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Executive Summary  

This deliverable is the final specification of the Integrated Resource Optimization Toolkit. The main goal of this 

module is to provide a real-time resource (raw materials, anodes, waste, energy, quality control etc.) 

optimization system. In MONSOON, optimization of the production process is based on the application of the 

predictive functions. This deliverable specifies in detail the consolidated procedure, how the locally applied 

predictive functions can be combined in order to globally optimize overall production process targeting various 

KPIs. The initial deliverable regarding optimization (D5.5) described main concepts and general architecture of 

the Integrated Optimization Toolkit module. Also, it extended domain and business use cases for aluminium 

and plastic domain to overall process, in order to validate that the processes can be globally optimized by 

combination of the locally applied predictive functions. The current deliverable describes how the predictive 

functions developed within the scope of the Task 5.1 and Task 5.2 are combined in order to globally optimize 

the production process and to provide decision support to the end users. 

 

1 Introduction 

 

Due to the successive Industrial Revolutions and the constant technological development, industrial processes 

present an emerging and continuously changing environment (production needs, infrastructure and resources 

availability etc.). The optimization of such complex dynamic environment requires global application of the 

various methods which optimize various key performance indicators (KPIs) defined in the sense of energy 

savings, operational costs, waste efficiency or other aspects. This deliverable describes final specification of the 

Integrated Resource Optimization Toolkit, which is the main component of the MONSOON platform for the 

orchestration of the different methods developed in the Task 5.1 and 5.2 using the Data Lab tools from Work 

Package 4. This component is mainly responsible for the configuration of the set of various predictive functions 

targeting different parts of the optimized industrial process and environment and covering different KPIs in 

order to achieve global optimization. Since the optimized KPIs can be changed in the operational condition, 

the provided configuration is dynamic and allows reconfiguration of the predictive functions and real-time 

monitoring. 

In this final deliverable, it will be specified how the predictive functions and data analytics methods are used 

for the real-time global resource optimization of the production processes. The deliverable will determine how 

the different predictive functions can be combined to larger assets, which can simultaneously optimize multiple 

KPIs, and will provide global optimization considerations for the pilot cases. Thanks to the Decision Support 

System (DSS) of the toolkit, the optimal solution is expressed through notifications for the most appropriate 

real-time actions that should be taken by plant operators. As had been agreed before the middle of the project, 

the DSS is the tool that indirectly enables control through the actions recommended to plant end users. 

The proposed DSS behaves according to the needs of the use case(s) of the referring domain (aluminium or 

plastic). For plastic, the DSS has the ability to: a) calculate the wanted KPIs (financial, environmental, quality) 

based on their pre-defined formulas (see Section 0) and b) based on (a), provide recommendations for each 

one of the actions (parameters adjustment, machine maintenance, mold maintenance). Regarding the 

aluminium domain, it was not so straightforward, even for domain experts, to assess numerically the impact of 

the outcome of the predictive functions on such KPIs, so mainly it could just be inferred when the impact is 

positive. 

The overall methodology for plant and site optimization will be described, and it will be indicated which data 

and predictive functions are used and which KPIs are optimized. 
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2 Final architecture of the real-time resource optimization system 

 

Most of the information within sections 2.1 and 2.2 is got from the deliverable D5.5 as the common reference 

for the definition of the main concepts of the global optimization. The subsequent sections 2.3 and 2.4 then 

describe implementation details for the final architecture. 

 

2.1  Context 

The overall production process can be decomposed to the production steps. Each step is associated with the 

sensor data measured by the sensors installed on the field and control data generated by the automatic 

controllers such as programmable logic controllers (PLC) or set manually by human operators. Sensor data can 

be further processed to detect various upper level events, which can be used for control of the process or for 

the detection of the diagnostic signals indicating potential incidents (i.e. degradation of the process efficiency 

or malfunction or damage of the equipment). Besides the data, process steps are associated with the 

equipment and personnel resources required to carry out a production step. It is possible, that one equipment 

or personnel resource can be used in the multiple production steps. 

The efficiency of the production process is measured by the set of the KPIs. Some of the KPIs can be directly 

measured or computed from the sensor data, but generally, one KPI can be inferred from other KPIs by 

transformation (e.g. environmental impact KPI computed from the volume of the wasted material) or by 

aggregation over multiple production steps (e.g. total consumption of the electricity as the sum of 

consumptions for each equipment used in the process). 

 

2.2 Local vs. global optimization 

In MONSOON, optimization of the production process is based on the application of the predictive functions. 

Predictive functions compute control or diagnostic signals from the input data, i.e. sensor measurements or 

control parameters set in the process. Typically, one predictive function gets multiple inputs which can span 

across multiple production steps, and returns one output, which is applied locally in one production step 

(several computations are needed to obtain one result most of the time) (see ). However, it is also possible that 

one predictive function computes multiple outputs applied in the multiple production steps (see ). 

The efficiency of the predictive function is measured by how the outputs of the function will influence some of 

the KPIs specified for the production process. Typically, this impact is estimated by the validation data set 

where the inputs and corresponding optimal outputs are known. Impact is computed from the difference 

between the optimal value and predicted value computed by the predictive function. Note that even if the 

predictive function is applied in one particular production step, due to the dependencies between the KPIs it 

can influence overall KPIs specified for the whole production process. Different predictive functions computing 

the same type of outputs can be then ranked according to the overall impact on the process. 

The global optimization of the processes in MONSOON platform is achieved by the deployment of the multiple 

predictive functions, where each predictive function can generally influence the multiple production steps and 

multiple KPIs. The global optimization can be achieved by: 

• introduction of the new predictive function into the process; or 

• by (local) optimization of the already deployed predictive function 

In this way, by local optimization of the deployed predictive functions, the impact can be evaluated on the 

overall process and the global optimization can be achieved. More examples how the predictive functions can 

be applied for the global optimization of the processes are described in the deliverable D5.5, chapter 3.3. 

Generally, we can recognize two cases where the predictive functions can be applied: predictive control and 

predictive maintenance. Both scenarios are relevant for the MONSOON project. 

• In the predictive control, the output of the predictive function is the computed value of the process 

parameter for the given time slot, which optimizes KPIs specified for the process. The change of the 

parameter can be applied automatically using the low-level control protocols, which directly 

communicates with the PLCs (control level) or with the actuators (field level) or can be presented to 
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human operator (i.e. supervised control) who will make a final decision how and if the process 

parameter will be changed. 

• In the predictive maintenance, the output of the predictive function is the diagnostic signal which 

determines condition of in-service equipment in order to predict when maintenance should be 

performed or predicted quality of the input materials or output products of the process steps. 

Diagnostic signals are usually presented to the human operators, but it is also possible to use predictive 

signals as the inputs to the automatic controller. 

From the technical point of view, both cases are implemented in the same way and same tools (i.e. Runtime 

container, or Decision support system with the Visualization dashboard) are used. Note also that the same 

Runtime environment is used for the computation of dependent KPIs in the Life Cycle Management plugin, 

which is responsible for the computation of the environmental KPIs from the operational data. This is 

implemented as the function which is deployed, integrated with the input data, or visualized in the same way 

as predictive functions implemented for the process optimization. 

 

2.3 Interaction with the MONSOON components 

The side-wide optimization is implemented using the following life-cycle which also describes interactions 

between the MONSOON components: 

1. Domain experts and Data scientists decompose the production process and specify how the 

production process will be optimized by predictive functions. This step is supported by the semantic 

modelling using the Semantic framework, which describes relations between the process, data and 

KPIs and provide a specification of the predictive functions. 

