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SediNet: A configurable deep learning model for mixed gualitative and quantitative optical

granulometry

Daniel Buscombe

Geosciences Division, School of Earth and Sustainability, Northern Arizona University

Abstract

| describe a configurable machine-learning framework to estimate a suite of continuous and
categorical sedimentological properties from photographic imagery of sediment, and to
exemplify how machine learning can be a powerful and flexible tool for automated quantitative
and qualitative measurements from remotely sensed imagery. The model is tested on a large
dataset consisting of 400 images and associated detailed label data. The data are from a
much wider sedimentological spectrum than previous optical granulometry studies,
consisting of both well- and poorly sorted sediment, terrigenous, carbonate, and
volcaniclastic sands and gravels and their mixtures, and grain sizes spanning over two orders
of magnitude. | demonstrate the model framework by configuring it in several ways, to
estimate two categories (describing grain shape and population, respectively) and nine
numeric grain-size percentiles in pixels from a single input image. Grain size is then
recovered using the physical size of a pixel. Finally, | demonstrate that the model can be
configured and trained to estimate equivalent sieve diameters directly from image features,
without the need for area-to-mass conversion formulas and without even knowing the scale
of one pixel. Thus, it is the only optical granulometry method proposed to date that does not
necessarily require image scaling. The flexibility of the model framework should facilitate
numerous application in the spatio-temporal monitoring of the grain size distribution, shape,
mineralogy and other quantities of interest, of sedimentary deposits as they evolve as well

as other texture-based proxies extracted from remotely sensed imagery.
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1. Introduction

Sediment grain size fundamentally influences the physics of flows of water, wind, ice and
sediment that continually shape landforms. Large sedimentological datasets have led to
important discoveries in dynamic environments such as contemporary river beds, sea beds
and aeolian sediment surfaces that are constantly changing under fluid power, for example
in sediment transport (e.g. Masteller & Finnegan, 2017; Rubin et al., 2019), channel bed
mobility (e.g. Montgomery et al., 1999), channel geometry (e.g. Pfeiffer et al., 2017), sediment
provenance (e.g. Paterson & Heslop, 2015), sediment abrasion (e.g. Novak-Szabo et al.,
2018), hydraulic resistance (e.g. Rickenmann & Recking, 2011), particle settling (e.g.
Sternberg et al., 1999) and dispersal at coasts (e.g. Wheatcroft & Borgeld, 2000), and beach
dynamics (e.g. Bergillos et al., 2016). Traditionally, the means of acquiring large grain size
(or shape, or any other metric) data sets has been laborious and time-consuming through
laboratory analyses of samples taken in the field. Optical granulometry is the measurement
of sediment from statistical analysis of image intensity and texture, and has been driven by
instrumental (e.g. Buscombe et al., 2014; Carbonneau et al., 2018; Rubin et al., 2007,
Woodget et al., 2018) and analytical (e.g. Black et al., 2014; Buscombe et al., 2010;
Buscombe and Rubin, 2012b; Buscombe, 2013; Cheng and Liu, 2015; Carbonneau et al.,
2005a, 2005b; Carbonneau et al., 2004; Cuttler et al., 2017; Dugdale et al., 2010; Legleiter
et al.,, 2016; Rubin, 2004; Woodget et al., 2017) developments over the past 15 years.
Another set of deterministic methods known as “photosieving’ (e.g. Adams, 1979) or object-
based image analysis or OBIA (Carbonneau et al., 2018) have been developed (e.g. Detert
and Weitbrecht, 2012; Graham et al., 2005) that aim to identify each individual grain and
cannot therefore be used on grains smaller than one pixel (subpixel) which is not a theoretical

