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1 Introduction 

1.1 Summary  

The aim of this WP is to combine sensory data from PAT’s measurements and from external 

sources into statistically analyzed data, required by the optimization control module developed 

in WP2. The data sent to the control module should be robust in regards to infrequent updates 

of PAT measurements, varying measurement intervals, missing data, erroneous data etc. 

Our WP should help our partners to develop and validate new concepts and tools for innovative 

Model Predictive Control (MPC) solutions by handling the multivariate and auto correlated na-

ture of process data and the high quantities of data from various on-line measurements. 

1.2 Purpose of document  

The purpose of this document is learning and understanding the types and purpose of the 

sensory data collected in typical production processes of the process industry. Understand-

ing the data collection and streaming technologies for typical sensory systems. Together with 

control and industrial experts, define the process and product state data needed for imple-

menting engineering and statistical process control.  

This document summarizes the main findings from the industrial process discovery stage and 

describes the planned implementation of the ‘Data Mining’ workflow. Furthermore, this docu-

ment describes the different types of sensory data in our partners’ industrial processes.  Next, 

it goes on to explain WP4 in terms of its two main components: the IT module which is respon-

sible for reading and preparing sensor data for statistical analysis and the Statistical Engine 

module which will be responsible for analysis the data.  

 

This document will enable our partners to understand the statistical services and interfaces 

which are planned to developed during the project thereby helping them integrate those ser-

vices in theirs WP's. We also expect to receive comments and proposals from our partners for 

other needed statistical functionalities, not covered in this document.  
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Partners involved 

 

Partners and Contribution 

Short Name Contribution 

GSTAT Describe the role of GSTAT in this deliverable 

LTU Synchronize the contents and the contributions in the deliverable with the 

rest of the WPs, general comments on statistical analysis for the industrial 

process 

Other partner Same 
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2 Sensory Data in Industrial Processes 

2.1 Role of Sensors in Industrial Processes 

In industrial processes sensors are used mainly for safety, control and monitoring. The data 

obtained can be used in real-time control and optimization and/or can be aggregated and used 

later for monitoring and off-line optimization. 

 

For example, the experimental walking beam furnace at MEFOS uses sensors embedded in 

the furnace, measuring approximately 100 variables with a normal sampling frequency of 0.05-

1Hz. These readings are passed on as feedback to the FOCS-RF control system, which cal-

culates the deviations from the optimal temperatures in the control zones necessary for achiev-

ing the ideal heating curve determined from quality requirements on the rolled products. As 

part of the DISIRE initiative, new sensors will be developed that can measure temperature and 

gas composition as well as pressure and position as the sensor travels through the furnace. 

From a data perspective, large amounts of data are obtained, read, analyzed and passed on 

to the control system for optimization thus completing the industrial process control loop. The 

measurements data are multivariate and contain readings for both the process itself and the 

placement of the sensors within the process. 

 

Similarly, sensors are being developed for the Kiruna pelletizing plant to measure the heat in 

different parts of the kiln as part of the pelletizing process. During the 8 to 20 minutes transport 

through the grate, the pellets are exposed to temperatures that vary between 20 – 1300 °C. 

As part of the DISIRE initiative, new sensors will be developed that can record the gas com-

position in different parts of the grate which will help in optimizing the pelletization process. 

Some of this data may be used in real-time whereas some of it can be used in a batch setting 

to learn the optimal settings for future use. 

 

These are just some examples of the diverse uses of sensory data by our partners. Some other 

examples of sensor usages in our partners’ processes are:  using sensors to measure heating 

and cooling processes, tracking shipments on conveyor belts, as safety gauges throughout the 

industrial processes and more. 

2.2 A Basic Typology of Sensory Data 

There are many types of families of sensor data used for control in the industrial process and 

that number is increasing every year as a result of new measurement technologies introduced 

by the sensors industry, while each family of sensors has its own technical and output charac-

teristics.  The sensors’ hardware perspective is the focus of other WP's in the project. Our 



9 

 

WP’s focus is in receiving the measurement data from the sensors in a readable format, storing 

them, preparing them for statistical analysis and analyzing them according to the optimizer’s 

requirements.  

 

From a statistical perspective, there are two major issues we have to address before we can 

implement statistical analysis on the data obtained from sensors in the industrial processes. 

The first is the volume of data retrieved from the sensors and the second is the response time 

required by the control system. Big data volumes usually require different hardware and soft-

ware tools than what is required with small data volumes, while real time analysis requires 

efficient statistical algorithms that can produce results "in memory" and within small time 

frames.  

