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Executive Summary 

 

The present document is a deliverable of the “MOdel-based coNtrol framework for Site-wide 

OptimizatiON of data-intensive processes“-(MONSOON) project, funded by the European 

Commission‟s Directorate - General for Research and Innovation (D-G RTD) under Horizon 2020 Research 

and Innovation programme (H2020), Sustainable Process Industry through Resource and Energy Efficiency 

(SPIRE). The deliverable presents an initial version of Trend Analysis Functions developed until M15 of the 

project. 
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1 Introduction 

 

1.1 Scope of the deliverable 

This document presents the initial trend analysis functions developed until M15 of the MONSOON 

project. This document is part of the “Task 5.1 – Trend analysis for local control & optimization in data 

intensive scenarios” mean to design and implement trend analysis techniques for and on significant and 

key process variables of both aluminium and plastic domains.This deliverable defines the initial 

approaches for the core set of algorithms, techniques and methodologies for trend analysis. With the 

implementation of such techniques we aim to provide detection of possible deviations from normal 

conditions, based on the need of aluminium and plastic production processes.   

 

1.2 Structure of this document 

The content of this deliverable is organized as follows: 

In Section 2, the process variables of business cases for aluminum (equipment stoppage, equipment 

misbehaviour and anode quality), and plastic (injection molding machine of coffee capsules) domains 

used for trend analysis are briefly described. 

In Section 3, a description of trend analysis function (Slope Statistic Profile,Matrix Profiles to Find 

Repeating Patterns, Visualization based Pattern Recognition) is provided, along with its application on 

aluminium (Slope Statistic Profile) and on plastic (Slope Statistic Profile, Matrix Profiles to Find Repeating 

Patterns, Visualization based Pattern Recognition) domains. 

In Section 4, the conclusions of this initial research are drawn.            

 

2 Industrial Data Description 

In this section a brief description of the data used for trend analysisfor both aluminum and plastic 

domains is provided. 

 

2.1 Aluminium domain 

 

2.1.1 Use case equipment stoppage 

The objective of this use case is to anticipate the breakdowns that impact final green anode quality (e.g. 

anode density).The mixer is thekey equipment for the paste production at the paste plant. This one is 

stopped in case of breakdown of the mixer. There is no redundancy on the mixer mainly because of the 

high initial CAPEX cost of such equipment.The forming process is realized by two vibrocompactors. For 

safety reasons, it is impossible to operate only one machine, so maintenance operations are done during 

Paste plant shutdowns.During the regular quarterly maintenance shutdowns of the anode production line, 

the process equipment is checked and maintained as instructed by the equipment suppliers (defective 

pieces replacement and preventive maintenance actions). 

Our initial objective is to use existing measurements on equipment only (voltage, current signals, etc.) 

provided by PI system. The additional GENIOP system will be used, during the predictive function training 

period, to provide data for the identification of stoppage period and the definition of a label on each 

fault. 

 

2.1.2 Use case equipment misbehaviour 

   The objective of this second predictive function is to highlight equipment/process deviations in the 

paste plant. These deviations will then be examined and interpreted by process experts, and correlated to 

e.g. anode quality loss or equipment breakdowns using available PI data. It is known that a deviation from 

the nominal running settings of the mixer has a major impact on anode quality.  
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The "mixing intensity" is the capacity of the mixer to produce, as fully as possible, the following state of 

the green anode forming material: 

 

 Dry product grains coated with binder, 

 Dry product grain porosity filled with binder, 

 intergranular space minimized and filled with binder. 

 

Deviation also from the nominal settings of the vibrocompactors can lead to: 

 

 Anode cracks 

 Anode density drop 

 Geometrical defects 

 

The dry density has been chosen as indicator measuring the efficiency of the green anode manufacturing 

process. 

 

2.1.3 Use case anode quality 

   The first objective of the third predictive function Anode Quality is to qualify the anode quality (green 

anode for iteration #1), based on existing PI data, and then validates this approach on real time data. 

Anodes contribute as the biggest variable impact to the aluminium production cost. Optimization goals 

may focus on the anode paste plant to produce better anodes in terms of quality.The recent technical 

reports concluded that Aluminium Dunkerque plant produces anodes of high quality with limited options 

for drastic improvements of their final performance in the pots (high anode density, high current 

efficiency in pots and finally low anode net consumption).Nevertheless, a first objective identified is to 

reduce anode density variability at the anode paste plant, thanks to the predictive functions that will be 

developed during MONSOON iteration #1 and improved in iteration #2.  

 

2.1.4 Pi Data business case equipment stoppage / misbehavior 

PI variable Domain Sub-domain Description Unit Type 

D110-J130_DEB_INSTANT_DOSEUR 

Paste 

plant 

Recycled 

products band 

doser 

Feeder Instantaneous flow rate t/h float32 

D110-J130_POIDS_SUR_BANDE Weight on band kg float32 

D110-J130_VIT_MOT_BANDE_DEMANDEE Requested motor speed tr/min float32 

D110-J140_INT_MOT Preheating 

screw 

Motor current A float32 

D110-J140_VIT_ROTATION_VIS_PRECH Rotation speed tr/min float32 

D110-J150_VIT_ROTATION_VIS_BOUCH Plug screw Rotation speed tr/min float32 

D110-

J160_COURANT_EXCITATION_VAR_MALAX 

Continuous 

Mixer Buss 

Mixer fluctuating excitation 

current 
% float32 

D110-J160_INT_MAXI_MALAXEUR Mixer max current A float32 

D110-J160_INT_MINI_MALAXEUR Mixer min current A float32 

D110-J160_INT_MOY_MALAXEUR Average mixer current A float32 

D110-J160_MES_CORRIGE_TENDANCE_BOUR 
Plugging tendancy correct 

measurement 
A float32 

D110-J160_MES_OUV_CLAPETS_MALAXEUR Mixer gate opening measure % float32 

D110-J160_PUISSANCE_MOY_MALAXEUR Mixer average power kW float32 
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D110-J160_TEMP_PATE Paste temperature Deg C float32 

D110-J160_VIT_MOT Motor speed tr/min float32 

D110-J160_VIT_VIS_MALAXEUR Mixer screw speed tr/min float32 

D110-

J170_Comptage_RC_FERM_OBTURATEUR 

Eirich 

mixer/cooler 

Obturator closing counting  int32 

D110-J170_Comptage_RC_OUV_OBTURATEUR Obturator opening counting  int32 

D110-J170_NIVEAU_MELANGEUR_REFROIDIS Cooling mixer level % float32 

D110-J170_TEMP_INSTANT_PATE 
Paste instantaneous 

temperature 
Deg C float32 

D110-J171_INT_MOT_N1_CUVE Motor N1 current pan A float32 

D110-J171_INT_MOT_N2_CUVE Motor N2 current pan A float32 

D110-J172_INT_MOT_TOURBILLON Tools motor current A float32 

D110-J173_DEB_EAU_REFROIDISSEMENT_J173 Cooling water flow rate l/min float32 

D110-J173_TEMP_EAU_REFROIDIS Cooling water temperature  Deg C float32 

D110-J173_VIT_POMPE_A_EAU Water pump speed tr/min float32 

 

2.1.5 Geniop data: list of stoppage 

Level 1 Level 2 Level 3 Level 4 Level 5 Comment 

Intentional 

and clean 

stoppage 

Cleaning - leak 

repairs 
Network J 

  
Linked to Maintenance 

Failure not treated 

due to high stock    
Stock saturation point 

Intentional 

production 

stoppage 
    

Planned workforce 

absence 

Team A absent     Linked to personnel 

Insufficient 

workforce 

(holidays) 

    Linked to personnel 

Test - Settings 

LINE J 
  

Stoppages for Process 

improvements 

Line L 
  

Stoppages for Process 

improvements 

Workshop 

preparation for 

preventive 

maintenance 

Isolation 
  

Linked to Maintenance 

Involuntary 

stoppage 

(Failure) 

Cooling tower 
    

LINE A 
Paste plant 

transport system 

Conveyor belt 

A110   

LINE B 
Corner tower 

transport system 

Vibrating feeder 

B060   
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LINE C 

Elevator C030 
   

Screen C040 
   

LINE D 

Elevator D030 
   

Screen D040 
   

LINE E 

Ball mill E100 E102 
  

Fan E160 
   

Turbo separator 

TSV E130    

LINE G 

API 
   

Dosing pump 

G120    

LINE H Boiler H030 

burner 
  

control 
  

heat exchanger 
  

LINE J 

API 
   

bucket elevator 

J07    

Dosing system 

coarse J030    

Dosing system 

fines J050    

Eirich j170 

broken belt 
  

Tank geared 

motor   

Fan J090 
   

Magnetic 

separator J110    

mixer J160 
   

piping J173 
   

preheating screw 

J140    

Pump J173 
   

Screw cap J150 
   

LINE K 

Bearing 

lubrication K185    

Compacting set Heating resistance 
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K040 Hydraulics K040 
 

Hydraulic 

mechanism 
  

Mould guide 
  

Pressing mass 

Pressing mass 
 

Hydraulics  Hydraulic 

Stub hole mold 

missing  

To assemble with fault 2 - 

Hydraulic 

table 
  

Compacting set 

K050 

Chamfer 
  

Hydraulics K050 
 

To assemble with fault 28 - 

Hydraulic 

mechanism 
 

To assemble with fault 89  

motorisation 
  

Pressing mass 

Hydraulics 
To assemble with fault 78 - 

Hydraulic 

Pressing mass To assemble with fault 44  

Stub hole mold 

missing   

table 
 

To assemble with fault 75  

Control system 

K060    

Control system 

K070   
To assemble with fault 19 

ejector K080 
  

To assemble with fault 8 

ejector K090 
   

Height measuring 

system K110    

hopper K030 
   

Hydraulic group 

K180   
Hydraulic 

K025 
   

Oil group K042 
  

To assemble with fault 36  

Oil group K052 
   

Spraying system 

K031    

Vibrating feeder 
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K020 

LINE L 

Ejection transfer 

L100   
Transfer 

Ejection transfer 

L110   
Transfer 

Loading station 

L030 

   

   

Overhead 

conveyor    

Roller table L121 L126 
  

Stop station 
   

Swing tray 
   

LINE M 

Clogging probe 
   

Distributor M100 
   

Fan M020 
   

Planned 

stoppage 

Planned preventive 

maintenance 

Preventive 

maintenance   
Linked to Maintenance 

Switch to safety 

mode    
Linked to Maintenance 

Random 

stoppage 

(unforeseen 

process 

event) 

Process stoppages - 

Clogging 
LINE J 

Eirich high level 
  

Eirich j170 
  

Mixer clogging 

J160   

Resulting 

stoppage 

Condenser clogging 
    

Expecting reliability 

team     

K050 stub holes 

sticking     

Lack of energy gas 
   

Lack of raw material 

coke 
   

Fine products 
   

pitch 
   

Lack of thermal fluid 
    

Stock saturation 
   

Stock saturation point 

Unplanned lack of 

personnel 
      Linked to personnel 
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Unspecified 

stoppages     

Under 

performance 

Intentional process 

stoppage    

Stoppages for Process 

improvements 

Unplanned 

external 

stoppage 

IT failure 
    

 

2.1.6 Pi Data business case anode quality 

PI variable Description Unit Type 

D110-832SL1_MES_NIVEAU_MOYEN_SILO Coke silo 1 (exotic coke) average level t float32 

D110-832SL2_MES_NIVEAU_MOYEN_SILO Coke silo 2 average level t float32 

D110-E070_MES_DE_VIT distributor velocity measurement tr/min int32 

D110-E100_DEB_AIR_BALAYAGE Ball Mill E100 scavenging air flow m3/s float32 

D110-E100_INT_BROYEUR Ball mill E100 intensity A float32 

D110-E100_MES_DE_VIT Ball Mill E100 velocity measurement tr/min int32 

D110-E120_NIVEAU_BRUIT_BROYEUR Noise level from sensor E120 for the Ball Mill E100 % float32 

D110-

E130_DEPRESSION_TURBOSEPARATEUR 
Turboseparator (TSV) E130 underpressure mmCE float32 

D110-E130_INT_MOT Turboseparator (TSV) E130 motor intensity A float32 

D110-E130_VIT_TURBO_SEPARATEUR Turboseparator (TSV) E130 velocity tr/min float32 

D110-E140_DEB_REFUS_TSV Turboseparator (TSV) refusal flow rate (too coarse material) t/h float32 

D110-E140_MOY_DEB_REFUS_TSV 
Turboseparator (TSV) refusal flow rate (too coarse material) – 

Average 
t/h int32 

D110-E150_DEPRESSION_FILTRE Turboseparator (TSV) dedusting filter E150 underpressure mmCE float32 

D110-E180_MES_NIV_SILO_CLASS_FINES Fine silo level  % float32 

D110-G120_DEB_INSTANT_DOSEUR Instant pitch flow rate G120 t/h float32 

D110-G120_FREQUENCE_ALTIVAR Frequence of the Altivar frequency converter G120 Hz float32 

D110-G130_DEB_BRAI_CORIOLIS_G130 G130 pitch flow rate (Coriolis) t/h float32 

D110-G130_TEMP_BRAI_CORIOLIS_G130 G130 pitch temperature (Coriolis) Deg C float32 

D110-G131_DEB_BRAI_CORIOLIS_G131 G131 pitch flow rate t/h float32 

D110-G131_TEMP_BRAI_CORIOLIS_G131 G131 pitch temperature (Coriolis) Deg C float32 

D110-

H070_TEMP_F_T_VIS_PRECHAUF_COKE 

H070 heat transfer fluid temperature for the preheating 

screw 
Deg C float32 

D110-H080_TEMP_F_T_MALAXEUR H080 heat transfer fluid temperature for the Buss Mixer Deg C float32 
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D110-H090_TEMP_PPE_F_T_ECHANG_BRAI heat transfer fluid circuit valves temperatures Deg C float32 

D110-J010_POIDS_TREMIE_DOSAGE J010 dosimeter weight (very coarse silo) kg float32 

D110-J010_VIT_MOT_VIS_DEMANDEE 
J010 dosimeter screw requested velocity (under very coarse 

silo) 
tr/min float32 

D110-J020_POIDS_TREMIE_DOSAGE J020 dosimeter weight (coarse silo) kg float32 

D110-J020_VIT_MOT_VIS_DEMANDEE J020 dosimeter screw requested velocity (under coarse silo) tr/min float32 

D110-J030_POIDS_TREMIE_DOSAGE J030 dosimeter weight (medium silo) kg float32 

D110-J030_TOT_DOSEUR_M J030 dosimeter (medium) TOTAL weight t int32 

D110-J030_VIT_MOT_VIS_DEMANDEE J030 dosimeter screw requested velocity (medium silo) tr/min float32 

D110-J050_DEB_INSTANTANE_DOSEUR J050 dosimeter instant flow (fines silo) t/h float32 

D110-J050_POIDS_TREMIE_DOSAGE J050 dosimeter weight (fines silo) kg float32 

D110-J070_INT_MOT_ELEVATEUR Dry product bucket elevator motor intensity A float32 

D110-J080_DEPRESSION_FILTRE J080 filter (magnetic separator) underpressure mmCE float32 

D110-J080_TEMP_ASPIRATION_FILTRE J080 filter (magnetic separator) sucking temperature Deg C float32 

