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The size and distribution of substrate within fluvial environments plays a fundamental role in the availability of
aquatic habitats. Remote sensing approaches to substrate size quantification have previously provided coarse
grain size outputs (c. 1m) at the catchment scale and very fine resolution outputs (c. 1mm) at the patch scale.
Within this paper we assess the potential of a novel approach for rapidly providing hyperspatial resolution (c.
1cm) substrate size outputs at the intermediate mesoscale. This scale is of relevance to rapid habitat assessments
within a riverscape style framework. Our approach uses imagery acquired from an unmanned aerial system
(UAS) and processed using structure-from-motion (SfM) photogrammetry. We test this method on a 120m reach
of a small, shallow river in the English Lake District. We explore the value of SfM point cloud roughness values
for developing a predictive relationship with field-measured substrate size. Jack knife analyses indicate that our
model is capable of predicting grain sizes with an average residual error of -0.011cm and standard deviation of
1.64cm. We show that our UAS-SfM method offers a rapid, flexible, high spatial resolution, spatially continuous
and spatially explicit approach for quantifying fluvial grain size. However, poor precision of grain size estimates
suggests that further refinement of our approach is required. With further testing and on-going developments in
the capabilities of UAS and associated SfM software, our method may provide a viable method for quantitative,
mesoscale river habitat assessments in the future.

1 INTRODUCTION

The mapping and quantification of fluvial substrate (or grain) sizes has long been recognized as important in the
study of fluvial process, within both science and management applications. Grain size data is often included as a
key input parameter to hydraulic models, and is essential for quantifying sediment entrainment, transfer and
deposition within fluvial environments. It is also a key determinant of fluvial habitat availability.

Traditional approaches to grain size mapping are well established. Qualitative approaches usually comprise
the visual assessment of substrate size using classification schemes such as the Wentworth Scale [1]. For
example, the UK’s River Habitat Survey (RHS), used routinely to characterise habitat quality in England, uses
the Wentworth Scale to record substrate size at spot check locations at 50m intervals along 500m reaches [2].

Quantitative methods usually involve in-situ or laboratory based physical measurement of individual grains.
Such approaches may comprise areal, grid, transect or volumetric sampling [3]. Areal sampling usually focuses
on small sample patches distributed across the site of interest where measures of the A, B and C axis of every
clast are taken. Systematic sampling of individual grains is typically conducted according to a pre-established
grid pattern [e.g. grid-by-number; 4]). Laboratory work is required for volumetric analysis, where weight of the
armour layer is often sought [3]. Such methods provide quantitative grain size measures, albeit with some
limitations; data are never spatially continuous, only sometimes spatially referenced, and rarely cover large
spatial areas with great detail. In addition, these approaches can be labour-intensive, time consuming and often
make assumptions about the representativeness of the spatially discontinuous samples over larger areas. The
finer grain material is often under-sampled by a grid-by-number approach [3, 4] and the removal of samples for
volumetric analyses in the laboratory can destroy the local patches of habitat that they are aiming to investigate.

Since the 1970s, alternative methods of substrate size quantification have made use of developments in
remote sensing technologies, fuelled by the need for less subjective approaches, which are non-invasive, reduce
the time and effort spent in the field or laboratory, and provide more continuous spatial coverage at larger scales.
Ongoing advances in digital image analysis and surveying technologies mean that there is now an evolving body
of remote sensing based research for grain size quantification. For example, close range photo-sieving methods
have been beneficial for providing very fine resolution (<1mm) grain size outputs at the patch scale (< 2 m?),



with equivalent levels of precision to traditional in-situ sampling [e.g. 5]. Terrestrial laser scanning approaches
have also shown promise for grain size estimation at fine resolutions (ca. 5 cm) from point cloud data [e.g. 6],
although they are limited somewhat by their inability to cover large areas with speed, and by the cost of
acquiring a scanner in the first instance. At the reach and catchment scale, the computation of image textural
variables from aerial imagery has been demonstrated as a reliable predictor of fluvial grain size at 1 m spatial
resolutions [7]. No single technique has yet proved its value for the rapid quantification of substrate size at the
mesoscale however, with continuous, centimetric spatial resolution over channel lengths from ca. 50 m to a few
hundred metres. Yet such outputs would be of particular value for contributing to our scientific understanding of
mesohabitats and their applied management [8, 9].

Recently, the development of small unmanned aerial systems (UAS) and parallel developments in structure-
from-motion photogrammetry (SfM) have provided an alternative approach for quantifying a range of river
habitat parameters [e.g. 10, 11]. Grain size studies using a UAS-SfM approach have been few to date, and have
produced only coarse scale outputs (0.7-1 m, [10, 12]), which can be adversely affected by the blurred imagery
caused by an unstable UAS or poor camera gimbal. Furthermore, these studies have not provided explicit error
assessments associated with grain size estimates. Given the burgeoning interest in UAS for environmental
applications, there is a need for robust and quantitative testing of grain size estimations produced in this way. In
addition, methods which do not rely on the blur-affected image texture approach would be of benefit. For
instance, the SfM process produces a point cloud, the analyses of which have already been conducted for grain
size estimation using TLS data [e.g. 6]. Within this paper, our aim is to assess quantitatively an approach based
on the roughness of UAS-SfM point clouds for quantifying fluvial grain size at hyperspatial resolutions over
mesoscale channel extents.

