
Process dynamics

▪ Simultaneous occurrence of  fast  and s low dynamics  

• Cha l lenge  for  model ing

• High  data  var iety  o f  fast  dynamics

▪ Late dynamic  behaviour  requires  long term memory of  states  of  
the process

Data-based dynamic model

▪ Recurrent  neural  network model  consist ing  of  one LSTM unit  [1]  
for  dynamic  system ident i f icat ion,  s imi lar  to [2]

▪ 87 batches  of  the stable operat ing per iod used for  tra in ing

Outlook

▪ Hybrid  model ing

▪ Use  the  mechanist i c  model  o f  the  system to  t ra in  a  b lack -box  
model  w i th  the  h i stor i c  sensor  data

▪ Tra in  model  to  descr ibe  complex  ef fects  resu l t ing  f rom 
po lymer -so lvent  interact ions ,  s imi lar  to [3]

▪ Control

▪ Apply  advanced  process  contro l  us ing  a  hybr id  process  model  

Plant dynamics

▪ Long t ime hor izon of  h istor ic  data:  past  events  have to be 
considered

▪ Plant  behaviour  analysed us ing PCA 

Motivation

▪ Object ive: Process  opt imizat ion to  decrease qual i ty  f luctuat ions  
us ing model -based advanced process  control

▪ Chal lenges:

• Fu l ly  data -based  models  on ly  prov ide  l imi ted  ins ight  and  
opt imizat ion  potent ia l

• Phys ica l  models  are  expens ive  to  obta in  when the  components  
are  complex

Use case

▪ Industr ial  process  unit  

• Batch  d i st i l l at ion  co lumn 

• Used to  separate  ternary  mix ture  conta in ing  po lymer

▪ Data character ist ics  

• Histor i c  t ime ser ies  data  o f  batch  runs
cover ing  years  o f  operat ion  

• Corresponding  of f l ine  qua l i ty,  and  on l ine  process  
measurements
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Dynamics  towards  the end especia l ly  important  for  
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