D110-J080_VIT_SAS_FILTRE_J080 J080 filter (magnetic separator) flow velocity tr/min int32 

D110-J130_DEB_INSTANT_DOSEUR J130 dosimeter green scrap flow t/h float32 

D110-J130_POIDS_SUR_BANDE J130 weightfeeder weight kg float32 

D110-J130_VIT_MOT_BANDE_DEMANDEE J130 weightfeeder requested band velocity tr/min float32 

D110-J140_INT_MOT J140 preheating screw motor intensity A float32 

D110-J140_VIT_ROTATION_VIS_PRECH J140 preheating screw rotation speed tr/min float32 

D110-J150_VIT_ROTATION_VIS_BOUCH J150 screw cap rotation speed tr/min float32 

D110-

J160_COURANT_EXCITATION_VAR_MALAX 
J160 Buss mixer excitation current % float32 

D110-J160_INT_MAXI_MALAXEUR J160 Buss mixer maximum intensity A float32 

D110-J160_INT_MINI_MALAXEUR J160 Buss mixer minimum intensity A float32 

D110-J160_INT_MOY_MALAXEUR J160 Buss mixer average intensity A float32 

D110-

J160_MES_CORRIGE_TENDANCE_BOUR 
J160 Buss mixer intensity for the indication of jamming A float32 

D110-J160_MES_OUV_CLAPETS_MALAXEUR J160 Buss mixer damper opening % float32 

D110-J160_PUISSANCE_MOY_MALAXEUR J160 Buss mixer average power kW float32 

D110-J160_TEMP_PATE J160 Buss mixer paste temperature Deg C float32 
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D110-

J160_VAL_SORTIE_OUVERTURE_CLAPET 
J160 Buss mixer damper opening_output value % float32 

D110-J160_VIT_MOT J160 Buss mixer motor velocity tr/min float32 

D110-J160_VIT_VIS_MALAXEUR J160 Buss mixer screw velocity tr/min float32 

D110-

J170_Comptage_RC_FERM_OBTURATEUR 
J170 Damper closing   int32 

D110-

J170_Comptage_RC_OUV_OBTURATEUR 
J170 Damper opening   int32 

D110-

J170_NIVEAU_MELANGEUR_REFROIDIS 
J170 cooler paste level % float32 

D110-J170_TEMP_INSTANT_PATE J170 paste temperature Deg C float32 

D110-J170_VAL_SORTIE_CDE_OBTURATEUR J170 outlet damper opening % float32 

D110-J171_INT_MOT_N1_CUVE J170 cooler 1st container motor intensity A float32 

D110-J171_INT_MOT_N2_CUVE J170 cooler 2nd container motor intensity A float32 

D110-J172_INT_MOT_TOURBILLON J170cooler tool motor intensity A float32 

D110-

J173_DEB_EAU_REFROIDISSEMENT_J173 
J170 cooler water flow l/min float32 

D110-J173_TEMP_EAU_REFROIDIS J170 cooler water temperature Deg C float32 

D110-J173_VIT_POMPE_A_EAU J170 cooler water pump rot. Speed tr/min float32 

D110-K040_NB_CYCLES_VIBRATION K040 vibrocompactor number of vibrating cycles 
 

int32 

D110-K040_POIDS_PATE K040 vibrocompactor paste weight kg float32 

D110-K050_NB_CYCLES_VIBRATION K050 vibrocompactor number of vibrating cycles 
 

int32 

D110-K050_POIDS_PATE K050 vibrocompactor paste weight kg float32 

D110-K060_TEMPS_ECOULE_VIBRATION K060 control group for vibrocompactor K040_elapsed time s float32 

D110-K060_VIT_VIBRATION 
K060 control group for vibrocompactor K040_vibrating 

velocity 
tr/min float32 

D110-K070_TEMPS_ECOULE_VIBRATION K070 control group for vibrocompactor K050_elapsed time s float32 

D110-K070_VIT_VIBRATION 
K070 control group for vibrocompactor K050_vibrating 

velocity 
tr/min float32 

D110-M020_MES_VIT M010 general dedusting filter_fan M020 velocity tr/min int32 

D110-M120_DEPRESSION_FILTRE M120 filter (for condensers) underpressure mmCE float32 

D110-M120_VIT_VIS_FILTRE_A_MANCHE M120 filter (for condensers) screw rot. Speed tr/min int32 

D110-

M150_To_EAU_ENTREE_CONDENSEUR 
M150 condenser inlet temperature Deg C float32 

D110-SL3_MES_NIVEAU_MOYEN_SILO coke mixture silo SL3 level t float32 
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2.2 Plastic domain 

The data to describe the injection molding process directly come from the injection molding machine and 

are exported cycle-wise. With the help of these data changes, caused by the injection molding machine 

can be evaluated.  

 

2.2.1 Basics about the Plastic domain 

In general there are two areas where waste parts can occur: Mold and Molding process. A detailed 

description of both areas is given below. 

 

Mold (molding tools) 

The molding tool contains the cavities, the hot runner System and the cooling channels. If one of these 

components is damaged waste parts will continuously be produced, because an “automatic repair” or a 

process adaptation is physically not possible 

The measurements of the capsules (height, diameter and holes) change due to wearing of the cavity 

(Wearing is caused due to abrasion which means that a few nanometers of steel are removed at each and 

every injection molding cycle. Over a long production period the affected measurement will leave the 

tolerance belt. Over a long period without maintenance the diameter of the coffee capsules will slightly 

increase due to wearing) 

Damage of the cavity – Especially if a part sticks at the die side of the mold it cannot be ejected and 

crashes into the other side of the mold when the molding tool is closing. A damage of the mold can also 

happen if a part falls to slow so that it has not left the parting plane when the molding tool is closing. It 

can also happen that an ejector or a core in the cavity breaks. All these effects lead to a sharp change in 

the quality measurements (height and diameter change their values sharply, holes will not be formed 

properly). This should be detected by the visual inspection system being installed at GLN and lead to the 

effect that coffee capsules with the same number (i.e. 713) are rejected. In this case an alarm should be 

created that the process must be stopped immediately. The machine worker then can go to the molding 

tool and have a visual inspection what happened and can close the affected cavity until the next 

maintenance of the molding tool is done. 

The AIM of use case 1 is to raise an alarm if capsules present a bad quality (height and/or diameter and/or 

holes). 

 

Molding process (Machine parameters) 

During the long-term manufacturing of the coffee capsules parameters of the injection molding process 

can slightly change due to various changes of the environment (temperature and humidity in the factory, 

deviations in the energy supply system, heating of oil temperature, deviations in the quality of the plastic 

granules, wearing of machine parts) 

The AIM is to monitor technical parameters of the molding machine and raise alarm is the deviation is 

increasing over the defined values. 

 

Thresholds (tolerance belts and deviations) are related to the machine; each machine has a specific range 

of:  

 

• Temperature of the heating belt 

• Flange temperature 

• injection time 

• holding time 
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• cooling time 

• coolant temperature 

• maximum pressure of the cycle 

• residual melt cushion 

• dosing stroke 

 

The important technical parameters being monitored are described next. The name of the parameter from 

the injection molding machine is given in round brackets (). The unit of the parameter is given in angled 

brackets []. If there is a suitable tolerance to be defined it is mentioned under the parameter. The 

tolerance belts of the technical parameters were calculated with the help of big data Evaluation of the last 

15.000 cycles being manufactured at GLN. The tolerances are based on the standard deviation of the 

parameter. The tolerance is approximately (6 x Standard deviation).  

 

Cycle time (Tpo Cicl.C); [s] 

The cycle time is the time which is needed for one injection molding cycle. During this time the capsules 

are manufactured 

 

Residual melt cushion (Almof Massa); [mm] 

The residual melt cushion describes the position of the screw after the end of the holding phase. This 

value must not be too small (near zero) because then there is not melt cushion available to keep the 

holding pressure working. If this value is too big the melt cushion is too big and the melt must stay longer 

at the end of the screw which can lead to degradation of the melt. The deviation of the residual melt 

cushion should not be larger than ± 1 mm 

 

Plastification time (Tpo PlastC); [s] 

The plastification time is the time which was needed to melt (plastify) the plastic melt for the actual 

injection molding cycle. This time should be bigger than the sum (cooling time + mold opening time + 

ejection time (+ break time) + mold closing time. If this is the case the plastification time is responsible for 

the cycle time and the cooling time deviates in the same range as the plastification time because the mold 

cannot be opened before the plastification is finished. The deviation of the plastification time should not 

be larger than ± 0.5 s.  

 

Dosing stroke (Curso PlastC); [mm] 

The dosing stroke describes the position of the screw until which the plastification of new plastic melt for 

the next injection molding cycle should take place. This is the screw position until which plastic material 

for the injection molding cycle is plasticized. The difference between dosing hub and v/p-switchover 

position shows how much plastic melt was injected during the injection molding cycle. This value does not 

include the inertia of the screw, so that the dosing stroke will be bigger than the value shown. This value 

can directly be changed by the machine worker.  

 

Injection time (Tpo Inj.C); [s] 

The injection time is the time which is needed to fill the cavities. During this time the screw is accelerated 

and moves forward until it reaches the defined v/p-switchover. The injection time directly depends on 

injection speed. The deviation of the plastification time should not be larger than ± 0.1 s. 

 

Pressure at v/p-switchover (Comut PrMassZ); [bar] 
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This value describes the pressure at the back-end of the screw at v/p-switchover point. This pressure is 

measured with the help of the hydraulic oil which moves the screw. The deviation of the pressure at v/p-

switchover should not be larger than ± 20 bar. 

 

v/p-switchover position (Perc. comut.C); [mm] 

The v/p-switchover position describes the screw position at which the velocity-controlled (v) injection 

changes to pressure controlled (p) injection, which is the holding pressure. This value can be directly 

changed by the machine worker. The deviation of the v/p-switchover position should not be larger than ± 

0.5 mm. 

 

Max cycle pressure (Máx PrMass); [bar] 

This value shows the maximum pressure of the injection molding cycle. This pressure normally occurs 

after the v/p-switchover point because the plastic melt is strongly compressed while the screw stops and 

is moved back until the holding pressure is reached. This value strongly depends on the difference (v/p-

swichover - residual melt cushion). The deviation of the max cycle pressure should not be larger than ± 30 

bar. 

 

Cylinder temperatures (Cilind Z 11) to (Cilind Z 1); [°C] 

These temperatures show the temperatures of the heating belts which are installed at the plastification 

units. Each temperature represents one heating belt. In general there are increasing temperatures from 

the beginning of the screw to the tip of the screw to prevent the plastic from degrading. The energy to 

melt the plastic granules mainly comes from friction energy when the plastic granules are sheared against 

each other and the screw. A little amount of energy comes from the heating belts to reach the 

temperature of the plastic melt. The value of the last heating belt (Z 11) can be assumed to be the 

temperature of the melt at the end of the plastification process. This temperature represents the position 

of the space in front of the screw. The values can be directly changed by the machine worker. After this 

the hot runner system starts, which has an own temperature control unit. While the melt stays in the hot 

runner its temperature should be kept constant. At the used KM machine only Z11, Z9, Z5, Z4, Z3, Z2 and 

Z1 are available. This means that the other heating belts are physically not available. The description of 

the parameters is the same for every plastification unit. If there is a bigger plastification unit the screw has 

a bigger diameter and needs to be longer. Then more heating belts are needed and the missing variables 

will also be there. The deviation of the cylinder temperatures should not be larger than ± 5 °C. 

 

Flange temperature (Flange Z15); [°C] 

The flange temperature describes the temperature near the position where the plastic granulates are fed 

in the screw. This temperature should not be too high to avoid the plastic granulates from sticking at the 

screw of the cylinder wall. In this case the mass transport through the screw would not be constant and 

lead to plastification problems. This value can directly be changed by the machine worker. The deviation 

of the flange temperature should not be larger than ± 5 °C. 

 

Mold opening (FechMld tempo C) and mold closing time (Abr Mld Tempo C); [s] 

These times describe the time which is needed to open/close the mold. During this time the side of the 

mold which contains the ejector pins is moved. The mold moves until a defined position until to breaks to 

avoid a crash of the two sides of the mold.  

 

Time to reach/reduce clamp force (Impl FF tempo C); [s] 
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After the defined position is reached (this value describes the mold closing time) the side of the mold 

which contains the ejector pins moves slowly until both sides touch each other and the clamp force is 

built-up. 

 

Cooling time (Tempo refriger.C); [s] 

The cooling time is the time period after the holding time at which the mold is closed and the clamp force 

is kept. This time is needed to make sure that the parts are fully frozen so that they can be ejected. This 

value can directly be changed by the machine worker. The deviation of the cooling time should not be 

larger than ± 0.1 s. 

 

Ejection time (Desen-formar); [s] 

During this time the ejector pins are moving forward and backward to push all capsules out of their cavity. 

The deviation of the ejection time should not be larger than ± 0.1 s. 

 

Break time (Tempo pausa C); [s] 

This time describes the break between the end of the ejection time and the beginning of the mold closing 

time. This time can be set to make sure that all parts have been falling out of the tool. If this time is too 

short it could happen that falling parts are still in the parting plane when the mold is closing. These parts 

will be destroyed. Furthermore the mold can be damaged by these parts. This value can directly be 

changed by the machine worker. The deviation of the break time should not be larger than ± 0.1 s. 

 

Holding time (PrPost Tempo C) [s] 

Over this time the holding pressure is kept to compensate shrinkage of the plastic parts. This time starts 

directly after the injection time. The holding pressure should be kept up until the gate of the part is frozen 

so that no more plastic melt can be pressed into the cavity. After the holding time the cooling time starts. 

This value can directly be changed by the machine worker. The deviation of the holding time should not 

be larger than ± 0.1 s. 

 

Moving of the aggregate (Agr Ant Tempo C) and (AgrVolt Tempo C); [s] 

This time is zero because the aggregate (plastification unit) is not moved during the injection molding 

cycle. This would be necessary if a cold runner instead of a hot runner would be used to separate the 

plastic material in the cold runner from the plastic material in the space in front of the screw. This value 

can directly be changed by the machine worker.  

 

Injection speed (Ár máx Ve-Inj); [mm/s] 

This value describes the speed of the screw during the injection phase of the injection molding cycle. This 

value does not consider the acceleration of the screw due to its inertia. It describes the maximum value. 

The deviation of the injection speed should not be larger than ± 5 mm/s. 

 

Coolant temperatures (Temp Z101) and (Temp Z102); [s] 

These temperature describe the temperature of the coolant medium in each of the sides (die side and 

side of the mold which contains the ejector pins) of the molding tool. These temperatures must not 

increase or decrease over a long period because this directly influences the injection phase, the holding 

time and the cooling phase. It could happen that the cooling time is no longer sufficient if the 

temperature of the coolant increases too much. The deviation of the coolant temperatures should not be 

larger than ± 5 °C. 
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2.2.2 Which parameters impact the most? Which combination? 

• If the melt temperature is rising, the viscosity of the plastic melt is decreasing. Due to this the plastic 

melt flows more easily and leads to a lower filling pressure (max. cycle pressure) 

• If the injection speed is rising the plastic melt must be more accelerated. Therefore a higher pressure 

is needed which leads to a higher filling pressure 

• If the holding pressure or the holding time are increasing the measures and the weight of the 

manufactured coffee capsules are increasing. This can lead to the rejection of the capsules because 

the measures are too big. A high melt temperature can intensify this effect. 

