in many industries thanks to its relatively straightforward
implementation compared to the more complex models. It does not require extensive data
or sophisticated algorithms, making it accessible to a wide range of businesses. However,
with the rise of digital technologies and the Internet of Things (IoT), there has been a signif-
icant increase in the amount of data available for businesses. This plethora of data can be
harnessed by advanced algorithms to generate more precise predictions regarding demand,
lead times, and other critical factors. Traditional inventory management approaches, includ-
ing OUT policies, are often based on static parameters. Advanced algorithms are capable
of dynamically adapting to changing conditions, considering factors such as seasonality,
market trends, and unforeseen events in real time.

Many modern techniques have been applied to control the flow of products in un-
certain perishable inventories. One well-known method is the Mixed Integer Programing
(MIP) model. The MIP model was used in [5], where it was developed with a view to
ordering and holding costs. As the optimization problem evolves, an increasing number of
criteria are being considered, including carbon emissions and the freshness of perishable
products, in addition to economic costs. Therefore, an increased number of criteria forced
the usage of optimization methods to include the possible impacts on inventory profitability.
Moreover, in current times, demand uncertainty is inevitable, so on top of that, robust meth-
ods for optimization are being more frequently used. The two-stage robust optimization
(RO) model for a perishable inventory problem was proposed by Hooshangi-Tabrizi et al.,
2022 [6], where an exact robust algorithm based on the column-and-row generation method
was introduced. Another approach applied to inventory control is based on Benders’ de-
composition [7], in which the central limit theorem is used to represent uncertainty sets.



Energies 2024, 17, 849

30f22

Another method that has been extensively used, as far as inventory optimization problem
is concerned, is stochastic programing (SP). In RO, the decision maker does not have any
distributional knowledge about the uncertainty in demand-minimizing worst-case cost,
whereas in SP, it is assumed that the algorithm has full distributional knowledge about the
uncertainty [8]. Also, approaches for inventory control that combine these two popular
methods, RO and SP, were designed and verified in a real case study in the platelet supply
chain [9].

In the era of Industry 4.0, there is rapid development in digital technologies, where
enterprises invest in technologies such as automation and robotics, artificial intelligence
(AI), blockchain, cloud computing, and big data analytics [1]. AI methods can contribute
to the development of dynamic inventory control policies, which can adapt to changing
conditions, such as fluctuations in demand patterns or variations in perishable goods’ shelf
life [10]. It is important to note that the methods that are using neural networks can be
computationally complex. However, there are ongoing efforts to develop more efficient
architectures, algorithms, and hardware solutions to address the computational challenges.
Moreover, it is important to note that quantization, model pruning, parallelization, and
transfer learning, where a pre-trained model is fine-tuned for a specific task, can reduce
the need for extensive retraining, thus improving computational efficiency. On the other
hand, more and more new approaches are being invented using neural networks to provide
better convergence; for example, Input Convex Neural Networks (ICNNs) are used in
Model Predictive Control (MPC) algorithms [11] to solve the problem of multiple shallow
local minima. Another approach in which a neural network is incorporated is presented
in [12], where fuzzy reasoning techniques and neural network structures are combined with
model-based predictive control (MPC). Employing this approach contributed to simplifying
the MPC algorithm.

It is worth noting that enhancing the practical efficiency of neural networks is a pursuit
worth undertaking, as they are capable of identifying intricate patterns in perishable goods’
consumption and degradation, thereby aiding in the determination of optimal inventory
levels. The current applications of artificial neural networks to inventory management in-
clude inventory classification [13], demand forecasting [14], inventory optimization [15-17],
and dynamic pricing [18]. According to the authors of [19], an artificial neural network
(ANN) and genetic algorithm (GA) were employed to make predictions. A neural network
was developed for forecasting purposes, and subsequently, the GA was implemented to
determine the ANN'’s weights. Prior research has indicated that the integration of an
imperialist competitive algorithm with artificial neural networks (ICA-ANN) has been
proven to be more effective in predicting the demand for veterinary drugs than a genetic
algorithm-based approach (GA-ANN) [14]. Artificial neural networks have also been ap-
plied to solve inventory control problems, which also include inflation [20]. The bi-objective
optimization of multi-period and multi-product inventories was investigated in [20], result-
ing in the rapid convergence of the ANN. However, this study did not utilize authentic
industry data, which could have further supported the stated advantages. On the other
hand, in [21], a real-world application scenario of a German bakery chain that primarily
sells highly perishable goods is presented, and in [22], a new replenishment strategy that
introduces an upgraded particle swarm optimization (PSO)-backpropagation together
with the (BP) neural network prediction model is investigated based on the automotive
spare parts’ industry. Furthermore, Al methods are very useful for minimizing the losses in
perishable pharmaceutical products in a healthcare supply chain. More and more so-called

‘intelligent inventory management’ systems have been created, which help to increase

overall cost-effectiveness [23]. The next subfield of artificial intelligence, which has also
been widely implemented to address inventory control problems, is reinforcement learning.
Numerous prior studies have explored the utilization of reinforcement learning (RL) in
addressing inventory management challenges, exemplified by the noteworthy contribu-
tions [24-27]. For example, in reference [24], a deep reinforcement learning framework was
introduced for inventory replenishment problems. However, it is worth mentioning that
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this study did not explicitly account for the impact of product age, indicating an absence of
perishability considerations.

In this paper, we employ a robust approach for perishable products facing demand
uncertainty to minimize the overall costs. Moreover, the abovementioned studies either
consider non-perishable products or do not explicitly incorporate the product’s aging into
the model. In other works, it is proposed that a scenario-based RO, where an optimal
policy that minimizes the worst-case cost, including the product’s aging, is presented [8].
Nevertheless, demand categorization-based RO was not properly addressed in the current
state of the art, which is a significant research gap. The next void in the literature is about
using zero lead time. To exemplify, in [9], products’ aging is included only during storage,
and zero lead time is assumed, which significantly simplifies the considered inventory
control problem. Moreover, the popularly used EOQ models [28] have limitations in their
application to complex demand patterns and nonlinearity handling compared to artificial
intelligence methods, which provide the possibility of performance improvement thanks to
their learning ability.

Unlike these studies, we explicitly incorporate different demand patterns and aging of
products during transportation and storage, non-zero lead time, and uncertain demand. To
the best of our knowledge, only a limited number of articles deal with perishable products,
non-zero lead times, and uncertain demand, including demand categorization. For this
reason, we propose a robust inventory system to control the perishable inventory system,
which is exposed to highly different demand patterns, uncertain fluctuations, and the
product’s aging process.

