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| MPLEMENTATION OF DIGITALIZATION
IN FOOD INDUSTRY

SEN, K. O.: DURAKBASA, N.: ERDOL, H.;
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Abstract: Due to the increase in world population along with changing customer
demands and market dynamics, new challenges are arising for the food production
industry. Novel approaches based on digitalization, smart manufacturing and the
cognitive factory that ar@announced for transition to Industry 4.0., are compatibly
required in the food production to meet the present and future needs effectively and
reliably. Therefore, in this study, weodeledand implemented an integrated system

of wireless sensor network @M), cloud and big data in the scope of future food
production process, which will collect, transform and process the sensor data of the
production line of a real food production facility. This approach targets higher
efficiency, productivity, quality indalition to improving asset utilization by optimized
resource management and waste. Furthermore, the addition of statistical
methodologies and presenting the results via a-baded reatime data display
applications will offer a high level of user intetam and monitoring in digital smart
manufacturing that provides flexibility, efficiency and quality of production process.
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1. Introduction

Food demand in correlation with population hraseased all owahe world over
the last decade3 o0 meet this increasing demand amdupply enough products to the
market, producers require new and disruptechniques and methodologi€kere are
seveal factors that affect fud production andinal products Environmental factors
and productivity have to be considered hand in hand using minimum resources with a
result of minimum waste

More efficient, coseffective and less waste manufacturing has been demanded
by production facilities throughout decades. Several academic studies and commercial
solutions are provided in the literature to increase the efficiency and quality of
production 2QH Rl WKH ODWHVW DSSURDFKHV BWhBUBYKLYV £
al. (Zhou, Liu, & Zhou, 2015published in 2011 as a study of the German government.
It was named as fourth stage of industrialization after nmezaion, electrification
and information stage. This change has influenced nottbalgserman industry, but
also international industrial developmenin recent years, this change has been
discussed by théndustry and academicall over Europe. Mairfocus lies on the
LPSURYHPHQW RI WR@BREMfahd@UiReasiigthe Ri@areviess of
digitalization (Smit, Kreutzer, Moeller, & Carlberg, 2016lhe study provides some
general information about digitalization. It defirtee main steps of digitalization for
every stage of the production. Once these steps are applied to the production line,
machineto-human and machir®-machine communication infrastructure can be
developed and this interaction model may change the piodunbdel in the industry
ZKLOH FUHDWLQJ DQ 3,QWHOOLJHQW PDQXIDFWXULQ

New approaches, such as digitalization, smart manufacturing, and the cognitive
factory, which are announced witlransition tothe Industry4.0, affect not only
efficiency aml quality of production procedsit alsothe environmentainanagement
In this framework, he factories need to remotely monitor the critical production
locations in tems of environmental condition$n this study, we workd on the
implementation of digdlization in aconfectionery factory. The factory has critical
placesonthe production linghatthey have to monitor and keep under contdblthe
moment, the producin line is controlled byhuman workers. However, our
implementation of remotmonitorng andFRQWURO ZL OO Etechi@lbgW KH |
levelto a stepcloser as théarget of European Union strategy for digitalization

In our study, we researched for the best performahice study ofin et. al.
(Lin, Liu, & Fang, 2008uggested th&igBee technology which is a wireless protocol
thatis used intheindustryand it is believed that it providése best performance in
reliability, power profile, capability, flexibility and castherefore,in our setupwe
embedledthe ZigBeesystem io the WSN systemasing the mesh topology.