2. The Data scientists are using the Multi-Scale Model Based Development Environment (see D4.7) to 

write scripts for data processing and modelling. The scripts are running in the Big Data Storage and 

Analytics platform. The result is the predictive function which encapsulates the predictive models. 

3. The quality of the predictive function is evaluated on the validation datasets in the Big Data Storage 

and Analytics platform. These datasets can be historical data, or real-time stream of operational data, 

which is integrated in the Data Lab. The result of the validation is estimated evaluation metrics (e.g. 

precision, recall, absolute error, etc.), from which it is possible to estimate the impact of the predictive 

function to the optimized process KPIs. 

4. For the global optimization, the multiple predictive functions can be orchestrated and deployed on 

the side, i.e. the process can be optimized by discrete combination of the predictive functions and 

(locally) by optimization of the impact for one function. 

5. After the deployment on the side into the Runtime container, the predictive function is connected to 

the input operational data and the outputs are connected to the Decision support system, which 

provides Visualization framework. Decision support system provides the main user interface for the 

process operators for the manual control scenario. This is also the main tool for the monitoring of 

optimized KPIs and impact of the predictive function. The impact can be further extended by reasoning 

in Life-cycle Plugin Management (see deliverable D5.8), which computes inferred (aggregated or 

transformed) KPIs from the input data or base KPIs.  

6. Alternatively, the MONSOON platform provides also support for fully automatic control, since the 

predicted control or diagnostic signals (outputs of the predictive functions) can be routed from the 

Runtime container to the control systems by the VPIRA component. 

 

2.4 Implementation notes 

The main functionality will be implemented as the script programming interface, which will formally check site 

configuration. The script will have the following inputs: 

• JSON configuration file specified for each predictive function. This configuration file specifies input 

data attributes which will be ingested to the prediction function by Data Ingestion module of the 
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Runtime container. For more information about the format of this configuration file follow specification 

in D3.8. 

• JSON semantic description from the web service API provided by the Semantic framework. This 

semantic description specify which KPIs are related to the output of the predictive function, and how 

one KPI can be inferred from another one. The semantic description format will be described in the 

update of the Semantic framework specification in deliverable D4.2. 

The script programming interface will check if the combination of predictive function is valid for the target 

environment, i.e. if all input data elements for all predictive functions are available. These included both input 

data from site measurements integrated by Data Ingestion module of Runtime container or predictions from 

the other predictive functions in case where the output of one predictive function is the input to another one. 

After the formal checking, the Integrated Resource Optimization Toolkit will provide configuration file for 

composition of multiple predictive functions. Since the particular predictive functions are packaged as the 

Docker images and are deployed in the Docker environment on the production site, the suitable technology 

for implementation of the composite Docker applications is Docker Compose. Docker Compose is a tool for 

defining and running multi-container Docker applications. It uses YAML files to configure the application's 

services and performs the creation and start-up process of all the containers with a single command. The 

docker-compose CLI utility allows users to run commands on multiple containers at once, for example, building 

images, scaling containers, running containers that were stopped, and more. Commands related to image 

manipulation, or user-interactive options are not relevant in Docker Compose because they address one 

container. The docker-compose.yml file is used to define an application's services and includes various 

configuration options, such as network connection for each container or mapping of data volumes.  

Typical composite application for global site resource optimization will have the following docker-compose.yml 

structure: 
version: '3' 
services: 
  predictive_function1: 
    image: monsoon/predictive_function1:<version> 
    volumes: 
    - data_1:/data 
  predictive_function1: 
    image: monsoon/predictive_function2:<version> 
    - data_2:/data 
  ... 
volumes: 
  data_1: {} 
  data_2: {} 
  ... 

Each predictive function is listed as the service entry with the reference to the predictive function Docker image. 

Data interface between the predictive function and Runtime container is based on the folder sharing into which 

the Data Ingestion module is writing the input data or reading the output data. For this, the docker-compose 

configuration specifies parameters and mapping for the Docker data volumes for each predictive function. 

Different host volumes are mapped to the same local directory of the predictive function's container (/data). 

After the specification of the docker-compose.yml configuration file, composed application for the overall site 

optimization can be simply started, stopped or monitored using the Docker Compose command line interface 

using the commands like: 

• build – pull or build all images referenced by the docker-compose file. This can be used to effectively 

update the global optimization application with the new versions of the local predictive functions. 

• run – starts all configured predictive functions using one command 

• stop – stops all configured predictive functions. 

Version of the composed application is based on the version of deployed predictive functions, which can be 

explicitly specified for each predictive function as the tag of the Docker image (e.g. 

monsoon/predictive_function1:0.1). 
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3 Application of the real-time resource optimization system to the aluminium domain 

 

In this chapter, the optimization of the overall production process will be presented for the aluminium domain, 

which is described in detail in D5.5. Also, the use cases have been consolidated in D2.4. In this domain, the 

anode quality and predictive maintenance scenarios from the carbon area (1st step), as well as the electrolysis 

scenario (2nd step), were considered. It has been agreed that, overall, in aluminium domain there are no major 

contradiction KPIs to be optimized. Instead, the optimization of a KPI does not deteriorate any other. Thus, the 

global optimization problem is reduced to the optimization of each step separately. 

In subsections 3.1, 3.2, 3.3, the predictive functions developed for the optimization of the above scenarios 

(anode quality, predictive maintenance and electrolysis) are described, whereas in subsections 3.4, 3.5, 3.6 the 

impact of these predictive functions to various KPIs is discussed. 

 

3.1 Anode quality optimization   

As described before, improving the quality of the produced anodes enhances the quality of the electrolysis 

part and thus the overall production process for aluminum. A machine learning model has been developed so 

as to recognize “good” and “improvable” periods of anodes quality based on their density. 

The model learns for each 30 minutes period its quality based on 41 process parameters. The idea is that after 

each “improvable” period (i.e. with lower median density), if the machine learning model detects correctly that 

period as “improvable”, a better configuration of some actionable process parameters is simulated so that the 

density of the following periods is optimized. 

The list of the actionable process parameters has been identified by the Aluminium Dunkerque (AD) team. The 

aim is to provide a recommendation of three actionable parameters together that is easy to implement by the 

AD team and that could help the optimization of the anode's density during the process. 

Figure 1 illustrates the principle of the approach. The period p0 is below the low-density threshold (in red) and 

is therefore considered as an “improvable” period. If the process conditions stay the same for the next periods, 

the density will stay low (dashed lines). However, if the actionable parameters are changed according to the 

function’s recommendation, the density should increase (green lines). 

 

Figure 1: Simulation for the recommendation module after an ‘improvable-density’ period 

A simulation function enabling the provision of recommendations has been developed. The function is a 

machine learning regressor, which is trained to predict the median density of a 30-minutes period, given the 

process parameters. An XGBoost regressor has been chosen and trained on the median features of the 41 

process parameters. This algorithm has been presented in detail in D5.4. 

Figure 2 shows the performances of the regressor, for testing periods between July 2018 and March 2019. The 

X axis shows the actual median densities, and the Y axis the predicted ones. The model has a Root Mean 
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Squared Error of 2.85. (The order of magnitude of the density is typically 1640.) The model is performing well, 

except for a handful of very low-density periods, for which the regressor predicts higher densities. This is 

probably due to the very low number of examples of these low densities. 

 

Figure 2: Regressor model predictions vs actual median densities 

Figure 3 illustrates the entire pipeline for executing the optimization module. The pipeline is the following: 

1. For a period of “improvable” density which was detected as such by the anode quality classifier, first 

all the triplets of actionable parameters are scanned in their respective range. The range is deduced 

from the last 6 months of available data. For each triplet of actionable parameters values, the 

regression module is applied so that the expected median density is simulated. 

