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Previous Approaches (1)

Detect outlines of grains 2T
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- no 'background’ intensity against
which to threshold

- subjective choice of filter sizes
and operation sequences

- difficult to design a 'universal’
algorithm which works equally
well

- non-diffuse reflectance, particle
overlap, marks and scratches,etc
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Previous Approaches (2)

Correlograms for various sized sediment
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- characterize features without
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- circumnavigate problem of
detecting grains

Autocorrelation Coefficient r
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- but previous approaches rely on
calibration

- errors introduced by calibration




New Approach

1. Requires neither calibration
nor advanced image processing

algorithms

2. Direct statistical estimate,
grid-by-number style, of mean of all

intermediate axes

3. RMS error ~16%, based on 500
samples from 10 different sediment
environments, each with a different
camera systems

4. Easy to implement (just a few lines of
code)

5. Processing takes just a few seconds




Estimated mean grain size {mmj}
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RESULTS

~500 images of
sediment:

10 different
‘populations’ -
each a different
camera/lighting
system

Range of sizes 0.1 -
150mm

RMA-RMS error
~16%

95% chance of being
within 32% of true
mean




Estimated mean grain size (mm)
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Error ~11% if
corrected for bias

Individual
populations can be
lower

Bias correction can
be achieved by
‘point counts' on
end members of
population

Depends on
sorting, quality of
lighting, &
number of grains
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METHOD

(1)Demean image
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(3)Take modulus and
square
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TECHNIQUE WORKS

EVEN WHEN
SEDIMENT
IMAGED
THROUGH
WATER

BUT ONLY
IN LOW
TURBIDITIES
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RANDOM LIGHT

SCATTERING
HAS VERY
LITTLE
EFFECT
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Sequence of 100 images taken underwater




40

[llumination conditions:
— @ ambient O ambient (hazy) SUNLIGHT & SHADE
2 30 M shaded O shaded (hazy)
b
I o o,
E o
g 20 o
o @)
= 10
o O
S O o H
T 0 i ]
-10 : : : : : :
0 10 20 30

Solar inclination angle (deg)

Strong sunlight - big effect
Shaded grains - very small effect

Error independent of solar inclination
(at low latitude)



Computer Simulations

Test & explore limits of the
technique

- theory

- intra-granular
shading (random,
tapered, uniform, etc)

- inter-granular
shading (contrast
between grains and
pores)




Variable intra-grain (e.g. above) shading causes 5-10% discrepancies
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Variable
inter-grain shading
causes
discrepancies

up to 100%

LIGHTING MORE
IMPORTANT
THAN GRAIN TEXTURE
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A universal approximation of grain size from images
of noncohesive sediment

D. Buscombe, ' D, M. Rubin,' and 1. A, Warrick’

Rocenal 3 Augusr 2009, arvicead D0 Dieoesiser 2005, aoc qpiad 21 Jauoey D000 pulsdchiod 10 Juse 2000

[1] The two-dimensional spoctral decomposition of an image of sediment provides a
direct statistical estimate, grid-hy-number style, of the mean of all intermediate axes of all
single particles within the image. We develop and test this new method which, unlike
cxisting echnigues, requires neither image processing algoritms for deiection and
measurement of individual grains, nor calibration. The only information reguired of the
aperaior is the spatial resolution of the image. The method is tested with images of bed
sediment From nine different sedimentary environments { five beaches, three rivers, and
e continental shelf), across the range 0.1 mm to | 50 mm, taken in air and underwaier.
Each population was phowegraphed using a different camera and lighting conditions. We
term it a “universal approximation” bocause it has produocd accurate cstimates for all
popu lations we have tesied it with, without calibration. We use three approaches (theory,
computational experiments, and physical experiments) o both understand and explone the
sensitivities and limits of this new methed. Based on 443 samples, the root-mean-squaned
{RMS) ermor betweoen size estimaies from the new method and known mean grain size
{obtaincd from point counts on the image) was found tobe +=1 6%, with a 95% probability
of estimates within £31% of the truec mean grain gze (measured in a lincar scale). The
RMS emor reduces to =1 1%, with a 95% probahilil, sof cstimates within +200% of the tree
mean grain size if point counts from a few images &re used o comoet bias for a specific

popu lation of sodiment images. [t thus appears it is transferable between sodimentary
popu lations with different grain size, but faciors such as particle shape and packing

may introduce bias which may moed to be calibrated for. For the first time, an attempt has
been made to mathematically relate the spatial distribution of pixel ivensity within e

image of sediment to the grain size,

Citstien: Huwcombe, D, D0 M. Ruobin, and 1 A Wamick (2010} A wnivesal approdmation of gmin size fiom images of
monaohesive sediment, J Geoplive Rec, 115, FOXS, doil0_ 10293000 JF001477