• If the residual melt cushion is becoming too low (values near zero) it cannot be said if the holding 

pressure can work properly, which can lead to an unstable injection molding process and to a 

deviation in the quality of the manufactured parts. If this happens the dosing stroke must be 

increased. 

• If the holding pressure is too low and the holding time and the cooling time are too low it can 

happen that capsules stick at the die side of the molding tool. They cannot be ejected and are 

destroyed when the mold closes for the next cycle. The mentioned cavity is not filled during the next 

injection molding cycle, which leads to higher deviation of the residual melt cushion. Furthermore the 

molding tool can be damaged at the crash with the not-ejected capsule. 

• If the holes are not formed correctly this is nearly always caused by a defect in the molding tool (i.e. a 

core can be damaged or broken). 

 

2.2.3 How to combine mold and molding process parameter? 

This is simply not possible because the mold is not monitored. If anything happens in the mold which 

leads to a damage, this only can be detected by the visual inspection system because the mold damage 

will cause 100 % waste parts in the affected cavity.The information, which capsule was manufactured by 

which injection molding cycle, is lost when the capsule is ejected. They are falling to a conveyor belt which 

leads to another conveyor belt, which again leads to a third conveyor belt. During this the capsules are 

mixed with capsules from other injection molding cycles (from the same machine!) so that it is unclear 

when a specific capsule was produced. 

 

2.3 A note on confidentiality 

Most of the data analyzed in this work come from process measurements in the AluminumDunkerque 

(AD) and GLNPlast plants. The control of these processes is part of the plants‟expertise, and is subject to 

confidentiality. In the following, we will therefore not reveal all theinformation about the variables used, in 

particular about their meanings and the values theytake. We will however try to explain as good as 

possible the approaches and results obtained. 

 

3 Trend Analysis Function 

 

   This section provides a description of trend analysis function (Slope Statistic Profile,Matrix Profiles to 

Find Repeating Patterns, Visualization based Pattern Recognition) developed until M15 of the project, 

along with their application on aluminium (Slope Statistic Profile) and on plastic (Slope Statistic 

Profile,Matrix Profiles to Find Repeating Patterns, Visualization based Pattern Recognition) domains. 

 

3.1 Slope Statistic Profile (SSP) 

   Slope Statistic Profile[2], denoted hereafter as SSP, is a method that detects the single structural break 𝑇, 

denoted hereafter as incident, in a time series using a standard parametric linear trend test, denoted 

hereafter as 𝑡-statistic,. The 𝑡-statistic is calculated on overlapping sliding data windows of size 𝑤 with 
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sliding step one, along the time series. In this way we obtain the profile of the 𝑡-statistic, denoted as {𝑈 𝑖}, 

for 𝑖 = 1 + [
𝑤

2
], … , 𝑛 − [

𝑤

2
], where [𝑥] is the integer part of 𝑥. The form of this profile depends on time 

series characteristics, i.e. the strength of the autocorrelation, the distribution of the residuals, the strength 

of the linear trend, as well as, the size of the sliding data window 𝑤. 

The profile of the t-statistic {𝑈 𝑖}, exhibits small fluctuations (glitches) due to edge effects of the local data 

windows and therefore the profile curve is smoothed using a zero-phase filter of a small order, set to 

about 5% of 𝑤. Such a small filter order removes the glitches in {𝑈 𝑖}, but maintains its original signature. 

The smoothed value of 𝑈 𝑖  is denoted as 𝑈𝑖  and refer to as 𝑈-profile. In a short presentation of the method 

below, we will assume the situation from no trend to a positive trend, as shown inFigure 3-1(a). Other 

types of change between no trend and trend can be treated similarly. 

 
(a)                                                                                        (b) 

 
Figure 3-1. (a) Time series of length n = 500 with an onset of linear trend with coefficient 𝜷 = 0.01 at 𝑻 = 250 

and residuals generated by 𝑨𝑹(𝟏) with coefficient 𝝋 = 0.16 and normal input white noise. (b) The profile of t-

statistic {𝑼 𝒊} using local window of size w = 200 and the filtered profile {𝑼𝒊}, as denoted in the legend. The 

horizontal lines denote the thresholds −𝒕𝒘−𝟐,𝟏−𝟎.𝟗𝟕𝟓 and −𝒕𝒘−𝟐,𝟏−𝟎.𝟗𝟎 and the vertical line the estimated 𝑻  at 

time 274. 

 

The t-statistic for the parametric linear trend test is 𝑡 =
𝛽 

𝑠(𝛽 )
 ~𝑡𝑤−2, where 𝛽  the trend parameters and 

𝑠 𝛽   is the standard error of 𝛽 . The null hypothesis of no trend is rejected at the significance level 𝑎 if 

 𝑡 ≥ 𝑡𝑤−2,1−𝑎/2.  

   A first candidate for the breakpoint T is the time point at which the profile crosses the threshold line of 

rejection of the null hypothesis of no trend at ±𝑡𝑤−2,1−𝑎/2, where a is the significance level, w is the size of 

the sliding window and t follows the Student distribution with w-2 degrees of freedom[3]. One could 

consider one-sided test and use a smaller threshold magnitude 𝑡𝑤−2,1−𝑎 if there is knowledge for the 

direction of the linear trend (-𝑡𝑤−2,1−𝑎  for positive trend and 𝑡𝑤−2,1−𝑎  for negative trend). The 𝑈-profile 

most probably does not exhibit a sudden change from small magnitudes, in the absence of trend, to large 

magnitudes, in the presence of trend, but there is a rather smooth transition due to the use of sliding 

windows with step one. This consideration comes along with the belief that there are not sudden and 

abrupt changes in natural variations. Thus, a better estimate of incident 𝑇 should be searched at times 

regarding magnitudes of {𝑈𝑖} smaller than 𝑡𝑤−2,1−𝑎/2 . Figure 3-1(b) shows the profile of 𝑡-statistic as long 

as the filtered profile with the two thresholds. We confine the search of 𝑇 to a time interval corresponding 

to the profile segment bounded by 𝑡𝑤−2,1−0.975  and 𝑡𝑤−2,1−0.90, for the 0.05 and 0.20 significance levels for 

the two-sided test, respectively, and find the smallest magnitude of {𝑈𝑖} within this segment. The 

corresponding time point for this value is the estimated incident 𝑇 . For the example of Figure 3-1(b) the 

estimated incident 𝑇 = 274 of the true incident 𝑇 =  250 corresponds to the profile crossing of the 
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lowerbound at −𝑡𝑤−2,1−0.90 = −1.286.This example illustrates a straightforward detection with SSP in a 

well-behaving situation. 

   In order to both cases of upward and downward linear trend to be covered by SSP method, two 

segments are necessary to be defined. Thus, for positive linear trend the (𝑡𝑤−2,1−𝑎1/2, 𝑡𝑤−2,1−𝑎2/2)segmentis 

defined and will be denoted hereafter as upper segment.The bounds of upper 

segment, 𝑡𝑤−2,1−𝑎1/2,  𝑡𝑤−2,1−𝑎2/2 will be denoted hereafter as 𝑈𝐵1and𝑈𝐵2 , respectively. For negative linear 

trend the segment (−𝑡𝑤−2,1−𝑎2/2, −𝑡𝑤−2,1−𝑎1/2) is defined and will be denoted hereafter as lower segment. 

The bounds of lower segment, −𝑡𝑤−2,1−𝑎1/2 , −𝑡𝑤−2,1−𝑎2/2 will be denoted hereafter as 𝐿𝐵1 and 𝐿𝐵2 , 

respectively. The significance levels 𝑎1 and 𝑎2 for two side test are set 0.20 and 0.05, respectively [1].  

   At this point, a brief description of the linear trend test statistic that is used in SSP method is given.In the 

following, the parametric linear trend test for a sliding window of size w on the time series Yt ,  t =

 1,  … ,  n, is presented. Thus, for the first window [Y1 ,  … ,  Yw ]T the least square estimator for the trend 

parameter β is obtained as 

 

𝛽 =
  𝑡−𝑡  𝑌𝑡

𝑤
𝑡−1

  𝑡−𝑡  2𝑤
𝑡−1

       (1) 

 

where 𝑡 is the average time. The standard error of 𝛽  is can be estimated with several approaches. Here, the 

best two approaches are presented[2]: the autocovariance and the power spectrum approach. 

   In autocovariance approach, the estimated standard error of 𝛽  is calculated by  

 

𝑠1 𝛽  =  𝑐 𝛾0 + 2𝑐   (𝑡 − 𝑡 )(𝑠 − 𝑡 )𝛾𝑠−𝑡
𝑠−1
𝑡=1

𝑤
𝑠=2   1/2    (2) 

 

where 𝑐 =
12

𝑤(𝑤2−1)
. In (2), 𝛾𝑘  is replaced with the respective estimate of 𝛾 𝜅 , except at 𝑘 = 0 where 

𝑤𝛾 0/(𝑤 − 2) is used in order to estimate 𝛾0[3]. Thus, the estimated standard error of 𝛽 , 𝑠1(𝛽 ) is derived. 

   In power spectrum approach, the estimated standard error of 𝛽  is calculated by  

 

𝑠2 𝛽  =  2  𝑊 𝑓 𝑆(𝑓)
0.5

0
 

1/2

     (3) 

 

where 𝑊 𝑓 =    𝑏𝑡𝑒
−2𝜋𝑖𝑓𝑤

𝑡=1  
2
 with 𝑏𝑡 =

𝑡−𝑡 

  𝑡−𝑡  2𝑤
𝑡=1

 and 𝑆(𝑓) denotes the sample power spectrum of 𝜀𝑡  

given as 𝑆 𝑓 =
1

2𝜋
 𝛾 0 + 2 𝛾 𝜅cos(2𝜋𝑓𝑘𝑤−1

𝜅=1  . 𝛾 𝜅  denotes the estimate of the 𝑘th order autocovariance of 

𝜀𝑡 , given as 𝛾 𝜅 =
1

𝑤
 𝜀 𝑡+𝑘𝜀 𝑡

𝑤−𝑘
𝑡=1  for 𝑘 > 0, where 𝜀 𝑡 = 𝑌𝑡 − 𝑎 − 𝛽 𝑡 are the estimated residuals (𝑎 = 𝑌𝑡

 − 𝛽 𝑡 

and 𝑌𝑡
  is the mean of the time series), and  𝛾 0 =

1

𝑤−2
 𝜀 𝑡

2𝑤
𝑡=1  for 𝑘 = 0. Thus, the estimated standard error 

of 𝛽 , 𝑠2(𝛽 ) is derived.The t-statistic for the parametric linear trend test is 𝑡 =
𝛽 

𝑠𝑘(𝛽 )
 , where 𝑘 = 1 is the 

autocovariance approach and 𝑘 = 2 the power spectrum approach.   

   Both approaches of standard error estimation have different characteristics that affect the t-statistic. The 

autocovariance approach is more sensitive to small changes in linear trend and that makes the 𝑡 =

𝛽 

𝑠1(𝛽 )
   test statistic more condescending while the power spectrum approach gives high test power to 

𝑡 =
𝛽 

𝑠2(𝛽 )
  compared to other test statistics for both correlated and white noise residuals.  
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   SSP methodology has the ability to detect all the kinds of changes on linear trend of a time series (i.e. 

significant upward changes, upward changes,significant downward changes and downward changes). 

However, when SSP will be applied on the MONSOON project use cases of aluminium and plastic 

domains it will detect specific changes, targeted to the need of each use case.  

 

3.1.1 Application in Aluminium Domain 

 

For the aluminium domain, SSP methodology has been applied on the data of BUSS mixer and more 

specifically on the variables given in the Table 3.1-1below: 

 

Table 3.1-1. BUSS mixer variables names. 
BUSS mixer Variables names 

D110-J160_COURANT_EXCITATION_VAR_MALAX 

D110-J160_INT_MAXI_MALAXEUR 

D110-J160_INT_MINI_MALAXEUR 

D110-J160_INT_MOY_MALAXEUR 

D110-J160_MES_CORRIGE_TENDANCE_BOUR 

D110-J160_MES_OUV_CLAPETS_MALAXEUR 

D110-J160_PUISSANCE_MOY_MALAXEUR 

D110-J160_TEMP_PATE 

D110-J160_VAL_SORTIE_OUVERTURE_CLAPET 

D110-J160_VIT_MOT 

 

All variables presented in Table 3.1-1 had been recorded from September 2016 until June 2017 in a 5 

second time interval. The overall recording of the BUSS mixer data for the specified period are 5235840. 

The SSP methodology had been applied on all of these variables on monthly bases and the size of the 

overlapping sliding window has values 80, 100 and 120 elements. Also, the SSP methodology is set to 

detect the significant downward changes and downward changes of the variable because these changes 

point to faults according with use case. 

 

      (a) 
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(b) 

 
Figure 3-2.Application of SSP methodology for the variable D110-J160_TEMP_PATE for September 2016 with 

sliding window size at (a) 80 and (b) 120 elements. Top plot: linear trend profile with thresholds and detected 

downward changes of linear trend (green and red dots). Bottom plot: the actual time series with detected 

changes. 

 

Figure 3-2 depicts the application of SSP algorithm on variable D110-J160_TEMP_PATE for September 

2016 when the sliding window is set at 80 (see Figure 3-2(a)) and 120 (see Figure 3-2(b)) elements. A brief 

description of the plots of the Figure 3-2(a) is given below. On the top plot, the linear trend profile of the 

tested series is given with blue line (left Y-axis). The thresholds that point to downward trend and 

significant downward trend are given with cyan lines. The detected time points of downward trend and 

significant downward trend on the linear trend profile are given with green and red dots, respectively. The 

faults specified by the industrial partner for the specified period are point with red dots (right Y-axis) 

where 0 denotes to no fault and 1 denotes to a fault. The bottom plot describes the tested time series 

with the detected downward linear trend changes on it (green dots for downward changes and red dots 

for significant downward changes). The differences between Figure 3-2(a)) and Figure 3-2(b) is that the 

linear trend profile when sliding window has size of 120 elements, is more smooth, and thus provides 

slightly better detections compared to 80 elements case. The decision of using sliding windows between 

80 and 120 elements it‟s taken after a series of simulations on this crucial parameter. 

In Figure 3-3(a) and Figure 3-3(b) are depicted the detections of downward (green dots) and significant 

downward (red dots) changes on variable D110-J160_TEMP_PATE for a period of a single fault and for a 

period of multiple faults, respectively. From Figure 3-3(a) it is clear that the SSP methodology detects the 

two types of downward changes almost instantly with the occurrence of the fault. Moreover, the 

methodology detects continuously all the slight droppings of variable D110-J160_TEMP_PATE time series 

after the occurrence of the fault (see Figure 3-3(a) – bottom plot), compare to the values of variable D110-

J160_TEMP_PATE, when no fault occurs. Same holds also for the case of multiple faults (see Figure 3-3(b) – 

bottom plot). Again, the algorithm manages to detect all the droppings (both slight and hard) on tested 

time series. 
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(a) 

 
      (b) 

 

 

Figure 3-3. Detected significant downward (red dots) and downward (green dots) changes on variable D110-

J160_TEMP_PATE for September 2016 for (a) a single fault and (b) multiple faults. Top plot: linear trend 

profile with thresholds and detected downward changes of linear trend (green and red dots). Bottom plot: the 

actual time series with detected changes. 