However, when testing a triplet of actionable parameters, their possible correlations with other 

parameters need to be considered: if the actionable parameter A1 is highly correlated with sensor 

parameter S5, then increasing A1’s value without increasing S5’s value is not physically realistic. In 

order that this issue is mitigated, the multiple correlation coefficients between each triplet of 

actionable parameters and each other process parameter are computed. The computation is done by 

training a linear regression model between the triplet of actionable parameters and the given other 

parameter and computing the square root of the coefficient of determination. The training is done on 

the last 6 months of available data, and the outliers are being removed with a 3-sigma filtering. If the 

correlation coefficient is above 0.3 for a given process parameter, then when scanning the triplet of 

actionable parameters values, the correlated process parameter is also modified according to the 

regression function. 

2. The triplet of actionable parameters that lead to the highest increase of median density is selected, 

according to the simulation model. 

3. The optimization consisting of the list of actionable parameters to change, and the associate values to 

reach, is displayed. 
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Figure 3: Detailed pipeline for optimization 

In order that a confidence level of the optimization is provided, the error between the actual median density 

of the period of interest and the one obtained with the regression module is also computed. If the error is 

larger than 5 (in the unit of the density), the recommendation is flagged as “less reliable”. In the dedicated 

Grafana user interface, the recommendations are displayed in a table (see Figure 4), where the “less reliable” 

ones appear in yellow, while the other are in green. 

 

 

Figure 4: Presentation of the optimization module output 

 

3.2 Predictive maintenance  

In D5.4, among others, a fault forecasting algorithm facing the problem of equipment stoppage prediction, 

which leads to predictive maintenance, is presented in detail. It has been implemented to both aluminium and 

plastic domains. Especially in aluminium, a very promising machine learning model that is able to forecast a 

specific type of cooler-related faults has been trained. This model raises fault alerts in many cases within a few 

tens of minutes before such a fault really occurs, thanks to an anomaly in the pattern of a related process 

variable during these intervals, as in the example shown in Figure 5. The above machine learning model 

outperforms also any trend analysis technique (D5.2) implemented for this purpose, due to the nature of the 

process data and the variety of features obtained by the pre-processing of the raw process variables within the 

context of the machine learning predictive function. The fault forecasts may be interpreted by the end user as 

recommendations to maintain the relevant equipment.     
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Figure 5: Representative (for most cooler incidents and incidents of unknown type in the period 1/1-10/2/2018) 
example of the behaviour of the most critical raw variable (cooler level) for forecasting during the last operation 
minutes before a fault (right endpoint of plot’s time interval) begins. A few tens of minutes before the fault this 
variable gradually starts vibrating, and as a result the anomaly score of the classifier trained on the above period 
increases (hence the gradual change of the points’ colour from green to red). 

 

3.3 Electrolysis 

In electrolysis, three parameters are very important for the stabilization of the procedure; metal height, bath 

height and thermal balance. The metal height is the height of the desired metal (outcome of electrolysis) inside 

the pot, while bath height is the mixture which, combined with the electrolysis procedure, produces the metal. 

Finally, thermal balance is the temperature of the pot. A good estimation of the aforementioned parameters, 

8 hours prior to the end of the electrolysis procedure, allows the process experts to take actions that will alter 

the outcome of those parameters and set them to desired states. Giving the process experts the leverage to 

control in some point those parameters can lead to the improvement of several aspects. In D5.4 someone can 

find the detailed description of the methodology that was followed in order to develop the machine learning 

models that forecast those parameters. The following tables contain the results of the best model for each 

parameter. 

Table 1: Results of the best model for thermal balance forecasting in electrolysis area. The performance was 
evaluated based on temperature classification as high (“hot”) or low (“not hot”), according to a threshold defined 
by domain experts. 

Model Name Hyper-parameters 
Precision 

Not Hot 

Precision 

Hot 

Recall Not 

Hot 
Recall Hot 

Bidirectional Gated 

Recurrent Unit Regressor 
64, 32, 16 0.73 0.66 0.83 0.52 

Table 2: Results of the best models for bath height and metal height forecasting in electrolysis area 

Model 

Name 
Hyper-parameters R-squared 

Root Mean 

Squared Error 

Mean 

Error 

Parameter 

mean 
Parameter 

Artificial 

Neural 

Network 

500, 400, 300, 200, 

100 
0.39 1.82cm 1.81cm 17cm bath height 

Bidirectional 

Recurrent 

Neural 

Network 

8, 4 0.68 1.04cm 1.03cm 19.5cm metal height 

 

3.4 Process KPIs 

The three functionalities described above (anode quality, predictive maintenance and electrolysis) aim to bring 

improvements to several aspects of the production at Aluminium Dunkerque. They were designed to improve 

directly several process KPIs. 

For anode quality, those process KPIs are the following: 
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• Green anode density variability, which affects the anodes’ behaviour on the pots and can lead to 

instability of the pot and to anodic incidents. 

• Anode rejection rate: anodes are being rejected if their density or their height are abnormal. Any 

rejected anode is reintroduced in the green anode production process. Even if the impact of raw 

material is reduced thanks to the internal recycling process, this specific step is energy consuming and 

leads to inefficiencies along the production process. 

• Number of lower quality periods: this is the direct target of the predictive function developed for 

anode quality. The recommendations provided by the function in real time are generated in the 

objective of reducing significantly this number of lower quality periods. 

The optimization of those process KPIs will impact in the end the electrolysis process, through the reduction 

of dusting and incident on pots, as well as the net carbon gain. 

For electrolysis, the process KPIs are the following: 

• Bath height: will allow the process teams to see if the model is robust and if the predictions are 

trustable. 

• Thermal balance: aims at detecting pots exceeding upper temperature threshold. 

Metal height was not specified as a KPI in the scope of the project, since the process experts found a way to 

optimize it by themselves. 

As described in D7.2, optimizing the bath height KPI will have an impact on the current efficiency, to metal 

pollution (with iron), the pot stabilization and the rate of the anode consumption. Also if the measurements 

can be trusted, the operators will not need to acquire them manually any more. Finally, the optimization of the 

thermal balance KPI is linked with the stability of the pots and the prevention of the pots to be drilled, which 

also has high financial impact. 

 

3.5 Environmental KPIs 

The environmental KPIs are optimized indirectly by the optimization of the process KPIs. The exact relations 

between the process KPIs and the environmental KPIs are not known by Aluminium Dunkerque’s experts, but 

the overall effects can be estimated.  

Regarding anode quality, it is foreseen that the optimization of the process KPIs would impact the following 

environmental KPIs: 

• Electricity Consumption, mainly through the reduction of dusting and incidents on electrolysis pots, 

as well as through the minimization of rejection of anodes 

• Raw Materials Consumption (by reducing the anode rejection rate) 

• Water Consumption 

• Acidification Potential 

• Natural Gas Consumption 

The environmental KPIs that are optimized by the electrolysis algorithms themselves are also: 

• Electricity Consumption: Controlling bath height leads to optimal dissolution of the alumina, which 

leads to current efficiency. 

• Raw Materials Consumption: Controlling bath height leads to slower anode consumption. 

Controlling thermal balance can prevent pot drilling or the solidification of the bath. 

