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ABSTRACT

The curves of combustion characteristics of cooking oil tar in pipe were
obtained by using a self-designed thermogravimetric (TG) device with a
large capacity. The wavelet transform was introduced into the
thermogravimetric data smoothing and differentiation analysis according
to the experimental results, and the orthogonal test method was used to
find the optimized wavel et parameters. The wavel et transform resultswere
compared with the traditional ‘Moving Average’, ‘Gaussian Smoothing’
and ‘Vondrak Smoothing” methods and it shows that the signal-to-noise
ratio of the measurement is increased and root-mean-square (RMS) error
isdecreased. Thekinetic parameters calculated fromtheorigina TG curves
and smooth differential thermogravimetric (DTG) curves are in good
agreement, thus the wavel et transform smoothing algorithms can be used
directly and accurately in the thermokinetic analysis.
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INTRODUCTION

Thermogravimetric (TG) analysiswasone of the
techniques for studying the primary reaction in the
decomposition of solids and has been widely used.
Becausethe hegting rate, particle s ze, samplequantity
and atmosphere, buoyancy, the specimen container and
loading thecloselevel and many other factors, makes
theinstrument by theorigina curveoften containalot
of noise, which can bring bigger digtortion. Inthethermd
andysis, kinetic equation of linear regressonisusudly
transformed intoform, and from the d ope and intercept
related kinetic parameters. For theuseof DTG kinetic
analysis method, asthe DTG datais determined by
thermogravimetric data obtained by numerical
differentiation, in smaller cal culation step conditions,

even weaker intensity noise may also be due to
differential calculation and the seriousdistortion of the
numerical derivativeresults, without smoothing TG
curveof DTG curve smoothnessisvery poor, thenoise
isamplified, theimpact on the overal judgment of the
trend curve and parameters. Adaptive wavelet
Transform method was used to deal with
thermogravimetric experiment data, and therdliability,
validity result was contrastive studied compared to all
kindsof traditional anayssmethods.

ADAPTIVEWAVELET DENOISING

Theprincipleof wavelet denoising
Dohono put forward the method of wavelet
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thresholdfiltering method intheminimum mean square
error effectively and can achievevery good results. Its
theoretical basisisBesov spacesigna energy ismainly
focused onalimited number of coefficients, but thenoise
energy isdistributedinthewave et domain. By wavel et
decomposing signal coefficientsthan noise coefficient,
therefore using threshold method to be ableto retain
the signal factor, and most of the noise coefficient
decreasesto zerol?.
Assumenoisesignd

Y, =%+no,i=123--,N (@8]
InFor (1) yisOrigina signal, xisuseful signal, nois
noisesigna. Wave et decomposition accordingto Eq.1,

get the wavelet detail coefficients. Wavelet
decomposition process according to Eq.2 and Eq.3.
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wavelet coefficient, p isanti-p, j isdecomposition

series, | isdecomposition coefficients. For thediscrete

samplingsignd x(n) , thiscanmakea’ = x(n).

Through the decompositionformulaareiterative,
can gpproximate coefficient of multilayer wavelet detall
coefficientsof decomposition and thelowest [ayer was.
And then set athreshold, thethreshol d bel ow the detall
coefficientsare set to zero. And the preservation of the
wavelet detail coefficients above a threshold, the
recongtruction of thereconstruction dgorithm, toobtain
the signal's after noise reduction. Reconstruction is
achieved by iterative reconstruction formula, the
recongtructionformulafor
a, = Z P2 "5‘1171 + Z (-D* P2 qlil @)

lez lez
Wavelet transform denoising process

Wavel et analysisfor noisereduction processisas
follows, the process of decomposition, awavelet, and
thenthenoisesgnd sby N wave e decomposition. Effect
of threshold process, for each layer of the decomposed
coefficientsobtained for choosing athreshold, and the
detall coefficientsfor soft threshold. Thereconstruction

process is coefficient denoising by wavelet
reconstruction after therecovery of theoriginal signd.