limitation of optical granulometry techniques that statistically quantify image texture
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(Carbonneau et al., 2004). One major goal of this corpus of work is to develop a reliable suite
of techniques for spatio-temporal monitoring of the grain size of sedimentary deposits as they
evolve, remotely and automatically. This has the potential to significantly alter the way
geomorphological research is carried out (e.g. Viles, 2016) and may hopefully lead to
significant discoveries in the two-way feedbacks between evolving sedimentary landform
morphologies and the spatio-temporal dynamics of grain size, or ‘morpho-sedimentary
dynamics’ (cf. Buscombe and Masselink, 2006), at large field scales. This will require
measuring grain size at the same spatial (e.g. Rubin et al., 2019) and temporal (e.g.
Buscombe et al., 2014) coverage as is now possible with topographic measurements that
can capture the spatio-temporal evolution of small-scale morphologies (e.g. Austin et al.,

2007; Nield et al., 2011; Turner et al., 2008; Williams et al., 2014).

The present study is motivated by five observations. First, the wavelet-based optical
granulometry method of Buscombe (2013), while accurate for relatively well-sorted sediment
(e.g. Masteller and Finnegan, 2017; Michaelides et al., 2018; Prodger et al., 2016; Smith et
al., 2018), can be inaccurate for images of grains that are poorly sorted such as sand and
gravel mixtures, or where there are relatively few individual grains in the image (hundreds to
thousands of grains are typically required). For this study, | have collated a dataset of more
than 100 images of sediment that mostly fall under these two categories, to augment the 300-
image dataset used by Buscombe (2013) that contained a greater proportion of relatively
well-sorted sediment, in order to develop a more generally applicable method. Some images

contain as few as 10 individual grains, whereas others depict millions of individual grains.

Second, optical granulometry methods quantify the size of apparent axes of grains in the

image plane, where many grains may be overlapping. If a bulk (i.e. by mass or by volume)
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sample size distribution is the information required, the Buscombe (2013) or similar method
can provide comparable grain size distributions to those derived using sieves or similar
methods usually only if the appropriate conversion of area- to mass-by-size is made, which

takes the form (Diplas and Sutherland, 1988; Kellerhals and Bray, 1971):

_wh. — Py

where p(V — W), is the volume by weight proportion of the ith size fraction, p(A);is the image-
derived areal proportion of the ith size fraction, D; is the grain size of the ith size fraction and
X is a conversion constant. See also Graham et al., (2012) for field applications of this
conversion. Diplas and Fripp (1992) suggest that it is necessary to use different values for
exponent x depending on grain size, but Diplas et al. (2008) suggest a pragmatic approach
is to use an average value for x, which is determined empirically for each population of grains
imaged. Cuttler et al. (2017) confirmed that x must be determined empirically for bioclastic
carbonate sediment to avoid over-predicting sieve sizes and sediment settling velocities from
parametric formulas, even though the Buscombe (2013) method worked well to estimate the
apparent axes of grains from the imagery. Here, | demonstrate that machine learning can be
used to map image features to sieve sizes directly, without the need for conversion formulas

and without even knowing the scale of a pixel.

The third motivation for this study is provided by Shojiet et al. (2018) who demonstrated the
utility of deep learning techniques to classify volcanic ash particles by shape, and specifically
that a well-designed deep convolutional neural network (CNN) can automatically extract the
relevant features from imagery of particles to estimate a categorical quantity. Here, that work
is extended by demonstrating that the same CNN architecture can be used for both discrete
(classification) and continuously varying quantities (regression) from a single image, by

estimating categorical particle shape and population, and numerical percentiles of the grain
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size distribution. CNNs are a type of artificial neural network (ANN) and part of a class of
machine learning techniques called deep learning (Goodfellow et al., 2016) that have recently
been shown to perform well for both classification and regression tasks equally, including in
numerous geosciences applications where relevant image features are extracted
automatically (e.g. Buscombe and Carini, 2019; Buscombe et al., 2019; Buscombe and
Ritchie, 2018; Linville et al. 2019; Luo et al., 2018; Jiang et al., 2018; Reichstein et al., 2019).
The basic premise of applications such as these, compared to those of other machine
learning subcategories, is that it circumvents the need (and the effort required) to make
decisions about what extracted image features are important to a specific task, which tends

to make the models both more subjective and more powerful.