 

3.6 Financial KPI based on factors not related to the process quality and the environment 

Another important concern is the impact of equipment breakdowns on financial aspects, mainly the cost of 

equipment restoration, but also the cost for the use of staff to maintain or repair the equipment, as well as the 

negative financial effect of any machine stoppage (e.g. for maintenance or due to a breakdown). Given the 

reliable fault forecasting model for predictive maintenance presented in Subsection 0 and D5.4, it has been 

concluded that when an alert is raised by that model, it is preferable that maintenance on the cooler is 

performed immediately, otherwise high equipment restoration costs will arise with high probability. This is why 

the predictive function for fault forecasting runs every 1min. 
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Regarding electrolysis, the process KPIs have an indirect impact on financial KPIs. Specifically, bath height KPI 

leads to pot stabilization and to anode consumption deceleration, where the thermal balance KPI can prevent 

the solidification of the bath and lower the percentage of the drilling of the pot, which, in order to be repaired, 

can cost about 1 million euros. Therefore, the process KPIs of electrolysis have impact on finances by reducing 

the amount of raw materials needed, the need of electricity consumption and the percentage of the drilled 

pots. 
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4 Application of the real-time resource optimization system to the plastic domain 

 

This chapter describes the optimization scenarios for the plastic domain, where the numerical estimation of 

KPIs, as well as the impact of process parameters and human actions on these KPIs, are more straightforward, 

given the nature of the respective use cases. Here, a one-step optimization is conducted instead of a multi-

step one, which was the case in aluminium domain. In this unique step, several KPIs have been considered as 

dependent on each other, and some of them may be contradicting. Therefore, global optimization here entails 

optimization of a KPI that takes into account all aspects of the production process (profit, equipment damages, 

environmental impact, quality). The next 8-h interval from the present time was considered as the most 

appropriate for the estimation of the global KPI, because it is comparable with the forecasting timeframe of 

the most promising fault forecasting algorithms, and because such an interval is typically sufficient for the 

accomplishment of any important action by operators. However, the optimization module should be executed 

every 10min or a similar period, so that timely action may be taken.   

Again, more information about the production process and the use cases may be found in D5.5 and D2.4 

respectively.  

Particular attention has been paid to the four HUSKY machines 47-50 of Use Case 1 (two for capsules and two 

for lids), from which enough data related to KPIs are available. Therefore, the section will focus on them, 

considering also that other two Krauss Maffei machines exist (one for capsules and one for lids). However, the 

general optimization is applicable also to other machines’ data. 

In the rest of this section, variables involved in the calculation of some KPI will be coloured based on their type 

according to the following categorization: 

• KPI 

• raw variable available in real time from the DataLab, or calculable by such raw variables  

• parameter to be defined by process experts (configurable) 

• parameter to be automatically calculated by data analysis algorithm running in real time 

• parameter pre-defined by offline data analysis 

The DSS in plastic will provide recommendations for each of the following actions, when it infers that it is 

needed: 

• parameters adjustment 

• machine maintenance 

• mold maintenance 

Table 3: Dependencies of DSS recommendations (columns) and KPIs (rows) in plastic domain 

 parameters adjustment machine maintenance mold maintenance 

quality √   

profit √ √ √ 

equipment damages  √  

raw material consumption √ √ √ 

energy consumption √   

 

As follows from the next subsections, the considered dependencies between the above recommendations and 

the KPIs are the ones summarized in Table 3. It is not always the case that a particular recommendation affects 

a particular KPI always positively or always negatively. The impact is estimated at every time numerically given 

the current input data (raw or analyzed), and the global KPI infers about the total impact of each combination 

of end user actions. 
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The global KPI and recommendations are derived separately for each of the four aforementioned machines, 

since it may be considered that an action on one machine does not affect any other machine. 

 

4.1 Profit KPI 

The profit KPI describes the earnings from the sale of the good parts for the evaluated period of time. When 

the machine stops working, or the number of cavities in use drops, or too many waste parts are produced, this 

KPI reduces. Thus, the optimal (maximum) score of the KPI is reached when all the cavities of a mold are used 

producing normal percentage of good parts all the time. This KPI is the sum of profit KPIs of each machine.  

The number of cavities of a mold which are in use can be estimated through the difference between the dosing 

stroke and the residual melt cushion for the respective machine. This is compared to its maximum possible 

value for that machine, which corresponds to all 32 cavities in use.  

The average percentage of good parts produced by all machines is determined by the number of parts that 

pass the quality inspection tests and meet the quality limits. This rate is computed within the last 8h, and it is 

assumed that its value will be the same in the next 8h, unless parameters are adjusted. 

According to historical Atouch1 data from 9/2017 to 7/2019, the average duration of the main plant operators’ 

possible actions were calculated approximately as follows: 

• parameters adjustment: 30min 

• machine maintenance: 1h (at least for machines 49, 50, for which some promising fault forecasting 

models definitely exist) 

• mold maintenance: 20min for each HUSKY machine 

• restoration of a machine after faults that can be forecast (examples linked to promising predictive 

functions): 

o plastic part stuck in core or cavity in machine 49: 15min 

o plastic part stuck in cavity in machine 50: 10min 

The profit KPI is assumed to be 0 during all these actions, because there are no cycles then, so the durations 

of actions determine (along with other factors) if each of the three aforementioned recommendation types is 

worthwhile. During operation, it is reasonable to consider the cycle time as constant and equal to its normal 

value. Each plastic product consists of 1 capsule and 1 lid and it has a common selling price. Therefore, it can 

be considered that the average earnings from a produced capsule or lid is half of this price, since both are 

required for the selling, and also capsules and lids are produced with the same frequency on average (because 

all HUSKY and Krauss Maffei machines have approximately common cycle time and there is equal number of 

machines producing capsules and lids).   

Considering all above, the profit KPI for machine 𝑀 can be predicted as 

𝐾𝑃𝐼̂
𝑝𝑟𝑜𝑓𝑖𝑡,𝑀(𝑡, 𝑡 + 8h) = �̂�𝑔𝑜𝑜𝑑,𝑀(𝑡, 𝑡 + 8h)�̂�𝑐𝑦𝑐𝑙𝑒𝑠,𝑀(𝑡, 𝑡 + 8h)�̂̅�𝑐𝑎𝑣𝑖𝑡.,𝑀(𝑡, 𝑡 + 8h) 

according to the following notations: 

• 𝐾𝑃𝐼̂
𝑝𝑟𝑜𝑓𝑖𝑡,𝑀(𝑡, 𝑡 + 8h): estimation of profit KPI for machine 𝑀 for next 8h 

• �̂�𝑔𝑜𝑜𝑑,𝑀(𝑡, 𝑡 + 8h) =
𝜇𝑘(𝑀)

3
max(𝑝𝑔𝑜𝑜𝑑,𝑘(𝑀)(𝑡 − 8h, 𝑡), 𝑝𝑔𝑜𝑜𝑑,𝑘(𝑀)

𝑛𝑜𝑟𝑚𝑎𝑙 ) + (1 −
𝜇𝑘(𝑀)

3
) 𝑝𝑔𝑜𝑜𝑑,𝑘(𝑀)(𝑡 − 8h, 𝑡): 

estimated average percentage of good parts to be produced by machine 𝑀 within the next 8h, where: 

o 𝑘(𝑀): part type produced by machine 𝑀 (capsules or lids) 

o 𝜇𝑘(𝑀): number of the 3 machines producing 𝑘(𝑀) in which parameters will be adjusted 

immediately 

o 𝑝𝑔𝑜𝑜𝑑,𝑘(𝑀)(𝑡 − 8h, 𝑡): percentage of good parts produced by machines related to 𝑘(𝑀) within 

the last 8h (this number is not available and cannot be calculated per machine; it is calculated 

per part type thanks to its quality data, which are compared with their normal bounds so that 

each part is characterized as good or bad) 

o 𝑝𝑔𝑜𝑜𝑑,𝑘(𝑀)
𝑛𝑜𝑟𝑚𝑎𝑙 : normal value of percentage of good parts produced by machines related to 𝑘(𝑀), 

based on historical data 

 
1 Details about this source of data may be seen in D5.4. 
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• �̂�𝑐𝑦𝑐𝑙𝑒𝑠,𝑀(𝑡, 𝑡 + 8h) =
�̂�(𝑡,𝑡+8h)