Threshold processing

Wave et andysisfor noisereductionisthecorestep
of signal after the wavelet coefficients threshold
determination. Thethreshold sdlection directly influences
thequality of noisereduction. Soft threshold based on
Stein unbiased risk estimation (rigrsure), length of log
threshold (sgtwolog), heuristic SURE threshold
(heursure), Minimax variancethreshol d (minimaxi)=4.
(1) Rigrsureisbasedon SteinUnbiased Risk Estimation

and adaptivethreshold sdection principle.

(2) Heursureisaheuristicthreshold selectionrule, is
theoptima threshold sdlection.

(3) Sgtwolog uses the form of fixed threshold, the
threshold sizeissgt (2xlog (length (x)))

(4) Minimax isused to select thethreshold minimax
principle, extremevdueit producesaminimummean
squareerror, but not without error.
Whenthehighfreguency part of Sgnd isvery smdl

inthenoisefidd, threshold rulesMinimaxi and Rigrsure

more conservative, that isnot easy to lose valuable
componentsinthesignal, but only toremovetheless
noise. Sgtwol og threshold selection rule can remove
noi ses effectively. Heursureisakind of compromise.

After the threshold rule selection signal generatesa

threshold, andthendl of thedetail coefficientsof wave et

decomposition of the soft thresholding. Processing
formulaasEq.5 shows, t asthefiddvaue, Xraw sgnd,

% thedgnd after de-noising.

_ [x=sgn(x)t,[>t>0
o (5)

Theinversewave et transformusing wavel et coefficient
threshold processing, to reconstruct the signals after
noisereduction.

EXPERIMENT

Materials

Cookingoil tar inthisstudy wasobtained froma
refectory of ahigh school, which can accommodate
1500 students. Thekitchen next to dining-room plunge
into usefor fiveyears, the cooking oil fog discharge
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pipecleared for every tow month. Thecookingoil tar  and dense substance as the samples. Proximate and
select form the fog discharge pipe wall and the dementd andysisof cookingoil tar isgivenin TABLE
accumulated timewastwo month and chosetheblack 1.

TABLE 1: Proximateand elemental analysisof cooking oil tar

Proximate analysis

Elemental analysis

o, 1% wg 1% oy 1% Q, . /(kIkg ™) «(0) 1% «0Q 1% o 1% AN 1% o9 1%
13.30 72.50 8.20 22587.10 27.12 40.74 7.103 1.738 0.074
Macro-TG apparatus samplewould be equal to theweight increase of the

Thermogravimetric system built for pyrolysisstudies
of cooking oil tar isshown schematically in Figure 1.
The main components of the system were abalance
sensor which provided ameans of measuring weight
changesindl runs, acylindrica quartz reactor withinlet
forthecarrier gas(N,.0,=4:1) and outlet for thevolatiles
and tars, a temperature controlled furnace and a
computer to continuously record the weight and
temperaturefor samplesand record the temperature
for thefurnace during the entirereaction period.

Thequartz reactor measured 350 mmin length by
aninternd diameter of 40 mmandwasexterndly hested
by a3kW temperature controlled furnace. Theeffective
heating zone of the quartz reactor was about 250 mm.
The sample basket was 30mL nickel crucible and
goproximately 15 g of samplewasplacedinthecrucible.
Andthenitwasfregy hung by asuspension wirefrom
one end of the Level into the furnacetube. A type-K
thermocouplelocated directly abovethe cruciblewas
introduced to register the sampl e temperature during
pyrolysis process and another type-K thermocouple
located directly downthecrucibleto register thefurnace
temperature. The Macro-TG reactor is capable of
pyrolyzing samplesup to 1300°C at prefixed heating
rate (in the range of 0-100°C/min). Subsequently,
approximately 15 g weights, with the bottom of which
was sightly put on the electronic balance, was also
suspended by asuspension wireand then connected to
another end of theLevd.

