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Abstract

Kohonen's self-organisingmap is usedto identify the
colourdevelopmentofbakedgoodsfromsamplestakendur-
ing baking. Theresultingbakecurvesrepresentthecolours
characteristic of a particular baked product. Images of
baked goodscan be segmentedand foreign bodiesidenti-
�ed usingthesebakingcurves.

1. Intr oduction

Kohonen's self-organisingmap (SOM) is a powerful
methodfor pre-processingdatato reduceits dimensionality.
Whenpresentedwith datasamplesin a high-dimensional
space,theSOMnodesorganisethemselvesaccordingto the
structureof thedata,capturingtopologicalanddensityfea-
turesof thedatain thenodelocations[5, 6, 7]. Thepresent
papershows that the SOM is an effective methodfor pre-
processingcolourimagesof bakedgoods.

For many baked goodssuchas biscuits (crackers and
cookies)thesurfacecolouris non-uniformasaresultof un-
evenheatingor blisterformation.Colourchangesthrough-
out the baking process. Extremesof baking include raw
doughandoverbakedproduct[4, 15]. Thecolourdevelop-
mentof bakedgoodsfollows a curve,uniqueto eachprod-
uct,whichwecall the“bakingcurve” for thatproduct.Sam-
plesof producthave surfacecolourswhich aredistributed
alongthis curve in a mannerre�ecting the degreeof bake
of theproductsample.TheSOMcanbeusedto effectively
recover thestructureof this colourdistribution. The infor-
mationextractedby theSOM providesfor a simpleandef-
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fectivesegmentationalgorithm,andformsthebasisfor bake
qualityassessment.Thesetechniquescouldalsobeapplied
directly to other imageprocessingtasksdealingwith ob-
jectswith surfacecolour variationor colour development
over time.

Visualappealof food is important.Foodwith unaccept-
ablecolouris likely to berejectedevenif it hasgood�a vour
andtexture[9]. Colourchangein food occursduringstor-
age[2, 8, 12], ripeningof fruits [3] andcooking[10, 13].
The techniquesdevelopedbelow may be applied to the
studyof suchcolourchangeprocesses.

Kohonen's SOM [6] haspreviously beenemployedin a
numberof patternrecognitiontasks[7] including charac-
ter recognition[1] andestimationof heartwall locationin
tomographicimages[11]. Thepresentpaperdemonstrates
that the SOM neuralnetwork canbe effectively employed
to characterisethecolourdevelopmentof bakedgoods.Our
resultsshow thattheself-organisingmaprecoversthestruc-
tureof thebakingcurve. Therecoveredstructurecanthen
beusedfor imagesegmentationsuitableasabasisfor prod-
uctshapeanalysisandforeignbodydetection.Wehavepre-
viously reportedtheuseof theself-organisingmapaspart
of asystemfor bakecolourqualityassessment[4, 14, 15].

2. Imaging Envir onment

Biscuitsampleswereimagedusinga3-chipCCDcolour
video camera(JVC KY-F55BE) connectedto a DT-2871
colour framecaptureboardin a PC-compatiblecomputer.
The imageswere calibratedwith referenceto laboratory
standardsof 2%and99%re�ectance(see�gure 1) included
in eachimage.Thecamerawasoperatedwith gammacor-
rectiondisabled.A smallresidualnon-linearityin thecam-
eraresponsewascorrectedaspartof theimagecalibration.



Figure 1. Image of samples of Water Cracker
�nal product with calibration targets. The 2%
target is in the top­left corner , identi�ed by
peripheral white dots.

The sampleswere illuminated with daylight-balanced
�uorescentlamps,placedsoasto avoid specularre�ection
off thebiscuitsurface.Theimagecalibrationprocedurealso
correctedfor illuminationvariationsover theimagingarea.
Customsoftwarewasdevelopedfor imagecapturewhich
enabled16 imagesto beaveragedtogetherto reduceimage
noiselevels.

3. Baking Curves

We �rst investigatedthe colour developmentof com-
mercialbiscuit productsamplestaken duringbaking. The
biscuitsstudiedareproducedin gas-�red travelling tunnel
ovenswhichmayhavebetween� veandsevendistinctoven
zones.Eachzonehasanindividualtemperaturecontroland
the overall temperaturepro�le of the oven determinesthe
bakingregimefor theproduct.