𝑑𝑐𝑦𝑐𝑙𝑒,𝑀
𝑛𝑜𝑟𝑚𝑎𝑙 : estimated number of cycles to occur in machine 𝑀 within the next 8h, 

where: 

o �̂�(𝑡, 𝑡 + 8h): expected operation time within the next 8h; it is assumed that this time may be 

reduced only due to actions directly related to the DSS recommendations, namely voluntary 

stoppages for parameters adjustment and machine/mold maintenance, as well as the duration 

of equipment restoration due to involuntary stops (i.e. faults) of types that can be forecast by 

some proposed predictive maintenance model2; based on the stop data, it is assumed that 

different stops may take place only serially and not in parallel 

o 𝑑𝑐𝑦𝑐𝑙𝑒,𝑀
𝑛𝑜𝑟𝑚𝑎𝑙 : normal cycle time in machine 𝑀, based on historical data  

• �̂̅�𝑐𝑎𝑣𝑖𝑡.,𝑀(𝑡, 𝑡 + 8h) = {
32, 𝑖𝑓 𝑚𝑜𝑙𝑑 𝑖𝑠 𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛𝑒𝑑

�̅�𝑐𝑎𝑣𝑖𝑡.,𝑀(𝑡 − 8h, 𝑡), 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
: expected average number of cavities of the mold 

in machine 𝑀 which will be in use per cycle within the next 8h, where �̅�𝑐𝑎𝑣𝑖𝑡.,𝑀(𝑡 − 8h, 𝑡) stands for the 

average number of cavities of the mold in machine 𝑀 which were in use per cycle within the last 8h 

(and may be calculated for each cycle by the mass flow of that cycle multiplied by 32 and divided by 

the maximum possible mass flow per cycle, which corresponds to all 32 cavities in use; the last is found 

from historical data) 

• 𝑣𝑝𝑟𝑜𝑑.: selling price of a plastic product 

 

4.2 Quality KPI 

The quality KPI is expressed as a penalty equal to the percentage of bad parts, based on the quality data, as 

explained in subsection 3.1 When quality is too bad (compared to the other KPIs), a recommendation for 

parameters adjustment is raised, assuming that quality deviation results from deviations of process variables. 

There is no exact and reliable model that can map process to quality variables, because it is unknown which 

machine and cycle a qualified part comes from. Consequently, the recommendation does not address specific 

process variables, and it is assumed that the operators should check any potentially related parameter, based 

on their domain expertise. The quality criteria for capsules and lids have been defined in D2.4. 

Quality information cannot be provided per machine, but only for all machines producing the same part type 

(capsules or lids). Therefore, it is assumed that each machine among machines producing the same part type 

have the same quality KPI, which is defined as 

𝐾𝑃𝐼̂
𝑞𝑢𝑎𝑙.,𝑀 (𝑡, 𝑡 + 8h) = 1 − �̂�𝑔𝑜𝑜𝑑,𝑀(𝑡, 𝑡 + 8h), 

where �̂�𝑔𝑜𝑜𝑑,𝑀(𝑡, 𝑡 + 8h) is defined and computed as in subsection 3.1. 

 

4.3 Equipment damages KPI 

The equipment KPI is the expected repair cost within the next 8h due to all faults of types for which some fault 

forecasting model is proposed. It is assumed that up to 2 independent faults may occur within that interval. 

The impact of a machine maintenance decision on this KPI along with the impact on other KPIs will be 

compared by the global optimizer so that it is determined if turning off and maintaining the machine based 

on the real-time conditions is overall beneficial or not. When the probability of a fault to occur is much higher 

than normal, then, by turning the machine off, although the profit from production will be zero, the expected 

repair cost (average estimation) will be rapidly minimized. On the other hand, by continuing the production 

when an alert is raised from the predictive functions, the profit is high, but the company risks high repair costs 

due to a machine fault. 

The strict definition of the equipment damages KPI is 

𝐾𝑃𝐼̂
𝑒𝑞𝑢𝑖𝑝𝑚.,𝑀(𝑡, 𝑡 + 8h) = ∑ 𝐾𝑃𝐼̂

𝑒𝑞𝑢𝑖𝑝𝑚.,𝑀,𝐹

𝐹

(𝑡, 𝑡 + 8ℎ), 

 
2 The time for equipment restoration is treated as a random variable and its expected value is computed based on fault probabilities 

dependent on the actions to be taken, similarly to the expected equipment restoration cost due to faults that can be forecast, as explained 

in subsection 3.3 
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where 

𝐾𝑃𝐼̂
𝑒𝑞𝑢𝑖𝑝𝑚.,𝑀,𝐹(𝑡, 𝑡 + 8h) = �̂�(𝑡,𝑡+8h),𝑀(𝐹1)𝐸(𝐶𝑟𝑒𝑝𝑎𝑖𝑟|𝐹) + �̂�(𝑡,𝑡+8h),𝑀(𝐹2) ∙ 2𝐸(𝐶𝑟𝑒𝑝𝑎𝑖𝑟|𝐹), 

according to the following notations: 

• 𝐾𝑃𝐼̂
𝑒𝑞𝑢𝑖𝑝𝑚.,𝑀,𝐹(𝑡, 𝑡 + 8h): estimated equipment damages KPI due to faults of type belonging to set 𝐹 

that may occur in machine 𝑀 within the next 8h 

• �̂�(𝑡,𝑡+8h),𝑀(𝐹𝜑): currently estimated probability that φ faults of type belonging to set 𝐹 occurs in 

machine 𝑀 within the next 8h 

• 𝐸(𝐶𝑟𝑒𝑝𝑎𝑖𝑟|𝐹): conditional expected value of equipment repair cost due to a fault of type belonging to 

set 𝐹 (may be estimated directly, or based on probabilities if the set 𝐹 contains at least 2 fault types 

and/or the cost of 1 repair for a particular fault type is uncertain) 

The probability that at least 1 fault belonging to set 𝐹 will take place in machine 𝑀 within the next 8h if it is 

not maintained, given an alert is raised by the respective predictive function or not, is estimated from the 

confusion matrix of the function, which was obtained during training, as follows: 

�̂�(𝑡,𝑡+8h),𝑀(𝐹 | 𝑛𝑜 𝑚𝑎𝑖𝑛𝑡. , 𝑛𝑜 𝑓𝑎𝑢𝑙𝑡 𝑎𝑙𝑒𝑟𝑡) =
𝐹𝑃𝑀,𝐹

𝑇𝑃𝑀,𝐹 + 𝐹𝑃𝑀,𝐹

= 1 −
𝑇𝑃𝑀,𝐹

𝑇𝑃𝑀,𝐹 + 𝐹𝑃𝑀,𝐹

= 1 − 𝑝𝑟𝑒𝑐𝑀,𝐹
𝑛𝑜𝑟𝑚𝑎𝑙 , 

�̂�(𝑡,𝑡+8h),𝑀(𝐹 | 𝑛𝑜 𝑚𝑎𝑖𝑛𝑡. , 𝑓𝑎𝑢𝑙𝑡 𝑎𝑙𝑒𝑟𝑡) =
𝑇𝑁𝑀,𝐹

𝑇𝑁𝑀,𝐹 + 𝐹𝑁𝑀,𝐹

= 𝑝𝑟𝑒𝑐𝑀,𝐹
𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙 , 

according to the next notations: 