The contribution of this study is three-fold:

e  First, in contrast to existing studies, the proposed strategy distinguishes itself by
permitting the incorporation of various demand patterns into the optimization process,
including intermittent, lumpy, smooth, and erratic demands.

e  Second, a new solution methodology for perishable inventory control under uncertain
demand is proposed. Artificial neural networks and fuzzy logic are used to control
the inventory systems. The ANN is used for order signal calculation, and fuzzy logic
is used for the refinement of the generated orders, taking into account the forecasted
uncertainty. Together with that, robust optimization is performed with the usage of
the Genetic Algorithm (GA) and Wald criterion.

e  Third, the proposed method holds a significant advantage in that the controller be-
havior is adapted to forecasted uncertainty without requiring a significant amount
of computation due to the two-stage offline optimization process. This research has
the potential to contribute to the development of software solutions for warehouse
management, with the aim of enhancing the algorithms that control the replenishment
cycles and automate these processes.

3. Problem Definition and Assumptions

The considered problem concerns controlling the flow of products in the perishable
inventory system exposed to demand uncertainty. The difficulty is in calculating the or-
der quantity for perishable products that are having varied demand characteristics. The
determination of order quantity needs to be carried out with a view to two conflicting
goals: high fill rates and low occupancy of inventory space. The problem also considers
the determination of the timing of the orders. In this paper, we present a proposal that
outlines the procedure for optimizing the inventory system in the presence of uncertain
demand. The control approach has been tested using the nonlinear, discrete-time perishable
inventory model proposed in [29] and carried out within the MATLAB environment. The
model of the inventory is represented in the form of state equations, in which the state
variable x;(k) € R>( represents: (a) the on-hand stock per age x;1(k), xs12(k), ..., x;(k);
and (b) the work-in-progress deliveries x (k), x2(k), ..., xs(k), where s denotes the deter-
ministic lead-time. The available stock is a sum of the products stored in the inventory
with different ages, i, which can be expressed as follows:
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y(k) =} xi(k) ©)

where ] is the expiration period of the product. This model assumes that the products have
a fixed shelf-life. To formulate the model and the investigated problem, we relied on the
following assumptions:

The review interval remains constant and is set at one day.

The products are sold in accordance with the FIFO principle.

The inventory is holding a single type of product.

The demand d(k) is uncertain.

Shortages are permitted but are not backlogged. Surplus demand is lost.

There is one replenishment point in each period.

The demand is a nonstationary function and is categorized using Croston’s method-
Syntetos and Boylan method (described in Section 5.1).

Deterioration commences immediately upon the items’ arrival in the inventory.

The shelf life [ is fixed and predetermined. After [ days, items from the same batch
are expired and subsequently transformed into unsellable waste. Lost items are
not replaced.

e Inan initial state, the inventory is devoid of any items, with the inventory conditions
Xxg set to zero.

4. Control Design

This section is divided into smaller parts that describe the design of the fuzzy switch-
ing control of perishable inventory systems under demand uncertainty and for various
demand patterns.

4.1. Classical Approach

The control task in terms of inventory control is defined as follows: the controller has
to generate orders in the cases of quantity and timing u(k) based on the current inventory
state x(k) and current demand signal dx (k). The goal is to fulfill customer orders and keep
inventory stock low. The classical closed-loop inventory control system is depicted in
Figure 1.

u(k)

x(k) .| Controller Inventory

state X%

3 =~/

Figure 1. The diagram of the classical control approach devoted to inventory systems.

The challenges associated with controlling such a system stem from the dynamics
and uncertain nature of demands, which are subjected to frequent changes. Moreover,
these fluctuations in demand are amplified throughout the supply chain, making the
dynamics of the system difficult to manage. In addition to this, the controller must generate
control signals that are smooth and reasonable to follow in order to minimize the so-called
bullwhip effect. Traditional approaches are not adequate for addressing this problem as
they suffer from several disadvantages, such as their limited adaptability to uncertainty,
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difficulty in handling non-linearities and incomplete information, and reduced robustness
to disturbances.

4.2. Proposed Approach

Considering the limitations of the classical closed-loop control approach, we have
proposed a method that can better handle uncertainty and make use of the enormous
amount of data that such systems are storing. In addition, due to the fast-changing and
precise nature of these systems, control systems that can learn complex relationships from
data and generalize from incomplete information are more suitable. This is particularly
important in scenarios where information may be partial or imprecise. The architecture of

the proposed control system is depicted in Figure 2.
; \
(pmzpspops)i

e i dp(k
L 9=k Moving A
I. Neural Network Coefficient Demand
Optimization Fuzzy Logic of Variation

Estimator dom(K) Difference
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Figure 2. The diagram of the Fuzzy Robust Neural Network (FRNN) control approach with fuzzy

demand uncertainty forecasting designated for the perishable inventory systems with time-varying
uncertain demand.

The Fuzzy Robust Neural Network control system (FRNN) consists of two main
components: the Fuzzy Logic Estimator and a set of Robust Neural Network controllers
with the weights given in vectors {vg, v1, V2, . . ., Um—1}. The generated optimal set of weights
is used in the second stage of optimization, which is intended to find the optimal values of
the parameters of the Fuzzy Logic estimator {p1, p2, p3, p4, p5} and demand estimator pg,
taking into account the inventory performance criteria (described in Section 4). The core
of the automated inventory control system is a Robust Neural Network controller, which
is responsible for generating order signals for four distinct levels of demand uncertainty.
Specifically, the orders generated by the controller for demands with no uncertainty are
denoted as 1, while those for demands with the highest uncertainty are denoted as m — 1,
where m is the number of considered uncertainty levels. Hence, the vector of orders can be
defined as follows:

u(k) = [uo(k), uy(k), ..., up_q1(k)] (2)

In the subsequent round, a linear interpolation is carried out utilizing the provided
weight vector v and uncertainty forecast A, resulting in the generation of the ordering
signal #1. The inventory level is initialized with an initial state, representing the initial stock,
including the expiration date and customer needs d,. The demand signal is divided into
two parts: current customer needs, represented by signal ds, and estimated demand, which
is marked as d;. Following the sale of goods and the arrival of new orders, the inventory
achieves a new state, x, that represents the current inventory level with information about
the age of the products.
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4.3. Moving Coefficient of Variation, Difference of Moving Coefficient of Variation, and Mean and
Moving Average Estimator

To ascertain the anticipated demand for future products, operations were conducted on
the present uncertain demand signal. Two signals were computed: the Moving Coefficient
of Variation (MCV) and the Difference of Moving Coefficient of Variation (DMV). These two
signals serve as inputs for the Fuzzy Logic Estimator. The Moving Coefficient of Variation
is expressed as follows:

Moving standard deviation of the demand (k, dp, ws)
da

dmcv (k/ dA/ ws) = (3)

where B
da — mean of the demand(d,)

whereas the subtraction of two Moving Coefficients of Variation, each characterized by a
different window size ws, represents the Difference of Moving Coefficients of Variation:

ddmv (k/ da, ws) = dmev (k/ da, ws) — dmev (k/ da, Zws) (4)

On the other hand, the input demand for the Neural Controllers is made based on the
weighted sum of the mean current demand dj and the Moving Average (MA) of current
demand, as expressed in the following equation:

et (k) = (1 — pe)da + pe(MA(da (ws))) (G))

4.4. Fuzzy Logic Estimator

In this section, details about the Fuzzy Logic Estimator are presented. The Fuzzy
Logic Estimator system’s aim is to generate the demand uncertainty forecast Af based on
the moving coefficient of demand variation dmey and the difference of moving demand
variation dgny. In Figure 3, a flow chart of the Fuzzy Inference System (FIS) is depicted.