The fourth motivation is that predictive modeling techniques for both categorical and
numerical output quantities in the geosciences is somewhat rare. Categorical variables are
those that are ascribed an integer, but where the values themselves do not have a physical
meaning as they simply enumerate the possible realizations of a phenomenon. As such, they
are limited by our ability to identify and ascribe meaning to the phenomenon, and also as
intra-categorical variation approaches inter-categorical variation. However, for trivial, well-
known or unambiguously defined quantities, they are an essential part of the geosciences,
but whereas some techniques are designed for handling continuous estimates, others are
better for handling categorical or discrete variables. This typically requires the development
of transforms that convert continuous to categorical (using discretization, dummy variables,
etc.), which can be subjective if thresholds or discrete bins need to be defined. Here | describe
a single empirical framework that can be trained to predict both categorical and continuous
guantities, as needed, which might be useful in other geophysical contexts. Within the

framework of an ANN, this is relatively straightforward: essentially, multinomial logistic
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regression is used for image features that have been distilled by a CNN to estimate discrete
variables (such as categorical grain shape), and linear regression for continuous variables
(such as grain size). For the latter, the key to the framework is to provide the image features
that scale linearly with the response variable (e.g. grain size) being estimated. Highlighting
this relatively simple principle through demonstration is worthwhile if it motivates similar

progress in other geophysical contexts.

The final and perhaps foremost motivation to developing yet another optical granulometry
technique is the observation that the data-hungry nature of machine learning allows for
collaborative tool development for extracting scientific information from images of sediment.
Recognizing the variety of both sediment imagery, due to the inherent variability of natural
sediment, and potential SediNet applications, the motivating idea behind the creation of the
SediNet model and software (SediNet online software, 2019) is to foster the creation of such
a community. Users can contribute imagery, models, and retrain existing models, as well as

using existing SediNet models contained in the repository.

2. Data

The model is trained and tested on a large data set consisting of 400 labeled images of
sediment (Figures 1 and 2), with a large variation in the spatial footprint (field-of-view) of each
image, the spatial resolution (physical size of a pixel), and variation in camera sensor. The
data are from a wide sedimentological spectrum of well and poorly sorted sediment,
consisting of terrigenous (derived by erosion of crystalline, volcanic, and sedimentary rocks),
carbonate (skeletal grains, oolites, and some locally derived detrital carbonate), and
volcaniclastic (lapilli, glass, and pyroclastic bombs) sands and gravels and their mixtures,

and grain sizes in pixels spanning over two orders of magnitude. Out of the 400 images, 300
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were compiled and used by Buscombe (2013) to develop a wavelet-based algorithm for
estimating grain size from imagery (sets A and C in that paper). The remaining 100 samples
were compiled for this study, from various fieldwork activities over more than 10 years in
various coastal and riverine environments on several continents. The additional 100 samples
were chosen specifically to better represent within the dataset both poorly sorted mixed sand

and gravel sediment and (usually microscopic) imagery with relatively few numbers of grains.

2.1. Grain Size

The size distribution of intermediate axes of apparent (surface) grains was compiled for each
image following the on-screen manual method of Barnard et al. (2007), which is the only way
in which to reliably obtain a comparable grain-size distribution to that provided by image-
based methods (Baptista et al., 2012; Buscombe et al., 2010; Cuttler et al., 2017). However,
it is a time-consuming and meticulous process, usually taking a trained operator 30-60
minutes per image to measure the axes of up to 500 grains. Nine commonly utilized
percentiles of the cumulative size distribution (namely 5, 10, 16, 25, 50, 75, 84, 90, and 95%

percentiles) were calculated for each measured size distribution.

