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Fine sediment dynamics over a gravel bar. Part 1:

Validation of a new image-based segmentation method

Junjian Denga, Thomas Dreveta, Lionel Pénarda, Benôıt Camenena,∗

aInrae, UR RiverLy, centre de Lyon-Grenoble, Villeurbanne, France

Abstract

In this paper, we present a new image processing algorithm to analyse
fine sediment deposits on gravel bars. The method is based on pictures taken
from the river bank with an average resolution of a few centimetres per pixel.
The proposed image processing algorithm consists of two steps. In the first
step, the raw image is orthorectified with a 5 cm pixel size. In second step,
we used an original combination of two well-known image techniques to clas-
sify pixel. First, a high-pass filter is applied in the Fourier domain to correct
grey-value potential bias, i.e. to merge wet and dry deposits. Then, an unsu-
pervised classification process based on K-means clustering is conducted to
partition image pixels into K classes. The area of fine sediment deposits is
calculated by summing the area of each class multiplied by weighting param-
eters (surface area percentage of fine deposits for each class). The value of K
and the weighting parameters are calibrated using local close range photos
of the bar surface representing the spatial variation of surface fine sediment
distribution. The algorithm is then validated with field measurement using
the finest class (d < 4 mm) of Wolman pebble count method. The impact of
image resolution is investigated: the algorithm was found suitable for pixel
size between 1 and 10 cm. The robustness of the present algorithm to im-
ages taken at different times and with different illuminations is studied by
comparing it to two methods from the literature. The new method yields
the most robust results with an average standard deviation lower than 5%.
It yields larger surface of fine sediment since it includes all possible patches
around coarse particles. Such results imply that the algorithm can be applied
on a long image series to help us understand the temporal dynamics of fine
sediment deposits on the bar surface.
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1. Introduction1

Alpine rivers are usually characterised by a large amount of fine sed-2

iments travelling over the gravel-bed system as suspension (Lenzi et al.,3

2003; Navratil et al., 2010; Camenen et al., 2016; Pagano et al., 2019; Misset4

et al., 2019; Antoine et al., 2020). These suspended sediment loads are as-5

sociated with important socio-economic (flooding, damage to infrastructure,6

. . . ) and environmental (ecological habitats, nutrient transport, . . . ) issues7

(Vercruysse et al., 2017; Juez et al., 2018). High suspended sediment con-8

centrations during flood events usually lead to large deposits on gravel bars9

(Kondolf and Wilcock, 1996). Wohl and Cenderelli (2000); Rathburn and10

Wohl (2003) showed that fine sediment deposition occurs primarily in pools11

and in lateral eddies. In addition, flood event duration and flow velocity12

govern the volume and grain size distribution of this deposition (Camenen13

et al., 2016). Such deposits impact the sedimentary construction of the river14

and may lead to stratifications (Wang et al., 2008). Furthermore, changes in15

channel morphology and large deposits of fine sediments may also have an16

impact on the vegetation dynamics in the river channel (Jourdain et al., 2020)17

and on fish habitat due to clogging of interstices as observed by Lisle (1989);18

Kondolf and Wilcock (1996); Wood and Armitage (1997); Liu et al. (2004).19

The development of gravel bars and pools is essential for spawning habitat20

for fishes, and for rheophilic invertebrate species but their habitat conditions21

remain very sensitive to the grain size distribution (Rubin et al., 2004; Kemp22

et al., 2011). In a flood-regulated river, Grams and Schmidt (2002) showed23

that the aggradation of the downstream reach was accompanied with fine24

sediment accumulation along riverbanks and gravel bars in the absence of25

high intensity flows. Folk and Ward (1957); Konrad et al. (2002); Cordier26

et al. (2020) also showed that gravel bars had a significant importance in27

grain sorting and sediment transfer along the river. Thus, there is a need to28

better understand the fine sediment deposit characteristics and dynamics as29

a continuously varying patchy environment (Fausch et al., 2002).30

Suspended sediment load can be continuously and remotely measured in31

a river by combining the turbidity-water discharge measurements. However32

the surface fine sediment deposition and fine sediment stocks in the river33

system can only be evaluated occasionally and locally by collecting samples34

in the field (Lambert and Walling, 1988; Navratil et al., 2010; Piqué et al.,35

2014; Misset et al., 2021). Moreover, field experiments, which consist in36

evaluating the grain size distribution of a surface patch, is extremely time-37

consuming (sampling, sieving, sediment drying, etc.). So the investigation38
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of fine sediment dynamics is thus limited in the temporal and spatial scale.39

One solution could be to use a numerical hydro-sedimentary model calibrated40

with discrete local measurement to generate deposition data. Such models41

remain however difficult to validate and to apply to large domains.42

Several investigations highlighted the possibility of using image process-43

ing analysis to directly estimate the grain size distribution in an orthorec-44

tified image. These methods can be simply divided into two categories: (i)45

delineation methods (Graham et al., 2005; Detert and Weitbrecht, 2012; Car-46

bonneau et al., 2018; Purinton and Bookhagen, 2019), which allow the full47

delineation and measurement of every visible grain in the image, and (ii)48

texture methods (Carbonneau et al., 2004; Verdú et al., 2005; Buscombe,49

2013; Black et al., 2014; Buscombe, 2020; Lang et al., 2020), which use the50

statistical analysis of image intensity and texture to extract grain-size infor-51

mation from digital imagery. The benefits of delineation methods are that52

segmentation does not require any site calibration but only knowledge of the53

image scale in order to estimate a full detailed grain size distribution. Among54

