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Abstract

Kohonens self-oganisingmap is usedto identify the
colourdevelopmenbf bakedgoodsromsamplesakendur-
ing baking Theresultingbake curvesrepresenthecolours
characteristic of a particular baked product. Images of
baked goodscan be sgmentedand foreign bodiesidenti-
ed usingthesebakingcurves.

1. Intr oduction

Kohonens self-oiganisingmap (SOM) is a powerful
methodfor pre-processindatato reducets dimensionality
When presentedvith datasamplesin a high-dimensional
spacethe SOMnodesorganiseghemselesaccordingo the
structureof thedata,capturingtopologicalanddensityfea-
turesof thedatain the nodelocationg[5, 6, 7]. The present
papershovs thatthe SOM is an effective methodfor pre-
processingolourimagesof bakedgoods.

For mary baked goodssuch as biscuits (craclers and
cookies)thesurfacecolouris non-uniformasaresultof un-
evenheatingor blisterformation. Colourchangeshrough-
out the baking process. Extremesof bakinginclude raw
doughandoverbaked product[4, 15]. Thecolourdevelop-
mentof baked goodsfollows a curve, uniqueto eachprod-
uct,whichwe call the“bakingcurwe” for thatproduct.Sam-
plesof producthave surfacecolourswhich are distributed
alongthis curve in a mannerre ecting the degreeof bake
of the productsample.The SOM canbe usedto effectively
recover the structureof this colourdistribution. The infor-
mationextractedby the SOM providesfor a simpleandef-
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fective sggmentatioralgorithm,andformsthebasisfor bake
guality assessment.hesetechniquegouldalsobeapplied
directly to otherimage processingasksdealingwith ob-
jectswith surface colour variation or colour development
overtime.

Visualappeabf food is important.Food with unaccept-
ablecolouris likely to berejectedevenif it hasgood a vour
andtexture [9]. Colourchangen food occursduring stor
agel[2, 8, 12], ripeningof fruits [3] andcooking[10, 13].
The techniquesdevelopedbelov may be appliedto the
studyof suchcolourchangeprocesses.

Kohonens SOM [6] haspreviously beenemployedin a
numberof patternrecognitiontasks[7] including charac-
ter recognition[1] andestimationof heartwall locationin
tomographidmages[11]. The presenipaperdemonstrates
thatthe SOM neuralnetwork canbe effectively employed
to characteris¢éhecolourdevelopmenof bakedgoods.Our
resultsshow thattheself-oiganisingmaprecoversthestruc-
ture of the bakingcurve. Therecoveredstructurecanthen
beusedfor imagesegmentatiorsuitableasa basisfor prod-
uctshapeanalysisandforeignbodydetection We have pre-
viously reportedthe useof the self-oiganisingmapaspart
of asystentor bake colourquality assessmeijd, 14, 15].

2.1lmaging Environment

Biscuitsamplesvereimagedusinga 3-chipCCD colour
video camera(JVC KY-F55BE) connectedo a DT-2871
colour frame captureboardin a PC-compatiblecomputer
The imageswere calibratedwith referenceto laboratory
standardef 2% and99%re ectance(see gure 1)included
in eachimage. The cameravasoperatedvith gammacor-
rectiondisabled A smallresidualnon-linearityin the cam-
eraresponsevascorrectedaspartof theimagecalibration.



Figure 1. Image of samples of Water Cracker
nal product with calibration targets. The 2%
target is in the top-left corner, identied by
peripheral white dots.

The sampleswere illuminated with daylight-balanced
uorescentlamps,placedso asto avoid speculare ection
off thebiscuitsurface.Theimagecalibrationprocedurelso
correctedor illumination variationsovertheimagingarea.
Customsoftware was developedfor image capturewhich
enabledl6 imagesto be averagedogetheito reducemage
noiselevels.

3. Baking Curves

We rst investigatedthe colour developmentof com-
mercialbiscuit productsamplegaken during baking. The
biscuitsstudiedare producedn gas- red travelling tunnel
ovenswhich mayhave between ve andsevendistinctoven
zones Eachzonehasanindividualtemperatureontroland
the overall temperaturegoro le of the oven determineghe
bakingregimefor theproduct.

Sampleof producttakenfrom eachovenzoneweredig-
itally imagedusing the set-uppreviously described. Rav
doughsamples,nal productand deliberatelyover baled
samplesverealsoincludedto completelycharacteris¢he
colour developmentprocess. The sampleswere imaged
against “sky blue” cardboardackgroundo facilitateim-
agesgymentation A typicalimageis presentednh gure 1.
The image containsthe calibrationreferencestandardsat
thetop andsix nal productsampleof aplaincracler.

