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Executive Summary 

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

this module is to provide 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 general procedure, how the locally applied predictive 

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

KPIs. The first part of this initial specification describes main concepts and general architecture of the 

Integrated Optimization Toolkit module. The second part extends 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. Next update of this deliverable will 

describe how the predictive functions developed within the scope of the Task 5.1 and Task 5.2 will be 

combined in order to globally optimize production process. Additionally, it will describe software tools 

supporting the configuration and deployment of the composed combination of the predictive functions. 

 

1 Introduction 

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 optimization methods optimizing various key performance 

indicators (KPIs) defined in the sense of energy savings, operational costs waste efficiency or other aspects. 

This deliverable describes initial 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, provided configuration should be dynamic and 

should allow reconfiguration of the predictive functions and real-time monitoring. 

 

In this initial deliverable, we will specify how the predictive functions and data analytics methods can be used 

for the global optimization of the production processes. The deliverable will specify how the different 

predictive functions can be combined to larger assets, which can simultaneously optimize multiple KPIs. 

Deployment of such complex assets consisting of multiple predictive function will required orchestration of 

various components of the MONSOON platform, both in the on-site deployment or in the Data Lab cloud 

environment. For this, deliverable will describe interactions between Integrated Resource Optimization 

Toolkit and the other components of the MONSOON platform. The last part of this deliverable will provide 
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global overview of the pilot cases. In this overview we will describe overall production process and indicate 

which data are available for building of predictive functions and which KPIs can be optimized.  

 

2 Use cases and functional requirements 

Main domain and business cases scenarios are described in detailin the deliverables D2.2 “Initial Process 

Industry Domain Analysis and Use Cases”and D2.3 “Updated Process Industry Domain Analysis and Use 

Cases”. The following table summarizes defined scenarios. Chapter 4 of this deliverable further extend the 

scope of the business scenarios to overall process with all steps included in order to validate, that the overall 

process can be globally optimized using the combination of the local predictive functions. 

 

Scenario Main goal Type of the task 

Aluminium – Carbon area 

scenario 

Main goal is to predict the impact of abnormal 

anodes on the pot performances. 

Predictive diagnostics, 

Predictive maintenance 

Aluminium – Electrolysis area 

scenario 

Main goal is to predict the liquid heights and 

eventually the pot thermal status based on the 

information given by the chisel-bath contact 

system (one piece of equipment of the pot) 

Predictive diagnostics, 

Predictive control 

Plastic – Coffee capsules 

scenario Main goal is to predict the impact of the mold 

operational parameters to the quality of the 

produced parts. 

Predictive diagnostics, 

Predictive control Plastic - High-technical 

automotive plastic parts 

scenario 

 

Additionally, deliverables D2.2 and D2.3 specify user-centered use cases. The following scenarios summarized 

use cases relevant to the overall process optimization: 

 

Use case scenario Description / Notes 

UC1.1 step 1 

Write the project charter – The production process has to be 

decomposed to phases and for each phase, the KPIs for measurement of 

the performance of the process has to be specified. 

Sub-UC 1.1.3 

Creation of the Predictive model on historic data – Data scientists 

together with Plant Process experts have to specify how the overall 

process optimization will be decomposed to the particular prediction 

functions. 

Sub-UC 1.1.4 

Validation of the performances of the predictive function – performance 

of the predictive functions is evaluated against the specified KPIs which 

are defined locally to the output of the function. The overall impact to 

the KPIs have to be aggregated for all predictive functions. 

Sub-UC 1.2.1 

Iterative loop of algorithm development in Proto phase – iterative 

deployment of the ensemble of the predictive functions requires flexible 

configuration and management of the predictive functions. This support 

should be implemented in the Runtime container (i.e. in the plat site 

environment) and in the Data lab where the ensemble of the predictive 

functions for global process optimization is composed. 

UC1.3 Creation of a demo (industrial environment) – similarly to Iterative loop 
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of algorithm development in Proto phase, demo installation and 

deployment of the ensemble of the predictive functions will require 

flexible configuration and monitoring. 

 

The described scenarios provide basic context for the specification of the Integrated Resource Optimization 

Toolkit. The initial scenarios were dealing with the application of the individual predictive functions for local 

optimization of the specific step of the production process. The following chapter will extend this context to 

the global optimization of the overall process using the ensemble of the predictive functions. 
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3 Architecture 

3.1 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 resourcesrequired 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 (i.e. environmental impact KPI computed from the volume of the wasted material) or by 

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

consumptions for each equipment used in the process). 