". /Sugeno Type 1 \

1 LA _[) Uncertainty

Coefficient of Variation ot forecast‘

| (4 MFs) Fuzzification q —» Defuzzification >

A

\/

Differential of Variation
(3 MFs)

Figure 3. The flow chart of the FIS model incorporates two inputs: the coefficient of demand variation
(CV) and the differential of this coefficient.

/

The values of the moving coefficient of variation dmcv and its difference dgp,, are used
as the inputs to the fuzzy inference system, which depends on the membership functions
and the fuzzy rules presented in Table 1. The FIS observes the pattern of the coefficient
of variation and its differential and correspondingly updates the uncertainty forecast so
that the generated order provides optimal inventory performance (optimization details are
presented in Section 4).



Energies 2024, 17, 849 8 of 22
Table 1. Rule matrix for the fuzzy logic forecast generator.
dmcv
ddmv Vlow Low Medium High
Decreasing NNO NNO RNN1 RNN2
Stable NNO RNN1 RNN2 RNN3
Increasing RNN1 RNN2 RNN3 RNN3

The membership function shapes and locations of optimization variables (p1, p2, p3,
pa, and ps) are shown in Figure 4.

T
viow low medium

T T T

-

. . . WA . . LW .
0 -y — o

0 py(p, +Ap) P, (P, + Ap) Py (P;*+ Ap)
Demand variability

Degree of membership
o
o

decre'asing f sta'ble incre'asing ]

I
¥
!
|
|
|
:

\

-3 (-pg=Ap) =Py O  Pg(P5+ Ap) 3
Differential of demand variability

Degree of membership
-

Figure 4. The optimization variables on membership functions.

The first input’s membership functions are all isosceles triangles, while the second
input’s membership functions consist of an isosceles triangle and two linear functions, a
z-shaped saturation function, and an s-shaped saturation function. A constant value Ap
is introduced to provide the offset between each membership function, and it is empiri-
cally adjusted.

4.5. Neural Network Optimization

The two-stage optimization approach aims to efficiently manage inventory levels by
addressing both the robustness of neural network control and efficient adaptability to
demand uncertainties in separate stages. The first stage of optimization involves deter-
mining the optimal weights v for the worst-case scenario of demand uncertainty, which
is represented by the estimates 6 € {0, 0.1, 0.2, 0.3}. The values of 6 are evenly distributed
within the range of 0 to 0.3, with 0.3 serving as the assumed upper bound of the acceptable
range, corresponding to a relative perturbation of +/—30%. The initial step of the first
stage is to produce random initial conditions for the inventory state within the range (0, 2).
The learning set comprises 180 various inventory states, each representing a different level
of initial stock for products with varying shelf lives. The state vector x(k) € R>(, which
serves as the input for the neural network controller, consists of the number of products
on every shelf, with each shelf representing the age of the product. The neural network
corresponds to the control signal u(k) € R>o, which is the order quantity calculated to
fullfil the demand dx (k) € R>¢. The goal of the optimization problem is to determine the
neural network’s weights with the aim of ensuring that the inventory system can meet
customer needs and minimize holding costs simultaneously. Specifically, the following
criteria have been used:
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N
Jn(v, ) = Y (da(k) = h(k,v,A)) 6)
k=s+1
N
Jy(v,A) =Y m(k,v,A) 7)
k=s+1

where Equation (6) represents the cost of lost sales because of the shortage or spoilage of
products, while Equation (7) denotes the cost of holding stock surplus over current demand.
The latter can be calculated using the following formula:

y(k,v,A) —dp(k) for y(k,v,A) > da(k) Ay (k,A) < da(k)
0 otherwise

m(k,v,A) = { (8)

The aforementioned relationship, Equation (8), highlights the presence of inequalities
that nullify the penalty associated with the stock’s initial conditions, xo, where §(k) repre-
sents the system’s free response. The formalized criteria may be expressed as the weighted
cost function:

J(v, ) = c- (v, 8) + ]y (v, B) )

The weighting factor ¢, which is a scaling factor that is empirically tuned to ensure an
equitable balance between the aforementioned objective functions (6) and (7), is assigned a
value of 3.

4.6. Fuzzy Logic Estimator Optimization

The second stage of optimization seeks to provide the ability to adapt to uncertain
demand by utilizing a fuzzy logic approach. In this stage, the obtained weights of the
neural network in the first optimization stage are utilized as inputs. For the purpose of the
second stage of optimization, a model has been developed, which comprises an artificial
neural network proposed in [30], the perishable inventory model developed in [29], and
the demand uncertainty estimation system based on fuzzy logic developed in this work.
Formalizing the optimization problem may be expressed as follows:

min - max J(p, D)
st. —0<A<O
p1 < p2
P2 < p3 (10)
pa < ps
0 < P1,P2,P3 < 10
0<p4ps<3

where py, p2, and p3 are the parameters of membership function for the first input, and p4
and ps are the parameters of membership function for the second input. The remaining
parameter, pg, is a parameter that determines the proportions of the mean and moving
average of the demand signal that are inputted into the RNN. The detailed steps of the
second stage of the optimization process are shown in Figure 5.
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OﬁT

Figure 5. Fuzzy Logic estimator optimization and verification process diagram.