1. Data Size – In some cases data from many sensors, and /or with different frequencies 

and types of measurements will need to be processed and analyzed. In such cases 

special care is required in the design and implementation of the collection and statistical 

modules. With big-data even a single pass through the dataset can be costly in terms 

of time and calculating capabilities [7]. In many real life situations customized storage 

and processing algorithms need to be developed to overcome this problem. 

 

2. Response Time – As in the case of the beam furnace at MEFOS, some of the pro-

cesses in the industry require results from optimization processes in a minimal amount 

of time. A real time or near real time response time may require stream processing and 

advanced statistical solutions adapted to that situation, while a non-real time scenario 

can be done through batch processing and more standard classical statistical algo-

rithms. 

 

In general, we can differentiate between four typical combinations of data volume and response 

time. The first is that of small data, and non-real time response time. Form a data architectural 

perspective, this scenario will probably require classical tools like a Relational DataBase Man-

agement System (RDBMS) with standard statistical libraries in the statistical stage [11, 12]. 

The second combination, small data with real time required response time, will require a more 

sophisticated solution that incorporates the use of statistical algorithms that enable real time 

analysis. The third combination is big data with non-real time required response time, which 

typically requires advanced big data storing technologies like Hadoop Distributed File System 

(HDFS) or others [9]. Finally, the fourth scenario is big data with real time required response 

time. This is the most complex case, which will require using new technologies for "in memory" 

http://en.wikipedia.org/wiki/Apache_Hadoop#HDFS
http://en.wikipedia.org/wiki/Apache_Hadoop#HDFS
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efficient storage of data and with specific algorithms for statistical analysis of big data in real 

time [13]. 

 

From a statistical perspective, the prevalence of natural processes throughout the industrial 

process means that the data obtained from the sensors is often highly auto-correlated in both 

the spatial and temporal dimensions. As a simple example, in the heating processes mentioned 

above, the temperature in the ovens cannot jump from 0 to 100 in one second. These attributes 

have to be taken into account when performing any statistical analysis on the data. 

 

To demonstrate sensor measurement characteristics in the industrial process, we present in 

the table below characteristics of different types of sensors as they are used today by some of 

our partners in the project. This table is based on a reading of the D2.1 document supple-

mented with D4.1 participants’ specific inputs.
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Table 1: Sensors charecteristics, used in some of our partners industrial proccesses  

Partner 

Attributes\ 

Scenario 

Small 
Data; 

Small 
Data; 

Big 
Data; 

Big 
Data; 

Sampling 
Rate 

Push 
or Pull 
Based 
System 

Output 
format 

Data 
Storage 

Time 
Inter-
vals  Measurement 

Non-
Real 
Time 

Real 
Time 

Non-
Real 
Time 

Real 
Time 

Walking 
beam fur-
nace at 
MEFOS 

Airflow into furnace 

Existing 
Scenario 

    x   1s push dat/xlsx Files Equal 

Future 
Scenario 

      x 1s push dat/xlsx Files Equal 

Pressure inside furnace 

Existing 
Scenario 

    x   1s push dat/xlsx Files Equal 

Future 
Scenario 

      x 1s push dat/xlsx Files Equal 

Oxygen inside furnace 

Existing 
Scenario 

    x   1s push dat/xlsx Files Equal 

Future 
Scenario 

      x 1s push dat/xlsx Files Equal 

Oil fuel to burners 

Existing 
Scenario 

    x   1s push dat/xlsx Files Equal 

Future 
Scenario 

      x 1s push dat/xlsx Files Equal 

Temperatures in roof, walls 
etc. 

Existing 
Scenario 

    x   1s push dat/xlsx Files Equal 

Future 
Scenario 

      x 1s push dat/xlsx Files Equal 

Exhaust flow 

Existing 
Scenario 

    x   1s push dat/xlsx Files Equal 

Future 
Scenario 

      x 1s push dat/xlsx Files Equal 

Existing 
Scenario 

    x   1s push dat/xlsx Files Equal 
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Gas composition 
Quintoxdata O2 , CO, 

CO2,Nox 

Future 
Scenario 

      x 1s push dat/xlsx Files Equal 

Cracking 
Furnace at 

DOW Chem-
ical Iberica 

Excess of oxygen in com-
bustion gases 

Existing 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

  
Future 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

CO in combustion gases 
Existing 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

  
Future 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

NOx in combustion gases 
Future 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

Furnace Pressure - Draft 
Existing 
Scenario 

      X 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

  
Future 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

Fuel consumption 
Existing 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

  
Future 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

Coil oulet temperature (COT) 
Existing 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

  
Future 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

Fuel Gas valve position 
Existing 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

  
Future 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

Fuel Gas pressure 
Existing 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

  
Future 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 
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Damper position 
Existing 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

  
Future 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

Propylene/Ethylene Ratio 
(PER) 

Existing 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

  
Future 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

Wobbe Index 
Existing 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

  
Future 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

Naphta feed flow 
Existing 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

  
Future 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

Propane feed flow 
Existing 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

  
Future 
Scenario 

      x 10-60s pull XML/CSV 
MES. 
DCS. 