these methods, a free application called Basegrain developed by Detert and55

Weitbrecht (2012) has become a reference tool. It is based on edge detection56

followed by watershed segmentation (a classical image segmentation algo-57

rithm) and ellipse fitting. It is worth noting that delineation methods often58

require high spatial resolution point clouds and/or close-range images, which59

limited these methods to small areas. Furthermore, these methods could60

not delineate particles smaller than a few pixels, which is often the case for61

fine sediments. In contrast, texture methods could be used to evaluate the62

grain size distribution for a large surface area and different image resolu-63

tions. Carbonneau et al. (2004) and Verdú et al. (2005) worked on a small64

subset of grey-level co-occurrence matrix parameters on the image texture to65

possibly map the grain size distribution down to sand-size particles. In the66

recent years, researches showed that machine learning techniques performed67

well for image classification and regression, specifically the convolutional68

neural network (CNN) as a type of artificial neural network (ANN). Bus-69

combe (2020) used CNNs to develop a data-driven machine-learning frame-70

work called SediNet to predict the grain size distribution as well as sediment71

population and sediment shapes. Lang et al. (2020) also developed a CNN72

model called GRAINet to provide an end-to-end estimation of the grain size73

distribution. These two models could both predict the grain size distribution74

without knowing the image scale. Despite the fact that most of these meth-75

ods could remotely measure the grain size distribution in either a close range76

image or a high airborne image, few studies focused on the fine sediment77

mapping. However, fine sediments are extremely dynamic and their surface78

distribution over gravel bars can vary significantly during a year (Came-79
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nen et al., 2013). Camenen et al. (2013) thus developed a method based80

on the shape of the local image histogram to determine thresholds between81

fine, mixed and coarse sediments and then segment the image into different82

classes of sediment over the bar surface. This method is easy to implement,83

but threshold values need to be changed when acquisition conditions vary84

(sun/clouds, time of the day, shadows, season, etc.). So when dealing with85

a large amount of image data, the calibration of the histogram thresholds86

for each image would be time-consuming and inefficient. Carbonneau et al.87

(2005) also proposed a texture-based image segmentation method to quantify88

the superficial sand presence in dry exposed fluvial gravel bars. The method89

is based on the textural contrast calculation following a 3 × 3 pixel-size win-90

dowed application of the co-occurrence matrix. The acquired textural image91

was then segmented into two classes (sand and clasts) using the method of92

Otsu (1979). This method is also easy to implement and efficient, however93

the authors mentioned the limitation of the method dealing with silts and94

clay. Moreover, the method was only applied to the images of dry sand sed-95

iments, the application of this method in a mixed moisture situation where96

the fine sediments were partially dry and wet still remains unclear. Given97

that the fine sediments close to the main channel and secondary channels98

were often wet and those on the high elevation bar surface were dry, a robust99

image segmentation method allowing to deal with varying moisture condition100

of the fine sediments is required.101

Over the last decades, unsupervised clustering procedures were largely102

built up to segment images into different meaningful clusters for further in-103

vestigation. In general, clustering methods allow to separate image pixels104

into different clusters where pixels inside one cluster should be similar ac-105

cording to some metric (e.g. intensity), while different from pixels from other106

clusters (Jain et al., 1999; Nelson et al., 2014). Several types of clustering107

algorithms are used in image segmentation, such as partitional clustering,108

hierarchical clustering, and density based clustering. Among these clustering109

algorithms, theK-means clustering algorithm (a partitional clustering) is the110

most popular algorithm because of its simplicity and efficiency compared to111

other clustering algorithms, even though a priori knowledge of the numbers112

of the clusters is needed (MacQueen et al., 1967; Jain and Dubes, 1988).113

This technique thus shows a potential application to the fluvial sedimentary114

images for the bed surface sedimentary investigation (Nelson et al., 2014).115

Nevertheless, to our best knowledge, no study was made so far to segment116

images for the fine sediment investigation using K-means type clustering117

methods.118

With the objective of improving the understanding of fine sediment de-119

posits on the gravel bar surface using image processing method, we propose120
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a new method to delineate fine sediment deposits over a gravel bar. To over-121

come the limitations of previous studies (Carbonneau et al., 2005; Camenen122

et al., 2013), this method is based on the application of a high-pass filter123

so that it is more robust to the low-frequency moisture variation of the fine124

sediments and to illumination changes. This step is followed by the K-means125

clustering algorithm. The method uses an orthorectified photo taken by a126

time-lapse camera from the river bank to automatically classify fine sediment127

pixels. The camera system is cheap, easy to set-up and allows to acquire im-128

ages with a frequency of a few images per day. The method is designed to129

be robust and efficient, so it can be used to process automatically a long130

time series of photos to investigate temporal variation of fine sediment dy-131

namics on a gravel bar surface. A calibration of the method is conducted132

using local close range photos of the bar surface from different positions to133

represent the spatial variation of surface fine sediment distribution. Using134

the optimised parameters found in the calibration step, we then validated the135

algorithm with field measurement using the Wolman pebble count method.136

A discussion on the robustness of the method and related uncertainties is137

also provided.138

2. Methodology139

2.1. Study site140

Experiments were made on the River Arc in the French Alps (Figure 1).141

The River Arc bed is a typical engineered European alpine river, straightened,142

embanked and used for hydroelectricity production. It is characterised by143

systems of alternate bars. A significant amount of fine sediment deposits are144

constantly observed on gravel bars along the river over time (Camenen et al.,145

2016). Most of the fine sediment flux occurs during the snow melt season146

(May to July), the fine sediments mainly coming from the highly erodible147

sub-catchments. Antoine et al. (2020) showed that short term hydrological148

events such as dam flushing events and floods can also transport a large149

amount of fine sediments, and stocks from the deposits on the bars’ surface,150

which are non-negligible in the fine sediment budget.151

The area of interest is located on a 250 m long gravel bar, part of an152

alternate bar system (Jaballah et al., 2015), located on the left bank side of153

the river, approximately 16 km downstream Saint-Martin-la-Porte reservoir154

(Figure 1). Lateral limits are set by 5 m high embankments made of boulders155

and scattered trees. The mean slope of this reach is approximately 0.6%.156

Over this reach, the grain size distribution is poorly sorted and typical median157

grain size diameter varies from 10 cm on the bar head to 2 cm on the bar158

tail (Jodeau, 2007). Fine sediment deposits observed on the gravel bar are159
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composed of a sand and silt mixture (Camenen et al., 2016), made of black160

marlstone.161

 

Figure 1: Left: Study site location at Ste-Marie-de-Cuines (the red triangle indicates the
location of the studied gravel bar in the Arc river) and right: a view of the camera setup,
a top view of entire bar and an example of the image took from the camera (white arrow
indicates the flow direction).