• �̂�(𝑡,𝑡+8h),𝑀(𝐹 | 𝑛𝑜 𝑓𝑎𝑢𝑙𝑡 𝑎𝑙𝑒𝑟𝑡): currently estimated probability that at least 1 fault of type belonging to 

set 𝐹 occurs in machine 𝑀 within the next 8h given that such fault is not currently forecast by the 

dedicated predictive function 

• �̂�(𝑡,𝑡+8h),𝑀(𝐹 | 𝑓𝑎𝑢𝑙𝑡 𝑎𝑙𝑒𝑟𝑡): currently estimated probability that at least 1 fault of type belonging to set 

𝐹 occurs in machine 𝑀 within the next 8h given that such fault is currently forecast by the dedicated 

predictive function 

• 𝑇𝑃𝑀,𝐹 : True Positives evaluation measure obtained after training of the predictive function for 

forecasting faults of types belongin to set 𝐹 in machine 𝑀 

• 𝐹𝑁𝑀,𝐹 : False Negatives evaluation measure obtained after training of the predictive function for 

forecasting faults of types belongin to set 𝐹 in machine 𝑀  

• 𝐹𝑃𝑀,𝐹 : False Positives evaluation measure obtained after training of the predictive function for 

forecasting faults of types belongin to set 𝐹 in machine 𝑀  

• 𝑇𝑁𝑀,𝐹 : True Negatives evaluation measure obtained after training of the predictive function for 

forecasting faults of types belongin to set 𝐹 in machine 𝑀  

• 𝑝𝑟𝑒𝑐𝑀,𝐹
𝑛𝑜𝑟𝑚𝑎𝑙 : precision for “no fault alert” class obtained after training of the predictive function for 

forecasting faults of types belongin to set 𝐹 in machine 𝑀  

• 𝑝𝑟𝑒𝑐𝑀,𝐹
𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙 : precision for “fault alert” class obtained after training of the predictive function for 

forecasting faults of types belongin to set 𝐹 in machine 𝑀 

Apparently, in case of a promising model, the second probability is much higher than the first one. 

In the general case, all predictions from an entire recent time window are taken into account instead of the last 

prediction only, thus a weighted mean of the above two probabilities is considered as the probability for at 

least one fault within the next 8h if the respective machine is not maintained. On the contrary, in case of a 

maintenance or equipment restoration after a fault, this probability is assumed as equal to the probability of a 

fault without maintenance and without alert. Therefore, the aforementioned probability is computed as 

�̂�(𝑡,𝑡+8h),𝑀(𝐹) = {
𝑞(𝑡)𝑝𝑟𝑒𝑐𝑀,𝐹

𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙 + [1 − 𝑞(𝑡)](1 − 𝑝𝑟𝑒𝑐𝑀,𝐹
𝑛𝑜𝑟𝑚𝑎𝑙), 𝑖𝑓 𝑚𝑎𝑐ℎ𝑖𝑛𝑒 𝑖𝑠 𝑛𝑜𝑡 𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛𝑒𝑑

1 − 𝑝𝑟𝑒𝑐𝑀,𝐹
𝑛𝑜𝑟𝑚𝑎𝑙 , 𝑖𝑓 𝑚𝑎𝑐ℎ𝑖𝑛𝑒 𝑖𝑠 𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛𝑒𝑑 

, 

where 𝑞(𝑡) stands for the percentage of alerts within the considered recent window. Obviously, when only the 

last prediction is taken into account, this percentage is 1 or 0 if the last prediction raises alert or not respectively. 

Based on above assumptions and formulas, it is 

�̂�(𝑡,𝑡+8h),𝑀(𝐹1) = �̂�(𝑡,𝑡+8h),𝑀(𝐹)𝑝𝑟𝑒𝑐𝑀,𝐹
𝑛𝑜𝑟𝑚𝑎𝑙 , 

�̂�(𝑡,𝑡+8h),𝑀(𝐹2) = �̂�(𝑡,𝑡+8h),𝑀(𝐹)(1 − 𝑝𝑟𝑒𝑐𝑀,𝐹
𝑛𝑜𝑟𝑚𝑎𝑙), 

therefore 

𝐾𝑃𝐼̂
𝑒𝑞𝑢𝑖𝑝𝑚.,𝑀,𝐹(𝑡, 𝑡 + 8h) = �̂�(𝑡,𝑡+8h),𝑀(𝐹)(2 − 𝑝𝑟𝑒𝑐𝑀,𝐹

𝑛𝑜𝑟𝑚𝑎𝑙)𝐸(𝐶𝑟𝑒𝑝𝑎𝑖𝑟|𝐹). 
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It needs to be stated that the stop duration is also affected by the decision for machine maintenance and the 

number of faults that will occur. Therefore, the expected stop duration is 

�̂�(𝑡,𝑡+8h),𝑀(𝐹)(2 − 𝑝𝑟𝑒𝑐𝑀,𝐹
𝑛𝑜𝑟𝑚𝑎𝑙)𝑑𝑀,𝐹 + 𝑑𝑀,𝑜𝑡ℎ𝑒𝑟 , 

where 𝑑𝑀,𝐹 denotes the stop duration after a single incident of a fault belonging to set 𝐹, whereas 

𝑑𝑀,𝑜𝑡ℎ𝑒𝑟  stands for the total stop duration due to all voluntary actions to be taken, including machine 

maintenance. Although the stop duration is not involved in the equipment KPI, it affects the profit KPI, as 

mentioned in subsection 3.1, as well as the raw material consumption KPI (subsection 3.4.1).  

Some promising fault forecasting models for the next 8h approximately have been mentioned in D5.4, for 

example forecasting faults of plastic part stuck in core and cavity for machine 49 and forecasting faults of 

plastic part stuck in cavity for machine 50, and the values of the corresponding evaluation metrics mentioned 

above have been documented therein. The above two models have been taken into account for the 

optimization problem. The ratio of recorded incidents of faults due to plastic part stuck in core and cavity in 

machine 49 is about 1:4. 

 

4.4 Environmental impact KPIs 

The environmental impact of the capsules/lids production process (Use Case 1) was investigated. Two key 

factors of environmental impact were taken into account for the optimization problem: raw material 

consumption and energy consumption. These two factors are in line with the definitions of environmental KPIs 

within the context of the Life Cycle Assessment plugin, documented in D5.8. Thus, related KPIs were defined. 

Although other factors are also important, it was assumed, based on prior knowledge, that the optimization of 

the previous two does not contradict the optimization of the others.  

4.4.1 Raw material consumption KPI 

In subsection 3.1 it was explained how the percentage of good parts for the next 8h is estimated. The raw 

material consumption is considered as dependent on the bad (rejected) parts, so in this case the percentage 

of bad parts is important. The raw material consumption KPI is reduced when the percentage of bad parts 

reduces, but it also reduces for decreasing mass flow, although globally the latter is unwanted, because profit 

deteriorates much more. It is assumed that high raw material consumption should lead to mold maintenance. 

