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100 NIT spectra of mixtures of two powder types.

wheat gluten and wheat star ch.
Five different mixtures (0,25,50,75 and 100% gluten)

20 replicates of each (powder sampling, cuvette filling, sample packing,
different sample holders, spectral parallels)

NIR spectra

Input spectra, log(1/T)
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Calibration for y=gluten fraction for X NIR log(1/T)

[glyten] gredicted from the hest wavelength, 994 nm
O Rk, N W »MN U1 O N o ©

y:

Best univariate calibration

(994 nm):

A) =
* . +
+ -
; . F
P Y
+ . + + 1
z $ ] $ )
+ EF ]
+
(I) 0|.2 0|.4 Ol.6 0|.8 ;L
y=[gluten]

Best multivariate calibration
(via5 PLSR PCs):

S

—
2 o.0k

5

Losg}

g

c
20.7F

ve

g 0.6}
K
£ 0.5
S
=0.4f

d

2
Sost
(]

802t

n

Lo0a}
=]

o 1}

0._

y=1[

B)

i
0.2

i 1 i i
0.4 0.6 0.8 1
y= [gluten]



Input spectra, log(1/T)

No Pre-processing; { Multivariate calibration (vial PLSR PC)
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Conventional MSC of log(1/T)
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Input spectra, log(1/T)
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Extended MSC of log(1/T)
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EMSC theory:

Each input spectrum z is modelled and corrected:



EMSC theory:

Each input spectrum z is modelled and corrected:

* |deal “chemical” moddl z ... Beer's Law(component spectra)



EMSC theory:
Each input spectrum z is modelled and corrected:

* |deal “chemical” moddl z ... Beer's Law(component spectra)

* |deal “physical” model: f(z ., Pathlength/scattering, etc. )



EMSC theory:
Each input spectrum z is modelled and corrected:

* |deal “chemica” mode z . . . Beer's Law(component spectra)

i,chem"

* |deal “physical” model: f(z ., Pathlength/scattering, etc. )

* Linear approximation model for each input spectrum:
z, »f(Z oy SCAttEring spectra)



EMSC theory:
Each input spectrum z is modelled and corrected:

* |deal “chemica” mode z . . . Beer's Law(component spectra)

i,chem"

* ldeal “physical” model: f(z . Pathlength/scattering, etc. )

i,che

* Linear approximation model for each input spectrum:
z, »f(Z oy SCAttEring spectra)

* Estimate parametersin model f( ).
* Correct spectraby EM SC:

Zi chem * Z comected = 1 (2, COMponent spectra, scattering spectra)



EMSC theory:
Each input spectrum z is modelled and corrected:

* |deal “chemica” mode z . . . Beer's Law(component spectra)

i,chem"

* ldeal “physical” model: f(z . Pathlength/scattering, etc. )

i,che

* Linear approximation model for each input spectrum:
z, »f(Z ey SCAttEring spectra)

* Estimate pajametersin model f( ).
* Correct spegtraby EMSC:

Z » Z comected = (2, COMpONENt spectra, scattering spectra)

i,Cifem

|mprove the mode



EMSC theory:
Each input spectrum z is modelled and corrected:

* |deal “chemica” mode z . . . Beer's Law(component spectra)

i,chem"

* ldeal “physical” model: f(z . Pathlength/scattering, etc. )

i,che

* Linear approximation model for each input spectrum:
z, »f(Z oy SCAttEring spectra)

* Estimate parametersin model f( ).
* Correct spectraby EM SC:

Zi chem * Z comected = 1 (2, COMponent spectra, scattering spectra)

|mprove the model, the correction



EMSC theory:
Each input spectrum z is modelled and corrected:

* |deal “chemica” mode z . . . Beer's Law(component spectra)

i,chem"

* ldeal “physical” model: f(z . Pathlength/scattering, etc. )

i,che

* Linear approximation model for each input spectrum:
z, »f(Z oy SCAttEring spectra)

* Estimate parametersin model f( ).