2.2. Grain shape and population

The expanded dataset of 400 images contain a number of sediment populations (Figure 1)
that | manually grouped into six categories: 1) well-sorted gravel; 2) well-sorted sand and
shell hash from underwater camera (described in Buscombe et al., 2014); 3) relatively poorly
sorted gravel and sand-gravel mixtures (including imagery from Warrick et al., 2009); 4) well-
sorted sand; 5) miscellaneous terrigenous and volcaniclastic grains; and 6) miscellaneous

bioclastic (carbonate) grains. Additionally, each of the 400 images were classified into four
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shape/size categories (Figure 2), namely 1) large well-rounded grains; 2) small well-rounded

grains; 3) large angular grains; and 4) small angular grains.
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Figure 1: Four example 1024 x 1024 pixel subsets of images from each of six population categories. From top to bottom: 1) well-
sorted gravel; 2) well-sorted sand and shell hash from underwater camera (described in Buscombe et al., 2014); 3) relatively poorly
sorted gravel and sand-gravel mixtures (including imagery from Warrick et al., 2009); 4) well-sorted sand; 5) miscellaneous
terrigenous and volcaniclastic grains; and 6) miscellaneous bioclastic (carbonate) grains.
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Figure 2. Four example 1024 x 1024 pixel subsets of images from each of four shape categories. From top to bottom: 1) Large well
rounded grains; 2) small well-rounded grains; 3) large angular grains; and 4) small angular grains.

3. SediNet model

Deep learning models have multiple processing layers (called convolutional layers or blocks)
and nonlinear transformations (that include batch normalization, activation, and dropout,
which are explained below), with the outputs from each layer passed as inputs to the next.
SediNet (Figure 3) is a supervised deep neural network model framework that can be used

as presented in this paper, or alternatively configured for custom purposes, by training on
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any number of input images for any number of numeric or categorical outputs. For the

purposes of demonstrating the model in this paper, several SediNet models were made:

1. To estimate nine percentiles of the cumulative grain size distribution in pixels, trained
on 204 images and tested on 205 images, both drawn randomly. The train and test
sets consist of images of several populations of grains from a wide sedimentological
spectrum

2. To estimate nine percentiles of the cumulative grain size distribution in pixels, trained
on 15 images and tested on 16 images of one population (beach sands)

3. To estimate sieve size in microns directly, without first estimating the pixel size, trained
on the same 15 images and tested on 16 images as above

4. To estimate six categorical populations of grains, trained on 204 images and tested
on 205 images, both drawn randomly

5. To estimate four categorical grain shape/size classes, trained on 204 images and

tested on 205 images, both drawn randomly

Given the set of n images, let us denote one sample X, € RP with u=1 ... n, where p is the
number of pixels. For each sample, X, there is label y, € R? where g is the number of
combined categorical and continuously distributed classes. Using the deep learning
architecture described below, and the training data set {Xﬂ , y“} consisting of 50 % of the total

number of images, randomly selected, a function f is found such that y = f(X), where y is
the predicted set of labels/metrics from sample image X. The remaining 50 % of the total data

set was used as a test set to evaluate model performance.
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Figure 3. Schematic of the SediNet architecture, as applied to estimating the grain size distribution, and categorical population and
shape/size. An input image is passed to the feature extractor consisting of a series of convolutional blocks. The last set of feature
maps, which is the result of the last 2D max global pooling layer, is fed into one of three multi-layer perceptrons; one each for the task
of estimating grain size percentiles, sediment population, and grain shape.

