BEST: International Journal of Humanities, Arts,

e
Medicine and Sciences (BEST: IJHAMS) O
ISSN I(P): 2348.0521 ISSN (E): 2454-4728 O Best Journals

Vol. 5, Issue 12, Dec 2017, 65-70 Knowledge to Wisdom
© BEST Journals

OPTIMIZATION OF RSM CALIBRATION MODELS FOR MULTIPLE

PROCESSES, IN THE SUGAR INDUSTRY

JOHN WESLEY. S, RANIES CHARLES SELVARAJ. V2 & S. ELIZABETH AMUDHINI STEPHEN 3
142\, Tech Food Processing & Engineering, DepartméBiosciences & Technology,
Karunya University, Coimbatore, India

®Associate Professor, Mathematics, Karunya Uniwer€ibimbatore, India

ABSTRACT

The measurements of Response surface methodolompiced with data analysis techniques, are widsbdu
for quality control in food production processebisTpaper presents a methodology to optimize thibraion models of
RSM in four different stages, in a sugar factorgeTnodels were designed for quality monitoringtipalarly °Brix and
Sucrose, and both common parameters in the sudastity. The proposed models improve the predidiorthe test set
(unseen data), compared to the previously publishedels, resulting in a more accurate quality assest of the inter-

mediate products of the process, in the sugar tndus
KEYWORDS: Quality Control, Calibration Models, Brix and Suseo& Quality Monitoring
INTRODUCTION

The production flow in the sugar industry encompasseveral processes and sub processes that néed to
analyzed, in order to maintain a quality standdfdd The agro-industrial plants require cost-effiti@and non-destructive
systems, to monitor the quality of their productigmocess, food safety and compliance with the teahrspecifications
[2]. One of these non-destructive systems aimeshsatiring quality is chemo metrics, which has bemrelbping since the
1970s as an interdisciplinary field of study. Thiesld covers a wide and varied range of mathembtca statistical
techniques, for analyzing the chemical compositématerials [3]. To analyze the quality of organéw materials, a
commonly-used technique is the RSM associated atiimo metrics; however, the relationship betweerathsorption in
the spectral region of the near infrared and tlayam is frequently of a non-linear type [4]. Thégin of these non-linear
relationships is diverse and difficult to identify, some cases due to the differences in viscdsityperature, pH, particle
size and the chemical nature of the analyte. Herrdason, calibration is commonly performed using-linear methods
and multivariate analysis [5]. A proper selectidrihe variables aimed at gathering a small subgreitip lower sensitivity
to non-linearities or at discarding the most provaad wavelengths is usually effective, to imprdwe performance of the
models [6,7]. A recent study conducted by Tangalef9] has shown that, the use of calibration nedeth Support
Vector Machines (SVM) for regression is efficientarder to predict °Brix and Sucrose values, thaliguparameters of
the industrial process of sugar. The use of SVMrowes in terms of RMSE compared to the techniquPantial least
Square (PLS); however, the proposed model usesritiee RSM, which leads us to believe that therojzition of the
model is still possible, by implementing an appraigr preprocessing technique, feature selectionogtichization of the

parameters of the machine support vectors.
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The aim of this study is to optimize the globalilmation RSM models, in order to improve qualityntol of the
°Brix and Sucrose parameters. A global calibratR®BM model is capable to predict a value in the symgaduction

process.
MATERIALS AND METHODS

Generally, the sample processing consists of thewimg steps: acquisition of spectral data, prepssing of the
data to reduce the noise, thereby increasing tgeabkio-noise ratio (S/N) [10], selection of relavdeatures, and
development of the calibration model using a sedpafctra from which the values of target analydbsained by reference

techniques are known, and, finally, the model \alwh using data different to those of calibrati8h
Data Description

The database was published by Tange et al. [9]tl@émployed data were obtained in a Japanese fauogary
(Daito Togyo Co), where sugar cane is processed. SEmples were obtained throughout three monthherharvest
season, and during each of the process steps: giftading (juice), after the process of evaporati@grup), after
crystallization (massecuite) and after centrifugaijmolasses), three cycles of crystallization esctrifugation were car-
ried out, resulting in a higher number of samplemassecuite and molasses than those obtainee@ iottier two stages.
Immediately after sampling, the NIR signals werdramted, along with the reference technique inti@iato process

temperature.

