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Abstract— This work presents a process data analyticsplatform built around the concept of industry 4.0. The platformutilizes the state-of-the-art industry internet of things (IIoT)platforms, machine learning (ML) algorithms and big-datasoftware tools. The industrial applicability of the platform wasdemonstrated by the development of soft sensors for use in awaste-to-energy (WTE) plant. In the case study, the workstudied data-driven soft sensors to predict syngas heating valueand hot flue gas temperature. From data-driven models, theneural network based nonlinear autoregressive with externalinput (NARX) model demonstrated better performance inprediction of both syngas heating value and flue gastemperature in a WTE process.
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I. INTRODUCTION
The global competition in industrial manufacturing, forinstance to increase productivity, product quality [1], processsafety in addition to economic and environmentalsustainability has led to the development of modern processmonitoring and data analytics systems. The currentdevelopments concerning industrial internet of things (IIoT)technologies, machine learning (ML) algorithms and big-dataavailability provide platforms for the realization ofsophisticated process data analytics. There are several cloudcomputing platforms available for use in industrial internet ofthings and big-data analytics. Key players include cloudservices providers (like Microsoft Azure, Amazon WebServices, IBM, Intel etc.), enterprise solution vendors (notablyPTC and Oracle), networking companies (such as Cisco andAT&T) and industrial engineering companies (namelyGeneral Electric, Siemens and Bosch), among others. Anumber of these platforms are available under proprietarylicenses with a few others being accessible as open sourceprojects.
In predictive data analytics in process industry, softsensors are invaluable tools for providing insights into thestate of process operations especially in cases where the directmeasurement of key process variables is extremely difficult,

nearly impossible or even unreliable [2]. For example inwaste-to-energy plants (WTE), a number of researchers  havereported studies concerning the use of data-driven soft sensorsas alternative tools for the prediction of critical processvariables such as the calorific value of biomass solid waste,syngas composition, NOx  emissions and oxygen content influe gas [3].
The rest of this paper is organized into five more Chapters.The proceeding Chapter briefly reviews the softwareplatforms for IIoT, ML algorithms and big data analytics inrelation to modern process automation. Chapter III introducesthe WTE industrial use case. Chapters IV and V discusses theselected data-driven methods and development of data-basedsoft sensors for a WTE plant respectively. The final Chapterprovides a summary of key findings of the current work.
The work contributes to the existing knowledge of processdata analytics in modern process automation systems byemphasizing the use of readily available open source orproprietary software tools to develop sophisticated dataanalytics platforms to support academic research and for usein industrial process applications.
II. PROPOSED PROCESS DATA ANALYTICS PLATFORM

Currently, a number of hardware and software toolspurposely for handling process data analytics are availablefrom industrial automation vendors and other computingservices vendors. These tools are increasingly being used todevelop data analytics platforms within process automation.
A. Platform Description

The platform presented here in Fig. 1, follows the generaldata-based process monitoring procedures, which include dataacquisition, data pre-processing, model design and modelmaintenance. In industrial processes, data acquisition can beaccomplished through a number of interfaces for instance,OPC UA, OPC, Modbus and various network protocols likeMQTT, CoAP, REST and HTTP [4]. Currently various IoTplatforms can be implemented for data collection fromindustrial devices notably through edge computing and IoTcloud getaways. The choice of a data acquisition interface alsoinfluences the possibility of real-time process monitoring.
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Thus, in cases of high latencies in data acquisition, offline orbatch data analysis is favored. Statistical or ML methods arenormally employed during data pre-processing, model designand model maintenance. The choice of the appropriate methodin each case depends on the task, among other technicalities.
 In addition to the existing process monitoring platformswithin process automation systems, modern technologiesincluding edge and IoT cloud computing can be utilized forprocess data analytics. Through the use of IoT cloudgateways, streaming data or historical data is ingested into theindustrial IoT cloud platform. Industrial IoT vendors normallyprovide IoT cloud getaway connections. For instance,Siemens’s MindSphere [5] offers MindConnect Nano andMindConnect IoT 2000 getaways, which ensure secureinformation sharing. Moreover, with edge computing, theconventional plant automation architecture can be by-passedand the plant devices are directly connected to industrial IoTcloud from the edge by for instance using a 5Gcommunication network.