 

In Figure 3-4 and Figure 3-5 are depicted the SSP methodology detections on variables D110-

J160_INT_MOY_MALAXEUR and D110-J160_VIT_MOT, respectively. The findings for these variables are the 

same as in the case of D110-J160_TEMP_PATE for September 2016 and the methodology manage to 

detect the deviations of linear trend from no trend situation. The output of SSP methodology is as much 

the same for the rest of variables and the rest of months, and so they are not presented in this document.  
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Figure 3-4. Detected significant downward (red dots) and downward (green dots) changes on variable D110-

J160_INT_MOY_MALAXEUR for September 2016 for (a) a single fault and (b) multiple faults. Top plot: linear 

trend profile with thresholds and detected downward changes of linear trend (green and red dots). Bottom 

plot: the actual time series with detected changes. 

 

Figure 3-5. Detected significant downward (red dots) and downward (green dots) changes on variable D110-

J160_VIT_MOT for September 2016 for (a) a single fault and (b) multiple faults. Top plot: linear trend profile 

with thresholds and detected downward changes of linear trend (green and red dots). Bottom plot: the actual 

time series with detected changes. 
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At the Appendix the detection results for variables D110-J160_TEMP_PATE and D110-

J160_INT_MOY_MALAXEURfor October and November 2016 and with sliding window size se at 120 

elements are depicted. The findings are similar with the cases presented so far.  

At its current version SSP methodology detects the downward and the significant downward linear trend 

changes standalone for each time series. At its current version, the proposed methodology can be 

deployed on the Runtime Container of MONSOON platform for real time detections of downward and 

significant downward changes. In the future work we are aiming to provide detections using multiple 

outputs from several time series regarding this use case.   

 

3.1.2 Application in Plastic Domain 

 

For the plastics domain, SSP methodology has been applied on the data from the molding machine and 

more specifically on the variables given in the table below: 

Table 3.1-2.Molding machine variables names. 

Variables names Variables names (English) 

Tpo Cicl.C [s] Cycle time 

Almof Massa [mm] Residual melt cushion 

Tpo PlastC [s] Plastification time 

Curso PlastC [mm] Dosing hub 

Tpo Inj.C [s] Injection time 

Comut PrMassZ [bar] Pressure at v/p-switchover 

Perc. comut. C [mm] v/p-switchover position 

Max PrMass [bar] Max cycle pressure 

Cilind Z 11 [C] Cylinder temperatures 

Cilind Z 9 [C] Cylinder temperatures 

Cilind Z 5 [C] Cylinder temperatures 

Cilind Z 4 [C] Cylinder temperatures 

Cilind Z 3 [C] Cylinder temperatures 

Cilind Z 2 [C] Cylinder temperatures 

Cilind Z 1 [C] Cylinder temperatures 

Flange Z15 [C] Flange temperature 

FechMld tempo C [s] Mold opening and mold closing time 

Impl FF Tempo C.1 [s] Time to reach/reduce clamp force 

Impl FF Tempo C [s] Time to reach/reduce clamp force 

Abr Mld Tempo C [s] - 

Tempo refriger. C [s] Cooling time 

Desen-formar [s] Ejection time 

Tempo pausa C [s] Break time 

Pr Post Tempo C [s] Holding time 

Equiv. molde - 

Indice-Visc - 

Ar max PrMass [bar] - 

Area PrMass [bar*s] - 

Ar max Potenc. [kW] - 

Area Potenc. [Wh] - 

Ar max PercInj [mm] Dosing hub 

Area PercInj [mm*s] - 

Ar max Ve-Inj [mm/s] Injection speed 
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Variables names 

(continue) 
Variables names (English) 

Area Ve-Inj [mm/s*s] - 

Temp Z101 [C] Coolant temperature 

Temp Z102 [C] Coolant temperature 

 

All variables presented in Table 3.1-2 had been recorded in 2017, in 40 different trials. For each trial, a 

different set of melt temperature, cooling time, holding pressure, holding time, injection speed and mold 

temperature parameters had been set. Moreover, for each trial the molding machine was working for a 

number of cycles as a pre-testing phase. When the pre-processing phase ends successfully, the 

production phase cycles start. For this process, 1764 cycles had been recorded (pre-processing and 

production). The SSP methodology had been applied on all of these variables per trial.  

 

 
Figure 3-6.Correlation matrix of molding machine variables for the 40 trials at pre-processing phase. 

 

In Figure 3-6, the correlation matrix of recorded molding machine variables during the 40 trials at pre-

processing phase is given, in an effort to extract patterns of significant correlation or anti-correlation 

among variables. One can see that there is significant positive correlation between the cylinders 

temperatures, between ejection time and break time and between coolant temperatures. Negative 

correlations (anti-correlation) were observed between cylinders temperatures and Pressure at v/p-

switchover, between cylinders temperatures and plastification time and between cylinders temperatures 

and max cycle pressure.  

Because of the fact that the number of pre-processing cycles is limited between 12 and 53, the size of the 

overlapping sliding window has only 12 elements. At this time, the SSP methodology is set to detect all 

kind of linear trend changes (significant downward changes, downward changes, significant upward 

changes and upward changes), of the variable because all the possible deviations from a normal process 

have to be detected. It has to be mentioned that in recorded 40 trials, some of them are denoted as not 

successful ones and thus, don‟t have a production phase. However, the SSP methodology had been 

applied on these cases so as to reveal crucial differences in linear trend of variables compared to 

successful trials. 
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Figure 3-7. Molding machine features – PCA 

ranking. 

 

 
Table 3.1-3. Top-20 features selected with PCA. 

Variables Variables 

Ar max PrMass [bar] Cilind Z 3 [C] 

Ar max Potenc. [kW] Tempo refriger. C [s] 

Area PrMass [bar*s] Equiv. molde 

Pr Post Tempo C [s] Indice-Visc 

Area PercInj [mm*s] Flange Z15 [C] 

Temp Z101 [C] Impl FF Tempo C [s].1 

Ar max PercInj [mm] Impl FF Tempo C [s] 

Area Ve-Inj [mm/s*s] Cilind Z 4 [C] 

Data-Tpo Temp Z102 [C] 

FechMld tempo C [s] Cilind Z 1 [C] 
 

 

   A feature selection technique (Principal Component Analysis – PCA) has been applied on the data of 

Table 3.1-2 in an effort to find the most significant and important variables that “carry” a vast amount of 

the overall dataset information, so as to apply on them the SSP methodology. In Figure 3-7, the feature 

importance of molding machine features, according to PCA, are depicted, and the top-20 features are 

given in Table 3.1-3.   

Moreover, despite the fact that PCE feature selection technique proposed the variables of Table 3.1-3, the 

significant variable proposed by the process experts are eight (8), denoted hereafter as experts-8  and are 

given below: Tpo Cicl.C [s] (Cycle time – Ts1), Tpo PlastC [s] (Plastification time – Ts2), Tpo Inj.C [s] 

(Injection time – Ts3), Cilind Z 11 [C] (Cylinder temperature – Ts4), Cilind Z 11 [C] (Cylinder temperature – 

Ts5), Pr Post Tempo C [s] (Holding time – Ts6), Ar max Ve-Inj [mm/s] (Injection time – Ts7) and Temp Z101 

[C] (Coolant temperature – Ts8). Thus, the SSP methodology had been applied both on top-20 and 

experts-8 features. 

 

      (a) 
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(b) 

 
Figure 3-8.SSP methodology on top-20 features of trial No. 1 for (a) the pre-processing phase and (b) the 

production phase. 

 

Figure 3-8 shows the application of SSP methodology on top-20 features of trial no. 1 for the pre-

processing phase (see Figure 3-8(a)) and the production phase (see Figure 3-8(b)). The findings show that, 

despite the fact that there are some deviations from the no – linear trend situation in some variables in 

the pro-processing phase, these deviations were considered as normal. On the other hand, the application 

of SSP methodology on the non-successful trial (25) (see Figure 3-9), reveal that most of the features 

present many upward and downward changes on their linear trend, compare to a successful trial (see 

Figure 3-8(a) and Figure 3-9). However, some fault scenarios need to be defined for thein order to use this 

multi-application approach of SSP on top-20 plastic variables. Same findings also exist for the expert-8 

variables. 

 

 
Figure 3-9.SSP methodology on top-20 features of Trial 25 for the pre-processing phase. 

 

In order to find patterns on the formation of the linear trend profile of the top-20 features, we proceed 

with a frequency analysis of the crossings of linear trend profile. The POIs (Points Of Interest) define all the 
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crossings of the linear trend profile of 5 pre-defined areas of the SSP methodology plot (see Figure 3-10 

along with Table 3.1-4).  

 

 
Figure 3-10. Crossings of linear trend profile. 

 
Table 3.1-4. POIS definition. 

POIS Definition 

POI1 POIs inside the upper threshold of the plot 

POI2 POIs above the upper threshold of the plot 

POI3 POIs inside the lower threshold of the plot 

POI4 POIs below the lower threshold of the plot 

POI5 POIs between thresholds 
 

 

Because of the fact that the number of cycles in pre-processing phase of parameters is not constant, we 

have selected the percent (%) measure so as to have a common measure to compare the distribution of 

the points of linear trend profile in these five (5) areas. On the POIs matrices (see POIs matrices sheet) is 

recorded the percentage of linear trend profile on the specific area when the pre-testing process is 

finished and NOT during the testing of cycles or on average. This process had been applied on the expert-

8 variables for the pre-processing phase (see Table 3.1-5). 

 

Table 3.1-5.Frequency analysis (percentage) of POI1 (upper left), POI2 (upper right), POI3 (lower left) and 

POI4 (lower right). 

 
Trials Ts1 Ts2 Ts3 Ts4 Ts5 Ts6 Ts7 Ts8 

0 4.35 21.74 0.00 0.00 8.70 0.00 8.70 8.70 

1 0.00 9.09 0.00 0.00 0.00 0.00 0.00 4.55 

2 6.67 0.00 11.11 0.00 0.00 0.00 2.22 2.22 

3 4.76 4.76 0.00 0.00 0.00 0.00 0.00 23.81 

4 7.14 0.00 0.00 0.00 0.00 0.00 0.00 14.29 

5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

6 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

7 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

8 0.00 29.41 0.00 0.00 0.00 0.00 0.00 0.00 

9 20.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

10 10.00 10.00 0.00 0.00 0.00 0.00 0.00 0.00 

11 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

12 0.00 20.00 0.00 0.00 0.00 0.00 0.00 0.00 

13 0.00 0.00 0.00 0.00 0.00 0.00 0.00 20.00 

14 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

15 0.00 0.00 0.00 0.00 6.25 0.00 0.00 25.00 

16 13.33 6.67 0.00 0.00 0.00 0.00 0.00 0.00 

17 0.00 0.00 0.00 0.00 0.00 0.00 0.00 23.08 

18 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

19 7.41 7.41 0.00 0.00 0.00 0.00 0.00 3.70 

20 0.00 0.00 0.00 0.00 0.00 0.00 0.00 23.08 

21 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

22 0.00 0.00 0.00 0.00 0.00 0.00 0.00 20.00 

23 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

24 15.52 25.86 0.00 0.00 0.00 0.00 1.72 13.79 

25 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

26 4.76 0.00 0.00 0.00 0.00 0.00 9.52 4.76 

27 0.00 0.00 0.00 0.00 0.00 0.00 8.33 8.33 

28 0.00 17.24 0.00 0.00 0.00 0.00 3.45 17.24 

29 0.00 9.09 0.00 0.00 0.00 0.00 0.00 0.00 

30 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

31 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

32 10.00 5.00 0.00 0.00 20.00 0.00 0.00 0.00 

33 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

34 0.00 0.00 0.00 0.00 0.00 0.00 0.00 12.50 

35 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

36 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

37 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

38 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

39 0.00 0.00 0.00 0.00 0.00 0.00 0.00 13.33 

40 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
 

Trials Ts1 Ts2 Ts3 Ts4 Ts5 Ts6 Ts7 Ts8 

0 26.09 73.91 0.00 0.00 0.00 0.00 0.00 13.04 

1 27.27 54.55 0.00 0.00 0.00 0.00 0.00 0.00 

2 22.22 73.33 0.00 0.00 0.00 0.00 0.00 0.00 

3 0.00 38.10 0.00 0.00 0.00 0.00 0.00 0.00 

4 35.71 92.86 0.00 0.00 0.00 0.00 0.00 0.00 

5 0.00 50.00 0.00 0.00 0.00 0.00 0.00 0.00 

6 0.00 50.00 0.00 0.00 0.00 0.00 0.00 75.00 

7 0.00 60.00 0.00 0.00 0.00 0.00 0.00 60.00 

8 0.00 5.88 0.00 0.00 0.00 0.00 0.00 0.00 

9 0.00 40.00 0.00 0.00 0.00 0.00 0.00 0.00 

10 20.00 60.00 0.00 0.00 0.00 0.00 0.00 0.00 

11 0.00 60.00 0.00 0.00 0.00 0.00 0.00 0.00 

12 0.00 20.00 0.00 0.00 0.00 0.00 0.00 0.00 

13 0.00 40.00 0.00 0.00 0.00 0.00 0.00 60.00 

14 0.00 85.71 0.00 0.00 0.00 0.00 0.00 0.00 

15 0.00 93.75 0.00 0.00 0.00 0.00 0.00 0.00 

16 26.67 53.33 0.00 0.00 0.00 0.00 0.00 0.00 

17 0.00 84.62 0.00 0.00 0.00 0.00 0.00 23.08 

18 0.00 81.82 0.00 0.00 0.00 0.00 0.00 0.00 

19 29.63 85.19 0.00 0.00 0.00 0.00 0.00 0.00 

20 0.00 84.62 0.00 0.00 0.00 0.00 0.00 0.00 

21 0.00 75.00 0.00 0.00 0.00 0.00 0.00 75.00 

22 0.00 80.00 0.00 0.00 0.00 0.00 0.00 0.00 

23 0.00 70.00 0.00 0.00 0.00 0.00 0.00 0.00 

24 5.17 20.69 0.00 0.00 0.00 0.00 0.00 13.79 

25 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

26 0.00 80.95 0.00 0.00 0.00 0.00 0.00 9.52 

27 0.00 91.67 0.00 0.00 0.00 0.00 0.00 0.00 

28 0.00 44.83 0.00 0.00 0.00 0.00 0.00 10.34 

29 0.00 81.82 0.00 0.00 4.55 0.00 0.00 0.00 

30 0.00 83.33 0.00 0.00 0.00 0.00 0.00 0.00 

31 0.00 87.50 0.00 0.00 0.00 0.00 0.00 0.00 

32 40.00 90.00 0.00 0.00 0.00 0.00 0.00 0.00 

33 0.00 87.50 0.00 0.00 0.00 0.00 0.00 0.00 

34 0.00 62.50 0.00 0.00 0.00 0.00 0.00 62.50 

35 0.00 94.44 0.00 0.00 0.00 0.00 0.00 0.00 

36 0.00 70.00 0.00 0.00 0.00 0.00 0.00 0.00 

37 0.00 90.00 0.00 0.00 0.00 0.00 0.00 0.00 

38 0.00 71.43 0.00 0.00 0.00 0.00 0.00 0.00 

39 0.00 86.67 0.00 0.00 0.00 0.00 0.00 0.00 

40 0.00 83.33 0.00 0.00 0.00 0.00 0.00 0.00 
 



 Model based control framework for Site-wide OptimizatiON of data-intensive processes 

 

Deliverable nr. 