The °Brix quality parameter expresses all the digsb solids (sugar and non-sugar), as a percertagetal
weight, its scale reflecting the percentage of @serin pure solutions. In any sugar materials ¢juioney, etc.) the °Brix
parameters are always higher than those of Sucwdssreas in high-purity materials, such as spfriien a refinery, the
difference between these indicators is minimal. ther current work, the °Brix quality parameter wasasured using an

Abbemat-WR refractometer, developed by Anton PaabB in Germany.

The Sucrose quality parameter (POL) refers to theuat of sucrose contained in a solution, expreasqgkercent
of the weight; in pure solutions, the POL perceat&yequivalent to the percentage of Sucrose, whilether impure
solutions, like cane juice and honey, there isfeemdince between these two values, the more imjsutiee solution, the
higher the difference. For this reason, the POlu&as internationally accepted as apparent suctodbe current paper,

Sucrose was measured using a MCP500 polarimeterlageed by Anton Paar GmbH in Germany.
RESPONSE SURFACE METHOD

Response surface methodology uses statistical moaledl therefore practitioners need to be awareetren the
best statistical model is an approximation to tgalh practice, both the models and the paramedbres are unknown,
and subject to uncertainty on top of ignorance.c@irse, an estimated optimum point need not bemoipti in reality,

because of the errors of the estimates and ohddeguacies of the model.

Nonetheless, response surface methodology hadeantief track-record of helping researchers imprpreducts
and services: For example, Box's original resp@wséace modeling enabled chemical engineers toawgpa process that
had been stuck at a saddle-point for years. Theneegs had not been able to afford to fit a cuhieé-level design to
estimate a quadratic model, and their biased lneatels estimated the gradient to be zero. Boxgdeeduced the costs

of experimentation so that a quadratic model cbeldit, which led to a (long-sought) ascent direati
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RESULT AND DISCUSSIONS

This study presents a methodology which optimiz&8Rcalibration models for multiple processes in shigar

industry. This consists of a sequence of stepsritbestbelow:

At this point, the model is evaluated and its wali values are set, in order that the C amrameters of SVR
can be optimized using a grid search techniquendJthese optimized values, a tuning of the parametef SVR,

Response surface methodology in which central caitgocs used with 13 runs.
Independent variable: Time, temperatua.(

Dependant variable: Brix
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Final Equation in Terms of Coded Factors:

brix =
<2200
-118 *A
094 *B
125 *AB
225 A2
400 =gt
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The results of this study were compared to thoddighed by Tange et al. [9], who used SVR to cauy the
model calibration for °Brix and Sucrose in the mfaeturing process of sugar cane. The results pteddrerein obtained
lower RMSE values than Tange et al. [9], who presgrmore accurate estimates of the quality paramefenis is
explained by the fact that in the present work mégpes of preprocessing and selection of featuer® wised, and there-

fore noise spectra were removed, along with thesleangths which did not contribute significantlyttee model.

The optimization of parameters of SVR proved itpamance to obtain minimum RMSE for the model. ur o
case, it was performed by using a search grid tqakn providing the optimal combination of paramet€, y ande,
which is consistent with the results obtained hygJg 3] and by Devos et al. [12] who claimed thlag combined values

of the parameters of SVM, determined the compleodtthe limits and therefore, the performance ef tiodel.
CONCLUSIONS

In this regard, one can deduce that the proposeatthi® accurate and stable, due to the parametamniaption,
which is consistent with the results obtained bystzmini and Shawe [11] and Devos et al. [12] wdtated that, the
adjustment of the SVM kernel parameters contraltedcomplexity of the resulting hypothesis and dedithe over fitting
of the model. The evaluation of the models wasgoeréd using the repeated cross-validation technighéh, according
to Garcia and Filzmoser [14] leads to a suitabléhoe, aimed at choosing the best model, to anallyggemean and
standard deviation of the results of repetitiohese results correspond to the test data seisttibey are data which were

not used for calibration, which allows estimatingtow the model would behave in the future with riata.
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