To implement aradaptive intelligent systena literature research was carried
out.Bas et. al(Bas, Stoev, & Durakbasa, 20Mdrkedon increasing product quality
in the production line by integrating a high precision measurement approach.
Yerofeyevet.al. (Yerofeyev, Ipatov, Markov, Potekhin, Sulerova, & Shkodyrev, 2015)
worked on adaptive inllegent manufacturing control systems and the design of
processes. In their study, they also worked on the problem of automating the lifecycle
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of the productGregor etal. (Gregor, Krajcovic, Hnat, & Hancinsky, 201f&ferenced

the g/ber physical system@CPS) and used it foprovidng machineto-machine
(M2M) connectivity, planning and adaptation of personal behavior according to
ambient conditions, learning of new models and ways of behavior and interpreting
information about the environment. It provides an effective release of products. We
have used a similar approach for implementation of the digitalization steps to the real
production system. The results of the implementation can be used for M2M
communication fothe transformation to the smart production system. The system can
provide a selreaction for the changing environmental conditions and it can be more
efficient and faster than traditional management systems.

For cecision making algorithms from computscience sch as the one
developed by Miroslaet. al. (Miroslav, Milan, & Tomas, 2015 the productive
manufacturinghas been studiedntelligent systems can coiftute to significant
reduction oftime necsasaryto design and veriffhe manufacturing system within the
Digital Factory concept. In our study, statistical prediction models wszdsince we
need to wok on time series analysis. According to experiments, our prediction models
obtained 99% of accuraawte. Initial models are generated by using R statistical
software(https://www.rproject.org/, 2017)The statistical models are used not only
for the sensors data but also for the nodes. These restitis sfudy contributetb
makeproduction planning and ctol more accurate.

Other studieshat have been considered includeghkend communication and
data transfer for monitoring thgroduction of factories. Miroslaet. al. (Miroslav,

Milan, & Tomas, 2015)verecreated experimegsion the mobile technologies witkal

time monitoring and contrdor manufacturing facilities. Their work shows that the
mobile monitoring and control system is nottable for fast real systems on GSM
GPRE/EDGE networks. In mobile networks UMTS and especially LTE can be used
monitoring and control systems faster. So we try to minimize the disadvantage of the
mobile monitoring byreleasing a report ohformationby means ok webpageThis
reporting systm is accessibl@ot only from the mobile phone but also from the
desktop/laptofabld. Osanna et. a{Osanna, Durakbasa, Si, & AfjeBiadat, 2001)
worked on quality improvement models designed for intelligent manufactwringh
includes metrology methodologies.

They offered multfunctions integrated factory phenomenon which is an
innovative concept and a new model. The model was proposed ftardamilities to
switch to a coseffective and customatriven manufacturing. Industry 4.0 represents
the digital transformation of production systems with advances in information and
communication technologies. Digitalization and the intelligent systam help to
achieve lower manufacturing costs and at the same time higher quality, accuracy and
efficiency in present production. This approach was used in our work for the
improvement of the TQM modeT.otal quality management (TQM) nsistingof
proess management, process improvement, resource management, process planning
(Morath & Doluschitz, 2009)

In our study we worked onspeethg up the manufacturingvith minimum
resources, best quality and at lower pricegsh using the information of the
environmental There are various methodologies to enhance the efficiency of
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production systems where quality management is one of the most used applications.

We have used WSNSs, industrial internet of things (lloT) aatissical prediction
model techniques to increase the effectiveness, speed and reliability of quality
management methodologies used for production systems.

To increase the efficiency and quality of production process, we have used
digitalization and indusy 4.0 components such as WSN, |oT, cyber security, big data,
cloud, and statisticgredictionmodels; and managed to create a system that processes
the sensor data which is transformed and collected from the candy production line. The
data is collectedby the sensor nodes that aretpble smart and ready to make an
M2M communication. The collected data sent to the cloume&iored, processdand
evaluated.The data is processed into sensible information by a central mechanism
which uses known statisal methodologies such asito regressive models and box
cox normalization

To benefit from thisnformation,we have published the real time data via a-web
based portaWwhich is designed as user friendly as possibtea sample, theesult of
environmental condition dode 4(packaging) given at the discussion p&w#sults
showthatduration of optimal production environment is only 4% of total monitoring
period. Moreover, we found that environmental condition of packaging division
usually above the expected conditiolmsthis study, the smart production steps have
been done on the real candy factory and running the productioiliberegressive
models were chosen for each sensor and nodes to make predictions about future
information predictios. Since each node can contain multigkensors we applied
statistical normalization methods to generate information about overall node status and
compared performance of the methods in this stAdya future work, we will study
on new prediction models to compare the results of the performande auto
regressive models.