B. Industrial IoT Cloud Platforms and Edge Computing
Nowadays, several commercial grade industrial IoTplatforms suitable for use in industrial automation areavailable, notable examples are Predix, MindSphere [5] andSentience cloud platforms as a service. In addition, there manymulti-purpose IoT cloud platforms, which are available fromcloud service providers, for instance, Amazon web services,Microsoft Azure, Google cloud and IBM’s Watson IoT. Mostof these IoT cloud platforms offer distributed computing, big-data analytics, data and device management tools, machine-to-machine (M2M) interaction and many other functionalities.The connectivity of devices to IoT cloud platforms can beachieved in different ways, for instance by means of ‘plug andplay’ [5], use of open communications standards for industrialautomation notably the OPC Unified Architecture (OPC UA)and network protocols like MQTT. Cloud computingplatforms also provides large and affordable data storage

capacity, flexibility to client demands plus offering highlyscalable computing power.
Mobile edge computing (MEC) is among the currentlyavailable edge computing technologies within the industrialIoT. The edge interface offers real-time data processingincluding data filtering, basic data analytics, in addition tomachine-to-machine communication, all at the plant premisesand near the data sources. This means that fast processmonitoring can be achieved through for example anomalydetection models, among others.

C. Machine Learning and Big-data Software Tools
For data analytics, there several machine learning softwaretools available both commercial and open source software.Among the leading proprietary machine learning as a service(MLaaS) include Amazon machine learning (Amazon ML),Microsoft Azure machine learning, Google machine learningand IBM Watson machine learning. Often machine learningtools are accessible through respective cloud platforms orunder third party cloud application services. They offer highlyscalable environments and a variety of machine learningalgorithms for data pre-processing, dimensionality reduction,predictive data analytics and plenty of other functionalities.Moreover, most of the commercial machine learningframeworks also provide deep learning libraries and big-datacomputing software tools like Apache Spark, Hadoop, etc. Inaddition, there are several machine learning software tools,libraries and frameworks, which are freely accessible underopen source licenses. Also, these can be implemented viaeither through the cloud environment or on premises.Examples of open source machine learning software tools areApache Spark MLlib, Scikit-learn, TensorFlow, H2O.ai,BigML, Accord.NET, Apache SystemML, Apache Mahout,Oryx 2, just to mention but a few. There are also manyavailable open source deep learning frame works and libraries,which offer different deep learning models for big-dataanalytics. Notable examples are H2O.ai, Tensorflow, Chainer,
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Fig. 1. A detailed process monitoring platform highlighting the use of edge and cloud computing technologies in industrial process automation anddata analytics



MXnet, Keras, BigDL, Microsoft Cognitive toolkit (CNTK)and many more. Furthermore, some proprietary ML vendorsoffer big-data stream analytics platforms for example AzureStream Analytics and Amazon’s Kinesis. With a variety ofML algorithms, soft sensing models among others can bedeveloped and implemented in process monitoring
III. WASTE-TO-ENERGY PLANT INDUSTRIAL USE CASE
A waste-to-energy plant was studied here as an examplefor application of the above proposed monitoring platform.Waste-to-energy plants usually treat different kinds of solidwaste materials, which may include municipal solid waste,industrial sludge, sewage sludge, agricultural waste, woodwaste, plastic waste and so forth. The heterogeneity of solidfuel, environmental constraints, profitability, among otherlimitations, make the operations of the WTE plantconsiderably complex. Therefore, to achieve better plantoperation efficiencies, continuous process monitoring is veryimportant. In this case study, data-based soft sensorsapplicable in the prediction of syngas heating value and hotflue gas temperature were developed.

A. Process Description
In this process, solid waste fuel is fed into the OutotecAdvanced Staged Gasifier where it is combusted to produceheat. The heat generated is used to produce steam for electricpower generation. The operations of this particular WTE plantare summarized in Fig. 2. The main process unit is the OutotecAdvanced Staged Gasifier, which is divided into two parts, thelower and upper sections. In the lower section, gasificationtakes place in a bubbling fluidized bed where a sand bed andsolid waste particles are fluidized by air. The gasificationstage produces syngas, which is directed to the upper sectionfor combustion. Any metallic components and large-sizedparticulates are removed by discharging part of the bedmaterial through the bottom cone of the fluidized bed.However, after cleaning, the bed material is recycled back tothe gasifier. In the upper section of the Outotec AdvancedStaged Gasifier, the combustion of syngas is carried out in thepresence of air. Reagents for NOx reduction, such as ammoniaare added in the upper section. Such reagents react with NOxcompounds to form harmless nitrogen and water. The flue gasexits the gasifier typically at a temperature of 930ºC. Heat isrecovered from the hot flue gas stream using the boiler toproduce super-heated steam for electric power generation.After the boiler, flue gas undergoes a series of cleaning stagesas well as further heat recovery measures before it isdischarged to the environment. At the same time during fluegas cleaning, subsequent solid particulates in form of ash, arecollected for disposal or for further treatment and use.