Equal 

Combustion Image diagnosis 
tool 

Future 
Scenario 

      x 1-10s pull TXT/XLS Files Equal 

Non-Ferrous 
Mineral Pro-

cessesa at 
KGHM 

Current motor 1 

Existing 
Scenario 

      x  1s push dat/xlsx Files Equal 

Future 
Scenario 

      x 1s push dat/xlsx Files Equal 

Current motor 2 

Existing 
Scenario 

      x  1s push dat/xlsx Files Equal 

Future 
Scenario 

      x 1s push dat/xlsx Files Equal 

Current motor 3 
Existing 
Scenario 

      x  1s push dat/xlsx Files Equal 
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Future 
Scenario 

      x 1s push dat/xlsx Files Equal 

Current motor 4 

Existing 
Scenario 

      x  1s push dat/xlsx Files Equal 

Future 
Scenario 

      x 1s push dat/xlsx Files Equal 

Weight ore 

Existing 
Scenario 

      x  1s push dat/xlsx Files Equal 

Future 
Scenario 

      x 1s push dat/xlsx Files Equal 
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3 WP Overview  

The aim of this WP is to condense and combine sensory data from PAT’s, measurements from 

on-line sensors, and laboratory measurements into real time statistically based low–dimen-

sional data describing the process and product state. The low-dimensional data should 

acknowledge and be robust versus infrequent updates of PAT measurements, toward missing 

data, and handle largely varying measurement intervals. The model should also be able to 

handle the multivariate and auto correlated nature of process data and the high quantities of 

data from regular on-line measurements. The process and product state data will serve as 

input to IPC and optimization strategies. An additional important objective of this WP is to in-

corporate the research findings in an implementation plan for different types process industrial 

production and thus enabling the cross-sectorial application of DISIRE. 

 

These goals are comprised of two main stages to be implemented in each of the four combi-

nations of data volume and required response time mentioned above: an IT Stage, which in-

cludes acquiring and storing the data from the sensors; and a Statistical Stage, which includes 

any pre-processing and analysing of the data prior to sending the results to the control and 

optimization system implemented by our WP2 partners. 

3.1 IT Stage 

In this stage methods will be designed for collecting and preparing PAT sensors data for ana-

lytics. This stage consists of collecting the data from the PATs, cleaning and QA-ing the raw 

data, and preparing the data for the statistical engine or for storage in the sensors databases. 

From the correspondence with our DISIRE partners so far, it is evident that our IT module will 

need to be able to cope with the various scenarios mentioned previously. On one extreme, a 

typical network of sensors embedded in the industrial process may send enormous amounts 

of streaming data in different and sporadic time intervals; on the other extreme the data may 

be sparse and sent in small batches. Therefore, our data architecture should be capable of 

dealing with all the different types of data but at the same time be generic enough to be appli-

cable across as many industrial processes as possible. In addition to this our IT design must 

prepare and organize the data in a manner that will allow the statistical algorithms implemented 

in the Statistical Engine to work in the most efficient way. 

3.2 Statistical Stage  

In the Statistical Stage of our WP we will design and develop data analysis modules that will 

prepare the data for the optimizer’s control process module (WP2). This stage includes per-

forming a list of statistical tasks on the data before passing it on to the optimizer’s module. 
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The data emanating from the industrial process is characteristically massive and can be highly 

correlated both temporally and/or spatially. Our Statistical Engine must be able to take ad-

vantage of the spatio-temporal correlations in modelling, forecasting, aggregation and any 

other task our control partners might need as part of the optimization process. In this stage we 

will explore the various algorithms we can use for the diverse situations we are likely to en-

counter with a special focus on analysing streaming data. 

 

To this end, we will explore new and innovative methods used for analysing real time streaming 

data for outlier detection, missing data imputation, optimal sampling algorithms, dimensionality 

reduction, modelling and forecasting, clustering, ML methods and more ]1[. We intend on fo-

cusing on new innovations in streaming technologies and algorithms such as WACA imple-

mented through new technological solutions such as Spark and Hadoop. 