1. Imtroduction

2] Gram swe s of lundsmenta] impontance, govermng

the mechanical, electrical and Muid dynamic properties of

sechment The surlace e ol @ momcohesve, un i Bed
sachiment bed, & semed by a photographic deviee, ® the
twor-chmemsional proqechan ol 115 theee-d mensxnal srue-
ture. Llsing photographs 10 quantily gram siee (amd other
properies) of ancenl or mExlem sediment bexds, moam
autormsled Bshion, 13 of comsklerable imlenes) becawe 11 B8
relatvely cheap and rapxd, and thus can allw much grester
coverape and nesolulion of gram st messuneamenls own-
pared wr raditional methods Kb, 2004 | Ths & becase
meszuremEen i rom digital mapes ane orders of mogniiude

"Uninsd Smoes CGieodegcal Susvey, md lmdiune of More Sndes,
Uasverary of Colibssin, Soam Ceaiz, Califosian, SA

“Now o Schood of Mose Scemce md Engmecsng, Udnerary of
Plysicudy, Plysucah, 11K

LS Gesloganal Susvey, St Oz, Colibe, US4

Thes pupee o ool subgec o LS copyegahn
Pulbsdedied m 20 by the Ao Gooplysa] Lndoa

[aster then physical measurensent such a8 sieving and
setling [Hamand e al, 2007). In additon, mexsunenenis
are nonminsive amd sample only those grams thal ane
expeied 1o the Now and are thus subject o o o
WATIWInG.

3] lmeges of naural sedoment beds sre oomplex, ypically
compsed ol @ kst several hundred individual grams all
varying in snea, v, angu brity, codor, @i, Insddtion, grams
averap and ths e shadows sores the surlsce which ane
imeguber in siee amd spatially random o color. Existing
et hods ol sutomsed grain stee estimation Tom imeees nely
on calibmbon et fufin, 206 ; Cadbonnemr of afl, 06,
25: Verddyr e af, 2005 Suwombe of af N ), or an
slvanond sequencess ol dmsee proocsmg K Golske amd
messure sach mdivihal am [eg., Gaboan e al, 2005),
or both, which ame ollen sediment popubstion specific. In
this eomtrbulon, we desenbe & new method For estmastmg
s gEnm siee [ an mxge which overcomes both these
iy am kg,

la] The problem ol accurate and sulommsted gran soee
eshmalon  [rom @n omsdge of ol sedment can be

Fi2in s 1 al 17

More Technical
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Summary

1. Direct statistical estimate,
grid-by-number style, of mean of
all intermediate axes

2. No calibration, no
complicated image-processing
(edge detection); fast, easy to
implement

3. Typical RMS 16%, lower if

corrected for bias (involves some
manual point counts on images).
Well and poorly sorted sediments

4. Contrast between
grains and pores more
Important than variation
in grain textures

5. Uniformly lighted; well
shaded; low turbidities
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SOFTWARE

Available in MATLAB/Octave, R, & Python

@ python

Email: daniel.buscombe@plymouth.ac.uk




1,000 grains

What's Next?
5,000 grains

Many different types
of sediment
simulations

Size/Sorting

Shape

Packing

Porosity
Mineralogy (shade)

Known statistical
geometries

Unconsolidated and
consolidated
sediments

2D and 3D




What's Next?

1. 'Universal' Sorting
Coefficient

2. Real versus apparent
size distributions

3. Permeability &
Conductivity from
Statistically-derived
geometric
properties

4. Discrete particle
models with realistic
sediment shapes







A note on image resolution

Greatest decrease in image
standard deviation per unit
downsample rate
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