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Abstract: 

The goal of this research effort is to develop a data depository for processing ‘real-time automated 
data fusion’ and ‘advanced algorithms for data quality improvement,’ both essential elements for successful 
data mining using big data for ‘Cloud Manufacturing.’ Pragmatic data mining and predictive analytics are the 
newest initiatives for improved business competitiveness. Predictive analytics can improve manufacturing 
processes and lower costs of manufactured product. As a critical part of this research, a ‘data fusion/quality 
improvement depository’ was developed for the sustainable biomaterials allowing companies to submit 
anonymous databases for data fusion and data quality improvement. The research advanced Industrie 4.0 
by developing advanced algorithms with software interfaces for these industries. 

 
Key words: data quality; data fusion; data science; Industrie 4.0. 
 
INTRODUCTION 

Predictive analytics, data mining, and the use of ‘big data’ are paramount to success in international 
business and research communities. Data mining and big data are fundamental to ‘Cloud Manufacturing’ in 
the fourth industrial revolution known as ‘Industrie 4.0.’, i.e., “… where computers and automation come 
together in a new way, with remote connectivity to computer systems equipped with machine learning 
algorithms that are predictive (Zhong et al. 2017).” The sustainable biomaterials industries and related 
agricultural industries are defined as companies that manufacture: biofuels, bioenergy, lignocellulose 
products, Nano-biomaterials, wood composites (e.g., particleboard, medium density fiberboard, etc.), 
engineered wood (e.g., oriented strand board, laminated veneer lumber, cross laminated lumber, etc.), paper 
and paper products, processing of agricultural products (e.g., rice processing, soybean processing, wheat 
processing, corn processing, etc.) from renewable feedstock sources. The industries exist in highly 
competitive markets that are commodity-based, where competitive advantage is sought by lowering the final 
costs of manufactured product. These industries are important to the U.S. economy, but are facing growing 
competition from imported products and substitution towards nonrenewable petroleum-derived products, 
e.g., PVC flooring, plastic moldings, petroleum fuels, petroleum carbon fibers, etc. These companies can 
benefit from ‘Cloud Manufacturing’ and the realization of ‘Industry 4.0’ where predictive analytics and real-
time models are essential to improved decision-making for lowering costs. 

Successful data mining is not attainable without digital data integration and data of high quality, i.e., 
data of high value. ‘Big data’ is defined relative to its context, i.e., the standard definition is defined as 
multiple terabytes or petabytes. Gandomi and Haider (2015) suggest “big data is a subjective label attached 
to situations in which human and technical infrastructures are unable to keep pace with a company’s data 
needs.” In the context of sustainable biomaterials and related agricultural industries, ‘big data’ from industrial 
processes may only be hundreds of gigabytes or less than one terabyte. However, big data of any size, if it 
has poor quality, it has little value for business improvement from applications of data mining and predictive 
analytics. 

The importance of big data, data mining, and AI is emerging quickly in the sustainable biomaterials 
industries with the advent of ‘Industry 4.0.’ This is exemplified by the Composite Panel Association (CPA) 
annual meeting in March 2018 for its membership with a focus on data mining and AI for manufacturing.* 
LIGNA 2017, the largest international gathering of sustainable biomaterials industries focused on ‘Industry 
4.0.’† An important example in the use of big data for these industries is the application of real-time data 
mining and predictive analytics that are accurate in predicting failures which will directly help manufacturers 
reduce scrap product and rework (e.g., reduce remanufacture of off-grade or failing production runs). An 
estimate from personal conversations with two wood composite manufacturers is that approximately $1.5 
million in losses per mill occur annually due to scrap and rework from typical manufacturing facilities with 

                                                 
* https://www.compositepanel.org/news-events/annual-meetings/2018-spring-meeting.html  
† http://www.ligna.de/en/register-plan/for-journalists/press-infos/press-releases/deutsche-messe-press-releases/ligna-
2017-delivers-big-on-innovations.xhtml  
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annual capacities of approximately 500 mm ft2.‡ These losses do not account for additional energy losses 
and labor costs due to poor quality. Predictive analytics may also help manufacturers diagnose unknown 
sources of variation from the process (Deming 1986, 1993). Process variation in weight, thickness, solvent 
applications, drying, etc., create significant costs for manufacturers in that variation influences operational 
targets. The more variation in a process, the higher the required operational targets for the key inputs 
required to maintain specification of final manufactured product, which represent additional costs not 
accounted for in scrap and rework alone (Taguchi 2005). 