The exact formula of the raw material consumption KPI for machine 𝑀 within the next 8h is 

𝐾𝑃𝐼̂
𝑚𝑎𝑡𝑒𝑟.,𝑀(𝑡, 𝑡 + 8h) = (1 − �̂�𝑔𝑜𝑜𝑑,𝑀(𝑡, 𝑡 + 8h))�̂�𝑀(𝑡, 𝑡 + 8h), 

where �̂�𝑔𝑜𝑜𝑑,𝑀(𝑡, 𝑡 + 8h) is defined as in subsection 3.1 and �̂�𝑀(𝑡, 𝑡 + 8h) represents the total mass flow in 

machine 𝑀 within the next 8h. The latter is computed as �̂�𝑐𝑦𝑐𝑙𝑒𝑠,𝑀(𝑡, 𝑡 + 8h)�̂̅�𝑀(𝑡, 𝑡 + 8h), where  

�̂�𝑐𝑦𝑐𝑙𝑒𝑠,𝑀(𝑡, 𝑡 + 8h) is defined as in subsection 3.1 and �̂̅�𝑀(𝑡, 𝑡 + 8h) stands for the expected average mass flow 

per cycle within the next 8h, and computed as �̂̅�𝑐𝑎𝑣𝑖𝑡.,𝑀(𝑡, 𝑡 + 8h)𝑚𝑘(𝑀), where �̂̅�𝑐𝑎𝑣𝑖𝑡.,𝑀(𝑡, 𝑡 + 8h) is defined as 

in subsection 3.1 and 𝑚𝑘(𝑀) denotes the mass flowed in a single normal cavity for the part type 𝑘(𝑀) that 

machine 𝑀 produces (capsules or lids). Consequently, the KPI for raw material consumption may be 

alternatively expressed as 

𝐾𝑃𝐼̂
𝑚𝑎𝑡𝑒𝑟.,𝑀(𝑡, 𝑡 + 8h) = (1 − �̂�𝑔𝑜𝑜𝑑,𝑀(𝑡, 𝑡 + 8h)) �̂�𝑐𝑦𝑐𝑙𝑒𝑠,𝑀(𝑡, 𝑡 + 8h)�̂̅�𝑐𝑎𝑣𝑖𝑡.,𝑀(𝑡, 𝑡 + 8h)𝑚𝑘(𝑀). 

4.4.2 Energy consumption 

For energy consumption a formula expressing it as a function of process variables was also not provided. 

However, according to the process experts, energy may depend on the following manually adjustable process 

variables: 

• mold wall temperature 

• melt temperature 

• holding pressure 

• injection rate 

• back pressure 

• screw speed 

• clamping force 



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

 

Deliverable nr. 

Deliverable Title 

Version 

D5.6 

Final Integrated Resource Optimization Toolkit, Decision Support 

4.0 - 20/03/2020 

Page 20 of 28 

 

Data are available only for the melt temperature, the injection rate (indirectly through the existing variables of 

fill time, shot size and transition position), the back pressure and the screw speed. 

In order that the process variables (among the above) that affect energy are confirmed, some supervised 

learning models were trained. The active energy of each machine was considered as the dependent variable, 

whereas the above existing process variables were examined as possible explanatory ones. 

Energy data are provided only for Use Case 1 machines and only since July 2019, and they are provided in a 

real-time fashion. Since recent Krauss Maffei process data are not available, only the four HUSKY machines 

were analyzed. 

The active energy variable is cumulative, and although it is provided about every 10sec, it usually takes about 

2min to be updated. Also, it is apparent that energy is reduced during machine stops, so it was considered 

more interesting to define energy per cycle as the dependent variable. Cycle number data are available until 

the beginning of August 2019. Considering all the above, the following preprocessing steps took place for each 

machine 𝑀: 

a) The explanatory variables were resampled with 6-sec period3. 

b) The cumulative active energy was resampled with period 𝑠(𝑀), which was tuned during the 

experiments. 

c) The cycle counter variable was resampled with period 𝑠(𝑀). 

d) The explanatory variables were transformed to their mean within rolling window of length 𝑠(𝑀) (not 

centered). 

e) The transformed explanatory variables were resampled with period 𝑠(𝑀). 

f) The active energy was decumulated. 

g) The cycle counter was decumulated. This yielded the number of cycles per period of length 𝑠(𝑀). 

h) The decumulated active energy was divided by the number of cycles per period of length 𝑠(𝑀), to 

form the average energy per cycle within the last period of length 𝑠(𝑀). 

i) The data points with missing values from the transformed explanatory variables or the average energy 

per cycle variable were discarded. 

Five machine learning regression models of scikit-learn [1], namely Multilayer Perceptrons, Random Forest, 

Nearest Neighbours, Support Vector and Gaussian Process, were considered in the analysis. The following 

hyper-parameters of these regressors were modified w.r.t. their default values: 

Multilayer Perceptron Regressor (MLP): 

▪ hidden layer sizes (tuned) 

▪ activation=“tanh” 

▪ solver=”lbfgs” 

▪ maximum number of iterations = 108 

▪ alpha=0 

Random Forest Regressor (RF): 

▪ maximum depth (tuned) 

▪ number of estimators = 100 

Nearest Neighbour Regressor: 

▪ number of neighbours (tuned) 

▪ weights to neighbours (tuned) 

Support Vector Regressor (SVR): 

• C (tuned) 

• kernel (tuned) 

• degree (tuned when applicable) 

• max_iter (tuned) 

• tol (tuned) 

• epsilon (tuned) 

Gaussian Process Regressor: 

 
3 This was a computationally feasible choice. 
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• alpha (tuned) 

The models were evaluated by the Normalized Root Mean Square Error (NRMSE), defined as the standard error 

divided by the standard deviation of the dependent variable. Obviously, it takes nonnegative values, with lower 

values being better. It is independent of the measurement unit of the dependent variable, and when it equals 

1, the model performance is equivalent to the performance of the baseline model, that always predicts the 

mean of the variable, so the value of 1 is interpreted as neutral. The NRMSE obtained by the 3-fold cross-

validation test sets evaluated the models and determined the best subset of explanatory variables to be used 

as input. 

The results of the analysis are presented in Figure 6 and Table 4. As shown, the data do not fit very well the 

selected models, but they are generally better than the baseline model. However, it needs to be noted that 

only a small amount of process and energy data provided by machine 48. It seems that the models are usually 

able to correctly predict extremely high values of energy. This indicates that when energy consumption per 

cycle is too high, this is a cause of abnormal values of the model process variables, so an appropriate 

recommendation for adjustment of these variables is possible. Extremely low values seemed to correspond to 

periods of machine restart, when the process is not stabilized yet. It seems that energy per cycle should be 

kept within a normal range and not exceed its upper bound. Generally different input variables are selected for 

each machine as important for prediction. Overall, the back pressure appears as the most significant of them. 

Always, the best model is SVR with polynomial kernel, although some best hyper-parameters differ among 

machines. Furthermore, it needs to be stated that for machines 47 and 50, the predictions are not very accurate 

during the last days (right side of 3rd test fold), apparently due to some configuration change made in them by 

plant operators. However, the models are quite robust and can still predict most of the energy peaks. 

 

 

Figure 6: Exact (red) and predicted (green) values of active energy per cycle in HUSKY machines, for the 3 cross-
validation test folds. 

Table 4: Training details and evaluation for models predicting active energy per cycle in HUSKY machines 

 Machine 47 Machine 48 Machine 49 Machine 50 
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Time with complete data 38 days 5.7 days4 32 days 32 days 

Sampling period for model 1h 20min 1h 1h 

Model input 
back press., shot 

size, trans. posit. 

melt temperature, 

screw speed 

back pressure, 

screw speed 

back pressure, 

shot size 

Best model5 

SVR(0.1,”poly”,1,-

1, 

10-3,0.1) 

SVR(10,”poly”,2, 

-1,10-3,10-3) 

SVR(10,”poly”,2, 

-1,10-3,10-5) 

SVR(0.1,”poly”,2,-

1, 

10-3,10-3) 

Total test NRMSE 0.840 0.860 0.694 0.456 

The predictive models for all machines will be considered for the recommendations. 