3.2 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 get 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 Figure 1). However, it is also 

possible that one predictive function computes multiple outputs applied in the multiple production steps 

(see Figure 2). 

 

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 examples of the relations between the process, data, KPIs and prediction functions are depicted on the 

following figures. In these (rather general) examples, consider a production process phase modelled in three 

consecutive steps. In each of the steps, sensor data represent the data provided by equipment sensors 

involved in particular step and control data refers to the control parameters of the equipment (could be 

optimized, e.g. by predictive function). In the examples, we consider several KPIs – KPI 1 specific for Step 1 

and KPI3 related to Step 3. KPI 4 represents the KPI, which is directly derived from KPI 3). KPI 2 is related to 

multiple process steps, so overall KPI 2 can be decomposed as KPI 2.1 (KPI 2 in Step 1), KPI 2.2 (KPI2 related 

to Step 2) and KPI 2.3 (KPI 2 related to Step 3).  
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Figure 1 Example of the “local” predictive function applied in the one production step. 

Figure 1 shows “local” Predictive Function 1, which output is applied to the production Step 2. Function 1 

depends on the sensor inputs from the Step 1 and Step 2 and on the control parameters applied in the Step 

1 and Step 3 (note that it is also possible to have as the input historical sensor data measured in the 

subsequent step). The output of the function directly optimizes KPI 2.2 and indirectly KPI 2 specified for the 

overall process (since KPI 2 is computed as the aggregation of the KPI 2.1, 2.2 and 2.3). 

 

 

Figure 2 Example of the predictive function with the multiple outputs. 

Figure 2 shows the example of the predictive functions with multiple outputs. Predictive Function 2 has 

inputs of sensor data from Step 1, 2 and 3 and control data from Step 2. It computes two outputs which are 

applied in Step 1 and Step 2 optimizing directly KPI 1, 2.2 and 3 and indirectly KPI 2 and KPI 4 (since KPI 4 is 

computed by transformation from KPI 3). Note that regardless of multiple outputs, we will call the application 

of the one predictive function as the local optimization step. 

Step 1 

Sens Data 1 Ctrl Data 1 

KPI 1 

Step 2 

Sens Data 2 Ctrl Data 2 

Step 3 

Sens Data 3 Ctrl Data 3 

KPI 2.1 KPI 2.2 

KPI 2 

KPI 3.2 KPI 3 

KPI 4 

Predictive Function 2 

Step 1 

Sens Data 1 Ctrl Data 1 

KPI 1 

Step 2 

Sens Data 2 Ctrl Data 2 

Step 3 

Sens Data 3 Ctrl Data 3 

KPI 2.1 KPI 2.2 

KPI 2 

KPI 2.3 KPI 3 

KPI 4 

Predictive Function 1 
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Figure 3Example of the global optimization approach. 

 

 

The main functionality of the Integrated Resource Optimization Toolkit is the global optimization when 

potentially multiple predictive functions are applied in order to optimize overall KPIs for the whole 

production process. Figure 3 illustrates such global optimization approach – multiple predictive functions are 

used (Predictive Function 1 and 2), which optimize the different KPIs (KPI 2, 3 and 4). From the perspective of 

overall production process, KPIs for particular production steps are used to derive the Overall Process KPIs. In 

this case, by the orchestration of the multiple predictive functions, the process is optimized in the mash-up 

approach, where the multiple functions can influence multiple KPIs directly or indirectly. 

 

3.3 Interaction with Data Lab components 

The following schema shows interaction between the Integrated Resource Optimization Toolkit and other 

components of the MONSOON Data Lab platform. 
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Figure 4 Interactions between Resource Optimization Toolkit and Data Lab components. 

 

The data scientist uses web-based user interface provided by the Multi-Scale Model Based Development 

Environment (see deliverable D4.6) to write scripts for data processing and modelling. The scripts are running 

in the Big Data Storage and Analytics platform.  

1. Built data analytical models are published as the predictive functions in the Functions Repository. 

2. Predictive functions are then validated in the Simulation Framework (see deliverable D4.6), which: 

a. validates the quality of the predictive function on the validation datasets  

b. estimates evaluation metrics (e.g. precision, recall, absolute error, etc.)  

c. computes the impact of the predictive function on the KPIs defined for the process.  

d. Impact can be further extended by reasoning in Life-cycle Plugin Management (see 

deliverable D5.7), which computes inferred (aggregated or transformed) KPIs from the input 

data or base KPIs. 

