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Peanut in wheat flour

* Peanut allergy is a major health concern:
* High sensitivity for very small dose (a few mg)
e Allergic population on the rise ?
 Widely used in the food industry

» Advisory labelling for food allergen are not a
complete solution for allergic people

e Allergen contamination could be detected using
imaging technique in raw material as wheat flour
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s R Références produit sans
e ) Références produit présentant un : o
Références produit contenant | . . I'allergéne considéré
L R K . L étiquetage de précaution pour o, o
Catégorie d'allergéne I'allergéne considéré , N (ni présence ni étiquetage de
I'allergéne considéré , .
précaution)
Effectif Pourcentage* Effectif Pourcentage* Effectif Pourcentage*
LAIT 9222 53% 1935 11% 6152 36%
GLUTEN 7087 41% 1512 9% 8710 50%
OEUF 3759 22% 2496 14% 11054 64%
SOJA 3460 20% 2146 12% 11703 68%
FRUITS A COQUE 1419 8% 3443 20% 12447 72%
ARACHIDE 231 1% 2295 13% 14783 85%
CELERI 1127 7% 1114 6% 15068 87%

’ Ingrédients: Céréales 61,9% (blé complet 31,8% farine '
de blé, semoule de mais), chocolat en poudre 22.2%
(sucre, cacao en poudre), sucre, sirop de glucose, extrait de
malt d'orge, huile de palme, émulsifiant. lécithine de ;
tournesol, sel, ardmes, vitamines (niacine (PP), acide
pantothénique (B5), riboflavine (B2), vitamine B, thiamine
(B1), acide fo|i(\|ue (B9), vitamine D) et minéraux (carbonate

i |Peut contenir du lait, des arachides etfruitsieoqm.l |

*May contain milk, peanut and nuts.




Peanut allergy is associated with proteins
(Arah 1->Ara h 8%)

Peanut NIR spectral signature is not specific to
proteins (influence of fatty acids)

Peanut flour is defatted and show less NIR pattern
- more difficult to distinguish from wheat

Peanut flour and wheat flour pure spectra do not
show clear specific spectral patterns -> challenging
unmixing problem

L =T
. enoww
)

Specim SWIR Defatted

White
wheat flour

URANTIE SANS GRUMEAUX

l

peanut flour

Mean spectra (SG smoothing + SNV)

* Proteins from Arachis hypogaea (peanuts)
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Subpixel issue

Hyperspectral image

One pixel

g I * Each pixel spectrum is a mix of peanut and
<+—>

~250 um wheat

The camera provides the
average spectrum of the pixel
field of view (~250 um square).

e Spatial pattern cannot be used as the
mixture is assumed to be homogeneous

* No spectral data with different
concentrations of peanut available

Particle size < 200 um

* No reference value for individual pixel

One pixel contains
several particles

URANTIE SANS GRUMEALX
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Experimental setup

« Target »

e Flour mixtures: from 20% down to 0.02%
(200 ppm) of peanut in wheat

* Mass measurement with 0.01 mg precision

HRANTIF SANS eRIMEAU

“Peanut concentration * Manually blended flour mixtures
-5%-2%-1%-0.5%-0.2% - 0.02%

- 4 * 3 replica for each sample andpure samples
are measured with the camera

IXING

 Samples considered to be homogeneous

Specim SWIR
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Target correlation approach

Correlation score between each pixel spectrum and the

mean spectral signature of peanut (target)

I A
r = corr(X, Xpeanut)

v

v

A

Hyperspectral image
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Target correlation approach

1 Correlation score between each pixel spectrum and the
X mean spectral signature of peanut (target)
r = corr(X, Xpeanut)

v

v

Hyperspectral image A
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Target correlation approach

Histogram for references

background
target

60000 -

50000 -

40000 -

30000 -

Pixel number

20000 -
10000 -

O - 1 1 1 1 1 1 1 1
0.965 0.970 0.975 0.980 0.985 0.990 0.995 1.000
Correlation coefficient
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Target correlation approach