2.2. Data collection162

2.2.1. Image acquisition system163

A commercial digital trail camera (Bolyguard MG983G-30M) was in-164

stalled in May 2017 on the top of the left bank, attached to a tree trunk in165

order to monitor the bar surface with the most favourable viewing angle. The166

image sensor corresponds to a 14MP colour CMOS with 20MP and 30MP167

interpolation. The focal length is 7.4 ± 5% mm, the camera field of view is168

57◦, and the optical distortion is less than -1 % (barrel distortion). Approx-169

imately one third of the gravel bar lays within the camera field of view. Due170

to the location of the camera, a shooting angle of around 60◦ is introduced in171

each image. The camera is set on the Time Lapse mode to allow to capture172

30MP images with a ground resolution varying from 2 to 5 centimetres on173

the bar surface, depending on the distance to the camera. The camera was174

set to take two images per day, one in the morning and one in the afternoon.175

A two-year image series was thus acquired from 2018 to 2020.176
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2.2.2. Image subset for investigation of robustness to weather condition177

Among our two-year image series, variation of image quality was observed178

due to different weather conditions. To investigate the impact of weather179

conditions on the image quality, a set of 55 images was selected. These images180

were taken during the dry season in February 2018, for which discharge was181

consistently around 6 m3/s. No significant hydrological and hydro-climatic182

event took place during this period; it can thus be assumed that the fine183

deposit surface area is constant during this period. Table 1 summarizes four184

major weather conditions that appeared in this subset. On the first line of185

Table 1, the image corresponds to a specific case when a valley fog took place.186

The view of gravel bar is blurry and the texture of sediment becomes unclear.187

The second example was taken in a morning when there was a clear sky in188

the valley. The third image was taken on the same day as the first one but189

in the afternoon, which was sunny. The sun in the afternoon makes a few190

long inclined tree shadows on the bar, which makes the deposit zone fuzzier.191

Coarse sediments can be clearly observed and the texture of different types192

of sediment is distinguishable. The last one was taken on a cloudy morning.193

Compared to Image 3, the bar surface is more homogeneous because of the194

less powerful sun light on the surface; a lower contrast appears between coarse195

and fine sediments, however, the deposit zone is still distinguishable.196

7



Weather
condi-
tion

Number
of

Images
Example image Image quality

Foggy 3 Degraded due to the fog

Sunny
morning

10
High contrast and clear

texture

Sunny
after-
noon

12

Trunk shadow on the
bar’s surface, high
contrast, and clear

texture

Cloudy 30
Low contrast and low

texture

Table 1: Summary of image quality depending on the weather condition in the image
subset.

2.2.3. Complementary bed surface data197

Drone images taken on 12 July 2017 are also available on the studied site.198

They were taken vertically, with a ground resolution of 1 cm. We subsampled199

these images to obtain several resolutions: 1 cm, 3 cm, 5 cm, 10 cm, 15 cm200

and 20 cm. These images were used to assess the applicability of our method201

on images with different resolutions.202

In addition, we also took 11 local close range images in January 2019 at203

different locations on the bar surface, chosen to take into account a large204

variety of sediment distributions and surface textures (Figure 2). We used a205

Sony HX99 compact camera model (18 MP image, focal length of 4.2 mm).206

The image ground resolution is 0.5 mm/px. Every image was taken verti-207

cally to ensure that no shooting angle is introduced, and every image was208

georeferenced using DGPS. These close range images were used to get highly209
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detailed ground truth data about the two sediment classes, fine and coarse,210

in order to calibrate the method.211

¯
Close range photos 

Image 1
Image 2
Image 3
Image 4
Image 5
Image 6
Image 7
Image 8
Image 9
Image 10
Image 11

0 3,5 7 10,5 141,75
m

Figure 2: Left: Location of 11 close range photos on the studied gravel bar, and right:
Manually corrected output from Basegrain for Image 1 within the 11 close range photo
data (see Section 2.3.1).

Finally, several evaluations of the surface grain size distribution at dif-212

ferent locations over the gravel bar were made in June 2019 just before and213

after a dam flushing event using the Wolman (1954) pebble count method.214

The studied patches were chosen to be representative of the bar surface di-215

versity and their location is displayed in Figure 3. In each patch, we collected216

around 200 grains along several back and forth transects and we measured217

each particle’s b-axis. The grain size distribution curve of all Wolman sam-218

ples is plotted in Figure 3. They were used as ground truth data to assess219

the validity of our method’s results.220

¯
Wolman Patches

Patch1
Patch2
Patch3
Patch4
Patch5

0 3 6 9 121,5
m 10 3 10 2 10 1 100

Particle Size (m)
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before flush
after flush

Figure 3: Left: Location of the Wolman pebble count method’s patches, and right: grain
size distribution curves from the Wolman pebble count method.
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2.3. Ground truth data generation221

2.3.1. Areal ratio of fine sediment deposits using close range photos222

We constructed our ground truth data using the close range photos taken223

on the bar surface. At first, the grains in each photo were automatically224

detected by using Basegrain (Detert and Weitbrecht, 2012) (reference tool in225

the literature for the grain size distribution analysis in a close range image).226