3. The Simulation Framework estimates the impact of one predictive function independently from 

others.  

4. Integrated Resource Optimization Toolkit will orchestrate multiple predictive functions and compute 

aggregated impact on the global KPIs specified for the overall process implied by the whole 

combination of functions.  

a. The process can be optimized globally by discrete combination of the functions 

implemented in the Integrated Resource Optimization Framework; and locally by 

optimization of the impact for one function (validated in the Simulation Framework).  

5. Optimal combination of the functions is then deployed in the target site environment and 

instantiated in the Run-time Container.  

a. Note that the decomposition of the global optimization task to the sub-tasks implemented 

by the particular predictive functions is based on the knowledge of data scientists and 

domain experts. This decomposition is supported by the semantic modelling in Semantic 

framework, which describes relations between process, data and KPIs. 

 

3.4 Integration scenarios for predictive control and maintenance 

Global optimization of the production processes requires extensive data integration between the predictive 

functions and various systems deployed in the site environment. Generally, we can recognize two cases 

where the predictive functions can be applied: predictive control and predictive maintenance. Both 

integration scenarios are relevant for the second phase of the MONSOON project.  
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In the predictive control, the output of the predictive function is 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 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. 

 

The Error! Reference source not found. presents integration scenarios for both cases. From the Data Lab 

point of view, both cases are implemented using the predictive functions, packaged and deployed in the 

Runtime container. Required data integration is implemented by the Runtime container and mainly by the 

Virtual Process Industries Resource Adapter (VPIRA). VPIRA is the main component for the routing of the 

input data or the output predicted values (control signals or diagnostic signals).  

 

 

Figure 5 Integration scenarios for predictive control and maintenance. 

 

For the supervised control or maintenance, the MONSOON platform provides Visualization Dashboard which 

can be configured to present both operation data and predicted values using the integrated screens in real-

time. Using the VPIRA integration, it is also possible to route predicted value to existing SCADA system 

(which has to be extended with the new signals in this case). VPIRA data routing also allows to implemented 

cases where the output of one predicted function is used as the input to another one. In this way, it is 

possible to implement case where the diagnostic signal is directly used as the input to the predictive control 

function, or the hierarchical control scenario where the complex control logic is decomposed to the multiple 

predictive functions (models). To summarize, besides the predictive functions published in the Function 

repository, the Integrated Resource Optimization Framework should support also the configuration of the 

data routing and integration layer (VPIRA data flows). 

 

3.5 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: 
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 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 

Runtime container. For more information about the format of this configuration file follow 

specification in deliverable D3.7 Initial Runtime Container. 

 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. 

 JSON prediction result format specified in the deliverable D3.7 Initial Runtime Container which 

specify name of the predictive function and names and types of the outputs from one predictive 

function. 

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 
    volumes: 
    - data_1:/data 
  predictive_function1: 
    image: monsoon/predictive_function2 
    - 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). 
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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 optimalization 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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4 Overall process optimization scenarios – aluminium domain 

In this chapter, we will describe the overall production process for aluminium. This description will 

additionally extend domain and business scenarios defined in deliverable D2.2 and D2.3 which covers only 

selected steps of the process. In the following chapter we will describe all steps and for each step we will 

specify if it can be optimized by predictive control or maintenance by some local predictive functions and 

which KPIs are affected by this optimization. The main goal of this overview is to validate that the overall 

process can be globally optimized by the combination of the predictive functions applied to the particular 

process steps. 

4.1 Introduction to overall aluminium process 

   The production process goes through several main steps, depicted in the diagram hereunder: 

- The production of the anode in the carbon area 

- The transformation of the electricity in the substation 

- The production of aluminium metal with the electrolysis reaction in the reduction area 

- The forming of the aluminium in the casthouse 

 

Two of these steps are in scope of this project – Carbon and Reductionareas. 

 

 

Figure 6 - The continuous process for the aluminium production –  
The carbon area is grey and the reduction area is in orange 

 

4.2 The electrical substation (blue frame) 

 

For a stable electrolysis process, we must ensure the electricity supply. Therefore, in the electrical substation, 

the main concern is linked to the status of the equipment. The suppliers have tackled this issue and started to 

develop algorithms for predictive maintenance. 
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Consequently, the MONSOON Project will not involve resources on this particular area of a smelter. 

