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Abstract

Project Code : MRG5280109

Project Title : Integrated Design and Optimization for Improving the Performance of
a Crystallization Process

Investigator : Dr. Woranee Paengjuntuek
Department of Chemical Engineering, Faculty of Engineering,
Thammasat University

E-mail Address : pworanee@engr.tu.ac.th

Project Period : 16 March 2009 — 15 March 2011

Crystallization is an important separation process due to its ability to provide high purity
product. The control of size and shape distributions of crystal product is known to be a difficult and
challenging task. Although various model-based control strategies have been widely implemented,
the effectiveness of such the control strategies depends heavily on the exact knowledge of
crystallization. For this reason, a neural network-based optimal control was proposed in this
research to regulate the batch crystallization. Moreover, crystallization can generally be operated in
continuous and batch modes. Although continuous operation is often regarded as the ideal
procedure for many processes, it is not always true for crystallization processes. In this research, a
novel semi-batch cooling crystallization in which solution is continuously fed to the crystallizer is
studied. An integrated design and optimization is proposed for improving the performance of the
crystallization process for the production of potassium sulfate as a case study. The aim of the
proposed strategy is to determine an optimal operating policy in terms of cooling temperature and

solution feed for improving the product quality of the cooling crystallization.

Keywords : Cooling Crystallization; Neural Network; Optimization; Potassium sulfate
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N EfHNLINLIVa9 (Theory)
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3.1 NIZUIBNIIANNAN (Crystallization)
=3 I a > 6 1 ~
nazuaunIanuanidunzuaunsuenaslasniadmsizaglugdvesundsnmalussazany
¥ ') a a & a \
\iaL@en (homogeneous phase) ANBMLATIAANANIZLAG 2 TUAY Ad MIAAVBINANLANDIE
= . = A A [l < o A o v
PUALAN (nucleation) UaznIlavaInEn (growth) lasfian1iznldaugavasszuududiudsnvily
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1. fasfidesnisueniin ﬁ@hmmmmmlumm:mUﬁuﬁuqmﬁgﬁ 22193501589
gannilunsrliiianan (cooling) 33J°11aam:mummmﬂﬁé’agﬂﬁ 3.1

2. ﬁwmmmmsnlummzmwaamsﬁaumﬂ"l,&iﬁuﬁ'uqmﬁgﬁ I TN1TITIREAIN
fEAN8a8an (evaporating)

3. ﬁﬂmmmmmiumm:mwaamiﬁaumﬂﬁ@hga ﬁﬂiﬁﬁd%%ﬁ%ﬂﬂia@qm%gﬁua:mi
sumaiinazageanlimansarldaananls axldmsdussazaorfiafsuasliiinarinles

ANMNENNITDLUNTALANBVBIRNINABINITUENAARY LSuNINITAIldLAaINRe (salting)

=S tﬂq’ | tﬂl [ ‘ﬂq’ a L
aszuaumsanwanitunzuiunInasazaebaiidwitaLfioanu (heterogeneous system)
Fansesunslasldaunismeadlaaaas (mathematical model) Huvinla beenn titasannladimssua
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1. m:mun’mﬁ@mwawﬁuazmauymi (well-mixed)

2. Panaswasansnmalue3asdfnaoiasn

3. lidflafanaraIn1IIINGL (agglomeration) LAZMITUANG (breakage) VBINAN

Heat
exchanger

-:1' =< &
21]7] 3.1 NITUAIUNITANNINLUULLL D

Cooling water

Heating water

FUNIINNATMAAIRATNLR NI TN AT TUIENTZLIRNITANNEANAD awmimﬁﬂﬁaﬁﬂmu

aunalunguszzng (population balance) &MMIUNMIEUARNUULLLLATHE FINTOUFAD AGI

FUNIAIT

o (L1)

——=0
oL

of (L,1)
N +G(t)

[

Tay f ﬁa’cﬁﬂmuﬂizmmm&mﬂ uaz L A9MaNAN uasiaunisidanwly aad
B(t
f(0,t)=20
G(t)

>

IﬂUﬁaumsmﬁﬂﬁmamaaéhgﬂa:mﬂ 39

dC » 2
" -3p,khG [ f(L,t)LPdL

o

AU IaRINEWAIUTBIATasUnInlazndalEw Gl

(3.2)

(3.3)



dT o
PV, - = ~3AH p kv [ GfLPdL-UA(T -T) (3.5)

dT. F. UA
d_tJ:V_:(Tjsp_Ti)er(T -T)) (3.6)

]

lawduis C ?‘1afhmmJadsﬁgﬂazmﬂ@iamamaaﬁaﬁmzmﬂ P, ABAIAMURMILURIDINEN K,
AadunAlaaTUuT3uNaT (volume shape factor) ¢, AafIANIAMUTAUIUNIZTE
s3azay AH, fAasanadausasnsanndn U Aadiasfinisdiomanusauny A Aadfunin

TunisonamanuTan uas T, ﬁaﬁmmwgﬁmmﬁmdmﬁu

o et o a & g; a d Y A a g
ﬁ’]‘ﬁillﬂ’]?@nL%%G’]%LLUUTNLL‘U@]‘E%% awmimmm@]ma@%ﬁ%aﬁmﬂwn@miiwmawmm
°llBﬁﬂ’liaw%‘ﬂﬂfﬁh%’luawﬂqﬂluﬂE\j?J‘L]iz”ﬁ'lﬂi LL@ZﬂW?Ql&%‘ﬂﬁN’)E]Tﬂd@rﬁgﬂﬂzﬂqﬂ LUANEIIINNANT

AN WULL LY @lsf 4 LLﬁ@GIuﬁN ﬂ’]iﬁﬁ%ﬁ’]\‘iﬁ

(LY (LY . d(InM)
+G(t + f =0
ot ® oL dt (3.7)
aumsmﬁﬂﬁmamaaéﬁgﬂazmﬂ
dc d(inM) F0
2 =_3p k G(t)| L*f(L,t)dL—-C(t
i =%k ()j (LdL-C(O) ==+ (3.8)

I@Uaumimﬁﬂﬁmamaaéhg]ﬂazmUlum%aaﬂﬁmtﬁ (M) URAIAIRNNTT

dM
3 F() (3.9)

msiiaaan (Crystal nucleation, B)

mMIAaNanaINITIRaRANe3D Imﬁ%‘muﬁmmuﬂgwgﬁ (primary nucleation) az1dwn13iNa

= o | a = v L o . . A a
NANINENITAZANEDI LI TANRANEN Y 91580737 homogeneous nucleation W3aanaLiaanAT
a A \ \ A A @ aad a ' . o o a
LANDUNIND LTU NIHU WIDRITL "'l 3358 heterogeneous nucleation #RTUATLAN
= aa a a . A a =3 v g: n:l 2 4:{I ad
NaﬂI@m’Jﬁ“Q(ﬂU{]&l (secondary nucleation) 3zimaiaunand TUlutwSudn 3UN 3.2 ugauItNg
WANAN L WUUDE 9 mﬂmwﬁmaqm%wama@% (thermodynamics) WUI1ATMISAGNANLULIFY

A a A ] A o a A A o & & \ AW
ni ﬁ):mm"l,éil,uama:mmummmummm@gq Fanszavitenadugrenldmunzaulunnsg

U

o

A A v & da X a i o 'Y o v AN & Aa
AW UITY uaﬂﬁnﬂ%LLa’JNaﬂﬂLﬂ@]muwﬂmef]’]wvll]@LLazﬂ’ﬁﬂ’JUﬂ&]ﬂiz‘anL@Enﬂ Y]’ll%’;ﬁuvlmﬂu“/mml
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1% wagnIuITNTAaNELUUNAENT
e

U
=) U o =) I a £ g; Qs a wna %]
ATANING LLa:muunL@m AR DT % slu‘lfnm‘l,mmuﬂgu@mmazlmmuqcﬂa’mﬂﬁu

>

ammimoaauwamam%ﬁa%mzm'm,ﬁ@NﬁﬂﬁwLLamlugﬂaummﬂﬁwé’a 0
b k
B=k,exp(-E,/RT)S" 1 (3.10)

lag E, Aadiwasouwlunaiiandn (nucleation activation energy) b flasnaniias S Aadiannz

'
a s

DUAIDI870 UAT 1 AEALNLUUAIUALNENNTEININIZINLYWIANEN (third moment of the CSD)

Nucleation
]
Primary Secondary
crystal-free solution with
solution own crystals
Homogeneous Heterogeneous Surface Attrition,
pure solution foreign surface own crystals Fracture

31 2 nalnnisifiandn

mslavadadn (Crystal growth, G)

Imaqamaoéﬁgﬂazm m:mﬁauﬁmnmsazmﬂLLax@@%’ULiTWVLﬂ HINWHIVDINAN YN lFLAa
NMILaUBINAN la8FUNIINIIIAWNAFIRATNATLIENIILAVAIN AN RN LFAIRUNITNT IR UALAD AT

milaliduiurmanan daguns
G =k, exp(-E,/RT)s® (3.11)

1ag E, Aadnasnwlunslauednan (growth activation energy) g AaFnunmngs
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MNENMINITaTUENOANTINVBINTZLIUNIANKEN WHUTIFUNTERINHNIAUAZANNT
auindwaNUBanaIaslfnIel (sun13 3.4 uaz 3.5) Lluaunivayiusilaidwdadu (nonlinear
integro-differential) laumytaimnanazasdgnazats ldianiuzaasuds usadluinanduiiinimuas
o ' = o @ R Aa waa & P
8AIINILAVBILARZHNEN FRTUNTzUIUMIANHANGRuNTIDINNUGA (method of moment) N8

wWasugtaunisliie lasmafienudnluaud wia x daauns
L= j: L fdL (3.12)

[ 6 > .g = =3
"ﬂ’]ﬂﬁﬂJﬂ’]iﬂ%iﬂ‘lﬂﬂi&‘ﬁ’]ﬂiI@Uaﬂiﬁﬂﬁi‘[@]q&muﬂﬂ‘ﬂ%’](ﬂwﬂﬂ

of of
Z =G +BS(L- 3.13
ot oL (L-L) (5.19)

mmwuamé“@mﬂ’ﬁuﬂﬁwuﬂmm’ﬂwmu@i’mmmﬁﬂﬂmgmawms (3.10) @28 L' uazviinng

AWNLNINARAATIUYUIAUAINEAN

0 o - - of - .
P fidL=—G[ S UdL+ [ Bs(L-L,)LdL
ot ! ! oL *J, Bl (3.14)

1#358ufiinia by parts thaiAouztvasnasuanluauniiniam

—Gj“@ LdL =-GL' f[; +iG[ " fLdL
o oL 0 (3.15)

Y A A a2 A | o & @
N f ¥aan L=0 LL@ZVLNNNﬂﬂ‘Y]Tu’W]FLﬁny’]ﬂG] @Guul;"f]E]NLLiﬂTaGﬁNﬂqiﬂqﬁﬂnqﬁ’]N’]iﬂazvl:@ LIRS

douwnudnaudn W lusumsii (3.11) laslw L, —> 0 ale
O " fldL =iG [ fL'dL +BO 3.16
a.“o N Io + (3.16)