* Correct spectraby EM

Zi chem * Z comected = T H(ZNgOMpoNeNnt spectra, scattering spectra)

Improve the model, the correction, the parameter estimation



EMSC theory:
Each input spectrum z is modelled and corrected:

* |deal “chemica” mode z . . . Beer's Law(component spectra)

i,chem"

* ldeal “physical” model: f(z .. Pathlength/scattering,

i,che

* Linear approximation model for each input spectrum:
z, »f(Z oy SCAttEring spectra)

* Estimate parametersin model f( ).
* Correct spectraby EM SC:

Zi chem * Z comected = 1 (2, COMponent spectra, scattering spectra)

|mprove the model, the correction, the parameter estimation, the component spectra
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|deal chemical model: Additive model (Beer’s law):
Zohem = CiaKy t .+ GKH L Gy
= cK’
where ¢;=conc., k; =absorptivity of constituent |

Expressed as deviations around areference spectrum:

Zi,chem = m,+ CiK,

The EMSC modd of physical interferants
Zi » a11 + bizi,chem+ dll + eII ?

Linear model for estimation:
Z —al+bm” +bc K +dl +el 2+e
Z =altbm +hK +dl +el 2+e
The EMSC correction:
Z corected = (Z - & -0l -el 2)/b,



Deviations around a reference spectrum m
(e.g. the mean spectrum):

Z chem = M +C Ky + Gk, + .4+ C K

where concentrations ¢; represent deviations around the
unknown concentrations in the reference

Only two constituents

Z chem = Gi1K{ * Gk,



Deviations around a reference spectrum m
(e.g. the mean spectrum):

Z chem = M +C Ky + Gk, + .4+ C K

where concentrations ¢; represent deviations around the
unknown concentrations in the reference

Only two constituents
Z chem = GCizKy + Coky =m” +¢cK”
whereK =k, - k, difference spectrum



Estimation of model parameters
by welghted least squares.

z=al+bm +hK”+dl +el?+e



Estimation of model parameters
by welghted least squares.

z=al+bm +hK”+dl +el?+e
M=[1;m";K"; Il ;| 7]
pi =la. b, h;, d;, €]

z= pM + ¢



Estimation of model parameters
by welghted least squares.

z=al+bm +hK”+dl +el?+e
M=[1;m";K"; Il ;| 7]
pi =la. b, h;, d;, €]

z= pM + ¢

pi=zVM (MVM" )



Estimation of model parameters
by welghted least squares.

z=al+bm +hK”+dl +el?+e

M=[1;m";K"; Il ;| 7]
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Estimation of model parameters
by welghted least squares.

z=al+bm +hK”+dl +el?+e
M=[1;m";K"; Il ;| 7]
pi =la. b, h;, d;, €]

z= pM + ¢

= 7. . )1
p;i=zVM (MVM )‘\MVI\/I’fuII rank?



Estimation of model parameters
by welghted least squares.

z=al+bm +hK”+dl +el?+e
M=[1;m";K"; Il ;| 7]
pi =la. b, h;, d;, €]

z= pM + ¢

pi=zVM (MVM" )

e= z- pM
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EMSC: Z ghem = M+ G Ky + Gy + .. Gk
4= ail, + I:)izi,chem + €

MSC: Ignoreck,+ck, +..+ck,
Zi,chem: m’ + di ,
Further ssmplification: d;» O

Zi,chem » M

M SC mode!:
z=al +bm + §

Zi,correc:ted = (Z| - 4, )/ bi



Response

Mean-Centred Response
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MSC: Conventional modelling of
offset a; (pathlength or scaling) and
sope b; (baseline):

Modée:
z=al +bm” + e

Estimatea, and b, from z, 1 and m

M SC correction:
Zi,corrected = (Z| - ai)/ bi



Model spectra All parameter estimates together
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Response

Inpm,EMSCZMAT
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20 replicate spectra of the 50/50 mixture
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20 replicate spectra of the 50/50 mixture Mean (m) and spectraz, and z.,

29— R E
850 900 950 1000 850 900 950 1000
Wavelength, nm Wavelength, nm




Mean (m) and spectra z, and Z.q Mean (m) and spectra z,, and Z.o plotted against m

20 replicate spectra of the 50/50 mixture

T T T T T T T T T

3

2.94

N
©

N
]

OD individual jsamples
NN EN
> ol o
T T T

N
w
T

N
N

P— 1 ~—~ r ] P~— T T~ r 1 ? ¥ N N ?
850 900 950 1000 850 900 950 1000 2.4 /2.45 2.5 2.55 2.6

Wavelength, nm Wavelength, nm OD mean (m)