The minimum grain area detected by Basegrain was around 10 pixels, which227

corresponded to a minimum grain size of 5 mm. Then, we corrected each228

output of Basegrain manually to minimize the errors from the automatic229

detection (e.g. missing detection, grain overlap, over-detection, etc.). An230

example of the output of Basegrain is presented in Figure 2 (all results are231

given in the Supplementary Material). It is worth noting that Basegrain232

was designed to estimate the coarse particles; so, in order to be comparable233

with our proposed method, we assumed that the undetected area from the234

Basegrain result was the fine sediment area (with grain size lower than 5 mm).235

Under this assumption, the fine sediment areal ratio Φf
S,Base for each image236

was then calculated as follows:237

Φf
S,Base = 1− Sd

Sj

, (1)

where Sd is the detected area in the close range image of total area Sj of the238

image. The 11 fine sediment areal ratios were thus obtained and formed the239

ground truth data used to calibrate our method.240

2.3.2. Conversion from volumetric to areal sampling for the Wolman data241

The Wolman pebble count method provided an evaluation of the volu-242

metric ratio (Φi
V,Wol) whereas the image processing method provided an areal243

ratio. Therefore, to be able to compare the results of these two methods, we244

need to convert the Wolman data to an areal grain size distribution. Using245

the American template FISP US SAH97 to measure the collected samples,246

the minimum grain size that we measured was 4 mm. We tallied all particles247

smaller than 4 mm in the d < 4 m class as Bunte and Abt (2001) suggested.248

Therefore, we used the d < 4 mm frequency in the grain size distribution249

from the Wolman method to represent the fine sediment frequency. This250

analysis of the samples was conducted for all five patches.251

The Wolman grain size distribution was transformed into the areal grain252

size distribution Φi
S,Wol by the following equation suggested by Bunte and253

Abt (2001):254

Φi
S,Wol =

Si
Wol

Σn
j=1S

j
Wol

=
Φi

V,Wol × 1 m3

Di
WolΣ

n
j=1S

j
Wol

(2)
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where Di
Wol is the diameter of class i; Si

Wol = (Φi
V,Wol × 1 m3)/Di is the255

equivalent area for class i with the term 1 m3 being added for units corre-256

spondence; n is the number of sediment classes.257

The statistical error for Wolman measurements is estimated according to258

Bunte and Abt (2001), that is a function of the percentile of the fine sediment259

class; the reader may refer to the Supplementary Material for details.260

2.4. Image processing methodology261

2.4.1. Preprocessing steps262

The proposed method does not work directly on raw images acquired from263

the trail camera, it requires several preprocessing steps: (1) internal camera264

calibration (done only once); (2) camera position and exterior orientation265

estimation, with ground reference points (GRPs); (3) orthorectification to266

obtain equally sized pixels throughout the image and remove distortions so267

that we can display both image and segmentation results in a GIS software.268

The orthorectification step requires knowledge of camera intrinsic and ex-269

trinsic parameters along with a Digital Elevation Model (DEM) of the area.270

Camera calibration was performed using the OpenCV image processing li-271

brary in Python (Bradski, 2000) to get the intrinsic parameters (focal length,272

optical centre projection, distortion). Similarly, the extrinsic parameters (lo-273

cation and orientation of the camera) were computed by matching between274

the GRPs in the field 3D coordinates and them in the image 2D coordinates.275

To do so, we implemented a set of GRP targets on the bar surface in the276

camera field of view to specify the position of the GRPs. The 3D real-world277

coordinates of the GRPs were acquired by measuring directly the coordi-278

nates of these targets using DGPS (positioning errors ranged from 1.7 to 3.4279

centimetres). The pixel coordinates of the GRPs were obtained manually280

from the input bank-view images. The translation and the rotation vectors281

were then estimated using measured 3D coordinates and pixel coordinates of282

GRPs. The extrinsic parameters are thus estimated based on these two vec-283

tors using OpenCV build-in functions. Once knowing the camera position284

and orientation, the final orthorectification is conducted to project image285

pixels into 3D coordinates.286

Several topographic surveys were carried out to produce the DEMs (called287

measured DEMs) used during the orthorectification step. The gravel bar was288

found to be nearly flat and horizontal, so a flat DEM was also considered289

to produce the orthoimages, and the results of the method are given using290

it. The comparison between measured and flat DEMs is discussed in section291

3.3. The orthorectified image resolution is 5 cm in accordance with the initial292

image resolution.293
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2.4.2. Classification294

The classification is based on the following general observations: (1) For295

each single image, fine sediments generally result in a lower image brightness296

than coarse sediments because of their different texture. This difference of297

texture can be distinguished in the frequency domain as the fine sediments298

have a longer period and lower magnitude frequency. Also, the edge of the299

coarse sediments is often easy to recognise in the image because of the abrupt300

change of intensity. This local variation of intensity is presented by a shorter301

period and higher magnitude frequency in the frequency domain. There-302

fore, a filter in the frequency domain can be applied to enhance the intensity303

difference between the fine sediments and coarse sediments for an easier clas-304

sification; (2) In addition, the low frequency also corresponds to the slow305

spatial intensity change of fine sediments due to the change of moisture or306

the variation of brightness. This property is useful for classification when307

dealing with the different wetness conditions of fine sediment present at the308

same time in the image. In our image data, we often found that either all309

the fine sediments are wet (after a rain event or a total submersion due to310

the flood event), or the centre of the bar is dry whereas a strip of wet fine311

sediments is present on the edge of the bar, in particular along the secondary312

channel (in most of cases).313

Based on these general observations, our motivations were at first to sup-314

press low frequency trends in the intensity variations, then to apply a robust315

segmentation. To realise these motivations, our method includes two main316

steps. In the first step a high-pass filter (HPF) is applied to the image in the317

frequency domain to suppress low frequencies. This technique is commonly318

used in the image processing; we use it to enhance the intensity of the coarse319

sediments to be more distinguishable and to remove the moisture and bright-320

ness variations of fine sediments. In the second step, pixels are classified into321

different clusters based on their filtered intensity using K-means clustering.322