Histogram for references

Histogram for references

_ " background ——— - backgroundl-l d--
60000 - target 175 - || target
150 -
N IS
T 125 -
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) g B
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— 30000 - 50 -
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I . N
D— 25-
0.965 0970 0975 00980 0.985 0990 0.995  1.000
Correlation coefficient
10000 -
F | | | | | | | _l
- J . e T * Correlation approach not appropriate

0.965 0.970 0.975 0.9.80 0.98.5. 0.990 0.995 1.000 ° Subspaces needed to model Spectral Vanablllty
Correlation coefficient
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Adaptive Matched Subspace Detector (AMSD)

 AMSD is an algorithm used for detection: the output is detected (target) or not detected
(background)

D. Manolakis, C. Siracusa, and G. Shaw, “Hyperspectral subpixel target detection using the

linear mixing model,” IEEE Trans. Geosci. Remote Sens., vol. 39, no. 7, pp. 1392-1409, 2001.
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Adaptive Matched Subspace Detector (AMSD)

AMSD is used to assess the presence of peanut in each pixel

D. Manolakis, C. Siracusa, and G. Shaw, “Hyperspectral subpixel target detection using the
linear mixing model,” IEEE Trans. Geosci. Remote Sens., vol. 39, no. 7, pp. 1392-1409, 2001.




=—|INRA  JoroParisTech Green Trl('(Op ism
U o KON 08 11000 PTROMEN S ‘

== SCIENCE& IMPACT

Adaptive Matched Subspace Detector (AMSD)

I A
R x———x= YN agsg+r
Hyperspectral image \ ” Each pixel is assumed to be a linear combination of endmembers
(sk) according to some proportions (ag). r holds for the residuals
of the model.

D. Manolakis, C. Siracusa, and G. Shaw, “Hyperspectral subpixel target detection using the

linear mixing model,” IEEE Trans. Geosci. Remote Sens., vol. 39, no. 7, pp. 1392-1409, 2001.
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Adaptive Matched Subspace Detector (AMSD)

« AMSD approach is performed in 3 steps:
1. Construction of the target (S;) and the background (S;,) subspaces
2. Design of the detector:
* nstands for the target and background subspace dimensionality

* 0 stands for the detection threshold

3. Application on test images



Adaptive Matched Subspace Detector (AMSD)

1. Construction of the target (S,) and the background (S;) subspaces
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Subspace design

How to obtain the subspaces Sy and S; ?

e

. Pure

] peanut

>

1

A

. Pure

] wheat
: >

Hyperspectral images

* Pure peanut flour and pure wheat flour images are
acquired to measure the sample variability

e Sy models the variability of wheat flour

* S; models the variability of peanut flour
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Subspace design

How to obtain the subspaces Sy and S; ?

i Cube unfolding
Pure ‘
wheat

Hyperspectral images

A/'

A\ 4

Spectral matrices
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Subspace design

How to obtain the subspaces Sy and S; ?

v

Xpeanut

1 Cube unfolding NMF application

v

v

A »
: yieg s
‘ Xpeanut = + X Rpeanut
A o

Pure
wheat

Hyperspectral images

|
‘ 1X] Xwheat ‘ X wheat = 1X] +

A\ 4

v

Spectral matrices
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Adaptive Matched Subspace Detector (AMSD)

2. Design of the detector:
* nstands for the target and background subspace dimensionality
* 0O stands for the detection threshold
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Subspace design

How to choose the subspace dimension n ?

[Rpeanel
” Rﬂour ”

Norm of residuals

v

Subspace dimension
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Subspace design

How to choose the subspace dimension n ?

e With high n, the variability of
pure samples is taken into
”Rpeanut” account
”Rﬂour”

Norm of residuals

Subspace dimension
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Subspace design
How to choose the subspace dimension n ?
e With high n, the variability of
pure samples is taken into
account

High n may lead to detector

overfitting: the measurement
noise is confused with sample

variability

”Rpeanut” N
IRaourll Appropriate value for n .