The image feature extractor consists of four convolutional blocks each consisting of a several
two-dimensional convolutional filter layers, batch normalization layers, and two-dimensional
max pooling layers (Figure 3). Batch normalization applies a transformation that maintains
the mean neuron activation of zero and the activation standard deviation of one (loffe and

Szegedy, 2015). Pooling layers are used to reduce the spatial dimensions of each of the
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three-dimensional tensors associated with each pixel of the input image, from hxw xdto 1
- 1 x d, by averaging over h and w. This has the effect of reducing the total number of
parameters in the model, thereby minimizing overfitting. The output of the last block is the
input of the next. The number of filters increases for each of the four blocks, from 16 in the
first block, 32 in the second, 48 in the third and finally 64 in the last block. After the last
convolutional block, there is one more batch normalization and two-dimensional max pooling
layer, and a dropout layer that randomly drops half the neurons (Srivastava et al., 2014).
Batch normalization, max pooling, and dropout layers are techniques to prevent overfitting
the model (i.e., memorizing the training data rather than learning a general trend). The
extracted feature is fed into a series of multilayer perceptrons, one for each estimated
guantity, that each culminates in a dense predicting layer with linear regression (known in
machine learning literature as a linear activation function) for continuous variable prediction
variables (such as grain size in pixels, or sieve size directly), or multinomial logistic regression
(in machine learning parlance, a softmax activation function) for categorical variables such

as grain shape and population.

The model was retrained ‘end-to-end’, which means it was initialized with random numbers
for neuron weights w € R¥, then during training the value of those parameters was optimized
by minimizing the discrepancy between known and estimated quantities by minimizing a loss
function L[fW(XM ,y#)] for each sample p where f,, denotes weighted function. By doing so,
the model simultaneously and automatically learns feature representations from imagery and
a mapping from those features to the target values (e.g. grain size) or classes (e.g. grain
shape). Models are trained over several epochs. One training epoch means that the learning
algorithm has made one pass through the training dataset, where examples were separated

into randomly selected batches of images. The number of training steps per epoch was
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computed as the number of training images divided by the batch size. In this study, the batch
size was set to eight and results were not sensitive to its value. Upon each step, the gradients
of the network are updated and new weights assigned to each neuron. Stochastic gradient
descent was used to iteratively adjusting the weights in the direction of the gradient of the
average of the loss over the training set using w*! = wt — AV, R(f,,), where t is iteration
number (step within an epoch) and 1 is the so-called ‘learning rate’, and where R(f,,) = > L/n

for the full training data is replaced by the contribution of just a few of the samples.

During model training, each h x w x 3 pixel input image was resized to 512 x 512 x 3 pixels
for computational efficiency. With sufficient computing power, larger images and larger
numbers of images could be used. That the image’s aspect ratio is typically not preserved
does not affect model performance (I revisit this point in the Discussion). The method was
implemented in python 3.7 using the Tensorflow (Abadi et al., 2015) backend to the keras
(Chollet et al., 2015) module, on a GeForce RTX 2080Ti GPU with 11 GB of memory. The
resolution of a given grain size estimate in pixels is approximately 2 pixels, determined as the
range of that variable in the training data (in the present case, the largest grain size minus
the smallest, which is approximately 1000 pixels) divided by the number of neurons in the
final dense layer, which was set to 512 (Figure 3). Training utilized the popular Adam
algorithm (Kingma and Ba, 2014) for stochastic optimization, with parameters ;= 0.9 and
1= 0.999 (Buscombe et al., 2019). During training, A was automatically reduced when the
loss function stabilized, i.e. when its value stopped decreasing, by a factor of 0.8 after 15
epochs had elapsed with no improvement (Buscombe et al., 2019). A lower bound on 1 was
set at 0.0001. The maximum number of training epochs was set to 100. Models stopped

training early (i.e. before 100 epochs) if the validation loss failed to improve for 20 consecutive
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epochs. Models typically trained for between 40 and 100 epochs before the criterion was met

to stop training early.
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Figure 4. Observed versus estimated grain size percentiles in pixels, for all 409 images. Black dots are the estimate from the training
image set (204 samples). Blue crosses are the estimates from the remaining 205 test images. Red dots are all 409 samples analyzed

using the wavelet method of Buscombe (2013).