Figure 4 gives an overview of classification steps.323

Step 1: High-Pass Filter324

We firstly convert the input RGB image into a greyscale image. Next, we325

transform the image signal into the frequency domain using a 2D fast-Fourier326

transform (FFT). In the frequency domain, we apply a square HPF, consist-327

ing in setting to zero the low frequency values inside a ω×ω square window at328

the centre of the frequency domain. Finally the image is transformed back to329

the greyscale spatial domain by doing an inverse FFT. The converted image330

is then ready for the next step. The size ω of the HPF is determined after331

a sensitivity analysis. This ω value is investigated from 1 to image width.332

Results are found to be not sensitive to ω if ω ∈ [5; image width]. In this333
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study, we set ω = 150.334

Masked Image Final segmentation

Raw image Orthorectified image

Preprocessing

image Image after HPF

Step 1 : High-Pass Filter

Step 2: Classification - K-means clustering

Figure 4: Schematic view of image processing method. Preprocessing: A raw image
acquired by the camera system is orthorectified with a resolution of 5 cm. Step 1: A HPF
is used to cutoff the low frequency to highlight the textural elements. Step 2: Image is
masked to remove all the elements that are not part of the gravel bar (water, vegetation
etc.) and segmented based on the value of pixels using K-means clustering.

Step 2: Classification - K-means clustering335

A 1D K-means clustering algorithm coded in a OpenCV function is used336

to segment the image after HPF, into K classes with respect to the value of337

the pixels. Pixels with lower values represent fine sediments as they have little338

or no texture. On the contrary, the pixels containing gravel / pebbles have339

higher values as they can be identified easily because of a high texture. The340

K-means algorithm thus finds the optimal thresholds between K classes and341

classifies the pixels into K classes from lower value to higher value according342

to these thresholds (c.f. right graph of Step 1 in Figure 4). Specifically,343

the K-means algorithm starts with randomly choosing K centroids, then the344

pixels closest to the centroids are grouped together. After grouping the pixels,345

the positions of K centroids are re-shifted to new positions estimated from346

the grouped pixels, then pixels are regrouped again according to these new347

centroids. The algorithm is iteratively executed and stops when the difference348

between the positions of the last iteration centroids and the positions of the349
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current centroids is under a threshold. In our case, this threshold is set to350

0.1. The final result image is stored into a 2D array where pixels are labelled351

by the cluster number. We extract each class and binarize it for visualization.352

The area of each class Si
K is then calculated.353

Finally, we add a weighting parameter to each class to account for the354

area of fine sediments it contains. The final fine sediment areal ratio Φf
S for355

one K value thus read:356

Φf
S,K =

ΣK
i=1α

i
KS

i
K

Sj

, (3)

where αi
K is the weighting parameter and Si

K is the area of class i (i =1, 2,357

..., K).358

A calibration is necessary to determine these weighting parameters, and359

is described in the next paragraph.360

2.5. Calibration of the weighting parameters361

The calibration objective is to find the most appropriate number of clus-362

ters K and the set of weighting parameters to have an optimized Φf
S,K that363

fits the ground truth data Φf
S,Base. Two criteria are used to perform the364

calibration fit:365

� the bias of average fine sediment areal ratio:

BΦf
S,K

=
1

n
Σn

j=1(Φ
f
S,K − Φf

S,Base) (4)

� the Root Mean Square Error (ERMS):

ERMS =

√
1

n
Σn

j=1(Φ
f
S,K − Φf

S,Base)
2 (5)

with n = 11 the number of images. The optimised results are those who have366

the minimum bias and ERMS.367

Four different K values (K = 3, 4, 5, 6) are tested. For each K value, the368

weighting parameter for each class is evaluated by sweeping the parameter369

space with a step of 0.1370

The calibration of the new method is conducted using the ground truth371

data generated from the close range photos presented in Section 2.3.1. To372

be consistent with the date of these close range photos, we select the most373

temporally close bank-view photo and apply the proposed method to it. The374

calibration is performed only once. Afterwards, these obtained optimised375

parameters are used for all the images.376
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2.6. Optional step: median filter377

Results from the classification could produce isolated pixels for each class,378

or individual holes. To prevent this, another processing step could be added379

to the process: a median filter. It aims at removing isolated pixels and380

narrow lines of pixels from the results. The filter size is set to 5 × 5 pixels381

and it is applied to each class resulting from the K-means clustering. The382

weighting parameters are unchanged. This step is optional.383

2.7. Robustness assessment384

In order to assess the robustness of the method to illumination changes,385

weather condition and image quality, we investigate their effect by applying386

the calibrated method to the 55 images introduced in Table 1.387

We compare the dependence of our method’s results on weather condition388

to two methods from the literature. One is the method of Camenen et al.389

(2013) (hereinafter referred to as method of Camenen) written in Matlab390

and the other is an image analysis inspired by the method of Carbonneau391

et al. (2005) using the commercial software ENVI 5.3 (hereinafter referred392

to as method of Carbonneau). We apply the method of Camenen to the393

subset images using their proposed threshold values to distinguish different394

classes. Four classes are defined to segment the gravel bar surface according395

to the different histograms: fine deposit surface Sf
Cam, fine and coarse mixture396

surface Sfc
Cam, coarse and fine mixture surface Scf

Cam, and coarse sediments397

surface Sc
Cam. The fine sediment areal ratio Φf

S,Cam is thus set as follows:398

Φf
S,Cam =

Sf
Cam

Sf
Cam + Sfc

Cam + Scf
Cam + Sc

Cam

. (6)