A 6
WIALFAI LN ANY DI LU LUHE

9t _p i=0

ddt (3.17)
M. :

—— =G u i=12,3

dt luhl

o & o ¢ A a @ 6 . . . =
@It% MNFUMIBRINEUTTININULFAIULUANNTTIauNUTEio (partial differential) a1unTnLUALY
Iwaglunauvaslumddaiuauniadiaywus (ordinary differential)
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° v & A a X = @ @ o [y € @ & =
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A ° =2 & A a X a A " v A a 2 o o &
BUINNIWIBNRINVNANANENAYY) UATAINLNINUATNRNNISLINAY AIRINITAIN

9ih g,
dtn (3.18)
94 e, ), i=123
dt
Mg = constant,
_S (3.19)
A _iG(), (), 1=123

laualuunaINNY 4 = " + 4

e

o %] v IQ IJ =
AN NI LTRNNT UL UG A luﬂirﬁﬁwmsmﬂmﬂmaowﬁfﬂ,ugﬂLLuuaums‘ﬁmuﬂu

YUWIANANHWAL LI FINITD I TRUNI NN wG wn1saTunele udad1slsnauTaduasnisltauny

A DD

v
& A o Cd 1

TutuudanRiInnnuInnin s lwnisdwimaunrinlaagn9siasnazdUszansnn laa'la
o & v o g 1 d = a - [ { U
mLﬂumaommmaumimgiﬂﬁmgmﬂiuﬂQuﬂi:"mmmLﬂuaumimamgwuﬁfsaﬂ LAZLIa91NAN

Tuwuaowauad g sansahenulaasd
A 2 o = & A a £
1, Henuily wInIaINENTINNIRNANLIAAY (total crystal number)

- - P2 o
4 Benully 9NENLAREIINTBINANNINNANLAAA (total crystal length)

2 ]
A =y

- - 2 o

1, BN WwNRITINTBINENNINUANLAATW (total crystal surface area)
=Y =) g; { a J

1, Benul e suaaInanninuafialu (total crystal volume)

é’aﬁummmmi’mqmmwmaawﬁmﬁmsﬂumamaam‘[mumﬂﬁ #ANAINHOIFDININIITINITLE
T - . .

P0INAN IUIUUULFNNINTUADIMAKEN RITTNHATBINITTINGD UAZNIUANAIVBINEN §1U1TD

AANULULRNNIT NN O TN TZUIWNNT Lo
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3.2 NTMANE (Case study)

a o d"vL [ =2 & = o v A
1%\1’]%1%8% @ﬂﬂ‘]&l”]ﬂizﬂﬁuﬂqi@]ﬂwaﬂLLUULLU@]‘D”]Jaﬂﬁ’]iﬂza’]UIWLL‘ﬂﬁLGﬁUN‘ﬁﬂLW@] I@anﬂﬂﬂ
o a 6 Aa e . = a A s
LUUAIINDINNATUNFAIRATIINNINUILVYDY Shi LN AT (2006) 1%ﬂ’]3ﬂﬂﬂ']Wf]@]ﬂ55&lL°ﬁﬂWﬂ?@l
(dynamic behavior) U89N3zUIBNT WazA@LUTd19 9 NlTIaasngfinIsuaanTsuIwnIhuaaiasg
@A1519% 3.1

FASUNTTUIRMTANNANTE® N3dLininlndan1y metastable GafidNn3BuaAB 98I0
(supersaturation) &4 wmlAiiandanauialan (fine crystal) ﬁﬁﬂ’ﬂ&lﬂ%ﬁgﬂ%@i%ﬂ%ﬁ’]%’mmﬂ
wonNINNEIFINANTENUAaNTEUIRMIUENE e Taavihlddasldinanlunisnsasuonasmuanndu
ualunsdiinszuaumsannaniudfinauwiianzlndtugnizdue (saturation) efidnn1sauea
S9paadinin azvhlddanmilesasnaniialetn sonslildiialudiiinensasnszuanmun
ANTH é’hsJm@ﬁﬁaﬁﬂﬂ;jil’aﬁ'lﬁ'@maan’mﬁLﬁm’]ulum:mummnwﬁﬂhalﬁ"’svl,ﬂ Hude Aaa
L°1T3J°1Twuaaé’agna:mﬂumm:mm (solution concentration) fﬂ:éfadgaﬂdﬂmﬁmﬁuﬁuﬁaﬂnzéuﬁa
(saturated concentration, Cs) wadasfiandninanudutuiign1ae metastable (metastable
concentration, Cp,) LﬁaamnmwLﬁuﬁuﬁfﬁaﬂ’j’mqu metastable azvl,ajmmmmuqummﬁmaa
wan'ld vliRananamainswaminn sansadowdusunsmadiamansiaail ¢ <c<c,

TayEUNILFAIANANUT T UNINNIEBNAILAZNRNIE metastable LRAI IGAIFNAIT

C,(T) =6.29x102 +2.46x10°T —7.14x10°T? (3.20)
C,\(T) =7.76x107 +2.46x10°T ~8.10x10°T? (3.21)

mﬂaumi‘iuﬁmlﬁﬁud’]f;?mﬂz‘*ua\‘iqnmn“mumi@ﬁLﬁumumadmwaummﬂwﬁﬂﬁ FING
TasassdamauTuTwignzBudauazannIz metastable 9Mudspitlafenvamanan (L) lwnaw
JadvaInTInau (a sphere of equivalent crystal volume, T) laoMnualdnInszanswiauaIngn
o (initial seed size distribution) tJuuuUWITUET (parabolic distribution) 14T 9UU1@ 250 5149

300 lulasiues asuaaslugunis

f(r,0)=0.0032(300—r)(r—250), for 250um <r <300 xm

(3.22)
and f(r,0)=0, for r<250um and r >300xm
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‘:I s o s = = g
A13WN 3.1 AWUIFIRIUNTEUIBMIANNANVDIRIIALAN UIW UNRLDONTALNG

b=1.45 g=15

k, =285.01/s pm® k, =1.44x10° um/s
E,/R=7517.0 K E,/R=4859.0 K

U =1800 kJ/m? h K A=0.25 m’

AH =44.5 kJ / kg C,=38kl/kg K

M =27.0 kg p=2.66x10" g/ um®
k,=1.5 t, =30 min

Vv, =0.015 m’ F,=0.001 m*/s

p; =1000 kg /m?® C, =4.184 kl/kg K

BTG 619899 INUIIL VDS Shi UAZATAE (2006)

3.3 N30 NA LalLy%K (Optimization)

nyaand Lttt duitnisnlduidyniniesanuuunszuinwnisiaadrelilsz@nsaaw
] d a J 1 1 v o =
Joynimaiatsfiialuluinugaannisa 1w nssanuuy nInaase MIdiRU wazn13

AeTzdnansdiiueu sansalinszuawmsaawd luarwlunsudtyw e

3 A o
asailsznavaasilavoandlansu

] ]
a A

N100WA LLTT ABNITZUIBNITAALAZAATWIAN A HAAIRATLN amﬁmauw@ﬁqmm

T uazlashdsznavvasdameash

& o & i . . A A e . A o A
1. ﬂdﬂmuQWQUiza\ﬁﬂ (objectlve fUﬂCtIOﬂ) )] ﬂ’]ﬂ@lﬂdﬂ’lﬁﬁ’]ﬂ’]gdq@lﬁiaﬂﬁqﬂ Gﬁdﬂm"ﬂq

v a ' & Ao & o \ & o &N v
‘Y]’]x‘]@’]%’)ﬂ’]ﬂii&lﬁ’lu&l’mﬁ]tLﬂuﬂ’]iwﬁg@gd&!@%iﬂ@]’]ﬁ;{@madﬂdﬂﬁu @]’Jﬂ&lﬂdﬂdﬂ“ﬁu’)@]qﬂizadﬂ VL@ILLn
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i'ls dnlfine wasnunld szozanfunu wisdunu udu Meddwnafdulnganduisidu
matassgmans ua dndusuely iwuwanaduistsuawmaluladdslnduwnmeilunsaagule

2. duUsaaFWla (decision variable) Aa @audshlinTuar WuaudsNnidfeuudasdn
v A 1 6 (% 6 3; a s & d' ] > @ A dl'
wiiinada Wi TwIngLsza9d Turuaawn1vaand b tuaztduwn sl wa1aiulsaaFularinani
Agaga ﬂ%a@‘hqmaoﬂaﬁfuf@qﬂs:mﬁ aratganlIaagula laun gounnil ANMNAY DAIINT
wa uazawavasie3asdfnyal iudu
v o @ X A o o ¢ o v a R ] & e o
3. 983711 @ (constraints) fia ANNFNNHTVIAILUTAARI AU ALK LTuaIi1rue

YaUIANIALAUNNT (feasible region) vaddudtanaula wiawunvasaudsaasulafuiazduly

9./& v o 5 [ = o ] U o = (= =Y
lagsdiaaiinaidlnaiiinuavauiae sunInLLstas naaaniu 2 uiia Aa

1) dasnanduwsuniy (equality constraint) LHugUNITNLRAITDRIRUAGAN €
YINTZUIVBANT LT DATINITENLNANNTOUVDILAIBILANLURIUAINNITDWILABINANTINNY 50
AlaTad wIatduwruUNITURAILULIIRAINTZUIBNIT LT% FUNNIFUQANUINGT ﬂ%aaummmga

WRIIW LUUAK

2) Tasnanduaaunis (inequality constraint) LJuagun1sNuaastasNave
nIsanuuuuazdediiade g i A1dasnisinaaisinnndt Wiswinugud wie anudunioly

v A a 1o A A & v
Szummadumvlumummmu‘ﬂmﬂmamm@uu L1 ne

[

sluuumldvasilymeandluiotu sunsausadldasi

WINTUInfLazadn (objective function)
min w(x(t ), y(t).u(te )t p)

lasgaanaadauiianluda Uil (subject to)

d);(tt) =F(x(t),y(t),u(t),p,t)  fe aunIaTLIENAANITNVBINIZLINANT
h(x(t),y(t).u(t), p.t)=0 fo sunsdenly wetasiadsguainszuIums
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ARUAAISNA UV IN YT
X(0) =%,
AUV UL AVDINILYT

x(t)e[x,x,]

y(t

)el
)% v.]
u(t)efu,u,]

p(t

~ ~—
m

[—

—

=

—

—

S

t(t

2

lag x fa dudsaan (state variable) uazlundinualiidualulsaafwla (decision variable)
@18y Aa AULUIHAAWS (output variable) U fa fULIAIUAN (controlled variable) p AadauLls

L o . . . {2 . .
laaunuan (time-independent variable), iLas t; ﬁanmﬁauq@ﬂs:mumi (final process time)