This document is organized as followdter the Introduction section and related
studies methodologysectionis provided Conclusion section is given at the end

2. Methodology

The increase in global food demand affected the production rate of factories.
Manufacturing systems became more complicated over time to meet the increasing
production rate. On the other hand, environmental factors have always beeremprobl
that affects the food production quality and stability. To solve such problems, new
concepts and soluiins are added to the processes.

Digitalization of the food production is one of the assisting solutions for the
problems discussed above. In thisdstuwe have used digitalization components to
detect and predi¢he environmental problems of actual confectionery factories in the
critical point on the production line (raw candy mixer), storage and packaging units
based on environmental factors$he sdected locations cover only 20% of the
production line, so additional work is required to model whole production process

The components that are used are WSN, cdsamurity, big data, cloud,
statistical modeling and wetased monitoring to assist in solving or early diagnosis
of the environmental problem€omponentsof industry 4.0such as robotics, 3D
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printers, etc. are excluded from tinsrk; hence we only focuskeon monitorization of

a food production lineThese include robotic and so d¢four critical locations mixer,
wind tunnel, aging room and packaging from the production line which they are the
parts of the automation system were chosen. This digitalizemiplementation steps

are given below;

2.1Internet of Things (lotand Wireless Sensd¥etwork (WSN):
loT and WSN are used for gathering the large amounts of environmental data from the
sensor networks to use for monitoring and the prediction modeésAfinel based
microcontroller (MCU) has been used for the develeptof the embedded system.
Four nodes whit consist of sensors andgBee model was developed onAtmel
based embedded system may have various features depending on application. In this
study, wireless communicatiomasrequiredsincethere weregnovingpartsin the setup
The ZigBee module is chosen for this study because of its communication protocol
developed for industrial loT (Communication protocéiie nodes, including both its
hardware and software, are designed and integrated with the sensors within the ZigBee
module. Four nodes collect data from the environment and the node 1(coordinator)
directs the data to the cloud to monitor and process in real $aresor nodes and
coordinaor canmunicates with each other vigBee communication protocol which
uses IEEE 802.15.4 standard. There are several reasons to Zigidseand mesh
networkingfor this project and some of them are;
x Carry data at far distances compared to the saomagation power
X Reliable link (High SNRBER performance)
X Low power requirement (In terms of high range)
X Mesh network support (Alternative link support from node to sink)
o multiple data paths
o multi-hop,
o self-configuration and selfiealing
x Easily accessib network authentication (Joining network is relatively fast)

Because of the noise generated by machines and closed area of the production
line, small data transmission delays between sensors are detected. We solve this issue
by using a newmode board gaable to cache previous dakdoreaccurateesuls could
be obtainedy usingwired structure or open spagestead of WSNZigBee protocol
uses direct Sequence Spread Spetencoding. With this coding;ldit message data
is encoded to 32 bits chip value. This encoding and decoding algorithm causes gain of
about 9 dB signalo-noiseratioswhile reducing the data rate. However, sensors data
output rate per node is approximately 15 bytes per second andefigB support up
to 250 kbps data rate. Thus, XBEE pro transceiver modules are chosen for this project.

Low data rate is not a bottleneck in this study because the data received from the
sensor used in the plant is very low compared to this data rate.XBes2C (63 mW),
which communicates on 2400 MH#2483.5 MHz Industrial Scientific Medical ISM
band identified by IEEE 802.15.4 stand@fdEE, 2016) The ISM band is the band
allowed to use without a license. This band cammunicate with RF signals without
paying any fee. IEEE 802.15.4 PHY frequency definitions are listédbnl below:

09t



Sen, K. O.; Durakbasa, N.; Erdol, H.; Berber, T.; Bas, G. & Sevik, Ulelmgntat.