A tradeoff must be found by

checking the detector
histograms and detection map

Norm of residuals

Subspace dimension n

v
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Apply AMSD ratio

1 Decompose x on Sy, using Non Negative Least
> \J\/ X 9 Square (NNLS) to find abundance vector
A n
> > —
Hyperspectral images X

dp
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Apply AMSD ratio
Decompose x on Sy, using Non Negative Least

Square (NNLS) to find abundance vector

A
X 9
A n
> > —
Hyperspectral images X ay,
Reconstruct an estimation of x using Sy, and ay,
A
n
n
——
dp =X
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Apply AMSD ratio
Decompose x on Sy, using Non Negative Least

Square (NNLS) to find abundance vector

A
X 9
A n
> > —
Hyperspectral images X ay,
Reconstruct an estimation of X using Sy, and ay,
A
n
n RHO =X — X
——
dp =X
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Apply AMSD ratio

A

! Decompose x on Sy, using Non Negative Least '
\,/\/ X QI Square (NNLS) to find abundance vector I
I A I

n

v

v
v

i | — |
Hyperspectral images i X ay, [
! !
: Reconstruct an estimation of X using Sy, and ay, |
. }\. .
I > I

H, : target is absent |
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Apply AMSD ratio

A

Decompose x on Sy, and S; using Non Negative
Least Square (NNLS) to find abundance vector

v
>

=)

n n
A > >
>
Hyperspectral images X ! b At l
|
ds
— — Reconstruct an estimation of X using S and ag

A

>

H, : target is present




EiE:|NQA ‘VgI‘oPdllsTeCh GreenTr @lplsm

T—=" SCIENCE & IMPACT T

Apply AMSD ratio

 The AMSD gives a metric for the detection which is a relative comparison of
residuals between both models

IR, — R
IR |
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Apply AMSD ratio

 The AMSD gives a metric for the detection which is a relative comparison of
residuals between both models

IR, — R
IR |

AMSD algorithm (first part)
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Apply AMSD ratio

 The AMSD gives a metric for the detection which is a relative comparison of
residuals between both models

—

0: no detection

1: detection

~——
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Apply AMSD ratio

 The AMSD gives a metric for the detection which is a relative comparison of
residuals between both models

How to choose O ?

—

0: no detection

1: detection
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Threshold choice (0)

For pure images, true detection results are known = can be used to find the threshold for the
detector.

Application of AMSD algorithm
(first part) on pure image sample

Ry, — R
o < IR, =]

R, |
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Threshold choice (0)

* For pure images, true detection results are known = can be used to find the threshold for the
detector

70000 - Background
Target

60000 - Pure wheat
Application of AMSD algorithm
(first part) on pure image sample 200007

40000 -

| number

30000 -

IXe

T
S
|
=~
5
P

d(x) = ”RH1” 20000 - Pure peanut

10000 -

0 50 100 150 200 250

i d(x)
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Threshold choice (0)

70000 - Background

Target
ure wheat

T——

60000 -

50000 -

40000 -

30000 -

Pixel number

20000 - Pure peanut

Pp: detection probability
Pra: false alarm probability

10000 -

0 50 100 150 200 250

d(x)

D
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Threshold choice (0)

70000 - Background

arge : P :
ure wheat i : TonD jl> 0 = max(d(Xwheat))

T——

60000 -

50000 -

40000 -

30000 -

Pixel number

20000 - Pure peanut

Pp: detection probability
Pra: false alarm probability

10000 -

ey G

0 50 100 150 200 250

d(x)
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D
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Threshold dependence on subspace dimensionality

* The histogram of d depends on the choice of n
e Histograms below show that n = 2 is a better choice than n = 1 because the detection is not optimal on
reference images

Histogram for references with n = 1 Histogram for references with n = 2

70000 -

Background
70000 - Background Target
Target
9 60000 - Pure wheat
60000 -
Pure wheat Overlap !
50000 - 50000 -
9 3
£ 40000 - € 40000 -
=1 o}
c e
£ 30000 - £ 30000 -
o o
20000 -
20000 -
Pure peanut
10000 -
I 10000 -
0- | ] | ,
0 50 100 150 200 0- | . . ; . .
d 0 50 100 150 200 250
(%) d(x)



Adaptive Matched Subspace Detector (AMSD)

3. Application on test images
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AMSD application on test images

AMSD

i Cube unfolding
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AMSD application on test images

Detection
results L
0
1
AMSD 0
0
i Cube unfolding 0

0: no detection
1: detection
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AMSD application on test images