The energy KPI within the next 8h for machine 𝑀 may be defined as follows: 

𝐾𝑃𝐼̂
𝑒𝑛𝑒𝑟𝑔𝑦,𝑀(𝑡, 𝑡 + 8h) = �̂�𝑎.𝑝.𝑐.,𝑀(𝑡, 𝑡 + 8h) = {

min(𝑒𝑎.𝑝.𝑐.,𝑀(𝑡 − 𝑠(𝑀), 𝑡), 𝑒𝑎.𝑝.𝑐.,𝑀
𝑛𝑜𝑟𝑚𝑎𝑙) , 𝑖𝑓 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝑎𝑟𝑒 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 

𝑒𝑎.𝑝.𝑐.,𝑀(𝑡 − 𝑠(𝑀), 𝑡), 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
, 

based on the following notation: 

• 𝐾𝑃𝐼̂
𝑒𝑛𝑒𝑟𝑔𝑦,𝑀(𝑡, 𝑡 + 8h): estimated energy KPI for machine 𝑀 for the next 8h 

• �̂�𝑎.𝑝.𝑐.,𝑀(𝑡, 𝑡 + 8h): expected average active energy per cycle in machine 𝑀 within the next 8h 

• 𝑒𝑎.𝑝.𝑐.,𝑀(𝑡 − 𝑠(𝑀), 𝑡): average active energy per cycle in machine 𝑀 within the last time interval of length 

𝑠(𝑀), which equals the sampling period of the corresponding model 

• 𝑒𝑎.𝑝.𝑐.,𝑀
𝑛𝑜𝑟𝑚𝑎𝑙 : normal active energy per cycle in machine 𝑀, based on historical data 

 

4.5 Global optimization 

As mentioned above, the global optimization aims at finding the actions to be taken among parameters 

adjustment, mold maintenance and machine maintenance such that a linear combination of the individual KPIs 

defined in the previous subsections of this section is optimized. The definition of weights of KPIs will be subject 

to the operators’ judgement and will also be configurable, since it is very dependent on priorities and goals. 

Only the weights of equipment damages and profit KPI should be definitely opposite, since they are both 

measured in terms of money and they have opposite effect. Therefore, the financial penalty KPI 

𝐾𝑃𝐼̂
𝑚𝑜𝑛𝑒𝑦,𝑀(𝑡, 𝑡 + 8h) = 𝐾𝑃𝐼̂

𝑒𝑞𝑢𝑖𝑝𝑚.,𝑀,𝐹(𝑡, 𝑡 + 8h) − 𝐾𝑃𝐼̂
𝑝𝑟𝑜𝑓𝑖𝑡,𝑀(𝑡, 𝑡 + 8h) 

may be defined. 

During the evaluation phase in the pilots, in order that recommendations over time are comparable, fixed but 

multiple sets of weights may be defined and trigger simultaneous executions of the optimization algorithm. 

Despite the vagueness of weights, each KPI is linearly normalized in the interval [0,1], where 0 and 1 correspond 

to the best and worst case respectively, based on historical data, so that they are comparable to each other 

even without the weights. If an even better or worse value of a raw KPI is computed in the future, it will be 

mapped to 0 or 1 respectively during normalization. 

Mathematically, the estimation of the global KPI for machine 𝑀 for the next 8h, which is treated as a weighted 

mean of the individual normalized ones, is defined as 

𝐾𝑃𝐼̂
𝑀(𝑡, 𝑡 + 8h) = 𝑎1𝐾𝑃𝐼̂

𝑚𝑜𝑛𝑒𝑦,𝑀
𝑛𝑜𝑟𝑚. (𝑡, 𝑡 + 8h) + 𝑎2𝐾𝑃𝐼̂

𝑞𝑢𝑎𝑙.,𝑀
𝑛𝑜𝑟𝑚. (𝑡, 𝑡 + 8h) + 𝑎3𝐾𝑃𝐼̂

𝑚𝑎𝑡𝑒𝑟.,𝑀
𝑛𝑜𝑟𝑚. (𝑡, 𝑡 + 8h)

+ 𝑎4𝐾𝑃𝐼̂
𝑒𝑛𝑒𝑟𝑔𝑦,𝑀
𝑛𝑜𝑟𝑚. (𝑡, 𝑡 + 8h): 𝑎𝑖 ≥ 0, 𝑖 = 1,2,3,4, ∑ 𝑎𝑖

4

𝑖=1
= 1, 

where the orange coefficients correspond to the aforementioned weights, and the “norm.” indication means 

that the corresponding KPI has been normalized in the interval [0,1], as mentioned above, based on its worst 

and best case according to historical data. 

Two dedicated dashboards with the real-time DSS recommendations and KPIs have been created in Grafana 

interface. An illustrative example follows from the most detailed dashboard (Figure 7), which depicts the online 

 
4 There were only few unreliable data before July 19th. 
5 In the brackets, only the tuned hyper-parameters appear, in the order they were mentioned above. 
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notifications for a machine, visualizing also the respective global and local KPIs with or without action, based 

on real data. 

In order that the plant operators are notified in real time about the most recent recommendations, without 

needing to be constantly observing the Grafana dashboards on their computer, an independent piece of code 

has been developed, which is scheduled to periodically (with configurable frequency) query the most recent 

recommendations and send email to a list of specified email addresses with the summary of them, if any. It is 

assumed that the end users will be notified about such emails on their mobile phones. An example is depicted 

in Figure 8. 

Finally, as all other predictive algorithms delivered by CERTH, the optimization algorithm has been integrated 

also in CERTH’s IoT platform, which supports further capabilities and more complex visualization tools, like 

clock views, as shown in the example of Figure 9. 
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Figure 7: Example of the Grafana dashboard for optimization with online recommendations and KPI visualization 
for a particular machine in plastic Use Case 1, for a 3-h period 

 

Figure 8: Example of real-time mobile notification about the need for actions to be taken by plant operators, as 
recommended by the optimization DSS in plastic Use Case 1 
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Figure 9: Example of the dashboard of CERTH’s IoT platform for optimization for a particular machine in plastic 
Use Case 1, with data from a particular day until 13:00 
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5 Conclusion  

 

This deliverable provides the final specification of the Integrated Resource Optimization Toolkit, which is the 

main component for the configuration of the combination of multiple predictive functions in order to achieve 

global optimization of the overall production process according to various specified Key Performance 

Indicators. More specifically, for the aluminum domain the optimization scenarios and the related process, 

environmental and financial KPIs correspond to the carbon area and the electrolysis process, whereas for the 

plastic domain several KPIs, namely financial (profit and equipment damages), environmental impact (raw 

material and energy) and also quality, were defined for the global optimization problem in the business use 

case about coffee capsules and lids. The proposed toolkit supports both predictive maintenance and predictive 

control optimization tasks, through real-time textual recommendations provided to the end users. The 

implementation of this component is based on the monitoring of the real environment and the coordination 

of various components of the MONSOON platform deployed on the site (i.e. Runtime Container, Visualization 

Dashboard) or in the cloud Data Lab environment (Function Repository, Simulation Framework). The 

appropriateness of the optimization engines proposed will be evaluated after used for sufficient time by plant 

operators.  
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Acronyms 

Acronym Explanation 

AD Aluminium Dunkerque 

API Application Programming Interface 

CLI Command Line Interface 

DSS Decision Support System 

KPI Key Performance Indicator 

MLP Multilayer Perceptron 

NRMSE Normalized Root Mean Square Error 

PLC programmable logic controller 

RF Random Forest 

SCADA supervisory control and data acquisition 

VPIRA Virtual Process Industries Resources Adaptater 
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