Mean (m) and spectra z, and Z.q Mean (m) and spectra z,, and Z.o plotted against m

20 replicate spectra of the 50/50 mixture

T T T T T T T T T

OD individual samples
NN NN NN
w = [63] [«2] ~ [e¢]
T T T T T T

N
N
T

2.1}
2.a[ 4 2.1} | /
L T2
2 T~ r ] A el r 1 : : : : :
850 900 950 1000 850 900 950 1000 2.4 2.45 2.5 2.55 2.6

Wavelength, nm Wavelength, nm OD mean (m)
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Mean (m) and spectra z, and Z.q Mean (m) and spectra z,, and Z.o plotted against m
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20 replicate spectra of the 50/50 mixture
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EM SC Default: Physical moddl,
but no chemical moddl parameters

| deal chemical model: Like M SC:

4 chem— M * 4

The EM SC model of physical interferants:
z»al +bz et dl +6l°

EMSC: z=al+bm”  +hk” +dl +el?+g

EMSC correction: z .o rected = (Z -, - dil -l 2)/b,



EMSC Toolbox for Matlab:

http://www.models.kvl.dk/sour ce/EM SCtoolbox/index.asp

Pre-defined default EM SC in the software:
elseif DataCase==(103)

DataCaseName="EM SC physical,default’
esalf ...

Running the program:

DataCase=7 103




2.5

1.5

0.5

-0.5

Model spectra

[ [

[ [

20

40 60
Channel #

80

100

1.5

-0.5

-1.5

-2.5

All parameter estimates together

T

[ [

T

20

40 60
Obj. #

80

100



Response

Mean-Centred Response
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EMSC: Default physical model, no chemical model parameters,

but optimize the Reference spectrum m

Instead of just using the mean spectrum:
m=7

Make bilinear model around the mean spectrum:

m=t Z+t p +t p +t p,
Estimate unknown parameterst,, t,, t,, t; by SIMPLEX Opt.,
minimizing RMSEP(Y).
(estimated |everage-corrected PCR,1 PC)



EMSC Toolbox for Matlab:

http://www.models.kvl.dk/sour ce/EM SCtoolbox/index.asp

Pre-defined default EM SC in the software:

elseif DataCase==(103)
DataCaseName="' EM SC, opt. the Ref.spectrum, starting from the mean spectrum'’
OptPar=1
ASearchDim=3

elsaif ...

Running the program:
DataCase=7 151




r=Crit., k=1PC, b:pun.opt, b--:A p.,g:opt, m:mmCKGtL.g=1PC, b:pun.opt, g:opt,m:min A for: b:pun.opt, g=opt, m=min

10
0.2
—_ 8
>_
> 0.15 o 8 L/v
o Ll o
L m Y= 6 > 9
2 2 S U
H+
~ 0.1 < y i
o 4
0.05 thi;
\ 2
-2.5
0 : — —= y !
20 40 60 20 40 60
[teration Iteration Iteration
b /\ /\ /\ 0.3
0.5 “”‘MV\\ 0.25 | &
o
= 0N % {u " |
=
D“_S T 0.15
05 L ] 0.1
X 0.05
-1

20 40 60
Iterations




spectral value
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e=151 EMSC, opt. the Ref.spectrum, starting from the mean spectrum, before
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Input spectra for MSC/EMSC

Blue=input spectra, Red=modelled spectra
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Input spectra for MSC/EMSC
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EMSC Default physical mode,
+ a known “good” (analyte difference spectrum)
+ a known “bad” spectrum (water)

Extended ideal chemical model:

Z chem = M+ CigoodK Good T CiadK Bad

The EMSC model of physical interferants:
z»al +bz et dl +6l°

a1’ . . . 2
z =a1l+bm +higeodkeood + NieadKeag T il + €l <+ €

EMSC corr.: Z corected = (% - 8 - NipadKgaa - dil - €1 2)/b;
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Input spectra for MSC/EMSC
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DataCase=108 EMSC, physical & Good & Bad Spectra from file, before after pre-treatment
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EMSC: Default physical model, no known good or bad spectra,
but automatically find and optimize

an unknown “good” (analyte) spectrum
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EMSC: Default physical model, no known good or bad spectra,
but automatically find and optimize

an unknown “good” (analyte) spectrum

based on minimising RMSEP(Y)