 

4.3 The carbon area (grey frame) 

 

New anodes are being prepared in-house within the carbon plant.  

Anode blocks go through three successive stages: 

- Green anodes (produced from calcined petroleum-coke, coal-tar pitch and recycled scraps and 

anode butts by mixing and subsequent forming and vibrocompaction in the paste plant), 

- Baking anodes (produced from green anodes in chambers of Baking furnace), 

- Rodded anodes (produced from baking anodes by splicing them together with stems – two anodic 

blocks on one stem). 

Besides usable anode blocks, tar emission and anode scraps are co-produced. From energy point of view, the 

baking process is usually using natural gas. The rodded anodes represent the final product stage of the 

carbon plant. They are subsequently distributed to electrolysis pots to replace consumed anodes. 

 

4.3.1 Focus on green anode quality: 

 

The function of this shop is to produce paste by mixing coke, recycled anode products, recycled dedusting 

products and pitch. The stages of the process are as follows: 

 Crushing and sorting the dry products (coke, recycled green and baked products, dedusting fines) 

 Preheating and mixing the raw material products with pitch 

 Heating and distributing the heat transfer medium for the dry product preheating. 

 

Once the paste is produced, a forming step occurs in the paste plant.  

 Forming the green anodes by vibrocompaction of the paste in a mould 

 Cooling the green anodes 

 Storing the green anodes in the handling and storage shop 

 

4.3.1.1 Green anode quality optimization 

 

One optimization scenario will address the green anode quality variability in the paste plant. Anodes 

contribute as the biggest variable impact to the aluminium production cost. By decreasing the variability and 

improving the control of the anode quality, we will lessen anodic incidents on pot (in particular anode effects 

and mushrooms). 
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Figure 7- Flowsheet diagram of the paste plant 

 

 

The anode quality is greatly influenced by the variability in equipment running settings and their stoppages. 

Some relations between equipment settings variation, raw material recipe and anode quality are already 

known. But some are not yet discovered and need to be controlled. 

 

The already well-known parameters are: 

 For the upstream machines (Aggregate preheating step),  

o The dry material temperature (D110-J140_TEMP_COKE_ENTREE_J150) 

o The pitch temperature (D110-H080_TEMP_F_T_MALAXEUR) 

 For the BUSS mixer (Mixing and cooling step) 

o Its average amperage (D110-J160_INT_MOY_MALAXEUR) 

o The paste temperature (D110-J160_TEMP_PATE) 

 For the cooler (also Mixing and cooling step) 

o The cooler tool motor intensity (D110-J172_INT_MOT_TOURBILLON) 

o The paste temperature (D110-J170_TEMP_INSTANT_PATE) 

o The cooler paste level (D110-J170_NIVEAU_MELANGEUR_REFROIDIS) 

 For the vibrocompactors (Forming step) 

o The vibrating time (D110-K0X0_TEMPS_ECOULE_VIBRATION) 

o The vibrating velocity (D110-K0X0_VIT_VIBRATION) 

o The paste weight correlated with the anode height (D110-

K030_POIDS_NET_TREMIE+D110-K1X0_DERNIERE_HAUTEUR) 

 

For the whole chain, the KPIs that will be followed are listed hereunder: 

- Anode density variability 

- Optimized green anode rejection rate that impacts  

o the raw material consumption 

o the energy consumption (natural gas and electricity) 
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o the amount of waste 

o the amount of S02 emitted 

- Carbon dust crisis avoidance (average spikes crisis impact 2.5 M€ / y) 

 

We will have at our disposal data from all the machines on the green anode preparation from the dry 

products dosing to the vibrocompactors, which gave the shape to the green anode. 

 

The variables are mainly process variables (motor amperage, machine power, paste temperatures, cycle 

times…). These variables are thoroughly described in D5.3. 

 

4.3.1.2 Predictive maintenance 

A second optimization scenario in the paste plant should address the maintenance of the machines included 

in the process chain described here above. As aforementioned, the equipment stoppages or deviations 

increase the anode quality variability. Consequently, the algorithm developed for the predictive maintenance 

should interact with the algorithm for the anode quality and improve the related KPI. 