Deliverable Title 

Version 

D5.1 

Initial Trend Analysis Functions 

1.0 – 29/12/2017 

Page 30 of 61 

 

Trials Ts1 Ts2 Ts3 Ts4 Ts5 Ts6 Ts7 Ts8 

0 8.70 0.00 8.70 0.00 17.39 0.00 0.00 0.00 

1 13.64 0.00 13.64 0.00 18.18 50.00 0.00 4.55 

2 11.11 4.44 4.44 0.00 6.67 0.00 11.11 11.11 

3 9.52 4.76 4.76 0.00 0.00 0.00 4.76 0.00 

4 7.14 0.00 0.00 0.00 7.14 42.86 0.00 0.00 

5 0.00 0.00 0.00 0.00 0.00 16.67 0.00 0.00 

6 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

7 20.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

8 0.00 0.00 5.88 0.00 0.00 0.00 0.00 0.00 

9 40.00 0.00 40.00 0.00 0.00 0.00 0.00 0.00 

10 20.00 0.00 20.00 0.00 10.00 30.00 10.00 10.00 

11 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

12 60.00 0.00 60.00 0.00 20.00 0.00 0.00 0.00 

13 40.00 0.00 40.00 0.00 0.00 0.00 0.00 0.00 

14 0.00 0.00 0.00 0.00 0.00 42.86 0.00 42.86 

15 0.00 0.00 0.00 0.00 0.00 43.75 0.00 0.00 

16 20.00 0.00 26.67 0.00 20.00 0.00 0.00 6.67 

17 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

18 0.00 0.00 0.00 0.00 9.09 0.00 0.00 27.27 

19 3.70 0.00 0.00 0.00 7.41 0.00 3.70 0.00 

20 15.38 0.00 0.00 0.00 0.00 0.00 7.69 15.38 

21 0.00 0.00 0.00 0.00 25.00 0.00 0.00 0.00 

22 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

23 0.00 0.00 0.00 0.00 0.00 30.00 0.00 20.00 

24 1.72 1.72 3.45 0.00 3.45 0.00 3.45 0.00 

25 0.00 0.00 0.00 0.00 0.00 0.00 0.00 20.00 

26 4.76 0.00 4.76 0.00 0.00 47.62 9.52 0.00 

27 16.67 0.00 16.67 0.00 8.33 0.00 0.00 0.00 

28 10.34 10.34 10.34 0.00 3.45 51.72 6.90 0.00 

29 9.09 0.00 9.09 0.00 4.55 0.00 4.55 9.09 

30 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

31 0.00 0.00 0.00 0.00 0.00 37.50 0.00 0.00 

32 10.00 0.00 10.00 0.00 10.00 0.00 0.00 10.00 

33 0.00 0.00 0.00 0.00 0.00 37.50 0.00 0.00 

34 0.00 0.00 0.00 0.00 0.00 37.50 0.00 0.00 

35 5.56 0.00 0.00 0.00 11.11 50.00 0.00 5.56 

36 10.00 0.00 0.00 0.00 10.00 30.00 0.00 0.00 

37 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

38 14.29 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

39 13.33 0.00 13.33 0.00 20.00 0.00 0.00 0.00 

40 0.00 0.00 0.00 0.00 8.33 0.00 0.00 0.00 
 

Trials Ts1 Ts2 Ts3 Ts4 Ts5 Ts6 Ts7 Ts8 

0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

1 0.00 0.00 0.00 0.00 9.09 0.00 0.00 0.00 

2 0.00 4.44 0.00 0.00 0.00 0.00 6.67 6.67 

3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

4 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

6 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

7 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

9 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

10 0.00 0.00 0.00 0.00 0.00 0.00 10.00 30.00 

11 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

12 40.00 0.00 40.00 0.00 40.00 0.00 0.00 20.00 

13 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

14 0.00 0.00 0.00 0.00 0.00 0.00 0.00 14.29 

15 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

16 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

17 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

18 0.00 0.00 0.00 0.00 0.00 0.00 0.00 27.27 

19 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

20 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

21 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

22 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

23 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

24 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

25 0.00 10.00 0.00 0.00 0.00 0.00 0.00 30.00 

26 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

27 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

28 0.00 0.00 0.00 0.00 0.00 0.00 3.45 0.00 

29 0.00 0.00 0.00 0.00 0.00 0.00 0.00 13.64 

30 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

31 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

32 0.00 0.00 0.00 0.00 5.00 0.00 0.00 20.00 

33 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

34 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

35 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

36 0.00 0.00 0.00 0.00 10.00 0.00 0.00 0.00 

37 0.00 0.00 0.00 0.00 0.00 0.00 0.00 30.00 

38 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

39 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

40 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
 

 

From the analysis of POIs made so far, no specific patterns were revealed that can differentiate a 

successful from a non-successful trial, but the research is still on going.   

 

3.2 Matrix Profiles to Find Repeating Patterns 

   Time series motifs are the subsequence of a time series that are similar to each other. Discovery of 

motifs in a time series is getting significant attention in data mining community, especially in the fields of 

biomedicine, seismology etc. Motifs are helpful in identifying important events that are re-occurring and 

are useful in further cause-effect analysis. One of the significant method for finding out motifs in a time 

series is the usage of data structure called Matrix Profiles. 

   Matrix profiles are the vectors storing the Euclidean distance between all the sub-sequences (of fixed 

length) and their nearest neighbours. The sub-sequences having minimum values of matrix profiles have 

the closest match somewhere in the time series. These sub-sequences are motifs. An additional numeric 

vector called Matrix Profile Index helpsin indexing their closest matches. The article [4] has the formal 

definitions of these vectors. Best motifs (i.e. closely matching motifs) in a time series can be easily 

calculated with the help of matrix profile and matrix profile index. Further motifs can be found similarly by 

picking the second most similar motifs with second smallest matrix profile values and so on. A novel 

pattern has the highest matrix profile value, i.e. with no closely matching subsequence. This might 

represent an anomaly in a periodically repeating time series. 
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Figure 3-11. An example time series (red line) and corresponding matrix profile (blue line). In this example, 

the subsequence starting at 378 has a distance of 34.1 to its nearest neighbour. This does not show where 

exactly the nearest neighbour is. However, it is visually seen that it should be starting at either 1378 or 2378. 

Matrix Profile Index does this job by storing the index of nearest match (not shown in this picture). Image 

source: Tutorial by Abdullah & Keogh, 2017[5]. 

 

   The Matrix Profiling is useful when the analyst wants to have an initial insight about a time series data 

by finding frequently occurring motifs.  STOMP algorithm [6] is one of the ways to find out the matrix 

profiles for a time series data efficiently. The advantage of STOMP is that it is well suited for parallel 

computing frameworks (hence GPUs). 

 

3.2.1 Application in Plastic Domain 

Since the initial set of data from plastic domain is not labelled, it is important to find some interesting 

repeating patterns in the data so that it can be shown to plastic domain experts for further investigation. 

The implementation of STOMP algorithm finds out the top matching and repeating patterns in a 

univariate time series. One of the future possibilities is to extend the same logic for multivariate time 

series so that multiple parameters of the plastic data are covered at a time. The algorithm uses z-

normalized Euclidean distance to match the patterns. 

   One of the useful pattern obtained by applying STOMP is decrease in plastification time and at the same 

time, increase in cycle time. Plastic domain expert from KIMW crosschecked the patterns. The algorithm is 

further extended to find all the subsequences that follow the same pattern. Figure 3-12 shows the 

occurrence of these patterns in entire time series.  
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Figure 3-12. Increase in cycle time and decrease in plastification at the same time. The same pattern has 

repeated multiple times in the initial set of plastic data. CyccycTim is cycle time and CycPltTim is plastification 

time. 

 

One way of extending this algorithm is to use the streaming approach to detect the patterns in real time 

in run time container. However, predictions of these patterns are more useful than the detection. This is a 

future work. 

 

 

 
Figure 3-13.Occurrence of patterns shown in 3-13 in the entire time series. 

 

   Decision Tree is a machine-learning model that uses tree for decisions or consequences.  Each node in 

the tree represents a condition on a parameter and each branch represents the outcome or the 

consequence of the conditions. 
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   Plastic data with quality information of coffee capsules provided by a domain expert from KIMW is 

analysed with decision trees. Decision tree is applied on cleaned data. Each cycle in the coffee capsule 

production is considered “high quality” if the total number of correct capsules produced during the cycle 

is higher than or equal to 25. Otherwise, they are considered “low quality”. Here is the result of 

classification on the data with quality information: 

 
Figure 3-14.Decision tree on the plastic data with quality information. This tree shows that the holding time 

(PrPostTempoC) is the important parameter on deciding the quality of capsules. 

 
Though, decision tree is the basic method for data initial trend analysis, they are helpful for finding out 

the characteristics of data that are not visible in bare eyes. Decision trees can be deployed in runtime 

containers to detect the probability of defective cycles. 

 

3.3 Visualization based Pattern Recognition 

The standard methodologies for the data analysis process were employed. Thus, the 6 steps process 

described by CRISP-DM or SEMA [1, 2] was adopted. All 6 steps of this process were already described in 

MONSOON deliverable D2.7 (see section 2.1 there). To emphasize that the process itself is not a waterfall 

but rather an iterative one, the graphical form depicting dependencies between these steps is presented 

here (there are various interactions between steps and loops see Figure 3-15). The linear data analysis 

technique implemented aims at minimization for need of data science knowledge (e.g. complex statistical 

characteristics of data set) by the end user (e.g. process operator). Also the usability potential of the 

predictive function in the real manufacturing environment was taken into account, meaning that the 

human interpretation of such predictive function should be possible and such interpretation should be 

quite intuitive (at least for process operator). These aspects are described in detail in the text below next 

(sub)sections, where the application of the methodology for first use case (coffee capsules scenario) of 

plastic domain is reported. 
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Figure 3-15.Common data analysis methodology. 

 

The typical interactions between steps in the methodology are in case of data preparation and modelling. 

Once the algorithm for machine learning is changed it can have impact on data preparation (e.g. one 

algorithm can work with missing values while the other cannot). The evaluation of the model usually gives 

new knowledge (e.g. some important details) to Business understanding. Business understanding goes 

hand in hand with data understanding as the data scientist can realize new things while analyzing the data 

set and these can be discussed/verified with domain expert. The whole data analysis process is considered 

as one loop, since after deployment the demand for new variables to be measured can occur. Such 

situation invokes new cycle. Also, new values for variables (that are already used in models deployed are 

collected and the models have to be updated, evaluated and possibly deployed again. 

 

3.3.1 Application in Plastic Domain 

 

Business understanding 
 

Problem / Business process understanding in the plastic domain is bound with the quality of the 

production of coffee capsules (first use case). The capsules with improper quality are rejected. Thus the 

relative number of rejected capsules is a significant factor that affects KPIs (namely: Waste reduction, 

Gross process efficiency as well as Recycling rate). Simply, the more rejected capsules the worse KPIs. In 

numbers, there are about 1 million coffee capsules produced per day and about 3 % of the production is 

rejected due to improper quality. Thus, the waste, that cannot be recycled within the factory,  is about 

30.000 capsules per day.  

 

Requirement on data analysis 

The requirement on data analysis (linear data analysis in case of T5.1) can be loosely defined as finding of 

the possible cause of such improper quality. Thus, finding the right Working Window in terms of values 

and/or interval of values of measurable technical parameters of production process is the goal. Such 

values and/or intervals will also define thresholds between good and bad production set-ups. It is 

foreseen (required) that by employing the predictive functions based on the (historical) data analysis, the 

relative number of capsules that meet the quality criteria will grow and thus the related KPIs will be 

improved.  
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Relevant facts about the manufacturing process 

In order to assess the most relevant dependencies in the production process and to estimate the factors 

that can have a major impact on the production quality, the analysis of the production process was 

performed. The important details about the whole production process was analyzed together with the 

domain experts (in this case KIMW and GLN). Also, the specific factors of the data measurement process 

were discussed with these experts (see Data understanding step below).  

   The basis for the discussion was the internal MONSOON document named as “Explanation” produced 

by KIMW. It describes the molding process in details (the molding process is divided into 3 phases and 

gives more info about them as well as covers basic dependencies and constraints that exist in the 

production). Note, the facts described below go beyond above mentioned internal document - 

Explanation - and were extracted entirely from the discussions with the experts. 

 

Background information 

There might be (or rather there are) turbulent flows of plastic melt when injected to the mould. Also there 

might be not melted parts of plastic granules in melt when injected to the mould under certain 

conditions. Both of these phenomena influence the production of plastic parts using mould while the 

boundary conditions for both of these phenomena are hardly predictable. 

 

Importance of production phase 

A well-defined holding phase (holding pressure and holding pressure time) significantly increase the 

quality of the manufactured parts. Too small holding pressure/time lead to higher shrinkage/warpage and 

sink marks. Too big holding pressure leads to over-packing of the cavity which leads to bigger parts 

(higher dimensions) and a high wearing of the mould cavity and the plastification unit. 

 

Holding pressure 

Based on the mentioned document - Explanation -, the holding pressure seemed to influence the quality 

of the capsules significantly.  

   In case the holding pressure is too low the capsules can stick at the die side and will not be ejected 

properly what can (in worst case) cause a crash. However there is a protection of the molding tool that 

stops the machine and interrupts the molding process (this can be seen in data as a „brake‟ in the 

production) in such case. Even the protection works, the interruption of the manufacturing process is not 

welcomed and has impact on KPIs. 

   In case the holding pressure is too high the density (and therefore the weight) and the dimensions 

(height and diameter) of the capsules are increasing. The rejection of the capsules is only caused by the 

dimensions. This effect can easily be corrected by the adjustment of the process. Certainly, the less such 

adjustment due to quality issues the better for KPIs. 

 

Flange temperature 

The Flange temperature is measured directly after the hopper, where the plastic granules are threaded 

into the plastification unit. At the beginning solid material is conveyed. It is packed in the first screw 

channels and then melts mainly due to friction and a little bit due to electric heating. If the flange 

temperature is too high the granules are melting at their surface, stick together and interrupt the material 

flow (thus the production) of the solid granules. Therefore the flange temperature should not be too high. 

Normally, the flange cannot be cooled but the heating belt can be switched. There is no parameter 

available to measure the sticking together of the granules. This is technically not possible. 

Sticking of granules due to high flange temperature is not an issue at GLN. There the opposite problem is 

more likely to occur, meaning that the granules are not fully melted when they are leaving the screw. This 
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could be solved by a higher rotation speed of the screw during the plastification as well as well as 

increasing the plastification stroke to force the material to stay longer in the space in front of the screw. 

We have to see if this be a problem when the new machines are running at GLN and when new 

production data are available. 