4. Results

4.1. Grain Size
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The first implementation of SediNet estimated nine percentiles of the cumulative grain size
distribution in pixels, trained on 204 images with mean error between 24 and 52% depending
on percentile, and tested on 205 images with mean error between 24 and 45% again varying
with percentile (Figures 4 and 5). Mean percent error for each percentile is computed as 100
times the root-mean-squared error normalized by the mean grain size associated with that
percentile. Overall, this SediNet model out-performed the wavelet technique of Buscombe

(2013) and required fewer tunable parameters.

The second implementation of SediNet was for estimating nine percentiles of the cumulative
grain size distribution in pixels for a smaller population of sediment images from a given
environment (Figure 6). | chose a set of 31 images of sieved beach sand, separated into 16
test and 15 training images. Mean error on the training set was between 7 and 29%, and
between 16 and 29% for the test set (Figure 6, A — 1). The third SediNet implementation
estimated sieve size directly from the same imagery without first estimating the grain size in
pixels. Therefore, it implicitly learned the actual size of an image pixel. This model tended to
slightly underestimate grain size, with train and test mean errors of 29 and 22%, respectively.
The slight bias in the prediction might be corrected empirically, such as by means of
parameter x in equation (1), or through further refinement of the model architecture or training
procedure. In all three SediNet grain size models, the mean errors for test and train datasets
were similar, strongly indicating that the model has generalized well to the data and has not

overfit the training data.
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Figure 5. Example true (solid yellow line) and estimated (dashed red line) cumulative distributions for 20 randomly selected images,
small subsets of which are shown in the background of each subplot.



310

311
312
313
314
315

316

317

318

319

320

321

322

323

324

325

A) Ps B) Pio Q) Pys J) Sieve size

Train:11.91 % Train : 8.775 % Train : 8.264 % 1034
Test:29.13 % Test : 22.55 % Test:17.52 % Train : 29.69 %
Test:22.13%
102 4 s
£
=
@
N
@
c
I
>
°
1
s
E
10% ki
102
D) Pys E) Pso F) Ps
T T
Train : 8.949 % Train : 7.349 % Train : 8.891 % 102 103
Test: 18.35 % Test:16.28 % Test:21.24 % o
Observed grain size (um)
102 K) 63 - 90 micron:
1014
G) Pga H) Pao 1) Pgs
Train : 7.448 % Train:9.913 % Train : 12.71 %
Test:19.16 % Test: 24.54 % Test:29.48 %
< 102
X
=
@ K
N
@
£ M) 1000 - 1400 microns|
S
3
®
£
@
4 g0t

10 10?

Observed grain size (pixels)

Figure 6. Analysis of one sediment population, consisting of 31 images of sieved beach sands from samples taken at Pescadero in
California (images courtesy of David Rubin). A — ) Observed versus estimated grain size percentiles in pixels where black dots are the
estimate from the training image set (15 samples) and blue crosses are the estimates from the remaining 16 test images.; J) observed
versus estimated mid-sieve size, obtained directly from the image without knowledge of the pixel size; and K — M) example images of
three sieve fractions.

4.2. Grain shape and population

The fourth implementation of SediNet estimated six categorical populations of sediment,
trained on 204 images and tested on 205 images, both drawn randomly. Classification skill
was evaluated using a ‘confusion matrix’ of normalised correspondences between true and
estimated labels (Figure 7, A - C). A perfect correspondence between true and estimated
labels is scored 1.0 along the diagonal elements of the matrix. Random misclassifications are
readily identified as off-diagonal elements with relatively small magnitudes, and systematic

misclassifications are recognized as off-diagonal elements with relatively large magnitudes.