 

 

4.3.1.3 Local vs. global optimization for green anode quality 

The figure 8 reuses the representation of figure 1 or 2, in order to better depict the correlation between the 

variables, the predictive functions and the KPIs. As mentioned in the previous section, you will observe the 

direct interaction between the two predictive functions to be developed for the green anode step in order to 

optimize the green anode quality. 

 

 

Figure 8 – Relations between sensor values, predictive functions and KPIs for the green anode optimization 

 

4.3.2 Anode baking shop 

 

The function of the shop is to produce baked anodes from green anodes. 
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The baking furnace comprises sections. Each section consists of pits. In each pit the anodes are arranged in 

rows and layers. The baking furnace uses packing coke to cover the loaded green anodes. The fluewalls 

which delimit each pit is composed of refractory bricks arranged in a specific arrangement. 

 

The baking furnace is in continuous operation. 

 

For the baking process, 2 optimization scenarios can be considered: 

- The anode baking level variability which can impact the electrolysis pot stability 

- The predictive maintenance of the refractory materials which can affect the anode baking level 

homogeneity 

 

4.3.2.1 The Anode baking level optimization 

The mechanical and electrical properties of the anodes are obtained after the baking step. Thus, if the baking 

process parameters are not well controlled, the anode baking level can vary considerably between different 

batches (i.e. anodes coming from the same section or even the same pit) or between anodes of the same 

batch. 

 

The parameters that are already considered as important are: 

- The status and positions of the heating ramps which inject the natural gas (or the fuel in some 

plants) needed for the baking energy 

- The status and positions of the cooling ramps which bring ambient air to cool down the baked 

anodes 

- The status and position of the Temperature and Pressure Ramp which measures the temperature 

and pressure in the fluewalls.  

- The depression at the Exhaust ramp 
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Figure 9 - View of the baking furnace and of the different ramps 

 

The suppliers have already developed algorithms to follow the firing system process parameters. 

Consequently, the MONSOON Project will not involve resources on this particular scenario. 

 

4.3.2.2 Predictive maintenance 

   The term brickwork designates all furnace refractory material construction, essentially the fluewalls and 

headwalls. 

 

Figure 10 - Cross-section of the baking furnace and description of the different sections 
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Several factors are responsible for brickwork deformation with time: 

 falsification (alteration) of alumino-silicate refractory material caused by sodium and fluorine in 

anodes, 

 expansion and contraction stresses due to thermal cycles, 

 stresses applied by anodes and packing coke to fluewalls during handling operations and 

baking/cooling cycles. 

 

The objective of a predictive function would be to detect a deviation of the state of the refractory 

construction versus a standard aging and optimize the fluewall and headwall changes. Nevertheless, with the 

data available to date, the development of a predictive function is not feasible. 

 

4.3.3 The rodding shop 

 

The last step in the carbon area consists in associating baked anodes to a metallic stem and bonding them 

with a cast iron seal. The operations are mechanical operations that are automatized in many plants. The 

quality criteria are linked to geometric dimensions of the whole anode assembly and partially to the quality 

of the cast iron and of the seal. 

 

Nevertheless, no data are available to date to be analyzed by a predictive algorithm.Consequently, the 

MONSOON Project will not involve resources for a study in this workshop. 

 

4.4 The reduction area (orange frame) 

The production of aluminium is realized thanks to the electrolysis reaction of the alumina –its oxide.  

The anode assembly produced by the carbon area is immersed in a bath of cryolithe and alumina. A high and 

direct current goes through the anode to the cathode. Theequivalent energy given by the direct current is 

needed to break the bonds of the alumina molecule so that the aluminium atoms are released. Because the 

aluminium is heavier than the bath, it goes to the bottom of the pot and is extracted from the pot 

periodically. 

 

Meanwhile, the anode is consumedby the electrolytic reaction and must be changed regularly. 
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Figure 11 - Cross-section of an electrolysis pot and description of the different sections 

 

4.4.1 Prediction of the liquid heights 

 

Many parameters can be optimized on operating pots. Within MONSOON project, we would like to study the 

liquid heights (aluminium and molten bath) that can affect the pot performances, in particular the optimized 

energy consumption and current efficiency. 

 

Nowadays, these parameters are measured manually and periodically. Between two measures, we have no 

clear knowledge of these variables. Thanks to predictive algorithms, we would like to estimate the liquid 

heights between the manual measuring and maybe to be able to reduce the number of measurements done 

by operators today. 