(estimated |everage-corrected PCR,1 PC)
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0, using 1 PCs
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EMSC: Default physical model, input “bad” water spectrum

but find and optimized another “bad” spectrum



Model spectra

2.5

1.5

Automat]

[ [

ically found kg4
T

0.5

-0.5

[ [

20

40 60
Channel #

80

100

0.5

-0.5

-1.5

All parameter estimates together

20

40 60
Obj. #

100



Response

Mean-Centred Response

3.5

O
[

o

-0.5

Inpm,EMSCZMAT

0 20 40 60 80

Channel #

Inpm,EMSCZMAT

100

T T T T

0 20 40 60 80

Channel #

100

Mean-Centred Response

Response

0.04

0.02

-0.02

-0.04

Output, DataCase=155, EMSC, opt.an extra Bad spectrum, in addition to in
2.8

40 60 80 100
Channel #

Output, DataCase=155, EMSC, opt.an extra Bad spectrum, in addition to in

40 60 80 100
Channel #



=155 EMSC, opt.an extra Bad spectrum, in addition to input BadSpectra, before after pre-treatment
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Comparisons of these models:
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Comparative study of chemometric and conventional pre-processing methods
for
FT-IR spectra of biological material
A.Kohler, C. Kirschner, A. Oust and H. Martens

FT-IR of heated bovine muscle:
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The correlation coefficients for

X= pre-processed FT-IR spectra of myofibresand

y = the different temperatures used for the heat treatment

1000-1780 oL Origind spectra Derivative MSC EMSC

+

Vector

normalisgion
Corrdation coefficient 092 091 092 0A
All varigbles (10PCy (BPCy (6PCy (7PCy
Correlation coefficient 093 091 092 095
SHected variabdles (8PCs (1PC, 2 PCs (3FCs

120 variales) 103 varidbles) 215 vaiailes) 182 variables)







NIR reflectance of
protein and starch mixtures (5 mixtures)
In different bottles and
at different water contents.

Datafrom Xuxin Lal, Biocentrum DTU
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161, EMSC, opt. 3D one good spectrum, in addition to input Good
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SC, opt. 3D one good spectrum, in addition to input GoodSpectra and BadSpectra, befaféer pre-treatment
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NIT whole wheat grains

Pedersen, D.K., Martens, H., Pram Nielsen, J. and
Balling Engelsen, S. Light absorbance and light
scattering separated by Extended Inverted
Multiplicative Signal Correction (EIMSC). Analysis
of NIT spectra of single wheat seeds. Applied
Spectroscopy 2002, 56(9) 1206-1214.



EISC vs EMSC

MSC: z=al+bm +e
EMSC: z=al+bm”  +hk” +dl +el?+g
Zi Corrected — (ZI 'ai]-, ) diI ) ell 2)/bi

ISC: m =al +bz +g
EISC: m"=al+bz+hk +dl +el?2+g,
Zi,Corrected = ai1,+ b|Z| T hik T diI +Q| 2
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New method » Direct Orthogonalization:

Estimate unknown “good” and “bad” spectra
after projection of spectraZ ony:

L = ykGood, +E
Estimate k.4 and E by regression
Kgag1,~SVd(E)

In EMSC: Estimate their concentrations, and
subtract the effects of the “bad” spectra.
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=122 EMSC,Automatically estimated 1 GoodSpectra and 2 BadSpectra, before
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Summary

Have shown:

MSC\

EMSC (physical effects)

ss_|

EMSC (phys. effects + known chem. spectra, “good” /" bad”)
* EISC
* Automatically estimated chem. spectra, (“good”/” bad”)
* Automatically optimized model spectra (ref, “good” or ”bad”) spectra
* Re-estimated weights for the LS parameter estimation in EMSC/EISC



Conclusions:

* Separated chemical and physical information
by model-based pre-processing.

* Reduced required # of PCsin calibration model,
from 5to 1, which isexpected chemically.

* Many different appear ances of the same input data st,
depending on the preprocessing.

Rotationsin a subspace!



Conclusions:

* Separated chemical and physical information
by model-based pre-processing.

* Reduced required # of PCsin calibration model,
from 5to 1, which isexpected chemically.

* Many different appear ances of the same input data st,
depending on the preprocessing.

Rotationsin a subspace!

http://www.models.kvl.dk/sour ce/EM SCtoolbox/index.asp