B. Syngas Heating Value and Flue Gas Temperature
Two process variables, syngas heating value and hot fluegas temperature were selected for study. The study was aimedat developing data-based soft sensors for prediction of thesyngas heating value and hot flue gas temperature for a WTEplant. Under normal plant operations, the heating value ofsyngas is difficult to quantify. A data-driven soft sensor in thatcase would be very useful for the online prediction of syngasheating value. On the other hand, the combustion chamberoutlet temperature affects various downstream process

operations including turbine power output and emissions ofharmful gaseous compounds. Therefore, a good predictionmodel for the flue gas temperature at the outlet of thecombustion chamber would also be useful in the processcontrol strategies, process optimization and processmonitoring. For instance, a soft sensor for flue gastemperature would be applicable in fault detection if thetemperature sensor and soft sensor outputs disagree too muchand hence create alarms.
IV. DATA-DRIVEN MODELS

The list of machine learning options, which could beapplicable in this case is rather long. However, some of thenotable methods according to literature include variants oflinear regression methods, support vector regression (SVR),Bayesian networks regression, variants of artificial neuralnetworks (ANNs), decision trees regression, random forestregression, k-nearest neighbor (K-NN), principal componentanalysis (PCA) based methods, adaptive boosting (AdaBoost)method and so on [6]. Again, most of these machine learningalgorithms are available through several ML softwareframeworks and libraries with examples presented in Fig. 1.For instance, Ahmed et al. [7] predicted and forecasted energyconsumption for a smart grid system using support vectorregression, linear regression and artificial neural networkmethods with the help of the IBM Cloud machine learningtools. For this work, a dynamic neural network basednonlinear autoregressive model with external input (NN-NARX) was employed. It’s performance was compared witha linear and static model based on multivariable linearregression (MLR). The choice of the NN-NARX model wasalso motivated by it’s ability to solve time series forecasting.
A. Neural Network-Nonlinear Autoregressive ExogenousModel

Equation error models similar to the NN-NARX model arewidely known in the prediction and control applications. TheNARX model estimates the observed response based on theprevious inputs and output variables as described in (1).
( ) [ ( 1),..., ( ),..., ( ),..

., ( 1)] ( ) a k
k b

y t f y t y t n u t n
u t n n e t

= - - -

- - + +
(1)

Fig. 2. A simplified process scheme for a WTE plant showingrelevant streams and variables studied in this work



where, y(t) is the output variable at time t, f is the nonlinearfunction, u(t) is the input variable at time t, na is the numberof poles, nb is the number of zeros plus unit, nk is the delaywith respect to the input variable and e(t) is a white noisedisturbance. Initially, the nonlinear function f is unknown.However, it is approximated in the training phase of thefeedforward neural network model. The neural networkNARX model can be implemented using an open loop or aclosed loop architecture [8]. The open loop architecture,favors online process monitoring whereas with the closed looparchitecture, future process outputs can be estimated offline,for example through process simulation.
Training of the NN-NARX model is often carried outusing different types of optimization algorithms notablybackpropagation methods. Here, the commonly appliedLevenberg-Marquardt (LM) algorithm was utilized.Moreover, in the estimation of the model performance, themean squared error (MSE) method, which is described in (2)was employed. In which, yi is the measured output variable, ŷiis the predicted output variable and n is the number ofmeasurements.
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B. Multivariable Linear Regression Model

A multivariable linear regression (MLR) model can bedemonstrated as shown in (3) where Y is a n-dimensionalresponse vector, X is a design matrix of predictor variables(x(1),..., x(m)) with dimensions of n × p (and p = m + 1), θ is ap-dimensional vector containing estimated parameters and ε isan n-dimensional vector of estimated error. The dimensions nand m correspond to the number of samples and variablesrespectively. The superscript T denotes the transpose of therespective matrix [9].
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The performance of the regression model is often assessedbased on the estimated coefficient of determination, R2 androot mean squared error (RMSE) described in (4).
$( )2

1
n

i ii y yRMSE n
=

-
=
å (4)