In terms of the method of Carbonneau, we use the supervised classifica-399

tion module and the co-occurrence filter in ENVI 5.3 software to detect the400

fine sediments. Following the description given in Camenen et al. (2013),401

the image pixels are at first classified into 4 classes (tag, wood, pebble and402

fine sediment) according to the spectral analysis using predefined training403

data. In parallel, the contrast value of each pixel is calculated from the co-404

occurrence matrix by applying a 3 × 3 pixels window approach over the entire405

image pixels. A threshold binarization is then conducted on the result of the406

co-occurrence filter to classify image pixels into 2 classes (homogeneous zone407

and non-homogeneous zone) according to the contrast value of the pixels.408

Finally, the pixels, classified both in the fine sediment class of the spectral409

analysis result and in the homogeneous zone class of the texture result, are410

selected as the final result to represent the fine sediment deposits. The fine411

sediment areal ratio is then calculated by dividing the selected area by the412

total studied area.413
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3. Results and discussions414

3.1. Calibration using the close range photos415

The optimised results for each K are plotted in Figure 5. The details of416

calibration for each K are presented in Table 2. According to the calibration417

results, the method is not sensitive to the value of K as all four different418

K value groups yield similar results. Moreover, the spatial distribution of419

fine sediment seems to be successfully reproduced by the new method as420

the difference between the new method fine sediment areal ratio and ground421

truth fine sediment areal ratio for different images is below 10%. The best422

result is obtained with [α1
4, α

2
4, α

3
4, α

4
4] = [1.0, 0.5, 0.1, 0.0] for K = 4, which423

represented 100% of Class 1, 50% of Class 2, 10% of Class 3, and 0% of Class424

4. The minimum bias and ERMS are +0.2% and 4.6%, respectively.425
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Figure 5: Comparison between ground true fine sediment areal ratio Φf
S,Base (red line)

and the optimised image processing methodology areal ratio Φf
S,K (dashed line) for K =

3, 4, 5, 6.

α1
K α2

K α3
K α4

K α5
K α6

K BΦf
S,K

ERMS

K = 3 1.0 0 0 - - - 0.5% 6.0%
K = 4 1.0 0.5 0.1 0 - - 0.9% 4.4%
K = 5 1.0 0.6 0.2 0.1 0 - 1.3% 5.3%
K = 6 1.0 0.8 0.3 0.1 0 0 1.1% 4.9%

Table 2: Optimized values of αi
K after calibration with ground truth data.

However, the calibrated value of K and weighting parameters may no426

longer be suitable in an extreme case where there is 0% or 100% of fine sedi-427

ment coverage in the whole image. This is due to the fact that the algorithm428
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imposes to segment image pixels into K classes and only 50%, 10% and 0% of429

pixels in Classes 2, 3 and 4 are taken into account as fine sediment according430

to the current calibration result. In these cases, the method would overesti-431

mate or underestimate the fine sediment area, respectively. The calibration432

made here is based on a case (River Arc) characterised by a high proportion433

of fine deposits and by the lithology of its catchment. Another location with434

a different proportion of fine deposits and different type of lithology could435

require a change in the weighting parameters, thus a new calibration may be436

needed for a different river.437

3.2. Validation with the Wolman data438

To validate the method, we compare the fine sediment areal ratio esti-439

mated from this new method with the Wolman data presented in Section440

2.3.2. Indeed, since this method is totally independent from the previous441

one (close range photos analysed using Basegrain), bias should be limited in442

this validation step. Three bank-view photos before a dam flushing event and443

three after are selected to be analysed. Two Wolman patches were surveyed444

both before and after this flushing event and three (patches 3,4,5 in Figure445

3) were surveyed after the flushing event. Results are presented in Figure 6,446

and details on statistical error determination for Wolman measurements are447

given in the Supplementary Material. Several interpretations can be made:448

(1) The spatial variation of the fine sediment deposits for different patches449

seems to be successfully reproduced by both methods. The average differ-450

ence between Wolman and our method is 6% (except for Patch 4), which is in451

an acceptable range of uncertainty. However, a variation up to 5% between452

different photos for the same patch is noted (cf. Figure 6). This variation453

might be due to the variation of photo quality related to the weather condi-454

tion (discussed in Section 3.4). (2) The Wolman method yields a relatively455

high bias of 25% for Patch 4 compared to the other patches. This high bias456

was due to the fact that the grain size distribution in Patch 4 is observed to457

be relatively extended and skewed towards the coarse end, which thus results458

in a statistical error for the estimation of D5 corresponding to the fine sedi-459

ment (d < 4 mm). It was reported by Rice and Church (1996) in the River460

Fraser and River Mamquam that the error on the estimation ofD5 class could461

be up to ±30% for a sample of 400 particles using the Wolman method. In462

addition, the image processing method could also have a bias for Patch 4. As463

Patch 4 was located far from the camera, the distortions during orthorecti-464

fication are significantly higher than in near-field zones, which could explain465

the poorer results. The impact of position relative to the camera is discussed466

in Section 3.3.467
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Figure 6: Comparison between the fine sediment class areal ratio Φf
S,Wol from the Wolman

measurement and the fine sediment areal ratio Φf
S,K from the image processing method

for the dam flushing event in 2019.