In the second step, the perishable inventory models, Robust Neural Network con-
trollers, and Fuzzy Logic are initialized. Subsequently, the optimization process is executed
separately for each considered demand pattern and for various window sizes of the mean,
moving average, and moving standard deviation of the demand signal. The optimization
of the FRNN controller was then carried out for a specific variant, which involved a chosen
window size and demand pattern. In order to classify the demand patterns, the classifica-
tion method called Croston’s method-Synetetos and Boylan method is used, which was
proposed in [31]. This method considers the calculation of two indicators: the average
demand interval (ADI) and the coefficient of variation (CV). These indicator values were
calculated utilizing the following formulas [32]:

Total number of demand periods

ADI =
The number of periods with non-zero demand

(11)

The ADI indicator, which stands for the average demand interval, refers to the period
of time that elapses between two consecutive demands. CV? can be expressed in the
following manner:

. 2
V2 — (Standard deviation of the demand) (12)

a Mean of the demand

This method enables us to identify various types of demand, including smooth de-
mand, which presents a consistent quantity and timing (ADI < 1.32 and CV? < 0.49). Erratic
demands are defined by unpredictable fluctuations in the size of demand in place of
changes in the demand period (ADI < 1.32 and CV? > 0.49), while intermittent demands
can be described by a lower level of variability in the demand quantity than the demand
period (ADI > 1.32 and CV? < 0.49), lumpy demand (ADI > 1.32 and CV? > 0.49), and
intensely unpredictable and sporadic fluctuations in demand, which include periods of
zero demand [33].

4.7. Verification

The performance of the optimized FRNN controller was verified using the demand
signals from a testing set. The demand signals were applied to the inventory system, and
for each applied testing demand signal, the criterion (9) was calculated. Additionally,
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sensitivity analysis was conducted using the One-at-a-Time (OAT) method to assess the
impact of changes in the controller parameters on the inventory control quality.

5. Simulation Research

This section details the simulation research, the primary objective of which is to
demonstrate the effectiveness of the proposed controller in enhancing the performance of
perishable inventory systems in the face of uncertain demand. The focus is on evaluating
the impact of the controller on stock levels, shortage rates, and wastage due to perishability
across various demand patterns.

The dataset comprises time series data related to the sales of diverse items offered by
Walmart stores, arranged in a hierarchical structure, with the following levels: item level,
department, product category, and geographical region. The dataset consists of 3075 prod-
ucts that have been sorted into 3 product categories, namely hobby, food, and household,
and 7 product departments, where the aforementioned categories are further disaggregated.
This dataset was released with the intention of participating in the M5 Competition hosted
on Kaggle [34]. The items are distributed throughout ten retail locations across the states
of California, Texas, and Wisconsin. For the purposes of this research, the item category
under consideration is food. In the food category, there are 1437 products whose time series
have been classified into four demand patterns dependent on two indicators, denoted as
Equations (11) and (12), namely the average demand interval (ADI) and the coefficient of
variation (CV). The aforementioned research incorporates the following time series for each
demand group: 23,042 for intermittent, 5971 for lumpy, 981 for smooth, and 496 for erratic.
From these data, a training set and testing set were created in a ratio of 4:1.

The results of the simulation were assessed by evaluating criterion (9) in different
simulation scenarios, which include the different window size values used for optimization
and testing from the set {7, 14, 30} and different demand patterns.

5.1. Reference Controllers: SRNN and POUT

To ensure a fair comparison between the proposed FRNN’s performance and existing
approaches, two reference controllers were selected: the Switching Robust Neural Network
(SRNN) controller described in [35] and the Proportional Order-Up-To Level (POUT)
controller described in [36].

The Switching Robust Neural Network controller (SRNN) is a robust neural network
(RNN) controller that utilizes adaptive weight switching based on the estimated demand
uncertainty and predefined threshold parameters. Accordingly, the SRNN involves the
utilization of four RNN controllers that can be toggled depending on the proportions of
the MSTD and MAVG within a specified window size and category of demand signal.
The switching operation can take place daily. On the other hand, the POUT controller is a
successful modification of a classical OUT policy that seeks to mitigate the effects of the
bullwhip effect in traditional inventory systems by smoothing out order variations. Addi-
tionally, the POUT controller is equipped with the ability to fine-tune its performance through
the use of positive constants, which can be adjusted to optimize inventory management.

The comparison with the reference approaches, the Switching Robust Neural Network
(SRNN) and Proportional Order-Up-To Level (POUT), was conducted. The cost function
value, fill rate, sum of stock level, number of perished products, and time response analysis
for the selected demand scenarios were considered for this comparison. Furthermore, a sen-
sitivity analysis was carried out using the OAT method. For the purpose of fair comparison,
two reference systems were optimized using the same criteria, and a two-stage optimization
process was carried out for the SRNN, as it also contains a Robust Neural Network as
part of the controller. During the second stage of optimization, switching thresholds were
calculated for the SRNN t;-t4, and for POUT, two parameters were optimized: the maximal
inventory level 01 and a positive constant o, that determines the share of the difference
between the maximal stock level and the current stock level, as well as the work-in-progress
orders in the order signal generation.
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5.2. Parameters

The parameters utilized in the simulation research are presented in Table 2.

Table 2. Parameter values that are used for simulation research.

Area Parameter Value
N (simulation interval) 365 days
Replenishment period 1 day
General I (product shelf-life) 9 days
Perishability type fixed
Issuing policy FIFO
Lead time 3 days
m (number of uncertainty levels) 4
Type of moving average Triangular
Window size Parametrized
Neural Network Number of neurons 3
Type Feedforward
Type of fuzzy logic Sugeno Type 1
FRNN Type of moving average window Triangular
Range of input 1 (CV) [0, 10]
Range of input 2 (DCV) [-3,3]
Type of MF for input 1 trimf
Types of MF for input 2 linzmf, trimf, and linsmf
Output range [0, 3]
Defuzzification method wtaver
AndMethod prod
OrMethod probor
ImplicationMethod prod
AggregationMethod sum

5.3. Optimization Results

The results of the optimization process are presented utilizing the cost function values,
optimal parameter values, and the performance of the inventory system demonstrated
through time response charts. Additionally, the sensitivity analysis was conducted to show
the robustness and performance of the control system in cases of parameter change.

5.3.1. Cost Function Values

Table 3 presents the obtained results from the optimization process for the SRNN,
FRNN, and POUT controllers. The results include the cost function values according to
Formula (5) obtained in the optimization and in the testing process (in brackets). The
computation of the cost function value is undertaken for selected window sizes ws, with
the aim of assessing the performance of the controllers optimized with a specific window
size wopt in the context of different window sizes wiest. In the present investigation, the
controllers optimized on selected wypt are tested in the scenarios wherein the window size
is altered to wiest. In Table 3, the cost function values are provided for different window
sizes, Wopt and wiest, and four selected demand patterns, where Wopt is the window size
used during the optimization process (listed in rows) and wieg; is the window size used for
testing purposes (listed in columns).
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Table 3. The cost function values of the FRNN, SRNN, and POUT control systems were obtained
for two different demand sets: the optimization set and the testing set (in brackets), for different
window sizes.