ARADWNITDDNA LT T

& { [ o a A o o a v A %
muﬁ 1 ?ﬁ”lx‘lLL‘lJ‘iJﬁ]"Iaadﬂﬁdﬂm@]ﬂﬁﬁ@]ﬁ%ﬁx‘iLLﬁ@Gﬂ')’WNﬁﬁJW%E“DQG@YJLLﬂi@](ﬂﬁulﬁLLE\]Z@I')LLTJS(?’HN

PN 2 TRAILIaaFwla  waz/mIaaIwiiiaas ﬁﬁmimﬁiﬂ@m:qmamw PasING A

NN EVINIFINNNTO AW A baLTT

AuUN 3 Lﬁwﬁaﬁ%’ui’mqﬂimdﬂ‘lugﬂmaoaumimﬁmma@%

v

PN 4 FIRWAITNIIVNDaWE LULTT I ﬁdﬁﬁadaa@ﬂﬁadﬁugﬂLLuwadaumsmdmﬁ@lma@%ﬁ
a 6 @ o 6
aTnanszuumuaz I winnszad

TUN 5 ¥nseawd ot lasn13laisn1In1eaatas (numerical method) Twnnsunaun1sdaymm

DOWA MILTTH LazaTIaUNafIAaUINMILATYWIawd luLosn

A = a 6 a ] e . . A @ A A 6
NN 6 ﬂﬂﬁﬂ’l’)mi’]z%ﬂ’)’]&lvh"llﬂdﬂ’]LL].I‘W]’]GG] (sensitivity analysis) LW@%]’J’WI’JLL‘]JS%?QW’]‘S’W&]L@]@‘S

la ﬁwa@iamﬂﬂﬁﬂuLLﬂawaqﬂoﬁ%’uf@]qﬂizaﬁamﬂi
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lasna lAsnsmsaaaaluvnisuitymisewd luisunuwaiuimadiuwnle 2 35 fa 35

19884 (indirect method) WaZNNNASY (direct method)
ad v
Apnvdaw
tazdunsavudymieand luatuldidusunisdoulvdrdu lugdaes two-point

& o v { v o Qs =
boundary value problem (TPBVP) G3azdnuiaslaennlunsdinddasnavasaindsaian
ad
5190139

ABmdunsddoudynieendlastuliegluzddaynildsunsvasunis (nonlinear
programming problem, NLP) lag/l3% discreatization 2840 6U58401 #IanIaudIzeanuasainds

o v o ada o dq' YV & adad A
ATLAY M RaN1InI N ITNIawI b latdw 2 37 Aa
1) Sequential strategy

3EM3iasinms discreatization LAWNZEIUUTALANLYNYL F9TUAUIWANTANUWI TAEHLEAINS
gﬂ'ﬁ' 3.3 Tagduusnasinnsinuaan 3 U (initial condition) 94w model solver az¥innnsult
ANNTTAYNUT (differential  algebraic  equation) w”\i'amfhﬂdﬁfui'@qﬂszmﬁ A RERRIE BE
ATLUIWANT &9 1UE9 nonlinear programming solver LﬁaﬁﬂmmmmﬁaLLﬂiﬁmm:aw“g@lmj LRTR
dnsulUss model solver TnsmaswanidiazrinisiugldGen 9 aunirezlddinanzan Tofves

v

aa A A v A = o A o L = Y o @
ATUN D ﬁfyﬁ’]aﬂW@l‘ngLeﬁﬁuNmu’]@Laﬂ Luﬂd’iﬂﬂWﬁnﬁm’]LQW’]Z@DLLII?QQUQQJ LL@IE]U’]GVLSﬂ@]’]N?laﬁnﬂ@
U8

v
addA

%A NMIIaMINUTaINaVaIRILLTRIENI Y ba e
2) Simultaneous strategy

A3nn3#azimT discreatization 119612 wlsenuuuazaLlIFIan Fefulamoamsiias
anlfidududsdadulivesdywraand luiotu Tagriuuusasinszuanmsuazywioond luie
T NI N TN LLamumﬁTaﬁiﬂﬁ'szﬂLﬂ'&‘ﬂulﬁagiugﬂmamwmsﬁmtﬁ(ﬂ Taduae3Thne
sanTndanstudaiiavesdudsaanle udadslsfonuTyneendluoiuildaziawalng

A A o P °
Ao &I"Iz@] FUNIINUD umﬂm:g ﬂl"]ﬂ%ﬂﬁiﬂq WITH
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Set initial conditions and
guess initial control parameters

Model Solver

A
Nonlinear

Programming
Problem

Optimal control parameters

317 3.3 Mmyoawd luatulas3t sequential

3.4 Tas9zgilszaniiiua (Artificial neural network, ANN)

. A A Ao a & ! ' A
lassnedseanifion wlanunazSenak 9 971 d1enudszan (neural network) Aa
WUUINRBINNATAAIFEAS  FIRSUUTZUIANARITRBLNAGLSATEIUIUULLADULWATUHR A
(connectionist) tWad1aaIn1suvaaIat Bl e mluauasuysd  dniagdezasdnazaing
{ ~ [% ° e [
iwrasiladalianumuninlunaiiouf nmsaeduuugy (pattermn recognition) wazn1IgUNIUAN]
(knowledge deduction) tBwdzInuANNEINInNTluauasnyed wwfaudurainafiaildunain
MIANEL8NUINATIA W (bioelectric network) TuaNad T9Usznaume LraslszaIn uas el
dszaudszann (synapses) uaazimaadszanisznaudisdatslunisiunszualszan 3o tan
. & v v . 1 '
@591 (dendrite) Fardudayavdn (input) waztanslunsasnszuadszani3unin wanawan (axon)
= & A 2 ¢ A& [ ' c‘;‘o v Aaaa Y A A A
Sadwwnilautayawnaan (output) VaILTAN Fowasinaiiousoljase Wilued Weafinns
ﬂ‘széjuﬁ’sUaol,%“wmsmaﬂu%aﬂi:éjuﬁammaﬁéfwﬁu ﬂ‘szLtaﬂszmm:‘iomm@u"l,mﬁl,ﬁwgiﬁ’smﬁﬂa

S & e o oa W @ e \ A Y a a = @ &
sﬁdﬁlzLﬂum@@aummadmz@;mﬁﬁaaau G] @la‘vs‘savl,u ﬂqﬂizLLﬁﬂizﬁTﬂLLiﬂwa uﬁLﬂaﬂaﬂ%ﬂizquLﬂjaa
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{ ' ' o A o ° ' ¥ A )
au 9 G0 MNIUNIILDATAUTDING TINNAN WSV DINITVINI LT T mminaﬁmﬂi@smﬁﬂ"lm’]
291l TERINIAANNNTTaNGaTER I LTAa LU TE e aniduiaTatuNinausIunG

aonilaanssuvaslasednadszaniiaa (Architecture of neural network)

| 1 s o v ad o 1 = [
Lﬂ%ﬂWiLL‘Ux‘]ﬂﬂiﬂmz"ﬂ@ﬂﬂﬁi‘ﬂ’liﬂid Eﬁ"lx‘]LLRz’Jﬁﬂ’]i‘YﬂG’]%‘UBGIﬂ?G‘IﬂUﬂizﬁ’]‘ﬂlfﬂﬂ&lﬂaﬂ viw

UGN A99h

lassrnsmssstanauuu lidaunay (Feedforward network)

Imm%wuuuﬁﬂuamﬁmﬂﬂimﬁﬁmu@lﬁmsdﬁagamﬂﬁa;&aluﬁ'uﬁa;gamnﬁ (input
layer) \iannalusudan (hidden layer) wazsalufsiayanaan (output layer) lasdifianalunis

U a = o é v d' ] 1 a = v
navastoyaldluiemudioaiu Sadayanszuranaluisasisazgnaslflufienadslrnndeya
v dadanniIen 9 wiedayaaan lavlilinsdaunauvasdoys niaududlnua (nodes) meludu

(layer) (@niu ldfimaTendeniu asuaadluguin 3.4

Input nodes Output nodes

311 3.4 Iﬂ‘soﬁhﬁmidaﬁa;&al,mu"lsj faunaL

lasstnemssstanaluugaunal (Feedback network)

lassasuuuitiduaanila zlﬂ‘imﬁﬁmmlﬁmsa’aﬁagamnﬁa;&alu%’wﬂ’agamL°iT1 (input

layer) 1iannalusudan (hidden layer) uazsaluidsiayanaan (output layer) lasiifiamalunis
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Vl,'vmmmia;&avlﬂsl,uﬁﬂmu?}mﬁu ﬁa;&aﬁﬂizmaNalmm‘s‘*ﬂqUﬁ]xgﬂdovlﬂluﬁﬁmdLa B9 nTayadn
U U { v v Qs U { v o g; =) =) J
sedauFay 9 wfsdoyasen laslinsdeunavvestoya ialinsduunuuddszdnsawaniu

N TINNBLNIIINIWY DI AT TRABRINITD LLamVL@Téﬁgﬂﬁ 35

93999

Output

;sﬂﬁ 3.5 Imaﬂhﬂmidﬁagauuu FaunNay

wuUdaedlasstnaydssamniisuatingine (Perceptron)

& & ' A A AN vo @ &
wasisdasaw (perceptron) Luansnulszanifisndszianniis Alasunswanduly a.q.
1957 las w598 LSlruuany A Comell Aeronautical Laboratory \Wasiwtasauisznaualaisas
a 1 v & g; v v 1 At v 1 U
Urzamiiioy wiafaten adnadeeniry  dayasdnazgnasaselddadayaean lasiugadd
WAHN (weight) @T’mm@;ﬁ FszunsaR s I dudnsauilewluniin (feedforward network) wuw
Augunge  isanidazdmazdminnanindihninindeyanidian SIfenaTINTBINAG A
szninvddayaiinnuainrinvasLdace? a1 laannnisdwiiainnindauys (threshold)
a =3 Y v 1 = LR % & Y d.l' Y = L o v ] Id 1
ihvaunazlidrdayasaniviviu 1 dilaandifezlen -1 ialiisluinazimualilausadud
4 o o P o v . A A Aq o & o v . . . &
imindnivasdayaridududinn lapfiveunldWaridunszgu (activation function) wuvl

81992138N91 AITOUUVLUNAARRBA-NAR (McCulloch-Pitts neurons) ®Iafi3auliauiis (threshold
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neurons)
TuaawitmMIteuatsieiaannbhinldiuwefislaseu wgnisandt nyiaadi (delta-
rule) lapazdruwimdranuianaaznindestoysisanildnnmdwinedlassdng i

Tayar1aanvaddiating watien e ldUTuantinnin I@Uﬁﬁvlﬂlﬂugmwwaamimﬁaummu
AT (gradient descent)

laguuyinaadatngen McCulloch-Pitts L& % mmmuaaﬂ@”ﬁagﬂﬁ 3.6

% M _ ACtl\/atlon

Output

Summation

311 3.6 wuUIRedlaTstnlszaINIAisNvas McCulloch-Pitts

a '

s o . &z : { o . v
TGLWQ%L%W@]?@%@EJ’NG’RI‘UEN McCulloch-Pitts %azlsiuilsznaundama 5 8% vL@]LLﬂ