 

3.3 A Schematic Framework of our WP 

In order to test our modules, we have prepared for demonstration purposes, a preliminary 

workflow of a prototype capable of handling data acquired from the industrial process both in 

terms of size (big data vs. small data) and response time (real-time/streaming vs. batch). Dur-

ing the DISIRE project a prototype workflow will be implemented on Amazon Web Services (a 

cloud storage service)1. Working on the cloud will enable us to easily explore different types 

and scales of typical industrial systems. Once that is in place, we plan on testing this prototype 

on data samples provided by our DISIRE partners as well as on other available data sources. 

 

The components of this prototype will be explored in the following chapters.  

 

                                                

 

1 See https://aws.amazon.com/ for more details. 

https://aws.amazon.com/
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4 Workflow of sensor data statistical analysis system 

4.1 Typical workflow of sensor data statistical analysis system 

In the following section we present a typical workflow for the collection, preparation and pro-

cessing of the data obtained from sensors embedded in the industrial process. 

The proposed work flow will address both the technical and statistical issues in the process, 

such as collecting and decoding the data, storing it, cleaning it and preparing it for the optimizer. 

Due to the diverse scenarios encountered in the project we propose an adaptive solution, which 

can handle the constraints and requirements specific to each process. These adjustments will 

be examined in a later stage of the WP. 

In Figure 1 we present a typical data processing work flow of sensor data and later, in the text, 

we explain the contents of each stage in the diagram: 

Figure 1: Prototype Work Flow 

 

Sensor Data Base

Organization and  
Preparation of the 

data

3

4

Figure 1: Prototype Work Flow

Sensor Data Files

2

Sensor Data
Collection and 

Decoding

Statistical EngineOptimizer

1

56
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4.1.1 Sensor Data Collection and Decoding 

Collecting and decoding the sensors measurements into data files is the objective of our WP3 

partners. We expect to receive the data in a specific format, see below in section 4.1.2. 

4.1.2 Sensor Data Files storage  

To date, sensor data is typically stored in specific formats (for example CSV, TEXT, XML, 

JSON Etc.). As the project advances we will determine which data format is optimal for storing 

the raw data for later processing. During the project we will specify the data variety, its structure 

and how we except to receive it based on consulting with our partners and the industries best 

practices. 

 

For demonstration purposes we present a preliminary format of the data required: 

(ID, ProcessName, Coordinates, MeasurementDate, MeasurementType, Vector) 

1. ID  – Input’s key 

2. ProcessName - Process name 

3. Coordinates - Input location 

4. MeasurementDate - Input measurement Time Stamp 

5. MeasurementType - Input Measurement type, like Temperature, Pressure, Gas 

Composition, Moisture Etc. 

6. Vector - Measurement value which can contain single or multiple values. 

7. Data size- Sampling frequency if relevant. 

4.1.3 Organization and preparation of data for statistical analysis and storage 

In this stage data is extracted, transformed and prepared for the statistical analysis. There are 

two main processes, which we will consider. 

 

In the first process data has to be checked for validity and completeness. Depending on the 

scenario and the complexity of the physical process involved, this can be done either by cutoff 

bounds or by means of more advanced outlier analysis methods ]3, 4[. Some errors which are 

found in the data in this stage can be corrected automatically while in other cases outlier reports 

are produced.  

 

In the second process we aggregate the data into equal time intervals. The sensory measure-

ments can arrive at different time intervals and the statistical analysis is usually done after 
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aggregating the data into equal time units. This process usually includes some means of di-

mensionality reduction as well. 

 

4.1.4 Statistical Engine 

The purpose of the statistical engine is to analyze the data, which arrives from module 3, after 

or before (depending on the response time) it is stored in the database, in preparation for the 

optimizer’s queries. As part of our WP we will develop a prototype for a data interface between 

the statistical engines and the controller/optimizer (see Chapter 6 for further details). 

 

4.1.5 Sensor Database 

The purpose of the database is to store the data, which arrives from module 3 for long-run 

analysis, which will most probably be required in many cases by the optimization modules. 

Saving historical data will enable statistical analysis required for the development and improve-

ment of the controllers’ models. Additionally, this data can be used to create Business Intelli-

gence (BI) dashboards and other KPI tools. It is our understanding that in certain applications 

there will not be a need for such a database, since in some cases all the analysis will be done 

in memory at real time. However, the majority of the cases we have seen in the industry so far 

have been hybrid cases where both real-time data and historical data are analyzed. 