 

Residual melt cushion  

The only parameter indicating the defect in the molding tool (which is affected by a sticking part) is the 

residual melt cushion. There is a strong deviation (about 8 % compared to the mean value, normal would 

be 1-3 %). A defect of the molding tool cannot be detected by monitoring of technical variables, because 

“defect” in this case means a mechanical defect (broken ejectors, broken inserts or cores). These defects 

can only be detected if the process is stopped and someone looks into the molding tool. Each injection 

molding machine has some parameters which should be used to prevent damage from the molding tool 

caused from anything which is in the parting plane when the mold is closed. These parameters cannot be 

exported. It is possible that the internal mould protection system could be strengthened by monitoring 

deviations of residual melt cushion and informing the process operator about it (i.e. in case certain 

threshold is reached). 

 

Temperature of plastic melt vs pressure 

In case of higher temperature of plastic melt and thus lower polymer viscosity leads to a smaller max 

pressure. Regarding this it would be possible to optimize the holding pressure because literature 

recommendation says that the holding pressure should be between 50 - 70 % of the max pressure. 

As written in the document - Explanation -, the filling pressure (and max cycle pressure) can be lower in 

case of higher temperature as viscosity goes down. 

In general higher temperatures (of the melt/of the coolant) lead to higher cycle times because the thermal 

energy of the plastic melt has to be removed by cooling, so the cooling time increases. Also the holding 

time can be increased because the plastic melt is longer “liquid”. As long as the gate is not frozen the 

holding pressure has to be kept up. If the temperature of the plastic melt is higher it takes longer to cool 

it under the freezing temperature. 

The process window in terms of plastic melt temperature is defined. However, if the plastic parts are 

difficult to manufacture the process window must be defined for the specific plastic part. The molding 

window will then be smaller.  

 

Quality criteria 

   Diameter Height and Number of holes are defined as quality criteria. Capsule with good quality has its 

diameter within interval 39,1 +/- 0,1 mm, its height within interval 19,45 +/- 0,1 mm and number of holes 

is 56 (note, the holes are visually controlled this number cannot be extracted). Incompliance with one of 

these criteria means capsule is rejected. If there is a systematic error (picture of holes not ok, diameter 

always too big or too low) this is more likely to be caused by a mould damage.  There is one problem in 

the manufacturing process that cause some information is lost.  There is a conveyor belt between the 

manufacturing machines and the visual control system. The cycle time is about 6.5 s and there are about 

six machines producing parts parallel. Due to this the information related to which part was manufactured 

by which injection molding cycle is lost. If rejections are occurring it can be said that this part was 

manufactured by this special machine and in this special cavity (with the help of the three character 

number, i.e. 701 -> 7 = mould 7; 01 = cavity number 01). But we cannot say when this part was 

manufactured because the conveyor belts (the ones out of the machine and the one carrying all 

manufactured parts) are mixing the parts.Note, one additional quality criterion can be inferred from the 

time difference between two consequent cycles. Since when mould protection stops the process, there is 
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a certain time needed to start the process again. Such difference means (in most cases) interruption due 

to the mentioned mould protection event (as discussed with the domain experts) and the values of the 

technical parameters before the event can hold some relevant information. Based on such information the 

event might be predicted. However, in the data set analysed the event occurred once only. Thus, the event 

was not investigated. 

 

Conclusions 

The range of technical parameters (most significantly Temperature of plastic melt Max pressure vs. 

releasing pressure and times of phases - basically Pressures, Temperatures and Times play the main role) 

is well defined in the literature for the production process investigated. Thus, working window for smooth 

production of plastic goods is clear in theory.  However, each production has its own specific 

characteristic and the window can be a bit different per each production part. Thus, an experimental 

search for working window with emphasis to the above described parameters (but not only them) makes 

sense to do to achieve the requirement on the data analysis process. The supporting facts for 

experimental search of working window are also possible turbulent flows as well as not melted parts of 

plastic granules that might be present in melt under certain conditions. 

 

Data understanding 
 

The approach used for data understanding should enable to create linear model in next steps of the 

analysis. Also, the approach should be easily replicated in other plants as well as understandable by a 

person without knowledge about data analysis and without statistical background.  Thus, an attempt to 

spot (linear) patterns, by understanding the relationship in the data with help of graphical representation 

was proposed. Two techniques were used to follow the approach. This should support the WP goal (“To 

research and develop novel techniques that fully exploit trend analysis in cross-sectorial data sources 

towards early detection of potential malfunctions and instability”). Before the descriptions of these 

techniques for the case (optimization of capsules production in the plastic plant), the current state of data 

from plastic plant has to be introduced.  

   The data from GLN production line contain measurements for each production cycle. Each cycle 

produces 32 capsules from which 29 are monitored. There are 53 technical parameters per each cycle 

(including time stamp and cycle number). Quality parameters of capsules are also measured and 

associated with each cycle (the mapping is not precise as explained in the process understanding above). 

Currently, the (only) available data comes from trials that were done in July 2017. There are data about 41 

trials. Each trial contains about 20 production cycles. These data can be considered as a basis for 

sensitivity analysis that should enable to (empirically) find the influence (and thus the thresholds) of most 

significant parameters on the quality of capsules production. These data contains also associated quality 

measurements per each cycle. Therefore, the diameter, the height and results (Good/Bad) of the visual 

control of the holes in the capsules are available. Some of the values are missing, likely due to the fact 

that capsules did not get to the quality measurement incidentally (since they stayed in the belt or in the 

converter - i.e. between mould and quality measurement point). In some cycles the whole quality values 

are missing. 

 

Data characteristics 

Each trial was done under specific setup of technical parameters. The statistical analysis per each trial was 

done (by KIMW). These analyses were used for further data understanding. The most important result (for 

this work) is that the dispersion of values is quite low within each trial and also that the quality measures 

are similar within one trial. 
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Correlation matrix 

The correlation matrix was consulted (see Figure 3-6) for filtering of parameters that are for linear analysis. 

 

Date understanding employing data Visualization 

First, analysis of Outliers versus Etalon was performed. Etalon means values of technical parameters from 

production (ideally continuous) with good quality of products/capsules. In this case (limited data-set not 

from real production) we took one sample from data, which gave product with close to ideal quality - the 

etalon. Thus one cycle was searched in the data set available that gave most capsules with diameter and 

height in the middle of ranges defined and most capsules (from 29) not rejected due to the visual control 

of holes. The cycle 13 from trial 3 from data-set was chosen as the Etalon. On the other hand the outliers 

have worst samples. Two samples from different trials were chosen for each of three quality criteria. The 

bar charts displaying the relative difference between etalon and outliers was visualized (see below Figure 

3-16, Figure 3-17, Figure 3-18 and Figure 3-19in the modelling step) 

   The highest relative differences were spotted from these charts. Also the pattern of the „wrong‟ set-up 

was extracted considering both 2 outliers per one quality criterion. Thus, parameters significantly different 

for both outliers were taken into account for the modelling (see modelling step). These parameters were 

also taken into next step of visualization. (Note we also verified these filtering based on the correlations 

matrix). The background between such filtering is that the linear separation of outliers and production 

window can be done using only the parameters that changed (significantly) or have strong correlation to 

the dependent goal (quality) parameters. The list of selected parameters can be seen in the modelling 

based on first visualization technique below. 

 

Plotting 

Plotting is a technique that takes plot as a graphical representation of the data set, in form a graph 

showing the relationship between two (or more) variables. The plotting of the parameters selected in the 

previous step (reduced data set) with the quality parameters was done. There are 3 sets of plots for each 

selected technical parameter (exceptions are 2 parameters chosen for quality of holes), giving one plot per 

one technical parameter (X axis) displayed in combination with one quality criterion (Y axis). In total 56 

graphs were created. Such plotting was adjusted in order to enable visual checking of ranges of technical 

parameters that gives (mostly) good and (mostly) bad products. Plots that gave the best visual distinction 

between outliers and working window are presented in the Modelling step. 

 

Data preparation 
 

Small pieces of data in form of few entries with values of technical parameters of production cycles were 

available. These entries had to be integrated and the quality values (separated data) were associated to 

them. The integrated data-set was imported to the python based script and processed employing features 

from Pandas library. There were missing values in the data-set available. In some cases, values of all 

quality parameters were missing. There are also entries (cycles) in the data-set with some missing values 

in the quality parameters. In patterns extraction based on data visualization the whole missing 

measurements of quality values were excluded from further processing. The entries with partly missing 

quality values were used in case of diameter and height visualization and omitted in case of holes 

visualization.  
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Modelling 
 

The first visual method (Etalon versus Outlier) provides basis to construct “wide ranges” per significant 

parameters. Parameters that were significantly higher or lower in both outliers were taken into account 

only, as they enable to identify the (wide) ranges. The range was defined for each of these significant 

parameters based on the smaller difference of absolute value from both outliers compared to the Etalon 

value. Thus, the range per each parameter is expressed as [minimal parameter‟s value, Outlier value) for 

Etalon value lower than Outlier value and the opposite when Outlier‟s value is lower than Etalon value - 

thus (Outlier value, maximal parameter‟s value]. (On the samples below, the construction of these ranges 

can be clarified.) 

 

 

Figure 3-16.Graphical representation of 2 Outliers due to Too High diameter defect. It depicts relative values 

of technical parameters where the basis (X axis) represents Etalon values and the bars represents relative 

difference of Outlier values compared to Etalon values (so bar with value 22 means Outlier value is 122% of 

Etalon value). 

 

As can be seen from the graph, the risk for diameter to be higher grows with lower value of parameters 

nr. 1, 2, 3, 30, 31, 32  and 36 and with higher value of parameters nr. 9 ,22, 25, 29 and 38. It can be also 

seen that parameter 6 and 37 might play some role as their values go either significantly below or above 

the etalon value. Trying to interpret these observations, these parameters influence the (too high) 

diameter but they are negatively correlated (dependent) and thus it is harder to identify their ranges for 

the production window using this visual technique. Also, there is no intention to assess the (negative) 

correlations among these parameters here, as the correlation matrix exists. There are also 2 significantly 

higher parameters (41 and 45) that are not displayed as in one case the relative difference is more than 

100 which makes the significance of other parameters hardly visible.Concrete initial ranges for too low 

diameter (unit is present in cases it is unusual):  

 
● Interval for parameter 1 - Cycle time: (7.51, 8.06*] 

● Interval for parameter 2 - Residual melt cushion: (2.76, 10.57*]  

● Interval for parameter 3 - Plastification time: (4.7, 5.42*] 

● Interval for parameter 9 - Max cycle pressure: [284*, 376) 
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● Interval for parameter 22 - Cooling time: [2*,3) 

● Interval for parameter 25 - Holding time: [1*,1.6) 

● Interval for parameter 29 - Equiv. Mold: [18.3*, 19.7) - Not evaluated further 

● Interval for parameter 30 - Viscosity of melt: (5.92, 6.97*]  

● Interval for parameter 31 - Maximum Pressure: (317, 366*] 

● Interval for parameter 32 - Pressure-time [bar*s]: (22, 24*] 

● Interval for parameter 36 - Distance-time [mm*s] (34.4, 39.5*] 

● Interval for parameter 38 - Acceleration: [51.2*,58.3) 

● Interval for parameter 41 - Coolant temperature [8*, 10) 

● Interval for parameter 45 - Coolant temperature [9*, 10) 

 

The parameter nr. 29 is not evaluated further, since it is considered as not important by domain expert 

from KIMW.Note, * means either min or max value for particular parameter in the data set. By keeping it, 

the information that it was inferred like this will be not lost in further processing. 

 

 

Figure 3-17.Graphical representation of 2 Outliers due to Too Low diameter defect. It depicts relative values of 

technical parameters where the basis (X axis) represents Etalon values and the bars represents relative 

difference of Outlier values compared to Etalon values (so bar with value 60 means Outlier value is 160% of 

Etalon value). 

 

As can be seen from the graph, the risk for diameter to be lower grows with lower value of parameters nr. 

1, 3, 6, 9, 30, 31 and 32 and with higher value of parameters nr. 2, 10, 11, 12, 13, 14, 15, 16 and 34. It can 

be also seen that parameter 25 and (possibly) 38 might play some role as their values go either 

significantly below or above the etalon value. Trying to interpret these observations, these parameters 

influence the (too low) diameter but they are negatively correlated (dependent) and thus it is harder to 

identify their ranges for the production window using this visual technique. Also, there is no intention to 

assess the (negative) correlations among these parameters here, as the correlation matrix exists. There are 

also 2 significantly higher parameters (41 and 45) that are not displayed as in one case the relative 

difference is more than 200 which makes the significance of other parameters hardly visible.Concrete 

initial ranges for too low diameter (unit is present in cases it is unusual):  

 
● Interval for parameter 1 - Cycle time: (7.22, 8.06*] 

● Interval for parameter 2 - Residual melt cushion: [0*, 7.7) - it is known that 0 makes no sense  

● Interval for parameter 3 - Plastification time: (4.47, 5.42*] 

● Interval for parameter 6 - Pressure at v/p-switchover: (286, 336.1*] 
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● Interval for parameter 9 - Max cycle pressure: (322, 439*] 

● Interval for parameter 10 - Cylinder temperature: [197*, 210) 

● Interval for parameter 11 - Cylinder temperature: [195*, 210) 

● Interval for parameter 12 - Cylinder temperature: [197*, 211) 

● Interval for parameter 13 - Cylinder temperature: [196*, 206) 

● Interval for parameter 14 - Cylinder temperature: [190*, 205) 

● Interval for parameter 15 - Cylinder temperature: [192*, 206) 

● Interval for parameter 16 - Cylinder temperature: [188*, 199) 

● Interval for parameter 30 - Viscosity of melt: (6.07, 6.97*]  

● Interval for parameter 31 - Maximum Pressure: (322, 366*] 

● Interval for parameter 32 - Pressure-time [bar*s]: (21, 24*] 

● Interval for parameter 34 - Power consumption: (240.5, 309.5*] 

● Interval for parameter 41 - Coolant temperature [8*, 21) 

● Interval for parameter 45 - Coolant temperature [9*, 20) 

 

Asterisk(*) means either min or max value for particular parameter in the data set. By keeping it, the 

information that it was inferred like this will be not lost in further processing. 

 

 

Figure 3-18.Graphical representation of 2 Outliers due to Too Low height defect. It depicts relative values of 

technical parameters where the basis (X axis) represents Etalon values and the bars represents relative 

difference of Outlier values compared to Etalon values (so bar with value 8 means Outlier value is 108% of 

Etalon value). 