Samplesof producttakenfrom eachovenzoneweredig-
itally imagedusing the set-uppreviously described.Raw
doughsamples,�nal productand deliberatelyover baked
sampleswerealsoincludedto completelycharacterisethe
colour developmentprocess. The sampleswere imaged
againsta “sky blue” cardboardbackgroundto facilitateim-
agesegmentation.A typical imageis presentedin �gure 1.
The imagecontainsthe calibrationreferencestandardsat
thetopandsix �nal productsamplesof aplaincracker.

After linear calibrationand segmentationof the prod-
uct images,we examinethecolourdistribution in thecam-
era's red, greenand blue (RGB) colour space. The non-
backgroundpixelsin thecollectionof imagesobtainedfor a
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Figure 2. Baking cur ve for Water Cracker in
RGB colour space .

singleproductareprojectedinto the3-D colourspace.Cus-
tomsoftwarerenderseachpixel asa partiallyopaqueblack
point,creatinganeffect likeasmokecloudrenderingof the
colourdistribution—darkerplot regionsrepresenta greater
densityof data.Figure2 displaystheresultingcolourdistri-
bution for samplesof WaterCracker. It is readilyapparent
that the distribution falls along a distinct curve in colour
spacewhich we call thebakingcurve. This curve displays
the colour changesthat occurduring bakingasa resultof
changesin moistureandchemicalreactions,especiallythe
non-enzymicbrowning(Maillard) reaction.Otherproducts
exhibit similarbakingcurves.

Thebakingcurveshown in �gure 2 representstheentire
bakingprocess.At any point in theprocess,thecoloursob-
served in biscuit samplesoccupy a distribution along the
baking curve. In order to visualisethe distributions that
ariseasbakingtakesplace,weplottedoutlinesof thedistri-
butionsfor eachstageof baking.Theoutlinesinclude80%
of the biscuit pixels for eachbakingstage. The resulting
plot,shown in �gure 3,demonstratesthecolourprogression
from raw doughthroughto overbaking.

4. Recovering the Baking Curve

A 1-dimensionalSOM is trainedto identify the baking
curve. The training dataconsistsof imagepixels. Only
imagesof productsamplesarerequired.Sincethebiscuits
areimagedagainsta bluebackground,a simplecolourseg-
mentationis usedto removethebackgroundto 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: thatsegmentationdoesnot requireany
particularbackgroundcolourasis shown in thenext section
of thispaper.

The distribution of datain a typical bakingcurve hasa
densecentralcoreof biscuit colour pixels with noisepro-
ducing a surroundingscatter. A baking line can be con-
structedthroughthe centreof the baking curve to repre-
sentthe true pathof the colour developmentduring bake.
This canbe achieved by utilising the propertiesof a one-
dimensionalSOM.

A SOM consistsof a layerof input nodesanda second
layerof Kohonennodes,with full connectionbetweenthe
layers.In ourcase,theinput layerhasthreenodes—onefor
eachof the red, greenandblue colour bands. Eachpixel
of a biscuit is presentedto the SOM asa distinct training
pattern,soonly a few samplesarerequiredfor eachdegree
of baking.Thecollectedbiscuitpixelsarepresentedto the
SOMin randomsequenceto preventtheSOMbeingunduly
in�uencedby a particularbiscuit.

An adaptive weight is assignedto eachconnectionbe-
tween an input node and a Kohonennode. The set of
weightsfrom theinput nodesto a particularKohonennode
form the weight vector for that Kohonennode. The Eu-
clideandistancebetweenaninput vectoranda 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 neighbouringnodesare
updatedaccordingto Kohonen's learningrule:
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is theweightvectorof Kohonennode at time
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is the input vectorat time
�

. Thus,theKohonen
node'sweightvectoris movedtowardtheinputvectorby an
amountcontrolledby the neighbourhoodfunction
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where" representsthewinningnode.For ourexperiments,
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andvaluezeroelsewhere. Here,
&

�����

is a user-speci�ed neighbourhooddistancethreshold
and #
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is a user-speci�edlearningrate.Bothof thesepa-
rametersmaybevariedover time.

A SOMis characterisedby its topologyanddensitypre-
servingfeatures.The topologypreservingfeatureensures
that when the trainedSOM nodesare projectedonto the
RGB colourcube,the topology, or bakingline, createdby
connectingneighbouringnodescloselyresemblestheshape
of thebakingcurve. Thedensitypreservingfeatureensures
thatthedistributionof trainedSOMnodesmatchesthedis-
tribution of thepixelsin theRGB colourspace.Therefore,
a SOM with a limited numberof nodeswill positionnodes
in the densecentreof the bakingcurve. This ensuresthe
one-dimensionalbakingline createdliesalongthecentreof
thebakingcurve andhencecorrectlyrepresentsthebaking
curve.