 

In order to design a generic system which can be applicable to as many scenarios as possible 

we will have to design an appropriate data schema as part of our WP. For demonstration pur-

poses, we present in the following figure a preliminary ERD schema, which we will improve 

during the project based on the actual cases involved. 
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Figure 2: Preliminary ERD Schema for sensor data storage 

 

  

Factory

PK FactoryID

 FactoryName
 FactoryLocation
 FactoryDescription

Process

PK ProcessID

 FactoryID
 ProcessName
 ProcessDescription

Node

PK NodeID

 ProcessID
 FactoryID
 NodeLocation

Sensor

PK SensorId

 ProviderName

SensorType

PK SensorTypeID

 SensorID
 SensorTypeDescription
 ManufacturingDate

Properties

PK PropertyID

 PropertyType
 PropertyDescription

Measurement

PK MeasurementID

 FactoryID
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 NodeID
 SensorID
 SensorTypeID
 ProperyIS
 MeasurementDate
 MeasurementValue
 MeasurementNullIND
 MeasurementReliability

1

∞ ∞ 

∞ 

∞ 

∞ ∞ 

1
1

1 1

1

Figure 2: ERD Schema
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4.1.6 Optimizer  

The Optimize is the tool which optimizes the process in the plant using the data received pro-

cessed and analyzed by our modules, which will be developed by our WP2 partners.  The 

overall goal of our prototype is to facilitate fast and easy adjustments for the different require-

ments of the optimizer’s tool (see Chapter 6 for more details). 

4.2 Technologies and Processes for statistical analysis of sensor data 

Through the use of the above mentioned prototype we will explore the various possible tech-

nologies to be used in the modules for each of the four data scenarios. In the following table 

we summarize the main methods we will explore in implementing each module of our workflow. 

This table should be seen as a starting point and we expect it to be updated and altered as our 

WP progresses. 

Table 2: Technologies and Processes in Workflow 

# Module technologies and processes that will be examined 

1 

Sensor Data 

Collection 

and 

Decoding 

Our assumption is that we will enter after our WP3 partners will complete 

sensor Data Collection and Decoding. In some instances we will need to 

interface the existing sources of data in the current application cases. 

2 
Sensor Data 

Files 

Data acquisition – acquiring samples from the sensors 

1. “Pull-Based” approach; the sensors are queried by the system, pos-

sibly at equal time intervals. 

2. “Push-Based approach; the data is transmitted every time a trigger 

is initiated (for example by the violation of a set rule) [1] 

Storing sensor’s files - storing the raw files 

1. Storing files in the hard drive; low availability 

2. Storing files in solid-state drive (SSD); medium availability. 

3. Storing file in memory / random-access memory (RAM); high availa-

bility. 

Eliminating redundancy – techniques for reducing the data size 

1. Data filtration techniques  

2. Data compression techniques 

Data Cleaning and QA 

1. Outlier Analysis- rule or statistically based (see Chapter 6) 

http://en.wikipedia.org/wiki/Random-access_memory
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# Module technologies and processes that will be examined 

2. Imputation Methods for missing data 

3 

Organiza-

tion and 

preparation 

of the data 

Preparation of the data – Normalization or De-normalization 

1. Using the entire row-data. 

2. Aggregating the data by a variable. 

3. Aggregating the data by time intervals 

Organization of the data – Desirable technique for transfer the data 

1. Classic Extract, Transform and Load (ETL) programming; standard 

and easy to develop, Robust programming (like Talend integration 

software). 

2. Object oriented programming; enable ad-hoc programming for spe-

cial needs (like Python, Java or C++ programming language). 

3. Data Compression  

4 
Sensor 

Database 

Type of database – which database is the most appropriate for the spe-

cific processing method 

1. Relational DataBase Management System (RDBMS); implementa-

tion of structured Query Language (SQL) (Like MySQL database). 

2. Distributed data store (Key-values Stores); implementation of 

NoSQL, using of unstructured data. (like Hadoop Distributed File 

System, HDFS) 

3. Document-oriented database; using semi-structured data. (like Mon-

goDB database) 

4. Network DB 

 

5 
Statistical 

Engine 

Type of processing – Processing method 

1. Batch Processing; executing a series of programs every time inter-

val, technology suggested - R software. 

2. Stream Processing; processing computations parallel in memory, 

enables real time analytics, technology suggested - Spark Stream-

ing software web application framework. 

3. Hybrid Processing; combining Batch and Stream processing 

6 Optimizer  
We will produce the optimal results according to our WP2 partners’ spec-

ifications. 