Thecarrier gaswasfirgly introduced a alargerate
of flow to purgeresiduad impuritieswithin the system,
and then was established at 200ml/min. When the
€l ectronic balance output was stabl e, the furnace power
wasturn onfor the pyrolysisto begin. Asthe sample
begun to decompose, the ba ance output would change.

AccordingtotheLeve Law, theweight lossof the
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electronic balance output. Thus, the changeinthemass
of the samplewould be known. Simultaneously, the
mass-change to time and reaction temperature was
recorded on apersona computer at sampling rates of
1s.Inorder to smulate the atmosphere of cookingfog
discharge pipe, avapor arisewasinstalled inthegas
system, which can proved wet air.

11

13

Figurel: Diagram of the laboratory scale themobalance
(Macro-TG)

1.N, cylinder, 2. O, cylinder, 3. How meter, 4.vapor
arise, 5. Porousceramic, 6.Furnace, 7.0ut let and gas
collector, 8.quartz reactor, 9.nickel crucible,
10.Thermocouple, 11.200g weight, 12.Electronic
balance, 13.Furnace controller, 14.Temperature
collector (USB2816), 15.computer

Inthisstudy, experimentswere conducted at heating
ratesof 5, 15 and 25°C/min. Sampleswere heated from
roomtemperatureto 1000 °C at the respective heating
rate and then held at 1000 °C for 10 min. When the
experimentswerefinished, thefurnace power wasturned
off but thecarrier gaswaskept flowing until thereactor
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was cooled down to the room temperature. All
experimentswere carried out at atmaospheric pressure.

WAVELETANALYSISDENOISING
PROCESSING OF THERMOGRAVIMETRIC
DATA

According to the above experiments to get TG
curveof greasein 5 °C/min, and calculated DTG curves
asFigure?2.
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Figure2: Experiment resultsof TGand DTG

By usingthe principleof adaptivewave et denoisng
choiceisorthogond wave et decomposition of different
layersrespectively. Choose adifferent threshold rules
for noisereduction. The noisesignal reconstruction
function to reconstruct coefficient decomposition after.

According tothethreshold selectionrule(rigrsure,
sgtwol og, heursure, minimaxi), soft and hard threshold
selection (soft, hard), threshold multiplication (one, dn,
min), wavelet layers(3,4,5), choosethewavel et (sym8,
db3, db4), five parameters of orthogonal experiment.
Comparison of thesmulation results, whiletest number
ISN=C;xC}xCixC}xC; =216, threshold selectionruleis
sgtwol og, soft threshol d, threshold multiplicationismin,
wavelet layersis 3, wavelet asdb4, theresultsisthe
best. Theorigind DTG andwavdet DTG curveisshown
inFigure 3. After thetreatment to compare the effect of
different parameterswere showed in Figure4, part of
caculating resultsasfollow (part of results).

In order to compare wavelet transform in
thermogravimetric data smoothing processing
advantage, sdect themoving averagemethod, Gaussian
Smoothing, Vondrak smoothing, comparison of

denoising effect asshownin Figure5.
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Figure3: Original resultscompar ed to denoising r esult of
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Figure 4 : Denoising result using deferent threshold
parameter
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Wavelet transform is used to place DTG curve
effective Gauss white noise, but also can speed
characteristic signal retained very good burning,
maximum closeto the origina dataof thecombustion
rate. Moving average method will filter out part of the
high frequency components, but dsoretainstheMinistry
of high frequency components, thecurveisnot smooth,
and the maximum pesk reduction.

The Pegk of Gausssmoothing methodissmal than
the Vondrak average method, but the peak width
increases, and thepesk vauearesmall than thewavel et
transforms method. In order to noi se reduction effect
comparison of different treatment methods, theorigina

signal isrecorded as f (n) , wavel et estimation signal
recorded as f'(n) , thewavel et estimation of signal to
noiseratio (R, ) (Wei Liang, et al, 2009) isdefined as
Eq.6.