Frequency band Frequency band (MHz) | Band

identifier designation
0 169.4004.69.475 169 MHz
1 433.050#434.790 433 MHz
2 450470 450MHz
3 4705610 470MHz
4 779487 780MHz
5 863876 863MHz
6 896001 896 MHz
7 901902 901 MHz
8 902028 915MHz
9 915921 918 MHz
10 917923.5 917 MHz
11 928060 928 MHz
12 14274518 1427MHz
13 24002483.5 2450MHz

Tab.1. IEEE 802.15.4 PHYrequency definitions

For the microcontroller unit®tmel 32-bit and 16bit are used for design of the
5 nodes to data gathering. Four of which collect data from the environment and 1
(coordinator) directs the data to the cloXdBee Pro information idicates thathe
range ofcommunication i@lmost 1200 meters in line of sighitdoor and drops down
to 60 metersL, QGRRU 7KDW(fV ZK\ PHVK QHWZRUN WRSRO
nodes.Thecooperative communicati@nables us to reach higher rangath the help
of mesh nework topology, allowing the sensor to increase its range by using other
sensors closed to the coordinator node as the distance of the sensor does not reach th
coordinator node. Designed network structure is cathidtl coordinabr module and
4 router modules. The leaf type node structure is not used instead of router nodes for
collecting data from sensors because router nodes support the cooperative
communication. So, this configuratieextends networkange. Thus, data can be
transmitted to the coordinatby passing over other nodes and this reduces the energy
consumptiorresulting a higher duratiomhe designe structure is given &ig. 1.

Fig.1. 1 R G N§gsWiNetwork topology
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Sensor types accard) to nodesregiven inTab. 2.
Node 1 Node 2 Node 3 Node 4
Pressure Fire Fire Fire
Humidity Distance Humidity Humidity
Temperature Light Temperature Temperature
Noise Movement
Product Light
Temperature Noise
Mixer Temperature

Tab.2. Sensor®f Nodes.

All the nodes are designed and created with the same principles and methodologies.
However, exact requirements and solutions for specific locations in the production line
differentiatethe modules integrated into each individual node. As an exahiptks 4

has flame sensor, noise sensand mainboard (on board sensors: motion, ljght
humidity and temperaturejomponents. The structure of Node 4 is giveRiq 2 and

the communication structure of node 4 is giveRim 3 as well as the real application

and image of node 4 iRkig. 4 respectively

Coordinator

N
-

Fig. 3. Communicatiorstructure for node.4
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Fig. 4. Node 4 settled on the production line

2.2 Cyber Security

All collected data are encrypted in the node byZlgBee module and forwarded to
the coordinator. Coordinator uses @8hardware leveéncryption algorithm for the
securityof the collected datafter encryption, the datia send to the cloud. Thus, the
confidentiality of the collected data is protectghinst attack from both inside and
outside.

2.3Cloud and WeiBased Monitoring
In this study, the Google Cloud Platforimas been usebhfrastructure as a service
(laaS). Google Cloud provides mobility, storage and analyze of data collected via IoT.
This data can then be systematically anatjiia statistical prediction models theate
located in the cloud. For this target, 2.869.379 dalaeswhich are gathered from the
sensors representing the status and condition of eachanedallected and storeith
the cloud as big data. This big daaised by the statistical model for the prediction
andgeneration ogensible information