After linear calibrationand segmentationof the prod-
uctimageswe examinethe colourdistribution in the cam-
era’s red, greenand blue (RGB) colour space. The non-
backgroungixelsin the collectionof imagesobtainedor a

White

Green

Blue

Red

Black

Figure 2. Baking curve for Water Cracker in
RGB colour space.

singleproductareprojectednto the3-D colourspace Cus-
tom softwarerenderseachpixel asa partially opaqueblack
point, creatinganeffectlik e a smole cloudrenderingof the
colourdistribution—darler plot regionsrepresena greater
densityof data.Figure2 displaystheresultingcolourdistri-
bution for samplesf WaterCracler. It is readily apparent
that the distribution falls along a distinct curve in colour
spacewhich we call the bakingcurve. This curve displays
the colour changeghat occurduring bakingasa result of
changesn moistureandchemicalreactionsgspeciallythe
non-enzymidrowning (Maillard) reaction.Otherproducts
exhibit similarbakingcurves.

Thebakingcurve shavn in gure 2 representtheentire
bakingprocessAt ary pointin the processthecoloursob-
sened in biscuit samplesoccupy a distribution along the
baking curve. In orderto visualisethe distributions that
ariseasbakingtakesplace we plottedoutlinesof thedistri-
butionsfor eachstageof baking. The outlinesinclude80%
of the biscuit pixels for eachbaking stage. The resulting
plot,shavnin gure 3,demonstratethecolourprogression
from raw doughthroughto overbaking.

4. Recovering the Baking Curve

A 1-dimensionalSOM is trainedto identify the baking
curve. The training dataconsistsof image pixels. Only
imagesof productsamplesarerequired. Sincethe biscuits
areimagedagainsta bluebackgrounda simplecoloursey-
mentationis usedto remove the backgroundo producethe
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Figure 3. Colour development of Water
Cracker during baking and over baking.

training data. This initial segmentationis not to be con-
fusedwith the segmentationlater performedon the basis
of thetrainedSOM: thatsegmentatiordoesnot requireary
particularbackgroundolourasis shavnin the next section
of thispaper

The distribution of datain a typical bakingcurve hasa
densecentralcore of biscuit colour pixels with noisepro-
ducing a surroundingscatter A bakingline canbe con-
structedthroughthe centreof the baking curve to repre-
sentthe true path of the colour developmentduring balke.
This canbe achieved by utilising the propertiesof a one-
dimensionaSOM.

A SOM consistsof a layer of input nodesanda second
layer of Kohonennodes,with full connectiorbetweenrthe
layers.In our casetheinputlayerhasthreenodes—onéor
eachof the red, greenand blue colour bands. Eachpixel
of a biscuitis presentedo the SOM asa distinct training
patternsoonly a few samplesarerequiredfor eachdegree
of baking. The collectedbiscuit pixels are presentedo the
SOMin randonmsequencéo preventthe SOM beingunduly
in uencedby a particularbiscuit.

An adaptve weightis assignedo eachconnectionbe-
tween an input node and a Kohonennode. The set of
weightsfrom theinput nodesto a particularKohonemode
form the weight vectorfor that Kohonennode. The Eu-
clideandistancebetweeraninputvectoranda weightvec-
tor determinesthe similarity betweenthe input and the
node. For eachinput vector the winning Kohonennode
is the nodewith the smallestEuclideandistanceto the in-

putvector Thewining nodeandits neighbouringhodesare
updatedaccordingo Kohonenslearningrule:

where is theweightvectorof Kohonemode attime
and is theinput vectorattime . Thus,the Kohonen
nodesweightvectoris movedtowardtheinputvectorby an
amountcontrolledby the neighbourhoodunction
where representthewinning node.For our experiments,
was the bubble neighbourhoodkernelwhich hasvalue
for andvaluezeroelsavhere. Here,
is a userspeci ed neighbourhoodlistancethreshold
and is auserspeci edlearningrate. Both of thesepa-
rametersnaybevariedovertime.

A SOMis characterisedly its topologyanddensitypre-
servingfeatures. The topology preservingfeatureensures
that when the trained SOM nodesare projectedonto the
RGB colour cube,the topology or bakingline, createdby
connectingheighbouringhodescloselyresemblesheshape
of thebakingcurve. Thedensitypreservingeatureensures
thatthedistribution of trainedSOM nodesmatcheghedis-
tribution of the pixelsin the RGB colourspace.Therefore,
a SOMwith alimited numberof nodeswill positionnodes
in the densecentreof the bakingcurve. This ensureghe
one-dimensiondakingline createdies alongthe centreof
the bakingcurve andhencecorrectlyrepresentshe baking
cune.