There is a plethora of literature on data mining and big data (Blanc et al. 2008, Gelman et al. 2011, 
Lee et al. 2011, Manyika et al. 2011, Barton and Court 2012, Kim et al. 2012, Rich 2012, Dumbill 2013, 
Fosso et al. 2015, Zhong et al. 2016, Deepak and Rani 2018, and many others). However, a review of the 
literature suggests some gaps in data science research as related to the issue of ‘automated data fusion’ 
which incorporates automated algorithms for ‘data quality assessment and improvement.’ Liao et al. (2017) 
did an extensive review of the literature related to ‘Industry 4.0’ and found the majority of published research 
was insufficient in addressing digital integration of data and lack of affordable data mining software. 
Moreover, the analyses by Liao et al. (2017) suggest a huge gap exists between ‘Industry 4.0’ laboratory 
experiments (95.1%) and industrial applications (4.9%). The proposed research effort will reduce this gap by 
developing algorithms for data fusion and data quality improvement in a ‘data depository’ for the sustainable 
biomaterials and agricultural-based industries. Theorin et al. (2015) called data the “hidden asset in 
manufacturing,” while Panetto and Molina (2008) highlighted the lack of utilization of data in manufacturing. 
Theorin et al. (2016) perceived that for future manufacturing systems to be competitive, “…they need to 
make better use of plant data, ideally utilizing all data from the entire plant. Low-level data should be refined 
to real-time information for decision making, to facilitate competitiveness through informed and timely 
decisions.” Theorin et al. (2015) estimated that 85% of all manufacturing data are unstructured and not 
useful for rapid decision making in high throughput production facilities. 

Most sustainable biomaterials and related agricultural processing companies gather real-time digital 
data from process sensors across programmable logic controller (PLC) networks that are stored in real-time 
data warehouses. Such data are retrieved by operational personnel to monitor and assess the stability of the 
process. A parallel information stream is also typically maintained by destructive testing or quality control 
(QC) laboratories where critical product quality data are gathered periodically throughout the production 
cycle e.g., tensile strength, modulus, water absorption, protein content, starch content, etc. Due to the time 
required for destructive testing or QC assessments, the time gap in data retrieval from the laboratories to 
operations personnel may be several hours. In the sustainable biomaterials industries, large quantities of 
product are produced on high throughput presses during this time gap. Predicting real-time quality attributes 
between the time gaps from periodic laboratory samples may be invaluable to operations personnel in 
avoiding the manufacture of defective product, or off-grade product. Data mining may also help diagnose 
sources of unknown variation in the process. Cost savings can be significant if corrective action on sources 
of variation occurs which leads to variation reduction of key inputs such as weight. For example, a reduction 
of 0.5% in operating weight targets for a 500 mm ft2 capacity wood composite mill may result in cost savings 
of almost $2 million dollars annually.§ Lowering operating weight is challenging since this reduces board 
density which in turn lowers strength (Fig. 1). But through data mining and modeling, other variables in the 
process can be identified that positively impact strength resulting in an ability to lower density while 
maintaining strength. Lower density saves materials costs because less feedstocks are needed to 
manufacture the composite. Less feedstock usage helps for more efficient utilization of natural resources, 
while lighter weight saves on transportation costs. 