3.3. Uncertainties related to the orthorectification and image resolution468

As shown in the validation results with the Wolman data, some discrep-469

ancies exist between the estimated fine sediment coverage and the field ob-470

servation. Several sources of uncertainty from the orthorectification process471

could explain this bias. Two elements are investigated: the choice of the472

DEM and the influence of the oblique angle.473

The DEM is a very important data within the orthorectification process,474

especially when the viewing angle largely differs from the vertical. In our475

case, the bar surface is very flat: elevation differences between the measured476

DEM and a flat DEM with a constant altitude are in a 50 cm range. The477

comparison between results obtained using orthoimages with a flat DEM478

and those with a measured one show that the overall bar emerged area is479

underestimated using the flat DEM by 3% compared to the measured DEM.480

The fine sediment deposits area is also underestimated with the flat DEM by481

5.4% in average, this value being constant over time. The uncertainty due482

to the flat DEM is thus rather low, due to the small elevation differences to483

the flat surface, and the fact that the elevation variations are very smooth.484

Moreover, deposition and erosion processes that occurred during the studied485

time period did not yield thick deposits or erosions. Thus the bar altitude486

remained stable over time. However, if morphological evolutions of the bar487

surface were not negligible, or if a very high precision was required for area488

results, measured DEMs should replace the flat DEM during the orthorectifi-489

cation step, based on topographic surveys done a regular basis or after every490

hydrological event that might modify heights of the bar surface.491
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The viewing angle of the images could also be a major source of uncer-492

tainty. Since our images are taken from the left bank side with a highly493

oblique angle, local topographic details such as the presence of the coarse494

particles or vegetation could cause occlusions to the area behind these obsta-495

cles. To quantify this source of uncertainty, we compared the fine sediment496

coverage obtained from our orthorectified bank-view image with the result497

obtained from the drone image, which represents the real surface state of498

the bar. The selected bank-view image is taken on the very same day as499

the drone image. The fine sediment areas are 363.23 m2 for the drone image500

subsampled at a 5 cm resolution (identical to the orthoimages resolution)501

and 370.12 m2 for the orthoimage, which represents a difference below 2%,502

as shown in Figure 7.503

We also tested the effect of image resolution on the fine sediment estima-504

tion. Specifically, we would like to know from which resolution, the quality505

of the results starts to degrade. Figure 7 shows the fine sediments areas506

obtained for each class of the clustering and for each subsampling resolution507

of the drone image compared to the bank orthoimage. The total fine area is508

given using the set of αi
j determined in Section 3.1. Results obtained with509

varying resolutions are all very close to the average value 360.25 m2, with a510

standard deviation of 6.88 m2, except for the 15 cm and 20 cm resolutions,511

with a detected area of 283.26 m2 and 265.17 m2 respectively. Thus, results512

of the presented method are consistent and validated for a resolution range513

from 1 cm to 10 cm.514
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Figure 7: Effect of image resolutions on the fine sediment area estimation.

19



3.4. Effect of weather conditions on the image segmentation515

Apart from the uncertainty due to the orthorectification process, the vari-516

ation of the weather condition could also change the scene illumination and517

image quality (as shown in Table 1) and further impact the estimation of518

fine sediment deposits. It was thus investigated as described in section 2.7.519

Results (see Figure 8a and Table 3) show that the new method is par-520

ticularly robust, with a total standard variation of 2.7%. The robustness521

is especially evident for the images taken in the afternoon on sunny days522

with a 1.7% standard deviation, due to the fact that the edge of the coarse523

sediments can be clearly seen in the afternoon so that the limit between fine524

and coarse sediment becomes more distinct. In addition, the fine sediments525

under tree shadows can also be detected by the new method thanks to the526

HPF for removing the low frequency trend caused by the shadow.527

Results for each image group are presented in Figure 8 and the mean and528

standard deviation are summarized in Table 3.529
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Figure 8: Detected of fine sediment areal ratio Φf
S under different weather conditions using

(a) the present method, (b) the present method with a median filter, (c) the method of
Camenen, and (d) the method of Carbonneau.
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Method Weather condition
Average
Φf

S (%)

Standard
deviation

(%)
Present method Foggy 79.6 1.6

Sunny morning 70.4 2.0
Sunny afternoon 72.1 1.7

Cloudy 73.5 1.9
Total 72.9 2.7

Present method Foggy 52.8 5.0
with median filter Sunny morning 27.7 3.1

Sunny afternoon 31.6 2.6
Cloudy 33.7 4.2
Total 33.2 6.4

Method of
Camenen

Foggy 71.7 12.4

Sunny morning 22.9 6.8
Sunny afternoon 24.5 3.0

Cloudy 34.9 7.1
Total 32.4 12.7

Method of
Carbonneau

Foggy 52.0 3.1

Sunny morning 22.5 7.1
Sunny afternoon 25.1 9.3

Cloudy 36.5 8.0
Total 32.3 11.0

Table 3: Result of the variation of fine sediment areal ratio Φf
S due to the different weather

condition for three methods

As shown in Figures 8 and 8a, results from the new method are signifi-530

cantly higher than results from other two methods from literature (Figures 8c531

and 8d). This may be due to the fact that the new method is calibrated with532

close-range photographs taken with a vertical angle. Inter-gravel fine parti-533

cles are visible in these pictures, so the weighting parameters are calibrated534

accordingly. In contrast, to the authors’ knowledge, both Camenen and535

Carbonneau methods were designed to detect main fine sediment patches536

excluding inter-gravel fine particle patches.537

In order to confirm this hypothesis, a median filter is applied to our538

method. It aims at removing isolated pixels and narrow lines of pixels. The539

filter size is set to 5×5 pixels and it is applied to each class resulting from the540

K-means clustering. The weighting parameters are unchanged. As shown in541
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Figure 8b, the results of the present method with the median filter are similar542

to both Camenen and Carbonneau methods, with a total fine sediment ratio543

of 33.2% compared to 32.4% and 32.3% for Camenen’s and Carbonneau’s544

method, respectively. This confirms that the overall difference between the545

presented method (without the median filter) and both other methods is due546

to narrow lines of pixels or isolated pixels, corresponding to small inter-gravel547

fine sediment patches.548

As shown in Figure 8, results for the foggy group are highly biased com-549

pared to the three other groups. A clear overestimation is observed com-550

pared to other groups (by approximately 30% for Camenen and Carbonneau551

methods). Indeed, the texture of the fine and coarse sediments on the bar552

surface cannot be clearly distinguished in the image because of the fog. If the553

