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Introduction
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Why metrology?

aŜǘǊƻƭƻƎȅ Ҧ ǎŎƛŜƴŎŜ ƻŦ ƳŜŀǎǳǊŜƳŜƴǘ 

IȅǇŜǊǎǇŜŎǘǊŀƭ ƛƳŀƎƛƴƎ Ҧ ŘŜƴǎŜ ǎǇŜŎǘǊŀƭ ǎŀƳǇƭƛƴƎ
measurement of surface physical / optical properties
direct relationship between image and physical content

Complete physical meaning to be preserved
accuracy, uncertainty and bias are quantifiable 

(a) (c)(b)

FIGURE 1* - (a) Gray-scale, (b) color,  (c) hyperspectral image

*  Adapted from Li, Q., He, X., Wang, Y., Liu, H., Xu, D., and Guo, F., ñReview of Spectral Imaging Technology in Biomedical Engineering: 

Achievements and Challenges,ò J. Biomed. Opt., 18, 10 (2013).
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Overview of texture analysis

Stateof the art: co-occurrencematrix [1], localbinarypattern [2] etc.
originallydevelopedfor grayscaleimages

Adaptationfor hyperspectralimageswithὒbandsҦmetrologicallyinvalid
cross-channelprocessing[3]
band-by-band(marginal)processing[3]

(a) (b)

FIGURE 2 ς(a) Cross-channel, (b) band-by-band
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Problems of hyperspectral texture analysis

Curseof dimensionality
bandselection[4,5,6], dimensionalityreduction[7,8,9]
resultdependenton dataҦ incomparable

SpectrumҦcontinuousfunctionὪ‗ overthe wavelength‗
hyperspectralacquisitionҦdiscretesequenceὛ ί‗ȟᶅ‗‗ ȟ‗
spectralbandsҦhighlycorrelated,not independent
vectorialrepresentation,L2-normҦnot adapted

FIGURE 3* -IȅǇŜǊǎǇŜŎǘǊŀƭ ŀŎǉǳƛǎƛǘƛƻƴΥ Ŏƻƴǘƛƴǳƻǳǎ Ҧ ŘƛǎŎǊŜǘŜ

*  Adapted from Lu, G., and Fei, B., ñMedical Hyperspectral Imaging: A Review,ò Journal of Biomedical Optics, 19, 1 (2014).
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Defining texture
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5ŜŦƛƴƛƴƎ ƘȅǇŜǊǎǇŜŎǘǊŀƭ ǘŜȄǘǳǊŜ ŀǎ Χ

FIGURE 4 - Sample spectra from texture
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Χ ŀ Ƨƻƛƴǘ ǎǇŜŎǘǊŀƭ ŀƴŘ ǎǇŀǘƛŀƭ ŘƛǎǘǊƛōǳǘƛƻƴΦ

(a) (c)(b)

FIGURE 5 ς(a) Texture = (b) spectral + (c) spatial distribution
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FIGURE 6 ςrSDOM in proposed texture definition
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Hyperspectral texture feature
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From psychophysical research to application

Juleszconjecture: texture discriminationfrom low-orderstatistics[10]
probabilityof a chosenpoint havingcertainvalueҦspectraldistribution
probabilityof two chosenpointshavingcertainvaluesҦspatialdistribution

Co-occurrencematricesҦdistributionof pixelpairsdefinedby anoffset ᴆὺ

1 1 5 6 8

2 3 5 1 2

4 5 1 2 2

8 5 1 2 5

ᴆὺ 1 2 3 4 5 6 7 8

1 1 3 0 0 1 0 0 0

2 0 1 1 0 1 0 0 0

3 0 0 0 0 1 0 0 0

4 0 0 0 0 1 0 0 0

5 3 0 0 0 0 1 0 0

6 0 0 0 0 0 0 0 1

7 0 0 0 0 0 0 0 0

8 0 0 0 0 1 0 0 0

j
i

(a) (b)

FIGURE 7 ς(a) Gray-ǎŎŀƭŜ ƛƳŀƎŜ Ҧ όōύ Ŏƻ-occurrence matrix



13

Approximation by sum and difference histograms

OriginaldefinitionҦ impracticalfor hyperspectralimage
Unser[11]: approximationby sum(spectral)anddifference(spatial)histograms

Full-bandprocessingҦspectraldifferenceof pixelpair
bandselection,dimensionalityreductionҦnot required
analysisindependentfrom spectralcountҦmetrologicalapproach

(a) (c)(b)

FIGURE 8 ςIllustrations of histogram from: 
(a) gray-scale, (b) color, (c) hyperspectral image
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Describing spatial distribution:
Spectral Difference Occurrence Matrix

Defineᴆὺwith distanceὰandorientationʃ

Determinepixelpairs ὛȟὛ with ᴆὺ

ExpressspectraldifferenceЎὛof all pairsasprobabilitydistribution

1

2

3

(a) (c)(b)

FIGURE 9 ςCalculating SDOM: (a) pick ᴆὺ, (b) pixel pairs,
όŎύ ǎǇŜŎǘǊŀƭ ŘƛŦŦŜǊŜƴŎŜ Ҧ ǇǊƻōŀōƛƭƛǘȅ ŘƛǎǘǊƛōǳǘƛƻƴ
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SDOM: a working example

(a) (c)(b)

FIGURE 10 ς(a) Texture; (b) magnified: texton (yellow), 
background (cyan), (c) SDOM