Y aq
v

1) dayaviudn (input)

'
¥ o 1 v =3

magamﬁw:gmﬁﬁLLuﬂmuqmé'ﬂHm: (attribute) 17w t1dywiNszuulasedng
Urzaniiauazdasaadula laun mimbﬁ'aL'?mtjdwﬂﬁmuﬁ%a"lai doyardfazgniuuniin
qmﬁ'ﬂumz nafe szaunyle Wazey RIRIEGIN ﬁagaﬁnLﬁﬂuaﬂmnﬁmﬂuﬁammuﬁa FIRINITID
& A A =W o ' o ' v o @ € A @ A o A °
ugtlnw WIDLREINLe waanvzdasiwmandasliilusyanwainiaaauieliaIasauiind
anunlalanan ﬁ]’]ﬂﬁuﬁﬁ]mﬁ’]éﬂ”ﬁﬁ%‘]’]uﬁLLﬁ%%x‘]“]Ja\‘i‘izﬂuiﬂi\ﬂi’]ﬂﬂiz&’]ﬂlﬂﬂwﬁﬁuﬁuﬁ’l 8Ny
indayaidanldiimin (weight)  vasnnuFuiusiznisdayaiudindnulusuninaiold
YDULUAVDITZUY
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2) siwmin (weight)

Husrwdsznaundragvesszuulassdnedszamiiian ihasannidudrunlonn
ﬁmﬁfﬂmaammé’wﬁuﬁi:ijﬁagamL°iT1 'jﬂﬁagaﬁ,’]Lﬁﬁl@ﬁmmé'wﬁ'ufﬁuﬁaHaﬁwﬁhﬁﬂm:é’u

& o v dl v v v a > Q 6 [ =1
la maa:wﬂvxmmmLmauimvlﬂvswaagﬂvl,@ mﬂmsaaaN@maagﬂlummamwummaumu LRLAL
v A ¢ A a o |
Viduwuuununiaguuy (pattern) 283tizaumaniiensiouvadlassing

3) WINTUNATIN (summation function)

& ' A o v A R v AV o ' & o v .

LiJuImwwmmv\m‘nlumﬁaumm%unﬂ@mnimmylumwnayamw’l (input)
dl o e 6 1 v U | dld g; 1
iWarTUnanMuANRUTIznIedayadn wazsemudandumsswnanfanunnslusudaly

4) WanTun1INIdU (activation function)

Julasstnanvinsinflun1sdszau (integrate) asawnaNeinnn1sUIzuIanan
lassdnelugsuane g udvinnsudas (transform)  Iwnaaidussawnanzaninunang waziln

Uselgmisamainl1Eldifagsoanluilunadns (output)
5) HAANT (output)

o g4l o ' = =2 > \
HaaWsN leanlassaingdszamiion szvanaisuwamslumaudlatyw snaradi
viw Jayminseud@dud inefantanddiasiiuniseuianield naawingldazldiude nraydd
' e A 1 o ¥ s o < ¥
wio Wawlid Silassinpdszamifisnazusainadiaeulaslddyansaiunudiaauninue wanani
v eaN o ' < & o ° @ . a ' A v & & A &
nagwinldanlassdneni sunsndudayaind (nput) vesdnlasednandsld nall ey
Tayarhidrveinsaadulautludymau wiu wnaantnldanmsend@dug enssshldlfidudoys

o o A - S o o
%WL%WLW@ﬂWSQT&N@]ﬁ%L“Ea‘V}a%la’]ﬂilv[,(ﬂ

v
seauTHYaslasIzng (Layer network)

ﬁugmmﬁtyﬁéwﬁmﬂaﬂmmhﬂﬂszzmmﬁw Usznavldan 3 dau wia 3 1u ldur T
WaITayawLd (input layer) ﬁgm%amiaﬁ'u%wﬁau (hidden layer) uazTudaniifazidondoiusu
VasioyavIaand s (output layer) I(ﬂﬂmsv‘hmumm%wﬁagaﬁ%ﬁﬁ ﬁ]zﬁmﬁﬁﬁwuﬁhumaﬁa;&aau
ﬁa:gﬂﬂamﬁ%jm%a"ﬂw LLazm'ﬁﬁwmmaaLwia:%y'wﬁam:gﬂﬁfmmimﬂﬂﬁiﬁwmumaa%’uﬁaga
WL LLaz@hm{mﬁfﬂuumwﬁuﬁuf‘szmn%uﬁa;daﬁn% LLaz%wfauﬁ?ue] %owqammmsﬁwm
maa%wﬁa;&aaaﬂﬁ?u ax%uag’ﬁ'umiﬁﬂmumaa%wﬁau wazAtinwinTeninewiislusudautin

(hidden units) uazTUTBYADaN
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laoaanaanIINVeITH (architecture of layer) lulasstnayszannifonil suTnswun e
W 2 dezian laud

1) Single-layer perceptron (SLP)
| a A o & o a & a o % @ .
Iﬂix‘l‘ﬂ’]El‘lJi%i’W]LV]EJ&JY]TJ?ZHGU@’JEJ"HH‘D’Q%LWEJG‘D%L@]EJ’J mmui%uwawaymm (input
£ L o & o A o . A o & o o
nodes) ’%Z“Uuafﬁlﬂﬂﬁ]’]%’]%aﬂﬂﬂitﬂEJUTQ\‘]‘IJBQEWIL?J’]N’] (input data) LLﬂzﬂ’liLaaﬂi"ﬁW{‘lﬂ“H%ﬂit@lu
. . . & J P @ o i 2
(activation function) uuﬁmuagﬂuanwmmagamaaﬂ lasanwmeas Single layer perceptron %

< oo A o £ o a & a & P
muv[,@]?j@Lﬁl%’J’]@JIﬂid&i’]Wﬂﬂ‘ﬁWﬁau LNBNTWREA AN @GLL&NI%EUY] 3.7

31 3.7 TasstnelszrniNnaunlsznau T uTa s NI T LA L

2) Multi-layer perceptron (MLP)

. A A x N L ¥ y

lassdnaladseanifisusiiafazdsenaudionarosu lasluwdaztuazdsznavualislnue
A a @ o > 6 AaA 2‘ £ v A A ] 1
(nodes) #ialdToulanualioasiszan (neurons) NAARENVaILERNLITONGD T2RINI IR UARY
WARTH (weight, w) @1 bias vector (b) LAZANLIALABTUBINAANT (output vector) aNBM=VBS Multi
Y o oyaee . . ¥ , L4 e
layer perceptron $azlAinlaTalanindlasiansvastudan (hidden layer) SNNNINARLITH AILRAS
luzun 3.8
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31l 3.8 Tasstnalszrningunlsznaue T wTa uran LT
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UNN 4

Nan13AN®¥ (Results)

mu%%’sﬁﬁ’mﬂi?mmmnﬁuﬂiza‘n'ﬁmwmaaﬂszmummﬂwﬁmwua@qm%{]ﬁ (cooling
crystallization) lag3Tn1391809n352UIUNT (simulation) UwlUsunsuLanual (MATLAB) lagidan
JLUUE IR IWUNAL T o NTAINA NN BT VES Shi  LazAME (2006) 1DunIHANEN lasns
= Ao AN o & ! . A & o =2 o A a
ans3dpildudsnwidu 2 du drudinils dinnanisfnsdiudyalsziniaawnisaiugy
ATsuIBMIAnKNAnuULLLaS laglfinafianiseand luwsusinnulassnedszanifion  (neural
network) WazdINFad fn1IN1I@NBIRIUMINIIANQ N INTBIRANKEAA M LapldiTn13

o a A o a d v a a ot
AL WBHITTL DTN LLU@]‘E LLﬂzﬁﬂ BIRIRNMIZM IR AU UALA mxmf[@ Ul‘HL‘ﬂﬂuﬂ n1Jaan GIVLSJ LD

= [ a a = 6 U
4.1 ﬂ’]iﬁﬂﬂ1ﬂiﬂﬂ§dﬂi$ﬁﬂﬁn’]Wﬂ"Iiﬂ')‘]Jﬁ]'&lﬂiﬁJ')%ﬂ’ﬁ(ﬁmNaﬂLLSIJ‘lJLL‘]JWIj Tagly

INARANIIDaNA LNBTWI NN UIATIB 8l sza Mg
411 miﬂ'm@mmfuaawa&laa

TaqUIzaid184n1708NULLUNITAIUANNITLIUNNIANKANUU UL AGUBIRITAZANY
InunsBoudanalunuised e nsmgduuusnnzgannllunsduiivausasnizuauns 0
a =S =3 . n A a a =3
RNTNAALUINNATVRINANIMIALEN (fine crystal) luinanaad 4" luwmeNANUIINATIINVBINEN
pwialngflaunannisanan (seeded crystal) luinaaway ug° Aaanlwnsdudiinen 30 Wi

(final process time) lagUuuuaunsdymiaand luatuaunrnusad ldaiaunis

n
t
Minimize *2 1) .1)
T /U3S (tf )
meladanly

ﬁ&lﬂ’]i“ﬂ’]x‘iﬂEﬁ(ﬂﬂqﬁﬁlgﬁﬂ%ﬂ’lil'Wf]aﬂi‘ill"lla\'m‘izﬂ’luﬂ’l‘iﬁlﬂwgﬂ
(§UM37 3.4-3.6, 3.10-3.111823.18-3.19)
30°C < T (t) <50°C

C, < C(t) < C, (sunm3fl 3.20 uaz 3.21)
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Hd—T < 2 °C/min
dt

15 (t) > 8.3301x10° zm*/g solvent

lagnsuisunisdywisawd luatuiazidowasuullsunsusanuay (MALAB) uazloénas
o 3 n:l'd [ dq'd' - 3 a o A .
duagundlagluldsunsuiiza fmincon lumauddynissanaulauldis sequential strategy la
gﬂLLumm’J:qmﬁgﬁlumi@hLﬁmmﬁﬁ’]mmﬂﬁﬁmzﬁaoaa@ﬂﬁaaﬁuammﬁauvlmﬂ’lzfléﬁaﬁ‘hﬁ'@
°naaqm%gﬁlumw‘i%ﬁumﬂuﬁw 30 119 50 aIANLTRLTUR I@m;muLiuiumaomsa:mm:ﬁma%i
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A13199 4.1 A1ANULANGIIARLENANRIRES (mean square error) 3N LATINEUTZRINABNNE 1

Tudou

Number of Nodes Mean Square Error (MSE) [x10"]

in Hidden Layer log-sigmoid Transfer Function tan-sigmoid Transfer Function
1 290.58 2.9058
2 8.9324 4.5401
3 6.9829 6.2904
4 18.566 1.9773
5 6.1386 6.4649
6 6.1956 6.2918
7 6.2663 6.0240
8 6.1564 5.6754
9 5.7161 5.6329
10 6.1478 6.5369
11 4.6616 6.3733
12 5.7908 6.4524
13 5.3304 5.7603