 

We suppose that we will be able to predict the liquid heights with the variables listed hereunder: 

- The chisel contact status and time 

- The number of doses of alumina 

- The quantity of AlF3 added 

- The manually measured temperatures and liquid heights 

This is a short list of interesting parameters that can be enlarged by the analysis of the data provided from 

the pots. 

If we can control the liquid heights, we might be able to control: 

- The pollution of the metal by the iron coming from the pins of the anode assembly that 

might be attacked by the bath 

- The current efficiency because of bath chemistry deviations. 
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We can retrieve from the pots many process variables via the potline control system (a pot control system), 

with different frequency: minute, shift, day and some events (in particular operations like anode change, 

anode beam raising…). 

 

4.4.2 Prediction of the pot temperature 

A second scenario in the electrolysis area should address the prediction of the thermal balance of the pot. 

We might use similar variables as for the prediction of liquid heights. In addition, we will include the 

superheating variable, which help to estimate the bath chemistry. The liquid heights may influence the bath 

chemistry that can worsen the pot thermal balance, thus affecting the pot current efficiency. 

 

4.5 The casthouse 

 

The objective of a casthouse is to manufacture a product with the shape, composition, properties and 

internal structure that correspond to the customers’ requirements with: 

 safety, cost effectively and a way that does not harm the environment, 

 the best value metal purity. 

The main final customers are aluminium transformation businesses. 
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5 Overall process optimization scenarios – plastic domain 

 

The main process optimization goal in plastic domain always is to reduce the amount of waste parts. 

Normally this goal is reached by keeping all conditions as constant as possible.  

The necessary periphery of the injection molding process is shown in Figure 11. In theory each machine 

can deliver data.  

 

Figure 12 - Potential of data analyses of the MONSOON platform 

 

 

The general overall process of injection molding in the plastic domain can be described as following. Under 

each point possible data to be monitored are mentioned. Many of these data cannot be delivered inline but 

every hour or day.  

5.1 Storage of the plastic granules 

The plastic granules are stored in a silo or an octabin.  

 incoming goods inspection (to monitor the constant properties of the plastic granules, cannot be 

measured inline) 

o melt flow index of the plastic material (daily) 

o differential scanning calorimetry (daily) 

The plastic granules are delivered to the dryer and are dryed 

 Drying temperature and drying time (to prevent the plastic granules from overdrying), could be 

measured inline (at least every 4 h or every shift) 

 Residual moisture of the plastic granules (to monitor the drying quality of the drying unit, cannot 

be measured inline) (at least every 4 h or every shift) 

5.2 Plastification of the granules 

The plastification of the granules takes place in the plastification unit of thze injection molding machine. Due 

to shear friction between the granules and temperature from the heating belts the granules are plasticized 

and the plastic melt is created.  

 Rotation speed of the screw, temperature of the heating belts, backpressure (these values can be 

easily measured at the injection molding machine inline) 

 Temperature of the plastic melt in the space in front of the screw (can be measured easily at the 

injection molding machine inline, but needs a temperature sensor in the space in front if the 

screw) 

 Dosing Hub (can be measured easily at the injection molding machine inline)  
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Additionally inserts of can be placed in the molding tool. This can be metal inserts like screws or chips which 

are then overmolded or foils where back injection molding is done.  

 Can be detected with the help of a camera to stop the process before plastic melt is injected into 

the cavity 

 A temperature sensor can be placed behind each and every insert. If the insert is missing, the 

temperature sensor is exporting a much higher temperature because the plastic melt directly 

touches the temperature sensor 

5.3 Injection phase 

During the injection phase the mold cavity is filled with plastic melt. It starts with the movin of the screw as 

ram and ends when the screw reaches a specified position (v/p switchover position) or if a temperature 

sensor at the end of the flow front detects the presence of the plastic melt (temperature increaser) 

 Temperature of the hot runner (can be measured inline, may be difficult to integrate the hot 

runner control unit into the injection molding machine) 

 Injection speed (profile) of the screw and injection time 

 v/p-switchover  in general via screw position, optimally with an integrated temperature sensor 

at the end of the flow path 

 Pressure inside the mold can be easily measured with the help of a pressure sensure and a 

suitable data acquisition control system. 