                                                 
‡ Personal telephone conversations were held with two plant managers in August 2018 that managed a medium density 
fiberboard and particleboard mill in the southern United States, respectively.  The plant managers wish to remain 
anonymous, but can be contacted by reviewers or representatives from USDA to verify the personal communications. 
§ Personal telephone conversations with a plant manager of a particleboard mill in the southeast U.S. in August 2018.  
The plant manager wishes to remain anonymous, but can be contacted by reviewers or representatives from USDA to 
verify this personal communication. 
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Fig. 1. 
Composite strength depends on the density or mat weight (Via 2013). 

 
 

However, the vast majority of manufacturers in the sustainable biomaterials industries and agricultural 
processing industries have not integrated the destructive testing and QC laboratories databases with the 
real-time process data warehouses. The industries typically have the destructive testing and QC laboratories 
databases on protected ‘business networks’ and PLC data warehouses on separate protected ‘process 
networks.’ Integrating large amounts of digital data stored in multiple databases across networks by data 
fusion and improving data quality is the gateway for discovery using ‘Cloud Manufacturing’ and advanced 
data mining to support successful real-time predictive analytics. 
 
 
METHODS 
Automated Digital Data Integration and Data Fusion 

An integrated database that fuses the process data with the QC lab destructive or product attribute 
test data was developed for users of the data depository. Users of the system will be required to upload 
databases for integration. Most databases in the agricultural industries at the mill-level are commercial where 
data are not encrypted (e.g., Microsoft SQL, OSIsoft PI, Sytec IPS B.V.).** The databases when uploaded to 
the depository will be converted for SQL access where SQL scripting language will be used to accomplish 
the integration. After integration, the databases will be stored in SQL or comma separated variable (.csv) 
files which are easily convertible to almost every commercial software platform. The author has a breadth of 
experience with this task from prior published research (André et al. 2008, Clapp et al. 2008, Kim et al. 2012, 
Via 2013, André and Young 2013, Young et al. 2014, Young et al. 2015). 

 
 

DATABASE INTEGRATION 
In prior research studies (André et al. 2008, André and Young 2013, Young et al. 2014, Young et al. 

2015), destructive QC lab results from several sustainable biomaterials manufacturers were matched with 
real-time process data from data warehouses using the ‘date-time’ stamp of the destructive test sample 
selected from the production line.  In prior studies, data were successfully combined into SQL tables that 
appear in a fused database to support additional real-time data mining and predictive analytical initiatives 
(Fig. 2).  

                                                 
** Microsoft SQL. 2018, https://www.microsoft.com/en-us/sql-server/sql-server-2017; OSIsoft PI. 2018, 
https://www.osisoft.com/pi-system/;  Sytec IPS B.V. 2018, https://nld.bizdirlib.com/node/100715  
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Fig. 2. 

Illustration of combination of data warehouse (real time data) with destructive test laboratory 
data (event data).

 
The research in general will follow a similar approach where a Microsoft SQL table (e.g., “InSQLPivot”) 

will be created from the original databases that is a snapshot of the QC lab and process data. In prior 
research, an “InSQLPivot_AV” table contained all of the lab or QC data and median estimates of the last n = 
100 records of real-time process data (note, real-time process records typically are stored at rates of 
seconds and milliseconds). The sampling record length (n) will be at the discretion of the user. An exclusive 
feature of the “InSQLPivot_AV” table was not only the automated alignment and fusion of real-time process 
data with lab data, but also the ‘time-lagging’ of real-time process data which will also be part of the 
proposed system. 

 
Data Fusion Process 

The following methods were used in prior research and will vary depending on the number of 
databases and data structures that require fusion.  For a two-database example, four tables are created 
within a Microsoft SQL database, for example: 

 InSQLPivot 
 InSQLPivot_AV 
 InSQLPivot_temp 
 InSQLPivot_temp2. 

“InSQLPivot” stores the destructive lab and process data which consists of columns for both lab and 
process data. The field names for the lab data are preserved from the table where the lab data originated. 
The field names for the process data are identical to the tag names for the respective process parameters 
that are stored in these fields. In addition to these columns, a “DateTime” column that is used to record the 
time at which the process data were collected is essential. It is anticipated that sample ‘tagnames’ 
associated with lab test time will vary by user of the system. The user will enter this necessary information in 
the user setup template. “InSQLPivot_AV” will consist of identical columns as the “InSQLPivot” table. 
“InSQLPivot_temp” and “InSQLPivot_temp2” are used for temporary storage of data while stored procedures 
are executing. 