 

 

http://nob.cs.ucdavis.edu/bishop/secprog/robust.html
http://en.wikipedia.org/wiki/Semi-structured_model
http://en.wikipedia.org/wiki/Computer_program
http://en.wikipedia.org/wiki/Parallel_computing
http://en.wikipedia.org/wiki/Free_and_open_source_software
http://en.wikipedia.org/wiki/Web_application_framework
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Table 3 expands on the possible methods mentioned above in respect to the four industrial 

scenarios we have identified earlier.
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Table 3: Possible Technologies by Module and Scenario 

# Module Task 
Small Data; 

Non-Real Time 

Small Data; 

Real Time 

Big Data; 

Non-Real Time 

Big Data; 

Real Time 

2 
Sensor Data 

Files 

Data acquisition "Pull Based" approach "Push Based" approach "Pull Based" approach "Push Based" approach 

Storing sensor’s 

files 
in the hard drive in the hard drive Distributed data store in the SSD or in the RAM 

Eliminating re-

dundancy 
Usually not needed filtration might be needed 

filtration and compression 

need to be consider 

filtration and compression 

need to be consider 

3 

Organization 

and preparation 

of the data 

Preparation of 

the data  

Using the entire row-

data 
Using the entire row-data 

using the entire row-data or 

Aggregate the data need to 

be consider 

using the entire row-data or 

Aggregate the data need to 

be consider 

Organization of 

the data  
 ETL programming 

ETL programming or Ob-

ject oriented programming 

need to be consider 

 ETL programming 

ETL programming or Ob-

ject oriented programming 

need to be consider 

4 Sensor Database 
Type of data-

base  
RDBMS RDBMS Distributed data store   Distributed data store  

5 
Statistical  

Engine 

Type of pro-

cessing  
Batch Processing 

Stream Processing or Hy-

brid Processing 
Batch Processing 

Stream Processing or Hy-

brid Processing 

6 Optimizer            
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In the previous two sections we have introduced the basic framework that we will use as a 

starting point in discovering the optimal solutions in our WP. As mentioned earlier this archi-

tecture must be robust in handling the various types of data we have encountered in the indus-

try with our DISIRE partners. In some of the cases we have seen that historical data is kept 

and stored for future use while in other cases the streaming data is disregarded soon after it 

has been used. Our prototype is planned to be generic enough to include both cases. 
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5 Statistical Engine 

In this section we will give an overview of the prototype statistical engine module. As mentioned 

earlier we aim at making our prototype as generic as possible while at the same time catering 

to the many different data scenarios identified (i.e. batch/streaming big/small data). Due to the 

diverse nature of the data involved, one of the major challenges we are likely to encounter is 

in enabling the statistical engine to efficiently communicate with the sensor database modules. 

This will require the sensor database to be able to store the data in a way which is optimal for 

the statistical process at hand. All the specifications for both the statistical engine and the 

modules in the IT stage are dictated both by the sensor networks characteristics and by the 

optimizer’s specifications. This will require interfaces facilitating communication between the 

optimizer and the statistical engine and between the statistical engine and the sensor database 

(see figure below). As part of our WP we plan on performing a research and development 

stage aimed at developing the optimal interfaces which should be generic enough to apply to 

all possible scenarios. 

The statistical engine should also be able to run on automation with minimal user interference. 

 

 

 

 

 

 

 

Optimizer 

 

 

 

 

Statistical 

Engine 

 

 

 

 

Sensor 

Database 

1. Queries the 

statistical En-

gine 

2.Queries the 

data 

4. Returns 

analyzed results 

to optimizer 

3.Returns 

data for analy-

Figure 3: Interfaces in the Data Query Process 
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As mentioned before, data from the industrial process is usually highly auto-correlated in both 

the spatial and temporal dimensions. One of the key objectives of our statistical engine is to 

utilize these correlations to our advantage in all of the statistical tasks at hand. For instance, 

instead of storing vast amounts of sparse sensor data readings, we can model many natural 

processes using adaptive statistical techniques such as ARMA models and RLS regressions. 