 

Note that there were no samples of rejections due to higher height of capsule. As can be seen from the 

graph, the risk for height to be lower grows with lower value of parameters nr. 1, 3, 5, 25, 30, 31, 32 and 

36 and with higher value of parameters nr. 10, 11, 12, 13, 14, 15, 16 and 37. It can be also seen that 

parameters 2, 6, 9, 22, 29 and 34 might play some role as their values go either significantly below or 

above (34 is equal to etalon value in 1st outlier, 29 in 2nd outlier) the etalon value. Trying to loosely 

interpret such fluctuations, these parameters likely influence the low height but their ranges for working 

window using this visual technique are very hard to be identified. Also, there is no intention to assess the 

(negative) correlations among these parameters here, as the correlation matrix exists. Concrete initial 

ranges for too low height (unit is present in cases it is unusual): 

 
● Interval for parameter 1 - Cycle time: (6.84, 8.06*] 

● Interval for parameter 3 - Plastification time: (4.4, 5.42*] 
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● Interval for parameter 5 - Injection time: (0.58, 0.65*] 

● Interval for parameter 10 - Cylinder temperature: [197*, 210) 

● Interval for parameter 11 - Cylinder temperature: [195*, 210) 

● Interval for parameter 12 - Cylinder temperature: [197*, 211) 

● Interval for parameter 13 - Cylinder temperature: [196*, 207) 

● Interval for parameter 14 - Cylinder temperature: [190*, 205) 

● Interval for parameter 15 - Cylinder temperature: [192*, 206) 

● Interval for parameter 16 - Cylinder temperature: [188*, 199) 

● Interval for parameter 25 - Holding time: (1, 1.6*] 

● Interval for parameter 30 - Viscosity of melt: (4.99, 6.97*]  

● Interval for parameter 31 - Maximum Pressure: (306, 366*] 

● Interval for parameter 32 - Pressure-time [bar*s]: (21, 24*] 

● Interval for parameter 36 - Distance-time [mm*s] (33.3, 39.5*] 

● Interval for parameter 37 - Injection speed: [102.4*, 117.6) 

 

Asterisk(*) means either min or max value for particular parameter in the data set. By keeping it, the 

information that it was inferred like this will be not lost in further processing. 

 

 

Figure 3-19.Graphical representation of 2 Outliers due to holes defects. It depicts relative values of technical 

parameters where the basis (X axis) represents Etalon values and the bars represents relative difference of 

Outlier values compared to Etalon values (so bar with value 10 means Outlier value is 110% of Etalon value). 

 

As can be seen from the graph, the risk for problem with holes grows with lower value of parameters nr. 1, 

2, 3, 6, 30, 31, 32 and 36 and with higher value of parameters nr. 10, 11, 12, 13, 14, 15, and 16. It can be 

also seen that parameters 5, 9 and 22, 23, 24, 25 and 34 might play some role as their values go either 

below or above the etalon value. Trying to loosely interpret such fluctuations, these parameters likely 

influence the number of holes but their ranges for working window using this visual technique are very 

hard to be identified. Also, there is no intention to assess the (negative) correlations among these 

parameters here, as the correlation matrix exists. Concrete initial ranges for too low diameter (unit is 

present in cases it is unusual): 

 
● Interval for parameter 1 - Cycle time: (7.51, 8.06*] 

● Interval for parameter 2 - Residual melt cushion: (6.34, 10.57*]  

● Interval for parameter 3 - Plastification time: (4.98, 5.42*] 

● Interval for parameter 6 - Pressure at v/p-switchover: (291, 336.1*] 
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● Interval for parameter 10 - Cylinder temperature: [197*, 210) 

● Interval for parameter 11 - Cylinder temperature: [195*, 209) 

● Interval for parameter 12 - Cylinder temperature: [197*, 211) 

● Interval for parameter 13 - Cylinder temperature: [196*, 206) 

● Interval for parameter 14 - Cylinder temperature: [190*, 203) 

● Interval for parameter 15 - Cylinder temperature: [192*, 206) 

● Interval for parameter 16 - Cylinder temperature: [188*, 200) 

● Interval for parameter 30 - Viscosity of melt: (5.92, 6.97*]  

● Interval for parameter 31 - Maximum Pressure: (314, 366*] 

● Interval for parameter 32 - Pressure-time [bar*s]: (21, 24*] 

● Interval for parameter 36 - Distance-time [mm*s] (34.4, 39.5*] 

 

Asterisk(*) means either min or max value for particular parameter in the data set. By keeping it, the 

information that it was inferred like this will be not lost in further processing. 

 

Production window based on first technique 

 

The intersections of all intervals give the production window. Thus, based on the first visual technique the 

production window looks as following: 

 
● Interval for parameter 1 - Cycle time: (7.51, 8.06*] 

● Interval for parameter 2 - Residual melt cushion: (6.34, 7.7) 

● Interval for parameter 3 - Plastification time: (4.98, 5.42*] 

● Interval for parameter 5 - Injection time: (0.58, 0.65*] 

● Interval for parameter 6 - Pressure at v/p-switchover: (291, 336.1*] 

● Interval for parameter 9 - Max cycle pressure: (322, 376) 

● Interval for parameter 10 - Cylinder temperature: [197*, 210) 

● Interval for parameter 11 - Cylinder temperature: [195*, 209) 

● Interval for parameter 12 - Cylinder temperature: [197*, 211) 

● Interval for parameter 13 - Cylinder temperature: [196*, 206) 

● Interval for parameter 14 - Cylinder temperature: [190*, 203) 

● Interval for parameter 15 - Cylinder temperature: [192*, 206) 

● Interval for parameter 16 - Cylinder temperature: [188*, 199) 

● Interval for parameter 22 - Cooling time: [2*,3) 

● Interval for parameter 25 - Holding time: (1,1.6) 

● Interval for parameter 30 - Viscosity of melt: (6.07, 6.97*]  

● Interval for parameter 31 - Maximum Pressure: (322, 366*] 

● Interval for parameter 32 - Pressure-time [bar*s]: (22, 24*] 

● Interval for parameter 34 - Power consumption: (240.5, 309.5*] 

● Interval for parameter 36 - Distance-time [mm*s] (34.4, 39.5*] 

● Interval for parameter 37 - Injection speed: [102.4*, 117.6) 

● Interval for parameter 38 - Acceleration: [51.2*, 58.3) 

● Interval for parameter 41 - Coolant temperature [8*, 10) 

● Interval for parameter 45 - Coolant temperature [9*, 10) 

 

Asterisk(*) means either min or max value for particular parameter in the data set. By keeping it, the 

information that it was inferred like this will be not lost in further processing. 

 

Intervals based on Plotting 

The plots from second visual method were taken as a basis for working window definition. The working 

window is expressed as set of ranges, giving one range per each technical parameter. The initial ranges 

per technical parameters was identified using first visualization of Etalon vs Outliers.The range for one 

technical parameter was then updated as an intersection of 3 ranges per one combination of technical 

parameter and quality parameter.  
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Cycle time 

 

Figure 3-20.Diameter dependency on Cycle time. Green dots represent too low or too high diameter of 

capsule. 

Table 3.3-1.Diameter ranges basic valid/invalid characteristics (Each cycle produces 29 measured capsules and 

some of them might miss on the visual measurement point, thus they are not counted). 

Cycle time interval [s] valid invalid valid/all part of data set [%] 

(5.83, 6.294] 360 9 0.976 5.044 

(6.294, 6.758] 964 19 0.981 13.438 

(6.758, 7.222] 2825 73 0.975 39.617 

(7.222, 7.686] 2241 158 0.934 32.796 

(7.686, 8.15] 637 29 0.956 9.105 

 

Figure 3-20and Table 3.3-2show quite stable results for combination cycle time and wrong diameter 

dimensions. Diameter does not depend significantly on this factor. The interval (5.830, 7.220] seems to 

be ideal and it is just a bit better than(7,222, 7,686]-the worst interval- while the interval (7.686, 8.150] is 

in between, but still very close to the ideal interval. This statement seems to be valid when looking at the 

graph as well. By using graph only the most ideal interval seems to be around [6.250, 6.500].  

 

 

Figure 3-21.Height dependency on Cycle time. Green dots represent too low (in one case too high) height of 

capsule. 

Table 3.3-2. Height ranges basic valid/invalid characteristics (Each cycle produces 29 measured capsules and 

some of them might miss on the visual measurement point, thus they are not counted). 
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Cycle time interval [s] valid invalid valid/all part of data set [%] 

(5.83, 6.294] 263 106 0,713 5.064 

(6.294, 6.758] 776 206 0,790 13.476 

(6.758, 7.222] 2251 648 0,776 39.783 

(7.222, 7.686] 2240 131 0,945 32.537 

(7.686, 8.15] 660 6 0,991 9.140 

 

What can be inferred from the Figure 3-21is that there is a systematic error in case of height. Using the 

analytical knowledge about business process (see above) it can be said that there is probability of the 

mould having some defect. Nevertheless, it is not considered as a speculation and it is ignored in the 

further analysis. The characteristics reveals that the best interval is about (7.222, 8.150], while verification 

with graphical representation suggest to narrow it to about (7.450, 8.150].  

 

 

Figure 3-22.Holes dependency on Cycle time. Blue dots represent 26 or lower capsules with OK holes. 

Table 3.3-3.Holes ranges basic valid/invalid characteristics (Each cycle produces 29 measured capsules. Invalid 

measurements were ignored in case of holes. 28 was maximum number of capsules per cycle that had good 

holes - valid samples). 

Cycle time interval [s] valid invalid valid/all part of data set [%] 

(5.83, 6.294] 1 11 0,083 4,762 

(6.294, 6.758] 5 29 0,147 13.492 

(6.758, 7.222] 19 82 0,188 40.079 

(7.222, 7.686] 16 66 0,195 35.540 

(7.686, 8.15] 10 13 0,435 9.127 

 

Figure 3-22 and Table 3.3-4show quite unstable results for combination cycle time and wrong number of 

holes. Number of holes seems to depend significantly on this factor. The interval (7.686, 8.150] seems to 

be the best when looking at the characteristics and the graphical representation does not contradict it. 

The intersection of the intervals for the Cycle time is the following:(5.830, 7.220] & (7.450, 8.150] & (7.686, 

8.150]  gives empty interval. Using close to ideal interval in case of diameter the intersection occurs:(7.686, 

8.150] & (7.450, 8.150] & (7.686, 8.150]  = (7.686, 8.150] seconds. 
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To summarize, using the visual technique on the data set available, the best identified interval (part of 

working window) for cycle time is (7.686, 8.150] seconds. 

 

Residual melt cushion 

 

 
Figure 3-23.Diameter dependency on Residual melt cushion. Green dots represent too low or too high 

diameter of capsule. 

 

Table 3.3-4.Diameter ranges basic valid/invalid characteristics (Each cycle produces 29 measured capsules and 

some of them might miss on the visual measurement point, thus they are not counted). 

Res. melt cushion 

interval [mm] 

valid invalid valid/all part of data set [%] 

(-0.14, 2.022] 610 83 0.880 9.47 

(2.022, 4.184] 542 64 0.894 8.28 

(4.184, 6.346] 1996 48 0.977 27.94 

(6.346, 8.508] 2583 60 0.977 36.13 

(8.508, 10.67] 1296 33 0.975 18.17 

 

Figure 3-23and Table 3.3-5show quite stable results for combination residual melt cushion and wrong 

diameter dimensions. The interval (4.184, 10.67] seems to be ideal.  

 

 
Figure 3-24.Height dependency on Residual melt cushion. Green dots represent too low (in one case too high) 

height of capsule. 
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Table 3.3-5. Height ranges basic valid/invalid characteristics (Each cycle produces 29 measured capsules and 

some of them might miss on the visual measurement point, thus they are not counted). 

 

Res. melt cushion 

interval [mm] 

valid invalid valid/all part of data set [%] 

(-0.14, 2.022] 689 4 0.994 9.510 

(2.022, 4.184] 545 61 0.899 8.316 

(4.184, 6.346] 1780 237 0.882 27.68 

(6.346, 8.508] 2184 458 0.827 36.26 

(8.508, 10.67] 992 337 0.746 18.24 

 

The characteristics reveal that the best interval is about (-0.140, 2.022], while verification with known facts 

(too low values are not OK) suggests to rather widening it as follows: (-0.140, 6.346].  

 

 
Figure 3-25.Holes dependency on Residual Melt cushion. Blue dots represent 26 or lower capsules with OK 

holes. 

 

Table 3.3-6.Holes ranges basic valid/invalid characteristics (Each cycle produces 29 measured capsules. Invalid 

measurements were ignored in case of holes. 28 was maximum number of capsules per cycle that had good 

holes - valid samples). 

Res. melt cushion 

interval [mm] 

valid invalid valid/all part of data set [%] 

(-0.14, 2.022] 3 21 0.125 9.524 

(2.022, 4.184] 4 17 0.190 8.333 

(4.184, 6.346] 11 58 0.159 27.381 

(6.346, 8.508] 25 67 0.272 36.508 

(8.508, 10.67] 8 38 0.174 18.254 

 

Figure 3-25 and Table 3.3-6 show quite unstable results for combination residual melt cushion and wrong 

number of holes. The interval (2.500, 8.500) seems to be the best when looking at the characteristics and 
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the graphical representation does not contradict it. The intersection of the intervals for the residual melt 

cushion is following: (4.184, 10.67] & (-0.140, 6.346]& (2.500, 8.500)   = (4.184, 6.346] mm. 

 

To summarize, using the visual technique on the data set available, the best identified interval (part of 

working window) for residual melt cushion is  (4.184, 6.346] mm. 

 

Maximum cycle pressure 

 

 
Figure 3-26.Diameter dependency on Maximum cycle pressure. Green dots represent too low or too high 

diameter of capsule. 

 

Table 3.3-7. Diameter ranges basic valid/invalid characteristics (Each cycle produces 29 measured capsules and 

some of them might miss on the visual measurement point, thus they are not counted). 

Maximum cycle 

pressure interval [bar] 

valid invalid valid/all part of data set [%] 

(283.9, 314.94] 1060 9 0.992 14.61 

(314.94, 345.98] 1377 39 0.972 19.36 

(345.98, 377.02] 3154 121 0.963 44.77 

(377.02, 408.06] 826 36 0.958 11.78 

(408.06, 439.1] 610 83 0.880 9.474 

 

Figure 3-26 and Table 3.3-7 show quite stable results for combination max cycle pressure and wrong 

diameter dimensions. Diameter does not depend significantly on this factor. The interval (290 410] seems 

to be ideal (combining graph and characteristics). 
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Figure 3-27.Height dependency on Maximum cycle pressure. Green dots represent too low (in one case too 

high) height of capsule. 

 

Table 3.3-8. Height ranges basic valid/invalid characteristics (Each cycle produces 29 measured capsules and 

some of them might miss on the visual measurement point, thus they are not counted). 

Maximum cycle 

pressure interval [bar] 

valid invalid valid/all part of data set [%] 

(283.9, 314.94] 704 366 0.658 14.68 

(314.94, 345.98] 1160 256 0.819 19.43 

(345.98, 377.02] 2927 319 0.902 44.55 

(377.02, 408.06] 710 152 0.824 11.83 

(408.06, 439.1] 689 4 0.994 9.510 

 

The characteristics reveals that the best interval is about (408, 439], while widen interval (315, 439] seems 

quite OK.  

 

 

Figure 3-28.Holes dependency on Maximum cycle pressure. Blue dots represent 26 or lower capsules with OK 

holes. 

Table 3.3-9.Holes ranges basic valid/invalid characteristics (Each cycle produces 29 measured capsules. Invalid 

measurements were ignored in case of holes. 28 was maximum number of capsules per cycle that had good 

holes - valid samples). 