326 The three confusion matrices for categorical sediment population shown in Figure 7, A—C
327 show skill for, respectively, training, testing and combined (i.e. all 400 images) data. The
328 model overfits population 2 (underwater images of continental shelf sand, Figure 1),
329 evidenced by the large discrepancy between training skill (1.0) and test skill (0.62; Figure 7A,
330 B). However, overfitting is not evident for the other five classes, with test scores being
331 approximately equal to training scores. All classes are classified with accuracies of > 70% for

332 the combined model (Figure 7C).
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334 Figure 7. Confusion matrices for (A — C) categorical population and (D — F) categorical shape. Subplots A and B show training and
335 testing datasets

336
337 The fifth and final SediNet implementation reported here was configured to estimate four
338 categorical grain shape/size classes, trained on 204 images and tested on 205 images, both

339 drawn randomly. The three confusion matrices for categorical sediment shape shown in
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Figure 7D — F show skill for, respectively, training, testing and combined (i.e. all 400 images)
data. The similarity in train and test scores for all four classes demonstrates the model has
not overfit the data. All classes are classified with accuracies of > 85% for the test, train and

combined models (Figure 7D - F).

5. Discussion

The task of quantifying and classifying natural objects and textures in images of sedimentary
landforms is increasingly widespread in a wide variety of geomorphological research
(Franklin and Mulder, 2002; Mulder et al., 2011; Smith and Pain, 2009), especially as imagery
collection using UAVs becomes more prevalent (Carbonneau et al.,, 2018; Gomez and
Purdie, 2016; Turner et al., 2016). The automated method to size and classify sediment
described here could maximize speed and objectivity of sedimentary description at large
scales, and might be applied to the analysis of datasets consisting of tens to millions of
individual images. The model framework could enable spatio-temporal monitoring of grain
size more efficiently, being configurable to estimate many custom-defined quantities and
gualities for specific tasks. Given it is a data-driven approach, models trained for use in
specific environments will highly likely be as or more accurate than methods such as
Buscombe (2013) and Carbonneau et al., (2004) that are based on signal processing or
random field theory, especially for poorly sorted sediment, small field-of-view, and large grain
size compared to field-of-view (small numbers of individual grains). This is because those
methods are not informed by data (i.e. only tested with data); therefore, the massive variation

in natural sediment can only be a limitation in their application.
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Figure 8. Activation map outputs from each of the four convolutional blocks (columns) in the SediNet model, for three grain size
percentiles (rows) for an example image of gravels. Red areas indicate relatively high activation values.

The success of the SediNet approach using images resized to 512 x 512 x 3 pixels,
irrespective or original size that was typically much larger, reveals two interesting
phenomena. First, an image’s aspect ratio does not need to be preserved to provide an
accurate grain size, shape or population estimate. Second, those quantities can be estimated
even with many subpixel grains, which is the case for relatively fine grains and/or images that

have undergone a relatively large amount of downsizing. This is because the model learns
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which textures are associated with each grain size, at the scale of imagery provided but
regardless of the scale and distortion of pixels. Therefore, the use of the model requires all
input imagery to be the same size as that used to train the model. This observation bodes
well for applications of this or similar technique on aerial or satellite imagery of sedimentary
deposits where most grains exist at subpixel scales, but where spatial resolution is sufficient
to create images textures uniquely diagnostic of grain size. Optical granulometry methods
similar to Carbonneau et al. (2004) operate under the same principles, except in those
methods image features are extracted using prescribed filters (and their hyperparameters)
such as entropy (and kernel size) rather than those features extracted through an iterative

procedure that is optimized to minimize observation-estimate error.