For demonstration purposes, we present a generic schema for a statistical engine prototype 

as seen from the optimizer’s perspective. The remainder of this chapter will deal with each of 

the modules presented in the figure below. 
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Figure 4: Schema of Statistical Engine Prototype 

Time Interval Statistic Method Sensors Attributes Output Options 

1. Span 

2. Last XXX 

interval 

3. Snapshot 

1. Raw data 

2. De-trended 

Data  

3. Aggregation 

4. Segmentation 

& Classification 

5. Correlation 

Analysis 

6. Modeling 

7. Forecasting 

8. Outlier Analysis 

9. Pattern Analysis 

10. Dimensionality 

Reduction 

See table for 

availability by 

Statistic: 

1. kNN 

2. Histogram 

3. SVM 

4. SVD 

Contingent: 

1. Local/global 

1. Single Sensor 

a. Single Attribute 

b. Multiple attrib-

utes 

2. Multiple Sensors 

a. Single Attribute 

b. Multiple Attrib-

ute 

2 1 3 4 5 
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5.1 Time Interval 

We expect the initiating instance in the module to be the time interval specified, which in turn 

dictates which statistics and methods are available. A clear distinction can be made between 

the following time dependencies: 

1. Span – A specified time interval querying historical data. For instance the optimizer may 

request all measurements between: from: 12 AM to: 12 PM, Jan1-March20, etc. 

2. Last XXX interval – This case is similar to the previous fixing the end of the interval to the 

last available timestamp. 

3. Snapshot – This option specifies the last available measurements (i.e. the current system 

state). 

Furthermore, the time interval specified has a direct effect on the systems response time in 

that historical data would need to be queried from the sensor database as opposed to from 

RAM (see Data Architecture). As part of the exploration stage of our WP we intend on speci-

fying what time span and which statistics to keep in memory. 

5.2 Statistics 

From our experience we expect the optimizer to request from the following statistics task list 

[6]: 

1. Raw data. 

2. De-trended data- Data without cyclical trends/drifts defined on or between specified 

windows. 

3. Aggregation- Statistical data (average, standard deviations, median, mode, minimum, 

maximum) aggregated by time intervals ( seconds, minutes, hours, days). 

4. Segmentation/Classification [5] - In many cases  

a. Single attribute  

b. By multiple attributes 

c. Time series 

5. Correlation analysis. 

6. Modeling- In many industrial applications which follow natural processes it may be op-

timal to develop an updated dynamic model of the process as opposed to storing 

large amounts of mostly sparse data. 

7. Forecasting- This can be done based on models or on observed time trends and/or 

dependencies between the sensor attributes. 
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8. Outlier Analysis- this can be done wither locally or globally depending on the scenario 

and is typically achieved based on either [2]: 

a. Over a Pre-defined threshold 

b. Statistically based (over specified windows of time) 

c. Range 

9. Pattern Analysis- this refers to the use of data exploration methods in finding repeat-

ing patterns in the data. These patterns may be in terms of:  

a. Cyclical trends 

b. Multidimensional correlations 

c. Temporal Pattern Analysis- Through correlation of statistics within and be-

tween time windows (e.g. average, standard deviations, min, max) 

10. Dimensionality reduction- The main goal of dimensionality reduction is to project high 

level data in low level form while keeping the main relationships between the different 

attributes intact. 

While, this statistical task list should be available regardless of the data characteristics, the 

methods and algorithms used to implement them will vary depending on each situation. 

5.3 Method 

Big data requires using technologies such as MapReduce where data is partitioned into several 

smaller segments each of which is analyzed concurrently on different servers [8]. On the other 

hand, real-time scenarios require the use of adaptive algorithms that can do on the fly compu-

tations, updating the statistics given the latest incoming readings. Additionally, in real-time sce-

narios a clear distinction needs to be made between developing the initial model as opposed 

to updating it with incoming data.  

 

In the following table we specify a preliminary assessment on which methods can be used to 

implement which statistical task given the different data-type scenarios. Although all the meth-

ods included in the table have been implemented through adaptive algorithms to both the 

streaming/batch cases some lend themselves more naturally than others to one or the other 

]7[. In the R&D stages of our WP we will identify which algorithms and methods best suit the 

implementation of which statistic in each scenario. 
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Table 4: Implementation Method by Statistic and Data Scenario2 