V. SOFT SENSOR DEVELOPMENT
The data used in the current studies was obtained from theOutotec’ process simulator and it represented a period of threemonths of plant operation with a one minute time interval andequivalent to about 126500 sample data points. In themodeling phase using the neural network model, the data wasrandomly divided into three parts, for training, validation andtesting at 70%, 15% and 15% respectively. For the MLRmodel, data was split manually into two sets, for modeltraining and testing at 80% and 20% respectively. All thework, including data pre-processing and modeling wasconducted using Matlab 2018a software. The neural network

toolbox in Matlab was utilized in the implementation of theNN-NARX model.
A. Data Pre-processing and Variable Selection

For the detection and removal of outliers, the Hampelidentifier method was implemented. In the next step, datafiltering was done using a median filter of the seventh order.This was found appropriate in terms of minimizing the noisein the data and avoiding the loss of important informationfrom the data. Due to varying data scales, the data was scaledbefore further data analysis. The selection of predictorvariables was done based on data correlation analysis andprocess knowledge. The correlations between the independentand dependent variables were examined from the correlationmatrix and highly correlated independent variables against thetarget dependent variables were selected for further analysis.Process knowledge was used to eliminate independentvariables, which were strongly correlated with the dependentvariables but already known as unsuitable predictor variablesaccording to process operations. In addition to the originalindependent variables, calculated variables, which exhibitedstronger correlation behavior towards the output variables,were also included in the development of the respectiveprediction model. The original and computed variables usedin the data-based prediction models are shown in Table I.
TABLE I.List of variables and their descriptions

Variable Description
x1 Syngas temperature
x2 Fluidized bed inlet air volumetric flow
x3 Combustion chamber inlet air volumetric flow
x4 Fluidized bed air valve opening
x5 Combustion chamber air valve opening
x6 Product of the combustion chamber air volumetric flow and valve opening
x7 Product of the fluidized bed air volumetric flow and valve opening
x8 Combustion chamber inlet air pressure
x9 Solid fuel feed valve opening
x10 Product of the combustion chamber air volumetric flow and pressure
x11 Boiler feed water
y1 Syngas heating value
y2 Combustion chamber outlet flue gas temperature

B. Prediction of Syngas Heating Value
In the prediction of syngas heating value, input variableswhich included x1, x2, x3, x4, x5, x6 and x7, from Table I wereretained based on the correlation studies. After tuning theneural network NARX model as illustrated in Table II, aneural network architecture with 10 neurons and delays of 7min was adopted. The selection was based on the observedmean squared error values for each scenario and taking intoaccount, other performance measures such as the timerequired in the model training, error autocorrelation as well asthe input-error cross-correlation behaviors. For instance, itwas ensured that the results obtained from the errorautocorrelation and the input-error cross-correlation functionsin Matlab were within the recommended 95% confidencelimits. Otherwise, the model was re-trained until theacceptable results were obtained. Fig. 3 shows the predictionresults of syngas heating value from the open-loop NN-



NARX model. Here, it can be seen that the model predictedsyngas heating value with high accuracy. The observedaverage values of MSE and correlation coefficient, R2 aftermodel testing were 0.0021 and 0.988 respectively. On theother hand, application of the MLR method yielded the resultsshown in Fig. 4. The MLR model showed a correlationcoefficient R2 of 0.868 and a RMSE value of 17.40 on a testdataset. Comparing the test results in Fig. 3 and Fig. 4, it’svisibly clear that the NN-NARX demonstrated betterprediction performance for syngas heating value than theMLR model.
TABLE II.Performance results of the neural network NARX model for selected timedelays and the number of nodes within the hidden layer (after five parallelexperimental runs)

No. ofhiddenlayernodes
Timedelays,min

Mean squared error(MSE) Regressioncoefficient, R2 Averagetrainingtime,minMeanvalue Standarddeviation Meanvalue Standarddeviation
7 7 0.00209 3.19E-05 0.9879 2.76E-04 1.52

10 7 0.00205 1.67E-05 0.9881 3.07E-04 2.35
14 7 0.00202 1.76E-05 0.9880 1.82E-04 4.23
10 5 0.00207 5.16E-05 0.9878 2.54E-04 2.61
10 10 0.00203 9.57E-06 0.9880 1.40E-04 3.75