present method (with or without the the median filter) is not as sensitive as554

the two other methods, there remains some bias. Consequently, the images555

taken in a foggy day should be discarded. Apart from the foggy weather,556

the new method appears to be the most robust to the different weather con-557

ditions compared to the other two methods. The robustness is particularly558

evident for the images taken on sunny days when cobble shadow can affect559

results. In addition, the fine sediments under the shadow of the tree can560

also be detected by the new method thanks to the HPF for removing the561

low frequency trend caused by the shadow. In contrast, fine sediments under562

shadows are often excluded by the other two methods, which explained a563

relatively low mean value (24.5% and 25.1% for the method of Camenen and564

Carbonneau, respectively) compared to our method value (31.6% with the565

median filter). Finally, the standard deviation of the new method for all 55566

images is 6.4%, which is better than the method of Camenen (12.7%) and567

Carbonneau (11.0%).568

All methods overestimated the deposit area when the fine sediments were569

completely dry. This could be due to the fact that the intensity of dry fine570

sediments and coarse sediments became similar. Some coarse sediment pixels571

could be classified into the fine sediment class leading to an overestimation572

of fine sediment coverage. We thus quantified the bias of this effect. The573

observed bias between the image with fully wet fine sediment deposits and the574

image with fully dry fine sediment deposits is 6.9%, 7.3%, and 17.0% for the575

proposed method, the method of Camenen, and the method of Carbonneau,576

respectively. Finally, the standard deviation of the new method for all 55577

images is 2.7% (6.4% with the median filter), which is better than the method578

of Camenen (12.7%) and Carbonneau (11.0%). But if the foggy images are579

discarded, the Carbonneau method yields the larger dispersion. Also, the580

method of Camenen needs a calibration of the threshold of each class for581

each image, which makes it time-consuming when applying to a series of582

23



images for continuously monitoring the fine sediment deposition on the bar583

surface.584

Considering these limitations from both existing methods in the litera-585

ture, we highlight the importance of applying the HPF after the 2D FFT on586

the images as it attenuates the effect of the varying brightness on the fine587

sediment segmentation. So the proposed method can easily be implemented588

to monitor the fine sediment deposits using a long image series with various589

conditions.590

4. Conclusions591

A new image processing methodology was developed in order to anal-592

yse the surface fine sediment deposits over gravel bars using images taken593

from the bank. This method combines a high-pass filter (performed in the594

Fourier domain) with a K-means clustering algorithm to automatically clas-595

sify image pixels intoK classes depending on the image intensity and texture.596

The fine sediment area is determined by applying weighting coefficients to597

the area of each class. A calibration of K and these weighting parameters598

αi
K is conducted by optimising them with the ground truth fine sediment599

data acquired by 11 close range images with a 0.5 mm per pixel resolution.600

These images were processed using Basegrain software plus manual correc-601

tion. The result of the calibration showed an optimised set of parameters602

when K = 4 with a minimum ERMS of 5.5%. The method was validated603

with the Wolman pebble count method conducted on the bar surface. The604

fine sediment areal ratio from the new method was compared to the smallest605

class (d < 4 mm) of the grain size distribution obtained using the Wolman606

method. The average difference between the Wolman method and the new607

method are in an acceptable agreement having in mind uncertainties linked608

with both methodologies.609

Given the possible variations caused by varying illumination (season, day610

time, sun/clouds, surface moisture), an assessment of the robustness of the611

new method was carried out. 55 images under four different weather condi-612

tions during a time period without notable hydrological events were selected613

to investigate the sensitivity of the method. The proposed method is found614

more robust compared to two methods from the literature: the method of615

Camenen (Camenen et al., 2013) based on the characteristics of local his-616

togram and the method of Carbonneau based on the co-occurrence matrix617

value inspired by Carbonneau et al. (2005). However, the proposed method618

includes all patches of sediment including narrow inter-gravel patches, lead-619

ing to much larger estimation of the deposit surface area compared to the620

two other methods. Using a median filter, the present method yields very621
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similar results as the two other methods, which corresponds to large patches622

of fine sediment deposits only.623

Comparing the fine sediment detected from the orthorectified bank side624

image and from a drone image taken on the same day, a difference below625

2% shows that the error caused by the orthorectification of the bank side626

image is negligible. In addition, we also checked the impact of different627

image resolutions on the new method. The new method produces consistent628

results for image resolutions ranging from 1 cm to 10 cm, which are typically629

resolutions of drone or bank images. However, it would be interesting to630

apply the method to different rivers, with different lithology. In the River631

Arc, black marlstone is prevailing. If the lithology is different, the calibration632

step should probably be undertaken again, to take the new sediment aspect633

into account. This would be a useful perspective to assert the applicability634

of the presented method to other catchments.635

Finally, this new method could be used to monitor fine sediment deposits636

on gravel bars using a time series of images with resolution ranging from 1 to637

10 cm since it is robust to varying illuminations. In the companion paper (in638

Part 2), we will detail links between the evolution of surface fine sediment639

deposits over this specific gravel bar on the River Arc and fine sediment640

transport drivers, such as water discharge, precipitation and wind, in order641

to obtain an insight of the fine sediment deposit dynamics over gravel bars642

in alpine rivers.643
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de l’Eau Rhône Méditerranée Corse under the grant Act°66 - AC IRSTEA.648

The study took place on an experimental site of the ZABR (Zone Atelier du649
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Fine sediment dynamics over a gravel bar. Part 1: Validation of a image-base segmentation 

Junjian Deng, Lionel Pénard, Thomas Drevet, Benoît Camenen 

1. Image-base segmentation methodology � Uncalibrated fine sediment areal ratio 

2. BASEGRAIN + manual correction � Ground truth data of fine sediment coverage 

3. In-situ measurement of grain size distribution (Wolman pebble count) � Field fine sediment proportion 

4. Calibration with ground truth data � Calibrated fine sediment areal ratio 

5. Validation with in-situ measurement � Validation of new methodology 
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