 
SQL Stored Procedures 

In this example, four stored procedures are used to create the integrated database: 
 sp_Fill_InSQLPivot_From_Lab_DB 
 sp_Fill_ InSQLPivot_AV_From_Lab_DB 
 sp_Fill_From_eventsnapshot 
 sp_Fill_From_summarydata. 

The stored procedure “sp_Fill_InSQLPivot_From_Lab_DB” records a copy of the QC lab data into the 
“InSQLPivot” table. The “sp_Fill_ InSQLPivot_AV_From_Lab_DB” stored procedure records a copy of the 
QC lab data into the “InSQLPivot_AV” table. The stored procedure “sp_Fill_From_eventsnapshot” records 
data from the “v_eventsnapshot” view (process database) into the “InSQLPivot.”  A stored procedure 
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“sp_Fill_From_eventsnapshot” records data from the “v_summarydata” view (generated from process 
database) into the “InSQLPivot.”  A “v_summarydata” data will match the lab data using a unique number 
(e.g., idnum). 

 
SQL Data Transformation Services 

In the aforementioned example, Data Transformation Services (DTS) are used to output the 
“InSQLPivot” and “InSQLPivot_AV” tables into two comma separated variable (.csv) files (“InSQLPivot.csv” 
and “InSQLPivot_AV.csv”). 

 
SQL Jobs 

Three jobs are used to automate the process of inserting data into the “InSQLPivot” and 
“InSQLPivot_AV” tables and generate the final .csv files for the user to retrieve from the depositary, for 
example: 

 InSQLPivot_Filler 
 InSQLPivot_AV_Filler 
 Create_CSVs_From_InSQLPivots. 

The job “InSQLPivot_Filler” and “InSQLPivot_AV_Filler” are used to execute the stored procedures. 
The job “Create_CSVs_From_InSQLPivots” is used to execute the DTS Package 
“Create_CSVs_From_InSQLPivots” where the fused .csv files are generated (Fig. 3).  The fused data files 
then undergo data quality assessment. The users will be notified by e-mail that the fused data files have 
been created and are undergoing data quality assessment. 

 
Dynamic Time Lagging 

A key and unique feature of the proposed research is dynamic time-lagging of process data. In all 
continuous agricultural and sustainable biomaterials processes, material flows past on-line sensors that 
measure attributes such as temperature, weight, moisture content, etc. This material passes the sensors at 
different times in the process relative to the ‘end time’ at which the final product is manufactured, i.e., 

process data from sensors stored in the data warehouse are typically not aligned in time with material flow.   
Users of the depository are given the option to enter time lags for the process sensor data (e.g., 

tagnames) stored in the process data warehouse.  If the user does not have time lags, the user will be asked 
for distances (e.g., inches, centimeters, feet, or meters) from the end point of manufactured product and the 
location of the sensor associated with the “tagname.” Distances are essential for dynamic time-lagging 
because of changes in the line speed of the process. This data fusion process may require time and motion, 
and material flow studies by the users at their project sites (Reigler et al. 2015). However, studying the time-
lagging of sensors in the process relative to material flow is extremely beneficial for creating a high quality 
fused databases for data mining and real-time predictive analytics applications, see illustration in Fig. 4.  

Fig. 3. 
Illustration of automated fused data file. 
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Fig. 4. 
Flow chart illustration of data fusion process with examples of cycle time storage and lagged 

record retrieval.
 