It is useful to visualize which parts of a given image led the model to its final decision. Class
Activation Map (CAM) visualization (Selvaraju et al., 2017) consists of computing 2D grids of
scores associated with a specific output value (such as a specific grain size), computed for
every location in any input image, indicating how important each location is with respect to
the output value. The “gradCAM” technique of Selvaraju et al., (2017) computes the partial
differentiation of the predicted output with respect to each channel in a previous layer (the
layer for which we want visualize CAMs). The gradient of the resulting activations are scores
of how important each channel is for the predicted output, which when multiplied by said
channels acts to weigh each channel responsible for the predicted output. The weighted
channel-wise mean is the CAM. | implemented this technique by computing the gradient of
an image’s estimated grain size with regard to the output feature map of each of the four
convolutional blocks in the SediNet grain-size model (Figure 3). Then | computed the product
of 1) the mean of the gradient over each feature map channel and 2) each channel in the

feature map. Finally, the channel-wise mean of the resulting feature map is our 2D heatmap
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of class activation scores. Figure 8 exemplifies this for one example image and the model-
estimated grain size associated with the 5™, 50", and 95" percentiles of the cumulative grain
size distribution (rows in Figure), showing CAMs for all four convolution blocks in the SediNet
grain-size model (Figure columns). One might interpret each of these 12 CAMs as a spatial
map of how intensely the input image activates a specific grain size value, achieved by
weighting a spatial map of how intensely the input image activates different channels in the
convolutional block by another spatial map of how important each channel is with regard to
the grain size value. The analysis demonstrates that each convolution block is weighted to
activate different parts of the input image (Figure 8A). The first and second convolutional
blocks tend to result in activations in grain interstices only, with generally stronger activations
for larger percentiles (compare Figure 8B and 8J, and 8C and 8K). The third and fourth
convolution block results in stronger activations for individual grains and grain outlines with
generally stronger activations for larger percentiles and for the largest grains (compare Figure

8E and 8M).

Convolutional neural networks have been particular useful for analysis of images because
they implement invariance to translation and the convolution filters share weights spatially,
which exploits stationarity in the image (Buscombe and Carini, 2019; Goodfellow et al., 2016).
There is typically a lot of stationarity (i.e. repeating spatial patterns) in images of sediment
grains, because the location of grains of all sizes within the image is typically random. This
is especially the case for relatively well-sorted sediment and or images of relatively large
numbers of individual grains, because in those cases grains of all sizes are present in large
numbers throughout the image. Training a deep neural network requires fitting a large
number of parameters, which usually requires large training datasets. This paper has

demonstrated that 400 images might be a sufficiently large data set to train a model that
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produces accurate predictions on unseen test images, but | would expect models only to
improve by retraining and refining with more data. Data-driven models should also be highly
accurate for smaller populations given large training data (Figure 6). Another approach to
mitigating any reliance on large datasets is to use simulations to generate supplemental
synthetic training data (e.g. Buscombe, 2013; Buscombe and Rubin, 2012a) or using data
augmentation through random image synthesis (e.g. Buscombe et al., 2019). Given recent
progress in self-supervised deep learning models that do not require data labeling (e.g. Oh
et al., 2019), it might even soon be possible to estimate sedimentological quantities
accurately without manual image classification, manual axes measurements, or some other

form of calibration.

Conclusions

| have described a configurable machine-learning framework called SediNet for estimating
either (or both) continuous and categorical variables from a photographic image of clastic
sediment. To demonstrate the framework, five separate models were configured and trained,
three of which for estimating various grain size metrics on both mixed and single populations
of sediment, and two for classifying aspects of grain shape and population. Perhaps of most
significance is that SediNet can be configured and trained to estimate equivalent sieve
diameters directly from image features, without the need for area-to-mass conversion
formulas and without even knowing the scale of one pixel. As such, it is the only optical
granulometry method proposed to date that does not necessarily require image scaling.
SediNet will allow for reliable estimation of several sedimentological variables from arbitrary
imagery of sediment, where grains may be either supra- or sub-pixel in scale, and where
conversions between grain size measurements on different physical or statistical scales

might be learnt directly from the data. The model framework should therefore find numerous
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application in the spatio-temporal monitoring of the grain size distribution, shape, mineralogy
and other quantities of interest, of sedimentary deposits as they evolve. This study has also
served to exemplify how machine learning can be a powerful tool for automated and
simultaneous quantitative and qualitative measurements from the same remotely sensed

imagery.
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