Detection _ Detection map
results L Refolding
0
1
AMSD 0
0
. - ) 0 Black: no detection
1 Cube unfoldmg i i White: detection
eee 0: no detection
1: detection
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AMSD application on test images — influence of n

10%-n=1 10%-n = 2 10%-n = 3

pe " - -~ ‘I.'IF
. - '
-~ 1 * v,
P - . -y
- - '
L

« AMSD with n = 2 tends to provide more detected pixels than AMSD with n = 1 (underfitting)
and n = 3 (overfitting ?)
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AMSD application on test images

Decreasing global
concentration




Detection results with AMSD

= ®
20w AMSD n=1
L 3. © AMSDn=2 -
x AMSD n =3 o
2 20 -
o X
b/
v 10 -
2 .
3 0- mme

0.0 2.5 5.0 7.5 100 125 150 175  20.0

Decreasing global

concentration concentration (w/w)

Detected pixels
counting
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AMSD application on test images

Detection results with AMSD

< °
20w AMSD n=1
L 5 ® AMSD n=2 -
x + AMSD n=3 &
2 20 - +
o X
b/
10 -

2 g
4
S o- sme O e o

0.0 2.5 5.0 7.5 100 125 150 175  20.0

concentration (w/w)

-

Correlation between the number of detected pixels (%) and
the global sample concentration

SN [ asz | a-3

FEELEel 0.901 0.902 0.897
coefficient

Decreasing global
concentration

Detected pixels
counting
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Conclusions and perspectives

* AMSD provides an appropriate metric for subpixel detection with close spectral endmembers
* Detection map provides convincing results :
* High correlation score with sample concentration (= 0.9)

« Stable detection map with respect to the dimension of the subspace

* Detector sensitivity seems promising as it detects particles in samples with a 200 ppm
concentration (repeatable on three replica)

* Pending question: detection limit/sensitivity of the detector at the pixel scale: difficult as we don’t
have any reference value at the pixel level...
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Thank your for your attention
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Additional slides: NMF components

NMF components obtained on wheat flour

NMF with n=3
- ; *  First component is clearly similar to the average spectrum

0 —F of wheat flour
o

* NMFis not a nested method like PCA: components shape
. changes according to the number of requested

components

4_

*  NMF components are constrained to be positive
2_
”-

12IOO 14IOO 16I00 18IOO 20I00 22I00
nm
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Additional slide: homogeneity assumption

Clusters of particles are detected

Clusters of detected particles are detected on the maps.

The assumption that mixtures are homogeneous is clearly

wrong

* Very difficult to mix small particles (electrostatic effects
that counteract blending when particle size is < 100 um)
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Additional slide : detection linearity

Several reasons why the linearity between number
of detected pixels and sample concentration can
be broken:

 We do not perform guantification at the pixel
level

* Intimate powder mixing creates nonlinear
spectral mixing
Both count for 1
detected pixel but ~ * A white pixel (detection) only means the target

they have # spectral abundance has crossed the threshold
concentration levels
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Additional slide: geometric interpretation

S (R?)

e Assume a spectrum lies in R3 (14, A,, A3) for simplicity.
* Assume the background (S}) and the target (S;) spaces lie
in a 1 dimensional subspace of R3

* The LMM subspace for modellingis S = §; U S,
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Additional slide: geometric interpretation

b, Here comes a new challenger

i / *  Xxisatest spectrum

S (R?)
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Additional slide: geometric interpretation

* Xxisprojected onto Sy according to Hy: x = Spap + Ry,
and the residual can be calculated
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Additional slide: geometric interpretation

R S, (R?)

%
/ H, * Xis projected onto S according to H{: x = S;a; + Spay, +

Ry, and the residual can be calculated




Additional slide: geometric interpretation

* Xisatestspectrum

* Xis projected onto S}, according to Hy and the residual can

be calculated
% _— | |
/ * Xis projected onto S according to Hyand the residual can

be calculated

* AMSD ratio is the comparison of PS with BS
® PS - RHl
* BS - RHO — RH1
IRuty — R, |
Rex, |

* AMSD ratio evaluate vector norm  d(x) =