The webbased monitoring system is used for displaying instant status, historical
status information and future estimatioformation. Data are received from the cloud
with equal intervals and reported periodically. The informatiopublished viaa
webpage and it can acessiblenot only from the mobile phone but also from the
desktop. Thusheaccessibilityproblemsare minimized(Miroslav, Milan, & Tomas,
2015) Status information consists of three different kinds of data which are gathered
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from 17 sensors of 4 major nodes in the syst€mee different groups of data are
shown on the monitoring system.hg first group hasdata representing raw (not
processed) sensor status information, the segmg haslata containing meaningful
(processedatg sensor status information argkthird group has data thatisgeneral

status 6the nodes. Thpages providgeneral status information about |&8tseconds

of the systemas wellasWKH QRGHVY PHDQLQJIXO SURFHVVH(
This meaningful status information from the neddows the trend of the system

The realtime monitoring system displays the status of each individual node in
separate pages. Every page has different number of components which reflects the
sensors embedded in the node. As an exan3dleRGH ~ 3DFNDJLQJ SDJ
the data o6 sensor&nd the general situation informatiand the page is visualized in
Fig.5 below

Welcome Light Sensor  (Lor Temperature Sensor (0w Humidity Sensor
Oncd $en

GENERAL

A Home

P Nodes

Node 1 - Wind Tunnel

Node 2 - Production Line

Node 3 - Aging Room

Node 4 - Packaging Line

Fig. 5. Node 4Web-based demonstration page
2.4 Statistical Prediction Modeling

All collected sensor data systematically analyzing via statistical prediction molels.
simple linear regression model is used for statistical prediction model which
implemented to each sensor data to make condition prediction and to make sensible
information of the sensor.

Our models are statistically meaningful according to tvalpes of Ftest (p<0.05).
Depending on Bquared values of 15 models are above 90% that means they explain
90% of the variation of the following valuggich is given belowab.3. So, we may

say that the models can be used for making predictions.
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Coefficient of Determination (RSquare)of Each Sensor
Prediction Model
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Tab.3. Model §$ sensoperformances

Each node of our system contaimultiple sensorsand each sensor has its own
measurement scaleHence, it is hard to measure overall environmental status of a
node. W& applied statisticahormalization and weightingo infer environmental
information about nodes.

First, we need determined the weights of the sensor for each node to summarize node
status. However, there is no standardized weights exists for candy production line
environment. Environmental status of the prodarctine is also considered as a trade
secret for a factory. So, we ussehsomweighs for each node determined by factory
experts. Later, we aim to determine effects of each sensor on final product quality.
Although we obtained sensor weights for eachenade are still unable to use them
because of sensor scale differences. Thus, we applied statistical normalization methods
to make sensor measurements have same statistical distribution, which is chosen
standard normal distribution (X~N(0,1)})Ve also meased effects of two different

normalization approaches. First, we convert raw data to standard normal distribution
as follows;

where Og is normalized data, X is raw datdg is mean of X andé is standard
deviation of X. This conversion does not change distribution shape of original data,
and ensures that mean and standard deviation of the data becomes 0 and 1 respectively
We also use power transformati@ox, G. E. P.Cox, D. R., 1964)o normalize data.

Power transformation is a monotonic transformation for raw data using power
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functions. This normalization method stabilizes the standard deviatiomiarsdto
changethe distribution of data ta normatlike distibution. Power transform defined
as follows:

: Fs
Of "L Pa)/ ::;;
Y/ ::;Z% ;4 AL

a aMr

and

a
Y/ LN T
(@b

ol o

where ais the normalization parameter. Howevéaparameter of the power transforms
needs to be determined for each sensor. fidtaused maximurikelihoodapproach

to determine&parameter. As a result, we have multiple norika distributions of
sensor data. However, parameters of each sensor data distribution after power
transform are different. To solve this issue, we apgiaddard normalization to power
transformed values to equalize distribution parameters of each sensor data.