14 5.5640 5.9805
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A13199 4.2 A1ANULANGIIARLENTNRIREY (Mmean square error) NLATILNELTTIINIABNNL 2

Tudou
Nodes in Nodes in Mean Square Error (MSE) [><10-4]
1" Hidden 2™ Hidden 10g-10g"" antan® 0g-tan” aniog”
Layer Layer

3 3 141.30 117.55 6.7414 7.2229

5 5.4388 6.8298 7.0791 6.4274

7 6.6859 5.5082 5.5983 6.6292

9 6.3631 6.5603 6.2066 6.6250

5 3 6.6076 6.9436 7.0079 5.6069

5 6.5512 6.6080 5.2312 6.1628

7 6.7937 6.3604 6.6079 6.8571

9 6.0871 5.4009 6.6401 6.8571

7 3 6.5780 5.4294 42.574 26.935

5 36.353 7.2599 6.6619 5.3287

7 32.706 5.1269 1.1392 5.5199

9 6.5507 6.4861 6.3260 6.7798

9 3 4.9698 5.3339 5.9890 6.7233

5 6.2447 5.6917 6.5645 6.1474

7 6.5773 4.4371 6.3697 6.5357

9 4.8290 5.0833 6.5795 5.0078

(1) log-sigmoid transfer function in 1% and an hidden layer
(2) tan-sigmoid transfer function in 1% and an hidden layer
(3) log-sigmoid and tan-sigmoid transfer function in 1% and 2" hidden layer, respectively

(4) tan-sigmoid and log-sigmoid transfer function in 1% and an hidden layer, respectively
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A13199 4.3 A1ANULANGIIAREENANRIREY (mean square error) 3N lATINEUTzRINABNNE 3

Tudou
Nodes in Nodes in Nodes in Mean Square Error
1" Hidden Layer 2" Hidden Layer 3" Hidden Layer (MSE) [x10”]

3 3 3 293.646

5 5.8851

7 6.3296

9 26.6982

5 3 6.2416

5 248.198

7 6.3224

9 6.9727

7 3 6.4698

5 5.3558

7 6.6531

9 6.7970

9 3 6.5793

5 6.3281

7 5.6535

9 6.4608
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A13197 4.4 Moazidsavaslanaieiinzar st amiion 3 Tudeudltluuiei

Network Object Details
Training Algorithm Back Propagation Algorithm
Network Structure 5-3-7-5-3
Transfer Function of 1St Hidden Layers log-sigmoid
Transfer Function of 2nd Hidden Layers log-sigmoid
Transfer Function of 3rd Hidden Layers log-sigmoid
Transfer Function of Output Layer linear
Input Data T(t), T(t-1), T(t-2), C(t), C(t-1)
Output Data C(t+1), p, (t+1), w5 (t+1)
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Abstract

In batch crystallization, the control of size and shape distributions of crystal product is
known to be a difficult and challenging task. Although various model-based control strategies have
been widely implemented, the effectiveness of such the control strategies depends heavily on the
exact knowledge of crystallization of which the dynamic behavior is complicated and highly
nonlinear. In this study, a neural network-based optimal control was proposed to regulate the batch
crystallization of potassium sulfate chosen as a case study. A neural network model of the batch
crystallizer was first developed to capture the nonlinear dynamics of crystallization in terms of the
solution concentration within the batch crystallizer and the moment variables that relate to a crystal
product quality over a prediction horizon. Then, the developed neural network model was
incorporated in an optimal control framework to find an optimal operating temperature profile for
improving the quality of the crystal product. The simulation results showed that the neural network
can predict the final product properties and the optimal control integrated with the developed neural
network gives a better control performance compared to a conventional linear cooling control

technique.

Keywords: Batch Crystallization; Neural Network; Optimal Control; Simulation
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1. Introduction

Crystallization is an economically important separation and purification process, which has
been widely applied for chemical, pharmaceutical, microelectronic, and food industries. Generally,
the operating condition of crystallization processes has directs effect on not only product qualities,
i.e., crystal purity, shape and size distribution, but also downstream operations, i.e., filtration,
drying, and formulation [1]. However, the primary bottleneck to the efficient operation of a
crystallizer is associated with difficulties in controlling the size and shape distributions of crystals
produced. If a crystal size distribution (CSD) is not controlled properly, it can cause the off-
specification product and difficulties in the subsequent operations, leading to long filtration or drying

time [2].

Batch crystallizations are often used in the production of low-volume and high-value
chemicals. Moreover, the operation of crystallizers in a batch mode offers the advantage of
achieving products with a narrow CSD and a large mean crystal size. In general, the final CSD of
batch crystallization is closely related to the supersaturation condition, a non-equilibrium driving
force for crystallizations, which is a function of crystallizer temperature. As a consequence, the
control of the operating temperature at an optimal condition is crucial for obtaining the crystal

product with desired quality.

In the past years, various traditional cooling methods such as linear cooling and natural
cooling were widely investigated [3]. Presently, there is a growing interest in the implementation of
an optimal control approach to determine an optimal operation policy in terms of crystallization
temperatures. The aim is to improve the crystal product quality at the final batch time, which is
usually represented by the CSD or other related properties such as mean crystal size, seeded
crystal size, mass of seeded or nucleated crystals, and the variance of the product CSD [2,4-6].
However, it is found that the effectiveness of the optimal control depends heavily on the exact
knowledge of the system’s model. With the limited understanding of complex and highly nonlinear
systems like a crystallization process, the optimal control would not perform as expected due to
model mismatch. One of the most effective techniques to handle with such a situation is a neural
network (NN). An obvious advantage of NN is its universal character in approximating different

physical phenomena with similar computational structure. Moreover, the ability to approximate
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complex nonlinear relationships from process data without prior knowledge of the model structure
makes the NN a very attractive alternative to the classical modeling techniques [7]. There are a
number of studies concerning about various applications of NN [8]. For example, Mjalli et al. [9]
presented the study on the use of NN model to predict the performance of a wastewater treatment
plant. The results indicated that the NN-based model has many favorable features such as
efficiency, generalization, and simplicity, which makes it an attractive choice for modeling complex
systems. Moreover, NN has been applied successfully in the identification and control of dynamic
systems. Nagy [10] demonstrated the ability of NN to model and control complex nonlinear
biochemical processes. The simulation results were presented to demonstrate that the NN model
can achieve a good generalization and integrate with a model predictive control. Arpornwichanop
and Shomchoam [11] presented the application of a feedforward NN to on-line estimation of
unmeasured substrate concentration which is employed for determining the optimal substrate feed
rate for a fed-batch fermentation process. The simulation results showed that the NN model is

capable of capturing the essential features of the process.

Due to the predictive capability of NN for complex systems, the aim of this work is focused
on the utilization of NN for modeling and control of a batch crystallization process. To attain such a
goal, a NN model of the batch crystallization is first developed. As actual process data for NN
training are limited available, in this study, they are assumed to be generated from simulations of
batch crystallization in which the production of potassium sulfate is chosen as a case study [12].
An optimal control problem is then formulated using the developed NN model to determine an
optimal operating policy of the crystallizer in terms of cooling temperature. The performance of the

proposed optimal control strategy is compared with other conventional control methodologies.

2. Batch crystallization process

Crystallization occurs only if the system is supersaturated. For the formation of crystals, two
steps are required: (1) the birth of a new crystal called nucleation and (2) the growth of the
nucleated crystal. The driving potential for such the processes is the nonequilibrium state of the

system, which is measured by a relative supersaturation (S):
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S = C_CS(T)

c.m) @

where C is the solution concentration and C; is the saturation concentration depending on the

solution temperature (7).

To represent a batch crystallization process, a reduced-order moment model of the nuclei
and seed classes of crystals was employed to explain the dynamic behavior of the process as

follows [13]:

T 2)
“H_iG) i, (t), i=1,2,3
dt
Ly = constant,
. 3)
ddit'= iG(t) e, (1), i=1,2,3

where B(t) and G(t) are, respectively, the nucleation and growth rates of crystals and g (i = 0,...,3),
which is the summation of ,u,." and ,u,s, represents the average product quality in terms of the total of

number, length, surface area, and volume of crystals, respectively.

Without consideration of crystal agglomeration or breakage phenomena, mass balance
described the changes in the concentration of solution in the batch crystallizer can be expressed

as:

oC
& = 3K GM (1) @

where p is the density of crystals and k, is the volumetric shape factor.

The model of crystallization is completed by defining the kinetic processes that relate the
dynamics of crystal population to the state of the bulk system. This involves the determination of
rate expressions for crystal nucleation and growth. These processes are related to the relative

supersaturation (S) as follows:

B(t) =k.e ™" S 1, (t) (5)
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G(t)=ke ©'"'s® (6)

where E, is the nucleation activation energy, E, is the growth activation energy, and b and g are
the exponent terms relating the nucleation rate and the growth rate to the supersaturation,

respectively.

The control purpose of a crystallization process is to manage the nucleation and growth
rates of crystal to achieve a desired crystal size. Well-controlled crystallization process is usually
operated in the metastable zone bounded by the saturation concentration and the metastable limit,
C; £ C £ C,, in order to avoid uncontrolled nucleation of crystals. In this study, the seeded batch
crystallizer of potassium sulfate studied by Shi et al. [12] is considered. The process parameters
are shown in Table 1. The following equations are used to calculate the saturation and metastable

concentrations corresponding to the solution temperature, T, as:
C,(T)=6.29x10"% +2.46x10°T —7.14x10°T ? (7)
C,(T)=7.76x10" +2.46x10°T ~8.10x10°T? (8)

The distribution of seeded crystals in the batch crystallizer at initial condition was assumed
to be a parabolic distribution, which is a function of the crystal characteristic length (r) varying from

250 to 300 ym as:

0.0032(300—r)(r—250)  for 250um < r <300 um

n(r,0) = ©)
0 for r <250 um and r > 300 um

It is noted that the ith moment of the crystal population density at the start of batch run can be

determined as:

1(0) :I: r'n(r,0)dr (10)

Since the crystal breakage or agglomeration was not considered in the proposed
crystallizer model, a total number of the crystals growing from seeds, which is determined by the

initial seed size distribution, remains constant.
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3. Neural network-based optimal control
3.1 Optimal control problem

Considering the practical operation of industrial crystallizers, fine crystals usually cause
difficulties in downstream processing equipment and affect both product quality and process
economics. For this reason, this work will focus on the development of an optimal control system to
achieve a desired final CSD. The control objective is to determine the optimal temperature profile
that minimizes the total volume of nucleated fine crystals, which is represented by the third moment
of crystals formed by nucleation (44"), and at the same time maximizes the total volume of the
desired crystals growing from seeds (,uss) at the end of batch operation (f, = 30 min). Thus, the

optimal control problem takes the form as follows:

"t
Minimize #a (tr)

s (11
T® H3 (tf)

subject to
dynamic crystallizer model
30°C<T(t)<50°C
C, <Ct) <C,

S
[l =
dt

M () 2V

where the constant k is the maximum gradient of the reactor temperature, which was chosen to be
2 OC/min, corresponding to a ability of a cooling control system and V denotes the lower bound on
the total volume of the crystals growing from seeded crystals. It is noted that the constraint on
u3s(t,) indicates a desirable quality of the final crystal product. In this study, the lower bound of

5'(t) was chosen as 8.33x10° pm’ g solven .
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3.2 Neural network model of batch crystallizer

The first step of implementing NN in an optimal control algorithm is to train the NN to
predict the dynamics of the batch crystallizer to be controlled, i.e., the total volume of fine and
seeded crystals, when the operating temperature of the crystallizer changes. With the limited
availability of actual experimental data, the detailed theoretical model of batch crystallization as
mentioned earlier was numerical solved and implemented in Matlab to generate data for NN
training. The solution concentration and the total volume of fine and seeded crystals represented
by the third moments of crystals (13" and u5°) as outputs were predicted by using the current
values of solution temperature and concentration as inputs since they have direct effect on the
predicted outputs. However, it was found that only the inputs at the current time may not be
enough to predict the future outputs. For this reason, the input data consists of the reactor
temperatures at time (f), (1) and (&-2) and the solution concentration at time (f) and (-1). Training
and validation data sets for NN training were generated by performing various simulations of batch
crystallizer operated under random changes in the cooling temperature profile in ranges of 50-30
°C. The operational time was kept constant at 30 min and the sampling time of data was 0.1 min.
These data sets were further normalized by Z-score standardization for achieving a good
performance of NN model. It is noted that, in general, experimental data are used for NN training;
however, with their limited availability for a wide range of operational conditions, the simulated data
obtained from numerical simulations of the theoretical crystallizer model were assumed to be used

instead.

Fig. 1 shows the detailed training procedure to find the NN model. To train the multilayer
feedforward NN, the Levenberg-Marquardt backpropagation algorithm with an early stopping
mechanism was used as shown in Fig. 2. Mean square error (MSE) between the NN predicted
value and the actual targeted value was used as a criterion for stopping weights and biases
adjustment and also for NN selection. From simulation results, the optimum architecture of the NN
for the prediction of the solution concentration and the third moment variables consists of three
hidden layers with the log-sigmoid transfer function and one output layer with a linear transfer
function. The number of nodes in the 1St, 2nd, and 3rd hidden layers are 3, 7 and 5, respectively, as

shown in Fig. 3. Table 2 summarizes the MSE value of the NN model with three-hidden layers.
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It should be noted that in order to compute the third moments of crystals (,LIG" and /,138) at
the final batch time (t), the trained NN model can be recursively employed to predict future outputs
over the prediction horizon (n). With the given cooling temperature profile (the value of temperature

at each time interval) as shown in Fig. 4, the NN can predict the value of future outputs (i.e., C,

,u3" and ,u,;) at time t+1. Based on the first output prediction and the current value of temperature,
the NN is then recall for the next prediction of the outputs at t+2. This step is repeated until the
end of batch run; the multiple outputs for n time intervals can be predicted. Fig. 5 compares the
predicted values of the solution concentration and the third moment variable obtained from NN and

theoretical models.

4. Computational Results

In this section, the optimal control technique based on NN model is implemented to
determine an optimal temperature profile for a batch crystallizer. Fig. 6 shows the proposed optimal
control structure integrated with NN. The NN was used as a state predictor to predict the values of
the solution concentration and the third moment of crystals formed by nucleation (,u3”) and seeds
(,u3$). The optimal control problem as mentioned in Section 3 was numerically solved by a
sequential optimization and control approach [14]. In such an approach, the control variable (i.e.
crystallizer temperature) is discretized by a piecewise constant function with equally spaced time
intervals. This transforms the optimal control problem into a nonlinear programming problem (NLP).
In this work, the temperature profile was assumed to be divided into 10 intervals. With the initial
guess of the decision variables (the value of temperature at each time interval), the recursive NN is
implemented to compute the value of outputs (i.e., C, ,us” and ,u3s) over the prediction horizon as
earlier mentioned. Then, the outputs at the final batch time are passed to the optimization solver,
which is based on a sequential quadratic programming algorithm, to compute a new temperature
profile. These steps are iterative until the optimal temperature profile is found, satisfying the

objective function and constraints.

Fig. 7 shows the optimal temperature profile obtained for controlling the batch crystallizer. It
is found that the corresponding solution concentration is in the metastable zone of the operation as
can be seen in Fig. 8. Table 3 presents the values of u3" and ﬂgs at the final batch time when three
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different control strategies: (1) linear cooling control, (2) optimal cooling control based on
mathematical model (Shi et al., 2006), and (3) optimal cooling control based on neural network
model (this study), were applied to the control of the batch crystallizer. It is noted that for the linear
cooling control, the crystallizer temperature is linearly decreased from 50°C to 30°C. Comparing the
simulation results, it is clear that the optimal control strategy can yield the lower volume of fine
crystals, compared to the linear cooling strategy, while the seeded crystals still satisfy the product
quality requirement. The proposed optimal control strategy incorporating the NN model shows good
control performance in term of reducing the total volume of fine crystals by 46.53% compared to
the linear cooling strategy and by 73.25% compared to the optimal control strategy based on

mathematical model.

5. Conclusions

An optimal control based on a neural network model for a batch crystallizer was studied in
this work. The optimal control strategy was implemented to find an optimal temperature profile with
the aim to minimize a total volume of nucleated fine particles (") and to maximize a total volume
of the crystals growing from seeds (,uss) at the end of the operation. The neural network model of
batch crystallizer was developed to predict the future process response in terms of the solution
concentration and the moment variables that represent a crystal product quality and then employed
as a predictor in the optimal control algorithm. It was found that the neural network shows a good
state predictor and the optimal control with the neural network model provides a superior control

performance compared to a conventional control methodologies.
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Nomenclatures

b nucleation rate exponent

B nucleation rate, no. crystal s g solvent

C solution concentration, g solute g soIvent'1
Cn metastable concentration, g solute g solvent'1
C, saturation concentration, g solute g solvent'1
E activation energy

n population density of crystals, no.of crystals pm-1 g solvent'1
g growth rate exponent

G growth rate, um s’

ki, birth rate coefficient, s’ um_3

Kq growth rate coefficient, um s_1

k, volumetric shape factor

r characteristic crystal length, pm

R gas constant

t time, min

T reactor temperature, 0C
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Greek symbols

P density of crystals, g pm_3

U moment variable of crystal size distribution (CSD)
Superscripts

n nucleated crystal

s seeded crystal
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Table 1 Model parameters for the seeded batch crystallizer of potassium sulfate

b =145 g=15

k =285s pm" k= 1.44x10° pm's”

EJR = 7,517 K EJR = 4,859 K

k,=15 C(t = 0) = 0.1742 g solute g solvent”
p=266x10"" g pum" t =30 min
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Table 2 MSE of NN with three-hidden layers

Number of Nodes Mean Square Error

-4

1" Hidden Layer 2™ Hidden Layer 3" Hidden Layer (MSE) [10 ]
3 3 3 293.646
S 5.8851
7 6.3296
9 26.6982
5 3 6.2416
5 248.198
7 6.3224
9 6.9727
7 3 6.4698
5 5.3558
7 6.6531
9 6.7970
9 3 6.5793
S 6.3281
7 5.6535
9 6.4608
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Table 3 Performance of batch crystallization under different control strategies

n

Control Strategies Ls'(t) L ()

Linear cooling control 8.917x10° 9.1121x10°

Optimal control based on
9 10
1.7828x10 1.0545x10

theoretical crystallization model

Optimal control based on
4.7681x10° 9.6841x10°

NN model
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Abstract

In a crystallization process, a driving force in a crystal formation is the nonequilibrium state
of the system measured by a relative superasaturation. For cooling crystallization, the
supersaturation is associated with the operating temperature and solute concentration. On the
basis of the phenomena, a semi-batch operation is proposed for improving the process
performance since these parameters is taken into account as controlled variables. A dynamic
optimization approach is used to determined optimal operating conditions in terms of temperature
and solvent feed rate profiles that optimize a chosen product quality. Simulation study on unseeded
and seeded cooling crystallizations of potassium sulfate as a case study is presented. The results

are compared with batch cooling crystallization.
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Introduction

In the early states of chemical engineering, finding an adequate process for every desired
product was the main purpose. Nowadays, the goal has changed in order to enable
competitiveness. The process design is not only sufficient to manufacture a desired product, but

also to provide the desired product properties with respect to a production economic.

Crystallization is one of the oldest chemical engineering processes widely used in chemical,
mineral, and pharmaceutical industries for separation and purification. The main advantages of
crystallization are a high purity in one step, a low level of energy consumption and relatively mild
process conditions. The crystal product qualities are usually measured in terms of the crystal size
distribution (CSD) or properties related to it; there are the mean crystal size, the size of seeded
crystals, the variance of the product CSD, the nucleated crystal mass and the seeded crystal mass

etc [1].

Crystallization can generally be operated in continuous and batch modes. Continuous
operation is often regarded as the ideal procedure for many processes; however, it is not always
true for crystallization processes. Batch operation often offers considerable advantages, such as
simplicity of equipment and minimization of product losses. In many cases, only a batch crystallizer
can produce the required crystal form, size distribution, or purity as a batch crystallizer can produce
a narrow crystal size distribution (CSD) and a large mean crystal size product. On the other hand,
the main advantage of a continuous operation is that it achieves a higher yield than a batch
operation. Additionally, the control of temperature, supersaturation, and all other parameters that
influence CSD is less complicated [2]. From this aspect, combining the best features of both batch
and continuous operations; therefore, a semi-batch operation mode is applied resulting in higher

production yield than normal batch operation.

There has received widespread attention on the design and analysis of semi-batch
crystallization through simulation and experimentation. Vu et al. [2] studied the cooling batch,
cooling and evaporative semi-batch crystallization process producing Ol-lactose monohydrate. The
optimization problem is formulated to find the optimal set point profile. Mandare and Pangarar [3]
studied the effect of mixing parameters and reactant concentrations on the average crystal size in

semi-batch reactive crystallization of potassium perborate tetrahydrate. Choong and Smith [4]
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proposed deterministic optimization methodologies implemented on batch, semi-batch and non-
isothermal evaporative crystallizations of citric-water system. Choong and smith [5] simulated the
semi-batch reactive crystallization processes. The optimization approach is used to determine the
initial amount of the reactant, feed addition profiles and addition time. The objective is maximizing
the crystal size and minimizing the coefficient of variation. Goncalves et al. [6] studied and
compared the performance of batch and semi-batch reactive crystallization under optimal
operational conditions of amoxicillin enzymic synthesis. Kim et al. [7] studied the effect of operating
conditions including feed concentration, temperature and the presence of seeds with varying seed

mass on the crystallization of L-ornithine-L-aspartate (LOLA) by drowning out.