  Statistic \ Scenario  Attributes 
Small Data; 
Non-Real Time 

Small Data; 
Real Time 

Big Data; 
Non-Real Time 

Big Data; 
Real Time 

1 Raw Data   Full Availability Full Availability Limited Limited 

2 Trend Analysis   Full Availability Full Availability Full Availability Full Availability 

3 Aggregation   Full Availability Full Availability Full Availability Full Availability 

4 

Segmentation/Classification Single attribute 
kNN 
SVM 
 

kNN 
SVM 
 

kNN 
SVM 
Bayesian Net-
work 

kNN 
SVM 
Bayesian Net-
work 

5 

Segmentation/Classification multiple attribute 

PCA 
SVD 
SVM 
Spectral Decompo-
sition 

 
SVM 
Spectral De-
composition 

PCA 
SVD 
SVM 
Spectral De-
composition 

 
SVM 
Spectral De-
composition 

6 Segmentation/Classification time series Model Based Model Based Model Based Model Based 

7 
Correlation analysis   

 
PCA 
SVD 

PCA 
SVD 

PCA 
SVD 

PCA 
SVD 

8 
Modeling   

ARMA 
LS/Logistic 

ARMA 
RLS/Logistic 

ARMA 
LS/Logistic 

ARMA 
RLS/Logistic 

9 
Forecasting   

ARMA 
LS/Logistic 

ARMA 
RLS/Logistic 

ARMA 
LS/Logistic 

ARMA 
RLS/Logistic 

                                                

 

2 This table is based on the literature mentioned in the bibliography, especially see [1,4, 7]. 
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  Statistic \ Scenario  Attributes 
Small Data; 
Non-Real Time 

Small Data; 
Real Time 

Big Data; 
Non-Real Time 

Big Data; 
Real Time 

10 

Outlier Analysis   

Model Based  
kNN 
SVD 
SVM 
Histogram 
Kernel Density 

Model Based  
kNN 
 
SVM 
 
 

Model Based  
kNN 
SVD 
SVM 
Histogram 
Kernel Density 

Model Based  
kNN 
 
SVM 
 
 

11 

Pattern Analysis  

PCA 
SVD 
SVM 
Spectral Decompo-
sition 

 
SVM 
Spectral De-
composition 

PCA 
SVD 
SVM 
Spectral De-
composition 

 
SVM 
Spectral De-
composition 

12 

Dimensionality Reduction   

PCA 
SVD 
SVM 
Spectral Decompo-
sition 

 
SVM 
Spectral De-
composition 

PCA 
SVD 
SVM 
Spectral De-
composition 

 
SVM 
Spectral De-
composition 
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5.4 Options 

While developing the options module in the statistical engine we will try to find the optimal 

balance between minimum specifications and the need for customization due to the unique-

ness inherent in each process. Keeping the options at a minimum will allow faster response 

time and automation of the statistical engine. Some basic examples of options we are likely to 

specify are: 

1. Local/global – In the majority of algorithms and methods it is necessary to define the point 

of reference as either local or global. 

2. Thresholds- In many applications (such as clustering through kNN) a desired threshold 

must be specified as part of the process. 

5.5 Sensors Attributes 

The statistics available to the optimizer depend on how the sensors are embedded in the in-

dustrial process. For example, in many WSN architectures multiple sensors are placed in close 

proximity to each other measuring similar attributes of the industrial process. Alternatively, 

there may be only one sensor reading a specific process. A general distinction can be made 

between data acquired from a single sensor as opposed to multiple sensors. In either case 

statistics may be requested on either a single or multiple attributes. Attributes may include: 

measured sensor values, location (xy coordinates), timestamps, etc. So in a generic setting, 

the optimizer may be able to specify attributes for: 

1. Single Sensor 

a. Single Attribute 

b. Multiple Attribute 

2. Multiple Sensors 

a. Single Attribute 

b. Multiple Attribute 
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6 Summary 

The purpose of this document was to review our findings from the industrial process discovery 

stage of our WP and describe the prototype. We also see this document as an opportunity for 

us to introduce our WP to our other DISIRE partners and we fully encourage our partners’ 

further enquiries and cooperation. 

 

We started off by giving some examples of the typical uses of sensors in the industry which 

included control and monitoring functionality as well as for safety purposes. Based on what we 

have learned from our DISIRE partners, we defined a basic typology for industrial sensory 

output from a statistical analysis perspective: big data vs. small data, and real-time vs. batch. 

 

With these preliminary distinctions in place, we then went on to demonstrate the different parts 

of our WP implemented through a prototype workflow model. The first part of the prototype 

deals with the technical aspects of collecting and organizing the outputs from the sensors em-

bedded in the industrial process. This includes reading data files, cleaning and QA-ing the data 

for erroneous readings, and preparing the data to be stored in the sensor databases for further 

manipulation in the statistical engine. The second part deals with the statistical engine module 

which is tasked for preparing the data for the optimal control module. This includes performing 

various tasks on the data such as basic statistics, clustering and segmentation, aggregation, 

modeling and forecasting, outlier analysis and dimensionality reduction, and more. As was 

stressed in the document, throughout our WP we will explore which technologies work best in 

performing these tasks in different types of sensors environments. 
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