FRNN x 104 SRNN x 10% POUT
Demand Pattern West 7 14 30 7 14 30 -
Wopt
20.81 20.14 20.79 20.84 20.31 20.86
7
(4.79) (4.54) (4.76) (4.75) (4.56) (4.76)
20.83 20.10 20.71 21.00 20.22 20.90 29.92
Intermittent 14
(4.77) (4.52) 4.72) (4.82) (4.58) (4.81) (6.76)
20.81 20.12 20.64 20.96 20.26 20.79
30
(4.77) (4.52) (4.73) (4.79) (4.58) (4.77)
30.43 28.97 29.25 30.14 29.00 29.40
7
(6.75) (6.36) (6.42) (6.72) (6.39) (6.45)
31.31 28.49 28.80 31.70 28.66 28.81 32.72
Lumpy 14 707
(7.15) (6.43) (6.48) (7.28) (6.50) (6.52) (7.27)
31.60 28.62 28.54 31.63 28.78 28.67
30
(7.25) (6.47) (6.44) (7.27) (6.51) (6.47)
; 14.51 14.44 14.60 14.53 14.53 14.74
(3.32) (3.29) (3.42) (3.32) (3.31) (3.45)
14.80 14.34 14.54 14.62 14.46 14.70 17.09
Smooth 14 419
(3.47) (3.33) (3.48) (3.40) (3.33) (3.49) (4.19)
14.66 14.39 14.42 14.71 14.55 14.57
30
(3.39) (3.31) (3.45) (3.40) (3.34) (3.49)
20.75 20.21 20.87 20.78 20.50 21.13
7
(4.23) (4.15) (4.40) (4.21) (4.19) (4.43)
20.85 20.11 20.81 21.05 20.33 21.00 25.57
Erratic 14
(4.24) 4.12) (4.40) (4.28) 4.17) (4.43) (5.98)
20.90 20.13 20.73 21.27 20.41 20.99
30
(4.23) (4.10) (4.36) (4.34) (4.18) (4.44)

Based on the cost function values obtained for the optimization set, the FRNN con-
troller appears to be delivering the best performance in the majority of scenarios considered.
Specifically, in the training phase, the FRNN controller provided the lowest cost function
value for 94% of the scenarios compared to the SRNN and POUT controllers. In the testing
phase, the advantage of the FRNN controller is visible in 83% of the calculated cases, which
consist of three different window sizes and four different demand patterns. The SRNN
controller ranked second, followed by the POUT controller. The advantage of the FRNN
controller over the POUT controller is significant, ranging from 7% for lumpy demand
patterns with a window size of 7 to 33% for intermittent demand with a window size of
14. The mean advantage of the FRNN controller over the POUT controller for intermittent
demand is 31%; for lumpy demand, it is 10%; for smooth demand, it is 18%; and for erratic
demand, it is 24%. The advantage of the FRNN over the SRNN is most pronounced in
cases of lumpy demand patterns, where the maximal advantage is around 2%. The total
performance improvement calculated as the mean for all demand patterns is approximately
equal to 1% for the two-week window size used for optimization and testing (wopt = 14
and Wiest = 14) and 0.63% for the window sizes wopt = 14 and Wiest = 7. The lowest advan-
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tage for smooth demand is observed, indicating that the FRNN and SRNN controllers are
functioning similarly for smooth demand.
5.3.2. FRNN Parameters

Based on the presented membership function design in Section 4 (Figure 4), the
optimized membership functions are shown in Figure 6.
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Figure 6. Optimization results of FRNN parameters of membership functions.

In cases of smooth demand, the MF ‘low’ is strongly dominant and covers almost
the whole input range. Conversely, in the presence of intermittent demand, while the MF
‘low” and MF ‘high’ shares remain very similar, like for smooth demand, the MF ‘medium’
experiences a slight increase. However, in cases of erratic demand, the MF ‘medium’
assumes a larger share than for smooth and intermittent demands. Notably, in the case of
lumpy demand, the shares of all MFs become more balanced.

Going further, the relationship between the first input, the coefficient of variation, and
the output, uncertainty forecast Ay, is presented in Figure 7.

3
intermittent
2.5 Hm lumpy
smooth
3 erratic
J15¢ )
1 "?:--—-—--—-—---—-——-—-—--—-—-‘--
05t 4 ]
0 Lo L L L A
0 2 4 6 8 10

Moving Coefficient of Variation

Figure 7. Control plot showing the relationship between the Moving Coefficient of Variation and the
generated output from the Fuzzy Logic system, which is uncertainty estimation.

It is observed that the discrepancy in the forecast uncertainty commenced to surface
when the coefficient of demand variation exceeded a value of 3.6. For a range of 5-7.1,
the forecast uncertainty for lumpy demand is found to be double that of other demand
patterns. Subsequently, the uncertainty forecast increased for erratic demand at a value of
7.1 on the coefficient of variation scale and for intermittent demand at 8.6. Conversely, the
forecast uncertainty for smooth demand remained constant at a value of 1 within the range
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of 1-9.5, indicating that this demand pattern is characterized by a consistent and stable
pattern with minimal fluctuations in demand levels. In contrast, the obtained forecast
uncertainty for lumpy demand changed three times within the same range of coefficient of
variation, underscoring its irregularity and unpredictability.

5.4. Time Responses

For the purpose of supporting the analysis of the perishable inventory performance
provided by the considered controllers, individual demand signals that represent certain
categories are selected from the testing set and given in Figure 8.
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Figure 8. The demand signals that were selected for the time response analysis.

To start with, an intermittent demand pattern is applied to the perishable inventory
system. In Figure 9, there is a chart that shows the daily sales of certain products in the
inventory, whereas Figure 10 shows the daily stock level.

It is evident that the FRNN is able to sell more; it has about a 2% higher fill rate
while keeping 20% less stock and having 56% less losses due to product perishability in

comparison to POUT.
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Next, the system response for lumpy demand is provided in Figures 11 and 12 with
the sold product signal and stock level, respectively.

50 100 150 200 250 300 350
k (days)

Figure 9. Sold products for the FRNN and POUT in cases of intermittent demand.
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k (days)

Figure 10. Stock level for the FRNN and POUT in cases of intermittent demand.
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Figure 11. Sold products for the FRNN and POUT in cases of lumpy demand.
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Figure 12. Stock level for the FRNN and POUT in cases of lumpy demand.
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In cases of lumpy demand, the advantage of the FRNN in the case of fulfilling cus-
tomers’ needs is significant and equal to 14% compared to the results obtained by POUT.
Although the FRNN provided this advantage by incurring higher inventory holding costs,
it ultimately proved to be more profitable than providing a lower fill rate.

Moving on to the erratic demand pattern, Figures 13 and 14 present the sold products
and stock levels for the POUT and FRNN controllers, respectively.

h(k) (units)

I mmn |

I

50 100

150 200 250 300 350
k (days)

Figure 13. Sold products for the FRNN and POUT in cases of erratic demand.

150 200
k (days)

50 100

Figure 14. Stock level for the FRNN and POUT in cases of erratic demand.