When we achievedequality of distribution of each sensor data by applying
normalization approaches, we calculate overall node status values hasddwing
formula;

a

Saxdh | Slig
Ut

where & 5 « g5 the status value of node, n is the sensor count of the &y the
weight of sensor andgyjis the normalized value of the sensor. Additionally, we
calculate optimal range fofic 5 x ¢sing range values for easbnsor

As an exampleraw expectedraluesand normalized expected valuies node 4 is
given belowTab.4:

Standard Power
Normalization Transform
Sensor EV min EV max Normalization
EVmin EVmax EVmin EVmax
Humidity 30% 40% -0.3108| -0.1506| -2.5948| -1.1307
Temperature 20° 25° -0.1560| 0.1407| -1.3386| 1.1952

Tab.4. Optimal Valuedor Sensors oNode 4.

After applying scaléormula (5 5 « ) We determine optimal levels for Node 4. Results
of our experiments are givenTrab.5 and depicted ifrig. 6.
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Parameter Value
Total Number of Observations 2539569
Standard Power Transform
Normalization Normalization
Node Status.ower Threshold -0.2953 -2.4692
Node Status Upper Threshold -0.1215 -0.8981

Number of Observations Below Low, 9453 (0.37%) 10082 (0.40%)
Threshold
Number of Observations Above Upp 2442388 (96.1%6) | 2441884 (96.150)
Threshold
Total Percentage of Unexpected 96.55 % 96.55 %
Condition Duration
Tab.5. Results of Node 4 Environmental Status

Overall Node Status Overall Node Status
(Standard Normalization) (Power Normalization)

0.2

M|

P um— | 3
-0.2
-0.3 5
-0.4
-0.5 -7
-0.6 o
-0.7
-0.8 -11

Fig. 6. Overall environmental status of Node4.

According to the results, we could say that environmental status packaging section of
the productiorine remains above expected conditions during the observation period.
This situation could affect final product quality. Moreover, results of two normalization
approaches produces nearly same results. However, more seesticsbe measured

to select best approach for environmental scale.

The statistical prediction systerabow WKH FRPSDQ\YfV SURGXFWLRQ
to make machine to human and machine to machine communication. Also, the
substantive information is pressted in a visual foomtoVKH FRPSDQ\{V DXW|
monitoring.This study worked on that approach with using digitalization components
and also high quality food productstivminimum resources and waste

3. Conclusion

Minimizing resourceequirements and wastea major goal of food production
to meet increasing demand. However, final product quality is affected by several
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environmental factors of the prodimt line. In this study, we develop aew
environmental monitorizatiorapproach d assess environmental status of a food
production facility. Moreover, our approach could also be used to take necessary
precautions for ensuring final product qualidar this pupose WRGD\V WHFKQ
VXFK DV 611V ,,R7 DQG VidudhWadelsWere Dnplemmenited XolaH S U
real confectionery factory as digitalization. The WSN based 4 intelligent nodes had
been placed on the critical locations of the production line. A coordinator node had also
been placed to collect the data from the naated send them to cloud. The data was
gathered in a cloudased data store with the aim of archiving and processing. This
processing was a type of analyzes which uses statis#thbainlogieso assess current

and future environmental status of nadAs the end of analyzeinformation was
generated for monitoring the environmental conditions as well as providing data for
M2M communication.

We proposed a new statistical environmental scale for combining multiple
sensor data in one value to overcome dlitty of making decisions based on multiple
information. Results of our scaleere verified by factory experts. Our scale is also
implemented by usindgr Statistical Software to ensure cloud compatibilithen
overall node status scale results are algainbd usingur implementationObtained
scale and limits are presented to experts via-bad®ed monitoring system which is
also developed in the context of this work. With this approach, we have managed to
digitalize the production process for the enmirental condition and put apply it in a
confectionery factory. At the end, real life data, prediction data and overall node status
information have been provided to the use of decision makers as a business intelligence
system. The system can be adviseddailities that has similar setup and production
facilities.

As a result we havedeveloped assistant technologies to ensure suitability of
production environmentor final product quality. In future, performance of our
approach will be evaluated ovhole production line using different statistical models
to choose best models for each part of the production line.
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