Figure4(a) displaysthe �t of a SOM with 30 nodesto
thewatercracker bakingcurve of �gure 2. Becauseof 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 curvehasnot beencorrectlyidenti�ed. A similar prob-
lem wasobservedby Manhaegheet al [11] who foundthat
anopen-endedSOM modelof theheartoftenfailedto cor-
rectlymatchtheopenendin thetomographydata.For this
reason,they preferreda closedmodelwhich morereliably
�tted theheartdata. A similar techniquecouldbeapplied
here.

In our case,the U-shapedcurve is a resultof including
raw productandearlyovenzonesin thebakingcurve.Since
ourapplicationinterestis in �nal bakedproductcolour, the
�t of an openSOM curve is reliably facilitatedby the ex-
clusionof radicallyunderbakedproduct(�gure 4(b)).

Two furtherproblemsconfronttheuseof theSOMin this
application: the selectionof the numberof nodesandthe
training duration. We found that a SOM with insuf�cient
nodeswill not cover the endsof thebakingcurve because
of thelow densityof pixelsrepresentingextremesof bake.
On the otherhand,a SOM with excessive nodeswill start
to position the nodesamongstthe noisescatteredaround
the bakingcurve. We experimentedwith differentvalues
for theseparameters,andselectedthe valuesthatgave the
longestsmoothSOMs.



(a) Includingearlyovenzones (b) Finalproductonly

Figure 4. SOM �t to Water Cracker baking cur ve.

5. ImageSegmentation

The baking curve producedby the SOM consistsof a
sequenceof pointsin RGB colourspace.Thesepointsrep-
resentthe core of the colour developmentcurve with the
biscuitpixelsscatteredaroundthecurve. Thebasisof our
segmentationtechniqueis to determinethedistanceof each
imagepixel from the (linearly interpolated)bakingcurve.
Only pixels thatarecloseto thebakingcurve arelikely to
be biscuit pixels. Ratherthanmakinga binary segmenta-
tion decision,we assignto eachpixel a weight which is a
Gaussianfunctionof thepixel's shortestdistancefrom the
bakingcurve.

To determinethe standarddeviation of the Gaussian
weight function, an estimateof the scattervarianceis re-
quired. Thescatteris modelledasa circularGaussiandis-
tribution with unknown variance�
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and � locally perpendicularto the bakingcurve. Given a
largesamplefrom thisscatterdistribution, themeansquare
of � over thesample,�
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of eachpixel from the bakingcurve is readily computed.
Sincethemeansquareddeviation of thescatter�
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maybeestimatedby half themeansquaredeviationof bis-
cuit pixelsfrom thebakingline. Thisdeviationis computed
overthesetof pixelsin theSOM's trainingsetandincludes
only biscuitpixels.

Figure5 showsa colourinput imageof biscuitsanddis-
tracters.Figure6 shows thesegmentationresultsachieved
by ourapproach.Thesegmentationobtainedis highly suit-
ablefor thetaskof bakequalityassessment.It will benoted

Figure 5. Original colour image with dis­
tracter s.

thatthebackgroundandnon-biscuitobjectsarecompletely
segmentedsincetheir pixelsarefar from thebakingcurve,
while the shadow featuresand distracterson the product
sample(suchasdockerholesandembossing)havereduced
segmentationvalue(�gure 6(a)). This is becausetheshad-
owedpixelsfall nearthebakingcurvebut notonthebaking
curvesincethey havereducedoverallbrightness.Theappli-
cationof simplemorphologicaloperatorsdilate anderode
producesa �nal segmentationwhich is suitablefor product
shapeanalysisanddetectionof foreignbodies(�gure 6(b)).



(a)Bakingcurvesegmentation (b) Finalsegmentation

Figure 6. Baking cur ve based segmentation of a colour biscuit image.

6. Conclusion

The colour developmentof baked goods can be de-
scribedby a bakingcurve in colourspace.Kohonen'sself-
organisingmapis suitablefor identifying bakingcurvesof
bakedgoods.An estimateof thenoisedistribution around
thebakingcurvefacilitatesimagesegmentationinto biscuit
andnon-biscuitareas.Thisprovidesfor productshapeanal-
ysisandidenti�cation of foreignbodies.Thetechniquesde-
velopedhave applicationto otherfood andnon-foodprod-
ucts.
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