It is important to note that the advantage of the FRNN in cases of product perishability
is significantly visible for the erratic demand pattern because, in this case, the FRNN is able
to provide about 74% less product waste while keeping about a 5% higher fill rate and 24%
less stock. In turn, for a smooth demand pattern, the results are shown in Figures 15 and 16.

Despite the 20% higher stock level, the FRNN controller managed to reduce product
perishability by 42% compared to the POUT method, which indicates that it is more effective
in adapting to uncertainties. Additionally, the fill rate of the FRNN is 1.5% higher than for
POUT. Additionally, the generated orders are shown in Figure 17.

In terms of order signal generation, POUT is characterized by the generation of the
highest peak values among the considered controllers, which can cause higher stock levels
and eventually higher stock perishability. Although the SRNN and FRNN generate similar
orders, the ordering signal for the SRNN is less suited to the demand shape, and it can be
observed that the signal for the SRNN is smoother than that for the FRNN. Delving further,
based on the data for the smooth demand pattern, the SRNN allows us to reduce product
perishability by 29.19% compared to POUT, whereas the FRNN is able to reduce it by up

to 42.29%.
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Figure 15. Sold products for the FRNN and POUT in cases of smooth demand.
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Figure 16. Stock level for the FRNN and POUT in cases of smooth demand.
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Figure 17. Orders for the FRNN, SRNN, and POUT in cases of smooth demand.

5.5. Sensitivity Analysis

In the subsequent phase of the simulation research, the sensitivity is evaluated through
the One-at-the-Time (OAT) method. Supporting data for the sensitivity analysis are pre-
sented in Tables 4—6. In Table 7, the maximum absolute sum of OAT sensitivity for the
considered controllers SRNN, FRNN, and POUT is presented, including separate calcula-
tions per demand pattern.

It is generally observed that the lowest sensitivity value is exhibited by POUT in
all instances. Considering the window sizes, the FRNN is about 16% less sensitive to a
one-week window (wopt = 7) and about 8% to a two-week window size (wWopt = 7). For
the one-month window size (wopt = 30), the FRNN approximately displays a 6% higher
sensitivity level than the SRNN.
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Table 4. The maximum absolute sum of OAT sensitivity for parameter perturbation is £0.1% per
demand pattern and per widow size for POUT.

Parameter Intermittent Lumpy Smooth Erratic
01 0.0008 0.0005 0.0031 0.0012
02 0.0003 0.0002 0.0006 0.0003

Table 5. The maximum absolute sum of OAT sensitivity for parameter perturbation is £0.1% per
demand pattern and per widow size for the SRNN.

Parameter Window Size Intermittent Lumpy Smooth Erratic
7 0.1728 0 0.0863 0.1427

ty 14 0 0 0.2172 0.0120
30 0 0.0084 0.3801 0.0485

7 0.0352 0.0420 0.0775 0.0177

ty 14 0.1996 0.0988 0.1090 0.2626
30 0.1941 0.1247 0.0645 0.2121

7 0.0503 0.0073 0.0124 0.0550

t3 14 0.0959 0.0968 0.0288 0.1002
30 0.0862 0.1388 0.1033 0.0845

7 0.1145 0.1244 0.1084 0.1413

ty 14 0.3567 0.3044 0.2364 0.3633
30 0.3480 0.5553 0.1841 0.4541

Table 6. The maximum absolute sum of OAT sensitivity for parameter perturbation is £0.1% per
demand pattern and per widow size for the FRNN.

Parameter Window Size Intermittent Lumpy Smooth Erratic
7 0.0238 0.0419 0.0661 0.0125

P1 14 0.0002 0.0143 0.0001 0.0156
30 0.0349 0.0109 0.1469 0.0088

7 0.0165 0.0161 0.0233 0.0208

P2 14 0.1219 0.1408 0.0575 0.2015
30 0.3527 0.2620 0.0711 0.2141

7 0.0121 0.0009 0.0359 0.0016

P3 14 0.0173 0.0578 0.0173 0.0762
30 0.2305 0.2517 0.0177 0.1258

7 0.0222 0.0549 0 0.0219

o 14 0.0173 0.0218 0.0751 0.0621
30 0.0365 0.0470 0 0.0777

7 0.0185 0.0123 0.0053 0.0087

Ps 14 0.0355 0.0892 0.0700 0.1099
30 0.2785 0.1289 0.0764 0.1889

7 0.0967 0.1312 0.1495 0.0796

Ps 14 0.2689 0.4399 0.0916 0.2715

30 0.6477 0.3948 0.2485 0.3196




Energies 2024, 17, 849

20 of 22

Table 7. The maximum absolute sum of OAT sensitivity for parameter perturbation £0.1% per
controller per demand pattern.

Window Size Demand Pattern FRNN SRNN POUT

Intermittent 0.0967 0.1728 3.0274 x 10~4

Lumpy 0.1312 0.1244 2.1668 x 1074

7 Smooth 0.1495 0.1084 6.0458 x 1074
Erratic 0.0796 0.1413 3.3116 x 10~4

Intermittent 0.2689 0.3567 3.0274 x 10~4

Lumpy 0.4399 0.3044 2.1668 x 1074

14 Smooth 0.0916 0.2364 6.0458 x 1074
Erratic 0.2715 0.3633 3.3116 x 10~*

Intermittent 0.6477 0.3480 3.0274 x 104

Lumpy 0.3948 0.5553 2.1668 x 10~*

30 Smooth 0.2485 0.1841 6.0458 x 10~4
Erratic 0.3196 0.4541 3.3116 x 1074

6. Conclusions

In this paper, we addressed the problem of uncertain, perishable inventory control
optimization. Regarding the solution, we proposed an approach for the automatic control
of uncertain, perishable inventory systems, supporting the resilience of the whole supply
chain. The proposed solution combines neural networks and optimal controller tuning
with the fuzzy logic system that forecasts the demand uncertainty. This approach considers
different demand patterns: intermittent, lumpy, smooth and erratic. The focus was placed
on enhancing the effectiveness of the inventory system by providing a demand uncertainty
forecast, which is provided to refine the generated order signal due to the dynamically
changing demand patterns. With respect to the automatic order generation process, it
can be stated that the proposed FRNN controller outperformed the reference methods.
Consequently, the FRNN is more responsive to the demand uncertainties in the inventory
system than the POUT and SRNN.