Figure4(a) displaysthe t of a SOM with 30 nodesto
thewatercracler bakingcurve of gure 2. Becausef the
U-shapedcurve at the top of the baking curve, the SOM
hasfound a sub-optimal t in which the end of the bak-
ing curve hasnotbeencorrectlyidenti ed. A similar prob-
lemwasobsened by Manhagheet al [11] who foundthat
anopen-ende®OM modelof the heartoftenfailedto cor-
rectly matchthe openendin thetomographydata. For this
reasonthey preferreda closedmodelwhich morereliably
tted the heartdata. A similar techniquecould be applied
here.

In our case the U-shapecturve is a resultof including
raw productandearlyovenzonesn thebakingcurve. Since
our applicationinterestis in nal bakedproductcolour, the
t of anopenSOM curwe is reliably facilitatedby the ex-
clusionof radicallyunderbaked product( gure 4(b)).

Two furtherproblemsconfronttheuseof the SOMin this
application: the selectionof the numberof hodesandthe
training duration. We found that a SOM with insufcient
nodeswill not cover the endsof the bakingcurve because
of the low densityof pixelsrepresentingxtremesof bale.
On the otherhand,a SOM with excessie nodeswill start
to positionthe nodesamongstthe noise scatteredaround
the bakingcurve. We experimentedwith differentvalues
for theseparametersandselectedhe valuesthat gave the
longestsmoothSOMs.



(a) Includingearlyovenzones

(b) Final productonly

Figure 4. SOM t to Water Cracker baking curve.

5. Image Segmentation

The baking curve producedby the SOM consistsof a
sequencef pointsin RGB colourspace.Thesepointsrep-
resentthe core of the colour developmentcurve with the
biscuit pixels scatteredaroundthe curve. The basisof our
segmentatiortechniques to determinahe distanceof each
imagepixel from the (linearly interpolated)oaking curve.
Only pixelsthatarecloseto the bakingcurve arelikely to
be biscuit pixels. Ratherthanmakinga binary sgmenta-
tion decision,we assignto eachpixel a weightwhichis a
Gaussiarfunction of the pixel's shortesdistancefrom the
bakingcurve.

To determinethe standarddeviation of the Gaussian
weight function, an estimateof the scattervarianceis re-
quired. The scatteris modelledasa circular Gaussiardis-
tribution with unknowvn variance , in two dimensions
and locally perpendiculato the bakingcurve. Givena
large samplefrom this scatteristribution, the meansquare
of overthesample, estimates . Sim-
ilarly,  themeansquareof , alsoestimates . Neither

nor is directly accessiblebut the Euclideandistance
of eachpixel from the baking curve is readily computed.
Sincethe meansquaredieviation of the scatter is given
by ,it followsthat estimates . Thus,
may be estimatedy half the meansquaredeviation of bis-
cuit pixelsfrom thebakingline. Thisdeviationis computed
overthesetof pixelsin the SOM's trainingsetandincludes
only biscuitpixels.

Figure5 shavs a colourinputimageof biscuitsanddis-
tracters.Figure6 shavs the segmentatiorresultsachieved
by our approachThe segmentatiorobtaineds highly suit-
ablefor thetaskof bake quality assessmentt will benoted

Figure 5. Original colour

tracter s.

image with dis-

thatthe backgroundandnon-biscuitobjectsarecompletely
segmentedsincetheir pixels arefar from the bakingcurve,
while the shadev featuresand distracterson the product
sample(suchasdocker holesandembossinghave reduced
segmentationvalue( gure 6(a)). Thisis becaus¢he shad-
owedpixelsfall nearthe bakingcurve but notonthebaking
curvesincethey havereducedverallbrightnessTheappli-
cationof simplemorphologicaloperatordilate anderode
produces nal segmentationwhichis suitablefor product
shapenalysisanddetectiorof foreignbodies( gure 6(b)).



(a) Bakingcurve sggmentation

(b) Final sgmentation

Figure 6. Baking curve based segmentation of a colour biscuit image.

6. Conclusion

The colour developmentof baked goodscan be de-
scribedby a bakingcurve in colourspace.Kohonens self-
organisingmapis suitablefor identifying bakingcurvesof
baked goods. An estimateof the noisedistribution around
thebakingcurve facilitatesmagesegmentatiorinto biscuit
andnon-biscuitareasThisprovidesfor productshapeanal-
ysisandidenti cation of foreignbodies.Thetechniquesle-
velopedhave applicationto otherfood andnon-foodprod-
ucts.
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