Maximum cycle 

pressure interval 

[mm] 

valid invalid valid/all part of data set [%] 
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(283.9, 314.94] 6 31 0.162 14.68 

(314.94, 345.98] 11 38 0.223 19.44 

(345.98, 377.02] 26 86 0.232 44.44 

(377.02, 408.06] 5 25 0.167 11.90 

(408.06, 439.1] 3 21 0.125 9.524 

 

Figure 3-28 and Table 3.3-9 show quite unstable results for combination residual Max pressure and wrong 

number of holes. The interval (300, 390] seems to be the best when using both the characteristics and 

the graphical representation.The intersection of the intervals for the Max cycle pressure is the following: 

(290, 410] & (315, 439] & (300, 390]  = (315, 390] bars 

 

To summarize, using the visual technique on the data set available, the best identified interval (part of 

working window) for maximum cycle pressure is (315, 390) bars. 

 

Cylinder temperature 

 

One temperature was chosen to infer the interval using this technique Z9 (Parameter nr. 11), as in most 

outliers cases it gave highest relative difference comparing to Etalon. Note that, this temperature was set 

to 3 values during the trials in the factory. 

 

 
Figure 3-29.Diameter dependency on Cylinder temperature. Green dots represent too low or too high 

diameter of capsule. 

 

Table 3.3-10. Diameter ranges basic valid/invalid characteristics (Each cycle produces 29 measured capsules 

and some of them might miss on the visual measurement point, thus they are not counted). 

 

Cylinder temperature 

interval [mm] 
valid invalid valid/all part of data set [%] 

(196.9, 206.18] 1345 72 0.949 19.37 

(206.18, 215.46] 3238 152 0.955 46.34 

(215.46, 220.1] 2444 64 0.974 34.29 
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Figure 3-29 and Table 3.3-10 show quite stable results for combination Cylinder temperature and wrong 

diameter dimensions. Diameter does not depend significantly on this factor. The whole interval seems to 

be OK. Thus (197, 220] is considered. 

 

 
Figure 3-30.Height dependency on Cylinder temperature. Green dots represent too low (in one case too high) 

height of capsule. 

 

Table 3.3-11. Height ranges basic valid/invalid characteristics (Each cycle produces 29 measured capsules and 

some of them might miss on the visual measurement point, thus they are not counted). 

Cylinder temperature 

interval [mm] 
valid invalid valid/all part of data set [%] 

(196.9, 206.18] 1331 86 0.939 19.45 

(206.18, 215.46] 2943 419 0.875 46.14 

(215.46, 220.1] 1916 592 0.764 34.41 

 

The characteristics reveals that the best interval is about (197, 215), and the verification with graphical 

representation does not contradict it (the temperature set at 220 during the experiments produced 

highest (relative and absolute) number of capsules with too low height). 

 

 

Figure 3-31.Holes dependency on Cylinder temperature. Blue dots represent 26 or lower capsules with OK 

holes. 

Table 3.3-12.Holes ranges basic valid/invalid characteristics (Each cycle produces 29 measured capsules. 

Invalid measurements were ignored in case of holes. 28 was maximum number of capsules per cycle that had 

good holes - valid samples). 

Cylinder temperature 

interval [mm] 
valid invalid valid/all part of data set [%] 
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(196.9, 206.18] 18 31 0.367 19.44 

(206.18, 215.46] 21 96 0.179 46.43 

(215.46, 220.1] 12 74 0.140 34.13 

 

Number of holes seems to depend significantly on this factor. The interval (197, 206] seems to be the 

best when looking at the characteristics and the graphical representation (thus set up of first lowest 

temperature was ideal for holes).The intersection of the intervals for the Cycle time is the following:(5.830, 

7.220] & (7.450, 8.150] & (7.686, 8.150] gives empty interval. Using close to ideal interval in case of 

diameter the intersection occurs:(197, 220] & (197, 215]& (197, 206)  = (197, 206) °C. 

 

To summarize, using the visual technique on the data set available, the best identified interval (part of 

working window) for cylinder temperature is (197, 206) °C. 

 

Coolant temperature 

 

The coolant temperature was set to 3 temperature during the trials in the factory. 

 

 
Figure 3-32.Diameter dependency on Coolant temperature. Green dots represent too low or too high diameter 

of capsule. 

 

Table 3.3-13. Diameter ranges basic valid/invalid characteristics (Each cycle produces 29 measured capsules 

and some of them might miss on the visual measurement point, thus they are not counted). 

Coolant temperature 

interval [mm] 
valid invalid valid/all part of data set [%] 

(8.9, 13.34] 1238 122 0.910 18.59 

(13.34, 26.66] 3183 120 0.964 45.15 

(26.66, 31.1] 2606 46 0.983 36.25 

 

Table 3.3-13 shows that the highest coolant temperature was the best for valid diameter.Thus, ideal 

interval seems to be (26.66, 31.1], however middle interval can be also considered, i.e. (13.34, 31.1]. 
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Figure 3-33.Height dependency on Cylinder temperature. Green dots represent too low (in one case too high) 

height of capsule. 

Table 3.3-14. Height ranges basic valid/invalid characteristics (Each cycle produces 29 measured capsules and 

some of them might miss on the visual measurement point, thus they are not counted). 

 

Coolant temperature 

interval [mm] 
valid invalid valid/all part of data set [%] 

(8.9, 13.34] 1314 46 0.966 18.66 

(13.34, 26.66] 2838 437 0.867 44.94 

(26.66, 31.1] 2038 614 0.768 36.39 

 

The dependency of height on the coolant temperature seems to be opposite to the diameter. While the 

lowest coolant temperature was set the lowest waste due to invalid height of capsule was produced. The 

best interval is thus (8.9, 13.34), while (8.9, 26.66) can be considered to get some intersection with 

diameter.  

 

 

Figure 3-34.Holes dependency on Coolant temperature. Blue dots represent 26 or lower capsules with OK 

holes. 

Table 3.3-15.Holes ranges basic valid/invalid characteristics (Each cycle produces 29 measured capsules. 

Invalid measurements were ignored in case of holes. 28 was maximum number of capsules per cycle that had 

good holes - valid samples). 

Coolant temperature 

interval [mm] 

valid invalid valid/all part of data set [%] 

(8.9, 13.34] 21 26 0.447 18.65 
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(13.34, 26.66] 23 91 0.202 45.24 

(26.66, 31.1] 7 84 0.0769 36.11 

 

Similarly to the height the number of holes is significantly better while lower coolant temperatures are 

present. The interval is the same as in case of capsule height. 

The intersection of the intervals for the Coolant temperature is the following: (26.66, 31.1] & (8.9, 13.34) & 

(8.9, 13.34) give empty interval. Using close to ideal intervals in all cases the intersection occurs:(13.34 

31.1] & (8.9, 26.66] &  (8.9, 26.66]  = (13.34, 26.66] °C.Possible solution can be also considering the 

whole interval in case of diameter, as even the worst interval (under lowest coolant temperature) does not 

mean very bad results (comparing to height and holes) for diameter. Extension of interval in case of 

height and holes harm the waste due to these criteria much more. In such case the intersection is (8.9, 

13.34) °C. 

 

To summarize, using the visual technique on the data set available, the best identified interval (part of 

working window) for coolant temperature can be (8.9, 13.34) °C or (13.34, 26.66] °C. 

 

Production window based on plotting 

 

Here is the representation of the working window for most critical parameters obtained from Plotting 

technique: 

 
● Cycle time interval: (7.686, 8.150] second, 

● Residual melt cushion interval: (4.184, 6.346] mm, 

● Maximum cycle pressure interval: (315, 390) bar, 

● Cylinder Temperature interval for Z9: (197, 206) °C, 

● Coolant temperature interval for Z102 can be: (8.9, 13.34) °C or (13.34, 26.66] °C. 

 

Note that the pre-processing and modelling procedures described above were done using Python 

libraries pandas, numpy, matplotlib.pyplot and seaborn. 

 

Synthesis 

The combinations of „good‟ intervals for all relevant technical production parameters give „good‟ 

production window. The combination of intervals from both above demonstrated techniques represents 

the final working window: 

 
● Interval for parameter 1 - Cycle time: (7.686, 8.06] second, 

● Interval for parameter 2 - Residual melt cushion: no interval(!), 

● Interval for parameter 3 - Plastification time: (4.98, 5.42*] second, 

● Interval for parameter 5 - Injection time: (0.58, 0.65*] second, 

● Interval for parameter 6 - Pressure at v/p-switchover: (291, 336.1*] bar, 

● Interval for parameter 9 - Max cycle pressure: (322, 376) bar, 

● Interval for parameter 11 - Cylinder temperature: (197, 206)  °C, 

● Interval for parameter 22 - Cooling time: [2*,3)  second - excluding 3, 

● Interval for parameter 25 - Holding time: (1,1.6) seconds - excluding 1 and 1.6, 

● Interval for parameter 30 - Viscosity of melt: (6.07, 6.97*], 

● Interval for parameter 31 - Maximum Pressure: (322, 366*] bar, 

● Interval for parameter 32 - Pressure-time: (22, 24*] bar*s, 

● Interval for parameter 34 - Power consumption: (240.5, 309.5*] Wh, 

● Interval for parameter 36 - Distance-time: (34.4, 39.5*] mm*s, 

● Interval for parameter 37 - Injection speed: [102.4*, 117.6) mm/s 
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● Interval for parameter 38 - Acceleration: [51.2*, 58.3) mm/s*s 

● Interval for parameter 41 - Coolant temperature [8*, 10) °C 

 

Asterisk(*) means either min or max value for particular parameter in the data set. By keeping it, the 

information that it was inferred like this will be not lost in further processing.Note that only one coolant 

temperature and only one Cylinder temperature were used. They were analyzed in both techniques and all 

Cylinder temperatures are highly correlated and very similar and the same can be said about coolant 

temperatures. 

As can be seen, there was no intersection for Residual melt cushion using interval obtained from both 

techniques. When looking back to the plotting the height of the capsule can be (without big harm) 

extended to about 8,500. Then the intersection of intervals produce interval:  (6.34, 7.7) mm. 

Note that there are basically no samples of too high height of capsules in the data set available. Also, the 

quality check of holes seems to cause rejection of quite a lot capsules.  

Note the the flange temperature was very stable in all cases therefore it was not part of the outliers 

analysis. Thus, the fact presented in business process understanding that GLN does not have problem with 

this variable (however the process can be sensitive to this variable) seems to be verified using data. 

 

Evaluation 

The typical multiple linear regression obtained from the above selected parameters from the data set 

available (one regression per one quality criterion), combined with the working window represented by 

intervals above can provide certain evaluation. However, to evaluate the model on real production data 

with standard evaluation techniques and to do the exact calculation of the KPIs defined is not possible 

currently. The reason is that the data used for the analysis and modelling here was collected from the pre-

defined trials in the factory. The intentions of these trials were to do the (empirical) sensitivity analysis of 

the dependent quality variables and technical production variables. Thus, there were set-ups that are not 

used in the factory normally and also the amount of data per one set-up is very limited (max 20 samples 

per one set-up/trial). The relevant evaluation (including the impact of model on KPIs) will be presented in 

the next version of the deliverable. 

 

Deployment 
 

Evaluation on real production 

The goal is to deploy the models (predictive functions) in the production and evaluate their usage based 

on the KPIs defined. However, this will be possible employing data set from real production for the 

modelling using above described and demonstrated technique. Of course, then, the results from 

modelling using other linear and nonlinear techniques will be taken into account and only the most 

promising predictive functions will be taken into such real evaluation. 

 

Semantic modelling of processes 

Initial version of the Semantic framework specifies elements for the modelling of the production 

processes, data elements, KPIs and predictive functions. One of the main functionalities of the Semantic 

framework is to improve communication between the domain experts and data scientists. The most 

critical phases of the data analytics process covered by the Semantic framework are Business (problem) 

understanding, Data understanding and Evaluation. More details about the mapping of the Semantic 

framework concepts and data analysis phases are provided in deliverable D2.7 which describe which 

elements are used in each phase. 
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From the evaluation of the data analysis tasks implemented in this deliverable, the following findings 

related to the Semantic framework were identified: 

 

● Initially, modelling of the domain concepts was based on the production process and its relations to 

the equipment and human resources. Process model has the centric role and other concepts such as 

data elements, KPIs and Predictive functions are linked to the Production Process concepts. However, 

in many cases, the relevant part of the production process can be very simple, such as in the case of 

the plastic domain where the whole process is implemented in one equipment and has character of 

the internal production cycle with linear order of limited number of steps. In this case, it is possible to 

directly start with the modelling of the data elements and KPIs, without the modelling of the process 

steps. 

● In the case of plastic domain, the whole process is implemented within the scope of one equipment 

(injection mold), although it is possible to decompose equipment to multiple sub-components. From 

this case, Semantic framework model was extended with the hierarchical relations for decomposition 

of the equipment. 

● Initial version of the Semantic framework contains specification of the Predictive functions, which 

describes which data elements are inputs and which are the outputs of the modelled function. This 

modelling is suitable for the predictive data analysis models such as models used for the classification 

or regression tasks. However, description of the predictive functions should be extended also to other 

types of the data analysis models such as descriptive models (e.g. clustering) or anomaly detection 

models.  

● Initial specification of the Evaluation statistics concept was based on the evaluation of the 

classification or regression accuracy estimated on the validation dataset. The Evaluation statistics 

concepts should be extended also for other validation methods such as outputs of the sensitivity 

analysis or for the validation of the descriptive models. 

 

All the identified extensions will be incorporated in the following versions of the Semantic framework. 

Additionally, the ongoing tasks in WP5 will also use initial version of Semantic modelling tools developed 

in D4.1 to model data analysis processes and their outputs and to evaluate both usability of the tools and 

expressiveness of the semantic models. 
 

4 Conclusions 

Generally, the use of trend analysis provides a robust signal processing technique on the real time 

incident detection problem. In current version of the deliverable D5.1 – Initial Trend Analysis Function, 

three trend analysis functions were presented: (a) Slope Statistic Profile, (b) Matrix Profiles to Find 

Repeating Patterns and (c) Visualization based Pattern Recognition.Slope Statistic Profile functiontests the 

fault scenario where the linear trend of the time series has downward deviations from no trend situations, 

for both aluminum and plastic domains. The method can be easily modified to work on other hypothetical 

use cases like the detection of upward changes or the detections of both upward and downward changes. 

Matrix Profiles to Find Repeating Patterns uses Matrix Profile motif technique that is helpful in identifying 

important events that are re-occurring and is useful in further cause-effect analysis. The application of this 

approach takes place only for plastic domain.Visualization based Pattern Recognition function uses a 

standard data analysis methodology that aims at minimization for need of data science knowledge and 

provides intervals of process variables in plastic domain. Updates of these methods along with new 

approaches (if they arise from the ongoing research) will be documented on the next version of this 

deliverable. 
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Acronyms 

 

Acronym Explanation 

LTP Linear Trend Profile 

SSP Slope Statistic Profile 
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Appendix 

 

Figure 0-1.Detected significant downward (red dots) and downward (green dots) changes on variable D110-

J160_TEMP_PATE for October 2016 with sliding window size at 120 elements. Top plot: linear trend profile 

with thresholds and detected downward changes of linear trend (green and red dots). Bottom plot: the actual 

time series with detected changes with a depiction of future. 

 

Figure 0-2. Detected significant downward (red dots) and downward (green dots) changes on variable D110-

J160_INT_MOY_MALAXEUR for October 2016 with sliding window size at 120 elements. Top plot: linear trend 

profile with thresholds and detected downward changes of linear trend (green and red dots). Bottom plot: the 

actual time series with detected changes with detected changes with a depiction of future. 

 