The neural network NARX model was also applied inforecasting (multistep ahead prediction) of syngas heatingvalue. During plant operations, the measurement of syngasheating value is done intermittently and hence time seriesforecasting would be useful in monitoring the performance ofthe combustion process continuously. Forecasting was carriedout by switching the trained open-loop mode neural networkinto a closed loop mode. With a set of input data for only thepredictor variables, the closed-loop neural network was usedto predict the corresponding output values. The predictedoutput was compared with the target output, which in this case

was already known. Fig. 5 shows the forecasting results ofsyngas heating value using the closed-loop NN-NARX model.Again the model performed considerably well in forecastingthe heating value of syngas for over two days’ operation withan average value of MSE of 0.0120 and a regressioncoefficient R2 as high as 0.931 observed.
C. Prediction of Flue Gas Temperature

The temperature of flue gas exiting the combustionchamber was modeled using predictor variables, whichincluded x2, x3, x4, x8, x9, x10 and x11 from Table I. Similarly, tothe previous case, the predictor variables were selected basedon their significant correlation with the output variable. Alsohere, the open-loop NN-NARX model performed quite wellin the prediction of hot flue gas temperature as illustrated inFig. 6. In this case, the observed average values of the MSEand corresponding correlation coefficient, R2 after modeltesting were 6.23E-04 and 0.998 respectively. Similarly, theMLR model was studied using the same variables and it’sresults are presented in Fig. 7. The MLR method stillperformed fairly well, with a regression coefficient of 0.89and RMSE of 14.07 observed. However, again the NN-NARXmodel demonstrated superior performance between the twostudied models on the same predictor variables.Fig. 3. Prediction of syngas heating value using a neural networkNARX model

Fig. 4. Prediction of syngas heating value using a multivariable linearregression model.

Fig. 5. Forecasting of syngas heating value using a neural networkNARX model.

Fig. 6. Prediction of hot flue gas temperature using a neural networkNARX model.

Fig. 7. Prediction of hot flue gas temperature using a multivariableregression model.



Furthermore, a closed loop model was applied and a newdataset of predictor variables was used to forecast therespective output values. The results are shown in Fig. 8,where the forecasted flue gas temperature is compared withthe target output values, which were already known prior toforecasting. The NN-NARX forecasted hot flue gastemperature fairly well for the studied future period of abouttwo days. The average values of the observed MSE andcorrelation coefficient R2 were 0.0204 and 0.936 respectively.
D. Sensitivity Analysis

Sensitivity analysis was performed in order to establish themost important independent variables with respect to theapplied data-driven prediction model. A stepwise technique[10] was utilized in the backward manner. To quantifymodel’s sensitivity to each variable, the difference in RMSEobserved between the model with all input variables and for amodel corresponding to a particular eliminated independentvariable, was calculated. The error difference was expressedas a fraction according to (5).
( )d n i n ne e e e-= - (5)

In which, εd is the error difference as a fraction, εn-i representsthe RMSE when input variable i is eliminated from the modeland εn is the RMSE corresponding to the model with all theoriginally selected n input variables. The open-loop NN-NARX model was re-trained in each case at least five timesafter the initial run. The results are presented in Fig. 9 wherethe relative importance of each independent variable isdescribed by the percent error difference calculated from (5).In the prediction of syngas heating value Fig. 9a, variables x1and x4 were observed to be less important in the design ofMLR model and thus one of these variables can be removedfrom each model without significant loss of modelperformance. Whereas variables x3 and x5 showed the mostsignificant contribution to the performance of the MLR

model. However, for the NN-NARX model, variables x3 andx7 were found to be far less significant. Otherwise, eachvariable showed moderately small individual contributionswithin the model. From the modeling of flue gas temperaturein Fig. 9b, variables x2, x4 and x10 showed low to noimportance within the models. Variables x3 and x11 showedstrong influence in the MLR model but far less contributionwithin the NN-NARX model.  However, in all models,variable x9 was observed to play a significant role.
VI. CONCLUSIONS

Industrial IoT software platforms, machine learningframeworks and libraries and big-data tools applicable indeveloping and implementing process data analytics inmodern process automation systems were introduced.Moreover, a process monitoring platform scenario wasdeveloped based on these tools. With such environment,different data-driven models can be realized. The applicationof the platform was demonstrated by developing data-drivensoft sensors, which can be employed in monitoring syngasheating value and hot flue gas temperature in a WTE plant.The dynamic neural network based NARX model showedhigh prediction performance in all cases. The model alsoshowed low sensitivity towards the selected independentvariables.
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Fig. 9. Relative importance of the independent variables within theprediction models: (a) for syngas heating value and (b) for hot flue gastemperature.

Fig. 8. Forecasting of hot flue gas temperature using the neural networkNARX model.