Compared with semi-batch reactive and evaporative crystallizations, semi-batch cooling
crystallization has received rather little attention in the research on process modeling and
optimization. This is due to the fact that some reaction is instantaneous, which leads to
spontaneous production of a large number of crystals. Hence, to avoid a sudden surge of a solute
concentration leading to the production of a large number of small crystals, semi-batch operation is
becoming more attractive. Additionally, for evaporative crystallization, semi-batch operation
achieves a high crystal product yield with a large crystal size [5]. Of the various types of
crystallization; however, cooling crystallization is one of the most common processes widely used
in many industries for a system that the solubility increases strongly dependent with temperature.
Hence, finding a strategy that improves such a crystallization performance is an important issue.
Since the driving force in the formation of a crystal is the nonequilibrium state of the system
measured by a relative superasaturation. For cooling crystallization, the supersaturation is
associated with the solute concentration and temperature. On the basis of the phenomena, taking
these parameters into account as controlled variables, product quality and process efficiency

should be improved.

In this study, the performance of semi-batch cooling crystallization is investigated and
compared with a batch operation. A dynamic optimization approach is used to determined optimal
operating conditions that optimize a chosen product quality. The cooling crystallization of potassium

sulfate as a case study is evaluated via simulation.
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Mathematical model of a semi-batch crystallization process

The classical framework for modeling crystallization consists of population balance equation
(PBE), which is a conservation equation for the number of crystals in a population. Assuming that
the crystallizer is well-mixed, crystal breakage and agglomeration are negligible; the PBE with a

characteristic length L can be described as

F(LY
ot

G(t)af(tt) cd(nM) _

dt (1)
The mass balance of the solute per unit mass of solvent:

dC 2
- 3pckVG(t)jL f(L,tydL-C(t)

dinM) R
it M)

The mass balance of solvent in the semi-batch crystallizer:

dm

—S=FO

dt (3)
where fis the population density of crystals, p. is the crystal density, k, is the volume shape factor,
G is the growth rate, F is the solvent feed rate and F; is the solute feed rate determined by F, =

F(t)C(0). In batch crystallization, F(f) = 0 and dM/dt = 0

The kinetic phenomena that influence the formation of crystals are nucleation and growth.
The driving force for both phenomena is the nonequilibrium state of the system measured by a

relative supersaturation (S).

— C_Cs(r)

c.m “

The modeling of nucleation and growth are usually simplified by assuming an empirical

functional form as given in Eqgs. (5) and (6).
B(t) =k, exp(-E, / RT)sbj f (L, t)L3(t)dL (5)
0

G(t) =k, exp(-E, / RT)S* (6)
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The solution of the model equations of a crystallization process, which consists of the
population (Eq. 1), and the mass balance equations (Eqgs. 2-3), is performed using the
methodology proposed by Hu et al. [8]. Based on concept of the conservation of a numbers of
crystals, the PBE is transformed by a finite difference method to a set of algebraic equations and is

solved with the mass balances.

In this work, the cooling crystallization of potassium sulfate as a case study is considered.
The physical parameters of the crystallizer are shown in Table 1. The following equations are used
to calculate the saturation and metastable concentrations corresponding to the solution

temperature, T [9].
C.(T)=6.29x102 +2.46x10°T —7.14x10°T? (7)
C,(T)=7.76x102+2.46x10°T —8.10x10°T? ®)

The metastable zone specifies the default region of solution concentration (C) for process
to be operated in order to avoid spontaneous nucleation resulting in excessive fine crystals and
undesirable product quality. This region is bounded by the solubility curve and the metastable limit,

c.<c<c,.

In the case of seeded crystallization, the initial distribution of the seeded crystals is
assumed to be a parabolic distribution as the function of the crystal characteristic length ranging

from 250 to 300 um [9].

0.0032(300— L)(L—250)  for 250um < L <300 um

f.. (L,0)= °
sea (1 0) {O for L < 250um and L >300um o

Dynamic optimization strategy

The purpose of a dynamic optimization is to determine control trajectories that optimize a
performance index. For unseeded process, the important product property is that a large number of
the crystal yield with a large crystal volume. On the other hand, when seeding is necessary

because of the specification on crystal product size, a large volume of seeded crystals favors
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product quality. However, fine crystals obtained from nucleation should be kept in possible lower

limit as they may cause difficulties in downstream operations e.g. filtration and drying.

In regard to its infinite-dimensional nature, the direct use of PBE in optimization and design
of controllers should be avoided [9]. Recently, the development in the method of moments leads to
reduced order models in which the key dynamics of crystallization processes is taken into account.
Following this approach, the PBE is transformed to a set of ordinary differential equations (ODEs).
In principle, the method of moments defines the ith moment in terms of the population density

function by

0

m :'[f(L,t)L‘(t)dL (10)

0

The rate equation of moments is derived by determining separately the moments of the fine

and seeded classes for the CSD as in Egs. (11) and (12),

dﬂz B(t),
dtn 1)
%:ie(t)ypl(t), i=123

For unseeded process,
w=0, i=07123 (12a)

For seeded process,

S

4 = constant,

F (12b)
A _ieu, @, =123

the overall ith moments are defined as 1= ,uin + ,uis. It is noted that since the crystal breakage or
agglomeration model was not considered in the proposed crystallizer model, a total number of the
crystals growing from seeds remains constant which is determined by the initial seed size

distribution.
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The dynamic optimization can be stated mathematically as follows

For unseeded process:

min — (4 (t)+ £ 1)) (13)

T(O.F ()

subject to
the crystallizer model equations: Egs. (2), (3), (11) and (12a)
C,<C<C,
T <T <T_.

For seeded process:

min 2 (t;) (14)

T().F(1)
subject to
the crystallizer model equations: Egs. (2), (3), (11) and (12b)
C,<C<C,
Toin ST <T.

445 (t;) >8.3301x10°

where T, and T, is chosen as 303 and 323 K, respectively, and the final batch time, ¢,

is 30 min. Even though, the optimal profiles are designed based on moments model, in which the

PBE is not directly calculated. However, the measurable CSD can be represented in terms of the

ith moments; the physical meanings of the ith moments are total crystal number (14), total crystal

length (1), total crystal surface area (1), total crystal volume (1)

In this study, a sequential optimization method in which the dynamic optimization is

transformed into a nonlinear programming problem is employed to solve the formulated dynamic

optimization problem. The nonlinear programming problem is solved by a sequential quadratic

programming (SQP) method using the fmincon routine in Matlab optimization toolbox in order to
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compute a new set of the temperature and solvent feed rate in each time interval. This procedure
is repeated until the optimal profiles are found. It is noted for batch crystallizer that the crystallizer

temperature is only an optimized variable.

Simulation results

First, simulation studies are investigated in unseeded crystallization process where seeding
is inappropriate due to the strict purity restrictions such as pharmaceutical compounds. The
operation goal is to maximize the crystal yield with a large crystal volume as stated in Eq. (13).
The optimal control profiles for semi-batch and batch cooling crystallization processes are shown in
Fig. 1 and 2, respectively. The comparison of the supersaturation is illustrated in Fig.3. Since the
supersaturation is the main process driving force, the high level of the supersaturation results in
high nucleation and growth rates. The corresponding crystal size distribution (CSD) at final batch
time is given in Fig. 4. It can be seen from the figure that the semi-batch operation offers
advantage as it allows more product yield and large crystal volume. Table 2 demonstrates the
crystal product qualities in different operation modes. It is evident that the performance of semi-

batch operation is better than the batch operation as it provides the superior crystal qualities.

On the other hand, in seeded crystallization process the seeded crystals growing from initial
seeded are considered as the product while fine crystals have to be removed because they affect
product quality and also process economic. Hence, the purpose of operation is to find the optimal
operating profile that can produce the crystal product specifying the desired quality (in terms of
total volume of seeded crystals, ,u3s) whereas the fine crystals (,u3n) have to be minimized as stated

in Eq. (14).

In case of the same amount of solvent in semi-batch and batch reactors, the optimal
operating profiles are illustrated in Fig. 5 and 6. The crystal size distribution from Fig. 7 is
characterized by the classes of nucleated and seeded crystals. The final crystal product qualities
are given in Table 3. The results demonstrate that the semi-batch operation produces larger crystal
volume and greater total number of crystals compared with the batch operation mode. It is evident

that the semi-batch operation achieves a higher crystal yield than batch operation. Even though,
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the seeded crystal product is larger, a large number of fine crystals is produced which does not

favor desired quality in seeded process.

On the basis of the result, if the customer specification of crystal product is restricted in the

desired size of seeded crystals (ﬂ35z8.3380><‘|09), the semi-batch operation can produce the
crystals with the desired size using the lower amount of solvent use or a smaller crystallizer
volume. On condition that using the same amount of solvent use, the semi-batch operation requires
a shorter operation time compared with batch mode. The results are shown in Table 4. Form these
results, it is clearly indicated that the performance of the both unseeded and seeded cooling

crystallization processes can be improved by semi-batch operation.

Conclusion

The aim of this work is to improve the performance of cooling crystallization. A semi-batch
operation is proposed for producing the superior product quality. A dynamic optimization approach
is used to determined optimal operating conditions that optimize a chosen product requirement.
The results are investigated in two cases: unseeded and seeded processes. In unseeded
crystallization, the simulation results demonstrate that the performance of semi-batch operation is
better than the batch operation as it can provide more product yield and large crystal volume,
which favor the quality requirement. Furthermore, in the case of seeded process, the results of the
same amount of solvent use show that the semi-batch operation can produce larger crystal volume
and greater total number of crystals. However, a large number of fine crystals is produced which
does not favor desired quality in seeded process. On the other hand, in the case of restriction on
the seeded crystal size, the semi-batch operation can produce the crystals with the desired size
using the lower amount of solvent use. On condition that using the same amount of solvent use,
the semi-batch operation requires a shorter operation time. Form these results, it is clearly
indicated that the performance of the both unseeded and seeded cooling crystallization processes

can be improved by semi-batch operation.
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Nomenclature

b nucleation rate exponent
-1 -1
B nucleation rate (no. of crystals s g solvent )
-1
C solution concentration (g solute g solvent )

Cn metastable concentration (g solute g solvent-1)

C, saturation concentration (g solute g solvent-1)

E activation energy

f population density of crystals (no. of crystals s um ' g solvent )
F the solvent feed rate

F the solute feed rate

g growth rate exponent

G growth rate (um s )

ke, birth rate coefficient (s pum )

kg growth rate coefficient (um 3_1)

k, volumetric shape factor

L characteristic crystal length (um)

M mass of solvent in the crystallizer (kg)
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R gas constant

t time (min)
T reactor temperature (K)
Greek symbols

oA density of crystals (g pm_a)

y7; ith- moment of the CSD

Lo zeroth moment of the CSD (no. of crystals g solvent'1)
n first moment of the CSD (um g solvent'1)

y7 second moment of the CSD (pm2 g solvent'1)

s third moment of the CSD (um° g solvent )

Superscripts
n nucleated (fine) crystal
s seeded crystal
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Table 1 The physical parameters of the cooling crystallizer

Parameters  Value Parameters Value
b 1.45 g 1.5
k, 285.0 1/(s-um’) K, 1.44x10° pm/s
EJ/R 7,517.0 K E4/R 4,859.0 K

-12 3
M 27.0 kg s 2.66x10  g/uym
k, 1.5 t 30.0 min
C(0) 0.1743 g solute/g solvent T(0) 323 K

Table 2 Comparison of the crystal quality in different operation modes

Unseeded Crystallization 1o (t) s (t)

(no. of crystal g solvent ) (um° g solvent )
Semi-batch process 1,235 5.4739><109
Batch process 620 1.6921><109
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Table 3 Comparison of the crystal quality in case of the same amount of solvent (M = 27.0 kg)

Seeded Crystallization ,uon () u3n (&) ,uss (&)
Semi-batch process 470 7.0039%10° 8.7903%10°
Batch process 365 6.6436X10° 8.3380X10°

Note that in this study, a total number of seeded crystals, ,uos (), is constant.