2  SITE LOCATION AND METHODS

Our study site comprised a ca. 120 m long section of Coledale Beck, a gravel-bed river located in the English
Lake District (Figure 1). Data acquisition was undertaken in July 2013 during bright and sunny conditions, with
a low flow level and clear water. Permission from the landowners was granted for UAS flying. A series of black
and white ground control points (GCPs, Figure 2) were distributed throughout the site prior to flying and their
positions surveyed using a Leica Builder 500 total station. All GCP positions were then related to points of
known geographic position, as determined by differential GPS. We acquired imagery from a flying height of ca.
30 m above ground level using a Panasonic Lumix DMC-LX3 camera mounted on our rotary-winged
Draganflyer X6 UAS (Figure 3). Images covered areas of bankside vegetation, the submerged channel and, for
the purposes of this study, a number of exposed, lateral gravel bars.
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Figure 1. Location of the study site at Coledale Beck, Cumbria, UK (maps sourced from OS Digimap).



Figure 2. GCPs used for georeferencing.

Figure 3. The Draganflyer X6 UAS.

We discarded those images suffering from blur or other visual defects and processed the remaining photos using
Agisoft’s PhotoScan Pro software (version 0.9.1.1714) to produce an orthophoto, a digital elevation model
(DEM) and a dense point cloud. During this process we used the GCP positions to georeference the data to
OSGB 1936 (British National Grid) and subsequently optimize the model to reduce geometric distortions. We
removed noise from the point cloud using filtering (mean of the interquartile range in elevation of points falling
within 6 x 6 mm cells) and smoothing procedures (mean elevation of points within a 2.5 cm radius moving
window) written in-house. Then, we computed point cloud roughness based on various different kernel sizes at 5
cm intervals from 5 to 50 cm, using the inbuilt roughness tool within the freeware package CloudCompare [13].

Average point cloud roughness was computed for 25 40 x 40 cm square plots for which grain size data had
also been acquired in the field. We measured a random sample of 25 clasts by hand for each plot and
subsequently computed grain size distribution metrics, including the commonly used Dsy and Dgs. Time
constraints prevented the collection of a larger ground truth dataset. Next, we conducted a series of linear
regressions to determine the roughness metric and grain axis/size metric which were most strongly correlated
with each other. We excluded two plots from this analysis due to footprints adversely influencing the local
topography and measures of point cloud roughness.

The equation describing the strongest relationship between roughness and grain size measures was then used
as a model to predict substrate size for the rest of the site. We then validated our model using a jack-knife
approach, which iteratively excludes one plot at a time and then uses the model based on the remaining plots to
predict grain size for the excluded plot. Measured grain size is then compared to predicted grain size to assess
model performance and compute the accuracy (mean error) and precision (standard deviation) of our grain size
estimates.

3  RESULTS

We observed the strongest linear regression between point cloud roughness computed using a 20 cm kernel size
and the Dgq of the substrate B axis as measured in the field, as shown in Figure 4. Validation of this predictive
relationship indicates a large range in residual errors (+2.14 to -3.62 ¢cm) and low precision of grain size
estimates (standard deviation of 1.64 cm). The mean residual error is -0.01 cm. Figure 5 compares observed and
predicted grain sizes, with the slope value (0.7367) indicating that grain size is typically underestimated by the
model.
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Figure 4. Model calibration relationship.
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Figure 5. Observed vs. predicted grain size.



4  DISCUSSION AND CONCLUSIONS

Within this paper, we have demonstrated for the first time that a UAS-SfM point cloud based approach can be
used to predict substrate sizes over channel lengths of ca. 120 m, with a mean accuracy of less than a centimetre.
This represents a promising development for the rapid, quantitative, objective, spatially continuous and spatially
explicit surveying of fluvial grain sizes. As such, this approach provides significant advantages over traditional
methods [e.g. 1, 2, 4], and provides a new and unique remote sensing option for surveying fluvial grain size at
high resolutions and over mesoscale channel extents. Consequently, we believe that this novel approach has the
potential to aid our scientific understanding of riverine habitats and their applied management, within a
riverscape style framework [9].

Before this can be achieved however, an improvement in the precision of grain size estimates is required. At
present, better levels of precision are hampered by factors other than grain size affecting point cloud roughness.
These factors include grain packing and imbrication, local topography, the presence of vegetation and water;
problems which are not unique to our approach [e.g. 3, 6]. The smallest grain size which can be predicted is
currently limited to 5 cm by the point cloud resolution and the smoothing and filtering procedure needed to
remove noise from the cloud. In addition, in its current form this method still requires the time-consuming field
collection of substrate size data for model calibration and validation, and has not yet been validated within
submerged areas. However, with the on-going expansion and maturing of the UAS market alongside parallel
developments in computing power and processing software, it is unlikely that these current limitations will
remain as obstacles for long.
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