DISCUSSION 
The Importance of Data Quality 

This research is aligned with the need for improved data quality from integrated databases. Francisco 
et al. (2017) and Ardagna et al. (2018) defined data quality (DQ) as an important issue for modern 
organizations, mainly for decision-making based on information. Francisco et al. (2017) indicated “…that in 
order to obtain quality data, it is necessary to implement methods, processes, and specific techniques that 
handle information as a product, with well established, controlled, and managed production processes, e.g., 
TQDM – Total Quality Data Management.” Ardagna et al. (2018) stated “…data can create a real value only 
if combined with quality: good decisions and actions are the results of correct, reliable and complete data, 
i.e., methods and techniques for the data quality assessment can support the identification of suitable data to 
process.” Hazen et al. (2014) remarked, “…for today’s supply chain professionals, there is an impetus for 
organizations to adopt and perfect data analytic functions (e.g., data science, predictive analytics, and big 
data) in order to enhance supply chain processes and, ultimately, performance. However, management 
decisions informed by the use of these data analytic methods are only as good as the data on which they are 
based.” Cai and Zhu (2015) further discuss, “high-quality data are the precondition for analyzing and using 
big data and for guaranteeing the value of the data,” also see Batini et al. (2012) and Dumbill (2013). Gupta 
and Rani (2018) highlight the challenges in terms of “data capture, storage, manipulation, management, 
analysis, etc., and the wide gap that exists between big data potential and realization” given the many data 
quality shortcomings. Gupta and Rani (2018) indicated the need for research efforts in academia to assist 
industry in the understanding of big data and data quality.  Liu et al. (2015) further articulate this point, “big 
data brings lots of ‘big errors’ in data quality and data usage….information incompleteness is one of these 
problems.”  

This research addresses the problem of information incompleteness (or information loss) and the 
development of automated algorithms to reduce information loss.  However, research on ‘data quality 
science’ to improve cloud manufacturing for the sustainable biomaterials and agricultural processing 
industries has not been well documented.  Given this need, we propose to develop a data depositary and 
associated software systems for ‘real-time automated data fusion’ and ‘advanced algorithms for data quality 
improvement,’ both essential elements for successful data mining and predictive analytics. 

 

Algorithms for Data Quality Assessment and Improvement 
Outlier Assessment and Model Fitting. -- An outlier test will be performed on the datasets using the 

Grubbs’ test, and others will be explored during the research. For example, the Grubbs’ test calculates a test 
statistic iteratively for the smallest [1] and largest [2] values in the data set: 
 

Smallest value,       [1] 

Largest value,       [2] 

where:      is the sample mean, 
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   is the ith smallest value in the sample, 
  s is the standard deviation, 
  n is the number of observations in the sample.     

Probability density functions (pdfs) for the variables in the datasets will be assessed using the 
Aikake’s Information Criteria (AIC) and Bayesian Information Criteria (BIC) test statistics (Akaike 1974, 
Schwarz 1978). The AIC [3] and BIC [4] are given by: 

 
     [3] 

     [4] 
 
where:      is the maximized value of the likelihood function of the model, 

   is the number of parameters estimated by the model, 
  n is the number of observations in the sample. 
 

AIC and BIC test statistics will be generated for the following probability density functions (pdfs): 
Normal, Gamma, Lognormal, Weibull, Logistic, Loglogistic, Largest Extreme Value, Exponential, and 
Frechet. A report will be generated for users indicating which data points are outliers for the variables 
(tagnames) of the datasets and which pdfs are the best fits for each variable or tagname.  Generating a list 
of best fit for pdfs may be important for the dependent variables (Y), or data in the QC lab or destructive test 
datasets.  Many data mining applications of a stochastic nature have important assumptions for the pdfs of 
the dependent variables.  

Imputation Algorithms for Missing Fields. -- The authors have strong knowledge of data imputation for 
process data from manufacturing processes.  In the study by Zeng et al. (2016), maximum-likelihood based 
imputation using the expectation-maximization (EM) algorithm and multiple imputation (MI) method with 
Markov Chain Monte Carlo (MCMC) simulation were used to reduce information loss for improved predictive 
analytics and data mining (Fig. 5). Other methods of imputation will also be tested.  The mean/median 
substitution method replaces missing fields with the mean/median of the corresponding variable (Little 1992). 
The last observation carried forward (LOCF) method simply replaces missing values with the last known 
value of the variable in a time-ordered data set, see Gelman and Hill (2007), and Hamer et al. (2009). The 
simple random imputation method (‘hot-deck method’) replaces missing values with a randomly selected 
value from another observation of the same variable (Altmayer 2002, Lanning and Berry 2003). 