The proposed approach is compared with existing approaches, including the exten-
sively popular classical method POUT and SRNN, which possess similar core functionality—
Artificial Neural Networks. The results indicate that the proposed approach significantly
outperforms the classical POUT method in terms of its fill rate; the highest advantage
is achieved in the scenario with lumpy demand, where the fill rate is increased by 14%
for the FRNN than for POUT. Additionally, the FRNN can be utilized to reduce product
perishability, as demonstrated by the 74% reduction in waste for an erratic demand pattern
scenario. Furthermore, the stock level was lower for the FRNN than for POUT in the
erratic demand pattern scenario, with a reduction of approximately 24%. Conversely, when
comparing the FRNN to the SRNN, the advantage is visible for specific demand patterns.
To be more precise, the computational results indicate that the FRNN provides more robust
solutions, especially for lumpy demands, compared to the SRNN. However, for the other
considered demand patterns, the difference in performance is slight, which means that
the FRNN method can improve the inventory control for products that have a lumpy
demand pattern. During the sensitivity analysis, it was established that despite the FRNN
not attaining the lowest sensitivity, the sensitivity level can be considered low (less than
one). Furthermore, despite the extended functionality of the FRNN, it is shown that the
sensitivities of the SRNN and FRNN are very similar. To conclude, the proposed FRNN
approach has two main advantages: (1) the controller’s behavior can be easily changed
based on forecasted uncertainty without the need for extensive calculations thanks to the
offline optimization process and switching capability; and (2) it provides low sensitivity in
cases of parameter change. It provides a new perspective to solve the perishable inventory
problem. It is found that this study can contribute to the development of software solutions
for warehouse management to improve the algorithms that control replenishment cycles
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and automate them. The aforementioned study has limitations, as it primarily focuses on a
specific category of perishable goods, limiting the generalizability of the proposed neural
network and fuzzy logic controller. Additionally, the study’s outcomes are contingent on
the quality and availability of the data, raising concerns about potential inaccuracies in
representing the dynamics of perishable inventory systems. Moreover, this research does
not thoroughly explore the computational complexity associated with implementing the
proposed controller, overlooking the potential challenges related to real-time applications
and resource constraints.

Possible future research directions include the development of advanced forecasting
techniques specifically tailored for perishable goods and the investigation of applying a
dynamic pricing strategy to optimize revenue and inventory levels in cases of different
characteristics of demand patterns.

Author Contributions: Conceptualization, E.C. and P.O.; methodology, P.O.; software, E.C. and P.O;
validation, E.C. and P.O.; formal analysis, E.C. and P.O.; investigation, E.C. and P.O.; data curation,
E.C. and P.O.; writing—original draft preparation, E.C.; writing—review and editing, P.O. and E.C.;
visualization, E.C.; supervision, P.O. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Data Availability Statement: No new data were created or analyzed in this study. Data sharing is
not applicable to this article.

Conflicts of Interest: The authors declare no conflicts of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or
in the decision to publish the results.

References

1.  Feng, Y, Lai, KH.; Zhu, Q. Green Supply Chain Innovation: Emergence, Adoption, and Challenges. Int. . Prod. Econ. 2022, 248,
108497. [CrossRef]

2. Enhancing Green Supply Chain Efficiency Through Linear Diophantine Fuzzy Soft-Max Aggregation Operators. Available online:
https:/ /www.acadlore.com/article/JII/2023_1_1/jii010102 (accessed on 29 January 2024).

3. Sarkar, B.; Ganguly, B.; Pareek, S.; Cardenas-Barron, L.E. A Three-Echelon Green Supply Chain Management for Biodegradable
Products with Three Transportation Modes. Comput. Ind. Eng. 2022, 174, 108727. [CrossRef]

4. Axsiter, S. Inventory Control; Springer: Berlin, Germany, 2015; Volume 225. [CrossRef]

5. Paldrak, M.; Erol, E.; Inan, A.; Firat, D.; Miran, A.E.; Cetinkaya, E.; Polat, LN.; Staiou, E.; Kasap, B.; Aydin, P. Demand Forecasting
and Inventory Control System for Industrial Valves. Lect. Notes Mech. Eng. Towards Ind. 5.0 2023, 780-796. [CrossRef]

6. Hooshangi-Tabrizi, P.; Hashemi Doulabi, H.; Contreras, I.; Bhuiyan, N. Two-Stage Robust Optimization for Perishable Inventory
Management with Order Modification. Expert. Syst. Appl. 2022, 193, 116346. [CrossRef]

7. Thorsen, A.; Yao, T. Robust Inventory Control under Demand and Lead Time Uncertainty. Ann. Oper. Res. 2017, 257, 207-236.
[CrossRef]

8.  Pathy, S.R.; Rahimian, H. A Resilient Inventory Management of Pharmaceutical Supply Chains under Demand Disruption.
Comput. Ind. Eng. 2023, 180, 109243. [CrossRef]

9.  Ensafian, H.; Yaghoubi, S. Robust Optimization Model for Integrated Procurement, Production and Distribution in Platelet
Supply Chain. Transp. Res. E Logist. Transp. Rev. 2017, 103, 32-55. [CrossRef]

10.  Sel, C. The Use of Parametric Programming and Simulation-Optimisation Approaches for Stochastic Inventory Control in the
Food Markets under Fuzzy Deterioration Rate. Comput. Ind. Eng. 2022, 168, 108141. [CrossRef]

11. Lawrynczuk, M. Input Convex Neural Networks in Nonlinear Predictive Control: A Multi-Model Approach. Neurocomputing
2022, 513, 273-293. [CrossRef]

12. Tatjewski, P; Lawrynczuk, M. Soft Computing in Model-Based Predictive Control. Int. J. Appl. Math. Comput. Sci. 2006, 16, 7-26.

13.  Assawawongmethee, W.; Laosiritaworn, W. Application of Neural Networks in Perishable Inventories Management. Appl. Mech.
Mater. 2015, 752-753, 1424-1429. [CrossRef]

14. Bardeji, S.F,; Saghih, A.M.E,; Pooya, A.; Mirghaderi, S.H. Perishable Inventory Management Using GA-ANN and ICA-ANN. Int.
J. Procure. Manag. 2020, 13, 347-382. [CrossRef]

15.  De Moor, B.J.; Gijsbrechts, J.; Boute, RN. Reward Shaping to Improve the Performance of Deep Reinforcement Learning in
Perishable Inventory Management. Eur. |. Oper. Res. 2022, 301, 535-545. [CrossRef]

16. Chotodowicz, E.; Ortowski, P. Control of Perishable Inventory System with Uncertain Perishability Process Using Neural