> 12m)
=10l s
e = S @ - Ty

TheRMSerror betweentheorigind Sgnd and estimate
sgnd weredefinedasEq.7.

©)

Equse = J%Z(f(m — ) @

Whilethesignd-to-noiseratioishigh, theRM Sbetween
origind Sgnd and estimatethesignd issmdl. Estimation
of signal ismoreclosetotheorigina signal, denoising
effect isbetter.

TABLE 2: Denoising result using defer ent threshold

570°Cpeak 570°Cpeak

RSNR /dB ERMSE 1%
error %

Denoising methods
load %

wavelet transform 14.68 0.0955 1.70 1.40

Moving window average  12.54 0.1037 11.21 5.33

Vondrak smoothing 11.69 0.1641 411 1.77

Gaussian Smoothing 11.35 0.1819 5.65 2.63

Comparing Figure4 and Figure 5, combined with
theresultsin TABLE 2 we can seethat based on the
adaptivewave et denoisng method isthehighest sgnd-
to-noiseratio, RMSerror isthe smallest, peak error
and peak load are also the smallest, the method for
datasmoothing control forceisthebest, andit hasgood
effect to bigger noisefluctuation sgna processing.
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DEMONSTRATED EFFECTIVENESSIN
DENOISINGMETHOD OFWAVELET

To smooth thecurveof TG isdesignedto provide
reliable DTG curveto cdculate thekinetic parameters
for thedifferentid method, Integrd methodislessaffected
by noise. Thekinetic parametersobtai ned by comparing
thedifferentid method and integral method, to verify the
effectivenessof thewavel et denoising agorithm. Theail
tar combustionisavery complicated chemica reaction
process, which including many reactions occur
simultaneoudly. Thesereactions are often difficult to
diginguishexact andyzed. Theweight lossdtrict platform
doesnot exist onthe curveasthese effects. Thereisnot
an exacted point on the TG curve corresponding to a
clear point a theend of areaction processand areaction
process. Theminimum pointsontheDTG curvewere
regarded astheturning point of thefour weight lossstages.
The combustion processof theoil wasdescribed by the
first-order reaction, and the kinetic parameters of the
origind TG curvewere cdculated by Coats-Redfern (P,
Luangkiatikhun, et al, 2008) integrd method. Thekinetic
parametersof thesmoothed DTG curvewereca cul ated
by differentia method.

TABLE 2givesthekinetic parametersof ol samples
inair at 5 °C/min heating combustion curve rate using
the results obtained by two methods. The kinetic
parameters of oil samplesin air at 5°C/min heating
combustion ratewere cal cul ated by two methodsand
showed in TABLE 2, and there is little difference
between the corresponding parameters. Thesmulation
curve and experimenta curve matcheswell and canbe
seein Figure 6. Thewavel et denosing method can be
safely usedinthethermal andyss, and the method has
enough accuracy inthecdculation of kingtic parameters.
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TABLE 3: Kineticsparameter with different measure

activation energy frequency factor

method
E(kJ/mol) A(min™®)
68.18 5.900x107
TG 48.88 4.821x10°
integral method 153.32 3.028x10%
175.45 1.406x10"
70.33 3.312x107
DTG 51.69 9.308x10°
differential method 151.67 5.422x10%
177.31 1.690x10%
CONCLUSIONS

A thermogravimetric system was designed
according to the characteristics of cooking oil tar, in
which alarge amount of sample (about 10 g) can be
examined. Wavel et transform wasintroduced to the
thermogravimetric datasmoothing and differentiation
analysis according to the experiment results, and the
orthogonal test method was used to find the optimize
wavelet parameter. Adaptive wavelet method
overcomesthemoving average method not smoothin
thesmoothed curve. Thismethod cannot only effectively
filter out thenoisesignal to prevent signal distortion,
and can guarantee the denoised signa smooth, provides
certain reference val ue processi ng thermogravimetric
datafor future.
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