Table 4 The crystal quality in case of restriction on the seeded crystal quality

n S

Seeded Crystallization s (k) s (k)
At t; = 30.0 min M = 25.36 kg 5.8719x10° 8.3381x10°
At M = 27.0 kg t = 17.0 min 4.2899%10° 8.3376X10°
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Fig. 1 (a) The optimal temperature and solvent feed rate profiles, and (b) the concentration profile
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Fig. 2 (a) The optimal temperature profile, and (b) the concentration profile (C,: dotted, C: solid,

C..: dash) on the unseeded batch crystallization process.
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Fig. 5 (a) The optimal temperature and solvent feed rate profiles, and (b) the concentration profile

(Cs: dotted, C: solid, C,,: dash) on the seeded semi-batch crystallization process.
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C..: dash) on the seeded batch crystallization process.
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Abstract

For cooling crystallization, the supersaturation a driving force in a crystal formation is

associated with the operating temperature and solute concentration. On the basis of the

phenomena, a semi-batch operation is proposed for improving the process performance since

these parameters is taken into account as controlled variables. In this work, a dynamic optimization

approach is used to determined optimal operating conditions in terms of temperature and solvent

feed rate profiles that optimize a chosen product quality. The results revealed that the performance

of the seeded cooling crystallization process can be improved by semi-batch operation.

Introduction

Crystallization is one of the oldest chemical
engineering processes in chemical, mineral,
and industries. It

pharmaceutical can

generally be operated in continuous and
batch modes. Continuous operation is often

regarded as the ideal procedure for many
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processes; however, it is not always true for

crystallization processes. Batch operation
often offers considerable advantages, such
as simplicity of equipment and minimization
of product losses. In many cases, only a
batch crystallizer can produce the required
crystal form, size distribution, or purity as a

batch crystallizer can produce a narrow



crystal size distribution (CSD) and a large
mean crystal size product. On the other hand,
the main advantage of a continuous operation
is that it achieves a higher yield than a batch
operation.  Additionally, the control of
temperature, supersaturation, and all other
that less

parameters influence CSD is

complicated [1, 2]. From this aspect,
combining the best features of both batch
and continuous operations; therefore, a semi-
batch operation mode is applied resulting in
higher production yield than normal batch

operation [3]-[5].

In this study, the performance of

semi-batch cooling crystallization is
investigated and compared with a batch
operation. A dynamic optimization approach
is used to determined optimal operating
conditions that optimize a chosen product
quality. The seeded cooling crystallization of
potassium sulfate as a case study is

evaluated via simulation.

Mathematical model of a semi-batch

crystallization process

The classical framework for modeling

crystallization consists of population balance
equation (PBE). Assuming that the crystallizer
is  well-mixed, and

crystal  breakage
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agglomeration are negligible; the PBE with a

characteristic length L can be described as

ALY dinM) _

Gt
O dt

af (L, 1)
= )

The mass balance of the solute per unit

mass of solution:

dc 7 d(inM) FMCy

2 =_3p k,G(t)| L*f(L,t)dL-C(t

i p”o! (LdL-C) == I
(2)

The mass balance of solution in the

crystallizer:

dM

—=F(t 3

o =FO @)

Where fis the population density of crystals,

p, is the crystal density, k, is the volume

shape factor, C, is the specific heat capacity
of the slurry, AHc is the heat of crystallization,
G is the growth rate, 1, is the second
moment of the population density, and F is

the solution feed rate.

The kinetic phenomena that influence
the formation of crystals are nucleation and
growth. The driving force for both phenomena
is the nonequilibrium state of the system
measured by a relative supersaturation (S).

s_C-C.M)

(4)
C.(T)



The modeling of nucleation and growth are
usually simplified by assuming an empirical

functional form as given in Egs. (5) and (6).

B(t) =k, exp(-E, / RT)S“T f(L,t)L3(t)dL
(5)

G(t) =k, exp(-E, /RT)S?
(6)

In this work, the cooling crystallization of
potassium sulfate as a case study is
considered. The physical parameters of the
crystallizer are shown in Table 1. The
following equations are used to calculate the
saturation and metastable concentrations

corresponding to the solution temperature, T

[6].

C.(T)=6.29x1072+2.46x10°T —7.14x10°°T?
(7)

C,.(T)=7.76x107+2.46x10°T —-8.10x10°T*
(8)

The initial distribution of the seeded crystals

is assumed to be a parabolic distribution.

0.0032(300— L)(L-250)  for 250um < L <300pum

f.q(L,0)=
s (1. 0) {0 for L < 250um and L >300um

(9)

Table 1 The physical parameters of the

cooling crystallizer
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Parameter Value Parameter  Value
b 1.45 g 1.5
k, 285.0 K, 1.44x10°
1/(s-pm’) um/s
EJR 7,517.0 K E4R 4,859.0 K
M 27.0 kg o 2.66x10"°
3
g/um
k, 1.5 t 30.0 min
C(0) 0.1743 g T() 323 K
solute/ g
solvent

Dynamic optimization strategy

In seeding crystallization process, a large
volume of seeded crystals favors product
quality. However, fine crystals obtained from
nucleation should be kept in possible lower
limit as they may cause difficulties in
downstream operations e.g. filtration and
drying. In regard to its infinite-dimensional
nature, the direct use of PBE in optimization
and design of controllers should be avoided
[7]. In principle, the method of moments
in terms of the

defines the ith moment

population density function by



©

L :j f (L, t)L (t)dL

(10)

The rate equation of moments is derived by
determining separately the moments of the
fine and seeded classes for the CSD as in

Egs. (11) and (12),

dg
—£0 _ B(t),
dt ©
du' . n -
—L =iG(t),(t), =123
dt
(11)
g = constant,
Y iGmum, @), =123
dt
(12)

The overall ith moments are defined as u=
,uin + ,uis. It is noted that since the crystal
breakage or agglomeration model was not

considered in the proposed crystallizer model

[5].

The dynamic optimization can be stated

mathematically as follows:

H n
TmlFrgt) 1 (L)
(13)
Subject to

The crystallizer model equations: Egs.

(2), (3), (11) and (12)
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C,<C<C,
303X T7<323K
4 (t,) > 8.3301x10°

Even though, the optimal profiles are
designed based on moments model, in which
the PBE is not directly calculated. However,
the measurable CSD can be represented in
terms of the ith moments; the physical
meanings of the ith moments are total crystal
number (tp), total crystal length (y), total

crystal surface area (1), total crystal volume

(15)-

Simulation results

In the seeded crystallization, the seeded

crystals growing from initial seeded are
considered as the product while fine crystals
have to be removed because they affect
product quality and also process economic.
Hence, the purpose of operation is to find the
optimal operating profile that can produce the
crystal product specifying the desired quality
in terms of total volume of seeded crystals,
u3s whereas the fine crystals (,u3n) have to be

minimized as stated in Eq. (13).

In case of the same amount of solvent in
semi-batch and batch reactors, the optimal
operating profiles are illustrated in Figure 1

and 2. The crystal size distribution from



Figure 3 is characterized by the classes of
nucleated and seeded crystals. The final
crystal product qualities are given in Table 2.
The results demonstrate that the semi-batch
operation produces larger crystal volume and
greater total number of crystals compared
with the batch operation mode. It is evident
that the semi-batch operation achieves a
higher crystal yield than batch operation.
Even though, the seeded crystal product is
larger, a large number of fine crystals is
desired

produced which does not favor

quality in seeded process.

On the basis of the result, if the customer
specification of crystal product is restricted in
the size of seeded

desired crystals

(,u3sz8.3380><109), the semi-batch operation
can produce the crystals with the desired size
using the lower amount of solvent or a
smaller crystallizer volume. On condition that
using the same amount of solvent use, the
semi-batch operation requires a shorter
operation time compared with batch mode.
The results are shown in Table 3. Form these
indicated that the

results, it is clearly

performance of the seeded cooling

crystallization processes can be improved by

semi-batch operation.
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Figure 1 (a) The optimal temperature and solvent
feed rate profiles, and (b) the concentration profile
(Cq: dotted, C: solid, C,: dash) on the seeded semi-

batch crystallization process.
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(b) Figure 3 The evolution of crystal size distribution
on the seeded semi-batch crystallization processes.
Figure 2 (a) The optimal temperature profile, and
(b) the concentration profile (C,: dotted, C: solid,
C,: dash) on the seeded batch crystallization
process.
Table 3 The crystal quality in case of restriction on
the seeded crystal quality
Table 2 Comparison of the crystal quality in case
of the same amount of solvent (M = 27 kg) Seeded 1 (8)x10° s (tyx10°
Crystalliza-
Seeded IuO" (t) lue" %S tion
Crystallization 8 9
(t)X10 (t)x10 Att=300min M = 2536 58719 8.3381
Semi-batch 470 7.0039 8.7903 kg
process AtM=270kg =170 min  4.2899 8.3376
Batch process 365 6.6436 8.3380
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Conclusion

The aim of this work is to improve the
performance of cooling crystallization. A
semi-batch  operation is proposed for
producing the superior product quality. A
dynamic optimization approach is used to
determined optimal operating conditions that
optimize a chosen product requirement. The
results, in the case of the same amount of
solvent, show that the semi-batch operation
can produce larger crystal volume and
greater total number of crystals. However, a
large number of fine crystals is produced
which does not favor desired quality in
seeded process. On the other hand, in the
case of restriction on the seeded crystal size,
the semi-batch operation can produce the
crystals with the desired size using the lower
amount of solvent use. On condition that
using the same amount of solvent, the semi-
batch operation requires a shorter operation
time. Form these results, it is clearly indicated
that the performance of the seeded cooling
crystallization process can be improved by

semi-batch operation.
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