 

6000 8000 10000 14000

60
00

10
00

0
14

00
0

(a) Without Imputation

Actual MOR (kPa)

P
re

di
ct

ed
 M

O
R

 (
kP

a)

r=0.91

RMSEP=675.71 kPa

200 400 600 800

20
0

40
0

60
0

80
0

Actual IB (kPa)

P
re

di
ct

ed
 I

B
 (

kP
a)

r=0.89

RMSEP=59.69 kPa

 

6000 8000 10000 14000

60
00

80
00

12
00

0

(b) Imputation with EM

Actual MOR (kPa)

P
re

di
ct

ed
 M

O
R

 (
kP

a)

r=0.93

RMSEP=646.47 kPa

200 400 600 800

20
0

40
0

60
0

80
0

Actual IB (kPa)

P
re

di
ct

ed
 I

B
 (

kP
a)

r=0.92

RMSEP=52.61 kPa

 
Fig. 5. 

XY scatter plots and correlation coefficients for validation data set predicting MOR and IB using 
Bayesian Additive Regression Tree (BART) models for a) top two graphs without imputation; b) 

bottom two graphs with imputation (Zeng et al. 2016). 

Predicted failures 
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In general, the EM algorithm works as follows: 1) fill-in the missing data, Ymis, based on , 2) re-
estimate  based on the now complete data, 3) and iterate until convergence. As Dempster et al. (1997) 
observed, EM does not directly estimate the missing data, just the functions of missing data that appear in 
the likelihood function, which in many cases are much simpler to estimate than the entire missing dataset 
(Agarwal 2001). MI imputation methods replace each missing value with a set of plausible values that 
represent the uncertainty of the true value.  The key steps can be summarized as follows (Allison 2000): 1) 
impute missing values using an appropriate model such as regression model that incorporates random 
variation; 2) repeat this process N times, producing N complete data sets; 3) perform the desired analysis on 
each data set using standard complete-data methods; 4) average the values of the parameter estimates 
across the N samples to produce a single point estimate.  A direct approach for MI is MCMC (Schafer 1997). 
In general, MCMC is a collection of techniques for obtaining pseudorandom draws from a probability 
distribution.  

In Zeng et al. (2016) the EM and MI algorithms when compared with mean/median substitution, last-
value-carried-forward (LOCF), and ‘hot-deck’ random replacement, provided better results in prediction for 
the test data for final quality attributes of manufactured product. In general Zeng et al. (2016) found that 
better predictive analytics (and predicting failures in a process) were achieved from imputed datasets than 
predictive analytics based on non-imputed datasets. A substantial achievement lending credibility to this 
proposal is that the imputed data sets were tested in an industrial setting where real-time data were collected 
and the aforementioned algorithms were used to improve the quality of a manufacturers fused data sets. All 
of the aforementioned algorithms will be developed as one system for reducing information loss. Real-time 
data validation tests will be part of the system where the best imputation methods will be selected for the use 
in the final database.  However, the user of the system may ask to have separate imputed databases by 
method which will developed for them. 

 
Depositary Database and Software Platform 

The key steps in the system are that the participants of the data depositary compete key information 
about the data structure and ‘tagnames’ that will link the digital data.  A secure VPN portal will be established 
and participants will be sent a three-level password to enter the portal.  All data will be encrypted upon entry 
into the portal and also encrypted upon exit of the portal. After data fusion and data improvement a report 
will be generated for all users that identify key attributes of the fused data and the data quality improvement 
that occurred, e.g., number of outliers removed by tagname, records removed, level of data imputation, and 
probability density function by tagname.  The proposed data depository is illustrated in Fig. 6. 

 
 

Fig. 6. 
Illustration of data depository with data fusion and data quality improvement. 
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