5.4 Packing phase 

The Packing phase follows after the injection phase. The packing phase is necessary to minimize shrinkage 

and warpage of the plastic parts. It lasts until the gates are frozen and no more plastic melt can pressed into 

the cavity.  

 Packing pressure (profile) and packing time (can be measured easily at the injection molding 

machine inline, optimally there is a pressure sensor included near the gate) 

5.5 Cooling phase 

After the gate is sealed the part is not frozen yet. So the cooling time lasts until the part is mechanically 

stable enough to be ejected.  

 Cooling time 

 Temperature of the coolant (can be measured inline, may be difficult to integrate the coolant 

control unit into the injection molding machine) 

 Volumetric flow of the coolant: Detection of leakage flows, detection of blockage of cooling 

channels; the volumetric flow can either be measured inline at the coolant unit (if this is included 

there) or with volumetric flow sensors (there are special requests to flow profiles in front of and 

behind the sensor) 

5.6 Ejection of the molded plastic parts 

When the part is stable enough that it is not being destroyed when it leaves the mold it is ejected. This is 

mainly done with the help of ejector pins which push the part out of the cavity. Simple parts just fall out of 

the mould into a box or onto a conveyor belt. More complex plastic parts are ejected and immediately 

grabbed by a robot to prevent them from falling. These parts are then put onto a conveyor belt or into a 

stack by the robot to prevent damage from the plastic parts.  

 Ejector force (difficult to measure because the ejector force is much smaller than the injection 

pressure which is put on the ejector pins during the injection and packing phase) 

 Integration of acoustic sensors to monitor the state of the ejectors (difficult to integrate and to 

measure, if a break of an ejector pin happens the acoustic signal is changing) 

 Optional: taking the part with a robot 

o Pressure of the grabber unit 

o Acceleration of the grabber unit 
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5.7 Quality control unit 

This step is optional but mainly done in plastic domain. Here many quality controls are thinkable and are 

mainly related to the defined quality criteria of the specific plastic part (dimensions, availability of inserts, 

functionality of geometric elements…) 

 Optical quality control system as being installed at GLN to monitor the defined quality criteria 

 Here nearly every other quality control system can be considered if quality criteria are defined 

(mass, colour of the part, dimensions, optical defects, vacuoles…) 

5.8 Production line optimization 

In the old coffee capsule line GLN had 8 Krauss Maffei machines dedicated to the capsules production 

(producing both cups and lids). For the new line were bought 4 new Husky machines which brings a new 

production maximization: the 4 new Husky machines are capable to produce almost the same as the 8 Krauss 

Maffei machines. The differences between these two types of machines is that the Krauss Maffei are electric 

machines and the Husky machines are hybrid machines (electric + hydraulic). For this second case the 

machines consume much more than the first ones, but in other perspective since they have the hydraulic 

system associated to the open/close velocity this will allow the cycle time be smaller and so the production 

increases significantly. Balancing these two scenarios, GLN believes that the results worth’s the energy 

consumption efforts.    

 

Within the MONSOON project we would like to study and understand if this energy consumption might be 

decreased without affecting the production, by predicting production stoppages, where energy consumption 

increases significantly every time the process is restarted. The prediction of an abnormal injection process will 

lead us to less NOK parts, which translates into less energy consumption. 

 

To summarize, the overall optimization of the whole production line can consist of the a) optimization of the 

production parameters and prediction of the quality of the products separately for capsules and for lids and 

b) prediction of stoppage for each type of the machine (Krauss Maffei and Husky). This optimization can be 

decomposed to the predictive functions summarized on the  

 

 

 

Figure 13 – Overall optimization of the plastic production line 
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Figure 14 – Overall optimization of the plastic production line(nikolokas - needs further modification) 
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6 Conclusion 

This deliverable provides initial 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. Proposed toolkit support both predictive maintenance and predictive control optimization tasks. 

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

of various components of the MONSOON platform deployed on the site (i.e. Run-time Container, 

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

Additionally, this initial version provides description of the overall production process for our two pilot cases: 

for aluminium domain and plastic domain. This description will serve as the main reference for the 

specification of the different optimization scenarios and specification of the functional and non-functional 

requirements for the further development of the Resource Optimization Toolkit. 
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Acronyms 

Acronym Explanation 

KPI Key Performance Indicator 

PLC Programmable Logic Controller 

SCADA Supervisory Control And Data Acquisition 

VPIRA Virtual Process Industries Resource Adapter 
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