Networks and Robust Multicriteria Optimization. Bull. Pol. Acad. Sci. Tech. Sci. 2022, 70, 141182. [CrossRef]


https://doi.org/10.1016/j.ijpe.2022.108497
https://www.acadlore.com/article/JII/2023_1_1/jii010102
https://doi.org/10.1016/j.cie.2022.108727
https://doi.org/10.1007/978-3-319-15729-0
https://doi.org/10.1007/978-3-031-24457-5_62
https://doi.org/10.1016/j.eswa.2021.116346
https://doi.org/10.1007/s10479-015-2084-1
https://doi.org/10.1016/j.cie.2023.109243
https://doi.org/10.1016/j.tre.2017.04.005
https://doi.org/10.1016/j.cie.2022.108141
https://doi.org/10.1016/j.neucom.2022.09.108
https://doi.org/10.4028/www.scientific.net/AMM.752-753.1424
https://doi.org/10.1504/IJPM.2020.107466
https://doi.org/10.1016/j.ejor.2021.10.045
https://doi.org/10.24425/bpasts.2022.141182

Energies 2024, 17, 849 22 of 22

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Cholodowicz, E.; Orlowski, P. Impact of Control System Structure and Performance of Inventory Goods Flow System with
Long-Variable Delay. Elektron. Elektrotechnika 2018, 24, 11-16. [CrossRef]

Kastius, A.; Schlosser, R. Dynamic Pricing under Competition Using Reinforcement Learning. J. Revenue Pricing Manag. 2022, 21,
50-63. [CrossRef]

Li, J.; Yang, A.; Dai, W.; Pan, H. On Multiplex Combination Forecasting Model Based on GA and ANN. In Proceedings of the 26th
Chinese Control Conference, CCC 2007, Zhangjiajie, China, 26-31 July 2007; pp. 251-255. [CrossRef]

Sarkar, A.; Guchhait, R.; Sarkar, B. Application of the Artificial Neural Network with Multithreading Within an Inventory Model
Under Uncertainty and Inflation. Int. J. Fuzzy Syst. 2022, 24, 2318-2332. [CrossRef]

Huber, J.; Stuckenschmidt, H. Intraday Shelf Replenishment Decision Support for Perishable Goods. Int. J. Prod. Econ. 2021,
231, 107828. [CrossRef]

Shao, X.; Chang, D.; Li, M. Optimization of Lateral Transfer Inventory of Auto Spare Parts Based on Neural Network Forecasting.
J. Intell. Syst. Control. 2022, 1, 2-17. [CrossRef]

Ahmadj, E.; Mosadegh, H.; Maihami, R.; Ghalehkhondabi, I.; Sun, M.; Stier, G.A. Intelligent Inventory Management Approaches
for Perishable Pharmaceutical Products in a Healthcare Supply Chain. Comput. Oper. Res. 2022, 147, 105968. [CrossRef]
Gokhale, A.; Trasikar, C.; Shah, A.; Hegde, A.; Naik, S.R. A Reinforcement Learning Approach to Inventory Management. Adv.
Intell. Syst. Comput. 2021, 1133, 281-297. [CrossRef]

Mohamadi, N.; Niaki, S.T.A.; Taher, M.; Shavandi, A. An Application of Deep Reinforcement Learning and Vendor-Managed
Inventory in Perishable Supply Chain Management. Eng. Appl. Artif. Intell. 2024, 127, 107403. [CrossRef]

Mo, D.Y,; Tsang, Y.P.; Wang, Y.; Xu, W. Online Reinforcement Learning-Based Inventory Control for Intelligent E-Fulfilment
Dealing with Nonstationary Demand. Enterp. Inf. Syst. 2023, 2284427. [CrossRef]

Boute, R.N.; Gijsbrechts, J.; van Jaarsveld, W.; Vanvuchelen, N. Deep Reinforcement Learning for Inventory Control: A Roadmap.
Eur. J. Oper. Res. 2022, 298, 401-412. [CrossRef]

Patriarca, R.; Di Gravio, G.; Costantino, F; Tronci, M. EOQ Inventory Model for Perishable Products under Uncertainty. Prod. Eng.
2020, 14, 601-612. [CrossRef]

Cholodowicz, E.; Ortowski, P. Development of New Hybrid Discrete-Time Perishable Inventory Model Based on Weibull
Distribution with Time-Varying Demand Using System Dynamics Approach. Comput. Ind. Eng. 2021, 154, 107151. [CrossRef]
Cholodowicz, E.; Orlowski, P. Robust Control of Perishable Inventory with Uncertain Lead Time Using Neural Networks and
Genetic Algorithm. In Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial Intelligence and Lecture Notes in
Bioinformatics); 13350 LNCS; Springer International Publishing: Cham, Switzerland, 2022; pp. 46-59. [CrossRef]

Syntetos, A.A.; Boylan, J.E.; Croston, ].D. On the Categorization of Demand Patterns. J. Oper. Res. Soc. 2005, 56, 495-503.
[CrossRef]

RozZanec, ].M.; Fortuna, B.; Mladeni¢, D. Reframing Demand Forecasting: A Two-Fold Approach for Lumpy and Intermittent
Demand. Sustainability 2022, 14, 9295. [CrossRef]

Ghobbar, A.A.; Friend, C.H. Sources of Intermittent Demand for Aircraft Spare Parts within Airline Operations. J. Air Transp.
Manag. 2002, 8, 221-231. [CrossRef]

Makridakis, S.; Spiliotis, E.; Assimakopoulos, V. M5 Accuracy Competition: Results, Findings, and Conclusions. Int. J. Forecast.
2022, 38, 1346-1364. [CrossRef]

Cholodowicz, E.; Orlowski, P. Switching Robust Neural Network Control of Perishable Inventory with Fixed Shelf Life Products
under Time-Varying Uncertain Demand. |. Comput. Sci. 2023, 70, 102035. [CrossRef]

Ignaciuk, P; Bartoszewicz, A. Dead-Time Compensation in Continuous-Review Perishable Inventory Systems with a Remote
Supply Source. Arch. Control Sci. 2011, 21, 61-84. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.5755/j01.eie.24.1.14244
https://doi.org/10.1057/s41272-021-00285-3
https://doi.org/10.1109/CHICC.2006.4347258
https://doi.org/10.1007/s40815-022-01276-1
https://doi.org/10.1016/j.ijpe.2020.107828
https://doi.org/10.56578/jisc010102
https://doi.org/10.1016/j.cor.2022.105968
https://doi.org/10.1007/978-981-15-3514-7_23
https://doi.org/10.1016/j.engappai.2023.107403
https://doi.org/10.1080/17517575.2023.2284427
https://doi.org/10.1016/j.ejor.2021.07.016
https://doi.org/10.1007/s11740-020-00986-5
https://doi.org/10.1016/j.cie.2021.107151
https://doi.org/10.1007/978-3-031-08751-6_4
https://doi.org/10.1057/palgrave.jors.2601841
https://doi.org/10.3390/su14159295
https://doi.org/10.1016/S0969-6997(01)00054-0
https://doi.org/10.1016/j.ijforecast.2021.11.013
https://doi.org/10.1016/j.jocs.2023.102035
https://doi.org/10.2478/v10170-010-0032-5

