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Abstract 28 

The distribution of sediment grain size in streams and rivers is often quantified by the median 29 
grain size (d50), a key metric for understanding and predicting hydrologic and biogeochemical 30 
function of streams and rivers. Manual methods to measure d50 are time-consuming and ignore 31 
larger grains, while model-based methods to estimate d50 often over-generalize basin 32 
characteristics, and therefore cannot accurately represent site-scale heterogeneity. Here, we apply 33 
a machine learning photogrammetry methodology (You Only Look Once, or YOLO) for 34 
estimating d50 for grains > 2 mm based on images collected from streams and rivers throughout 35 
the Yakima River Basin (YRB). To understand how photogrammetric methods may help bridge 36 
the gaps in resolution and accuracy between manual and model-based d50 estimates, we 37 
compared YOLO d50 values to manual and model-based estimates across the YRB. We found 38 
distinct differences among methods for d50 averages and variability, and relationships between 39 
d50 estimates and basin characteristics. We discuss the advantages and limitations of the YOLO 40 
algorithm versus current methods, and explore potential future directions to combine d50 41 
methods to better estimate spatiotemporal variation of d50, and improve incorporation into 42 
basin-scale models.  43 

Plain Language Summary 44 

The size of sediments (e.g., rocks, pebbles, and sand) on the beds of streams and rivers control 45 
how water and nutrients move through the environment. It is helpful to know how rivers differ in 46 
sediment size in order to predict their behavior. One common method used to compare sediment 47 
sizes between different locations is to calculate average sediment size. However, measuring 48 
average sediment size across many locations is time consuming, and modeling is prone to bias. 49 
We used a computer algorithm to identify and measure all the sediments in many stream and 50 
river bed photos taken across the Yakima River basin. To test if the algorithm did a good job, we 51 
compared its output to three other methods for estimating average size across the same basin. 52 
Each method gave a different estimation of average sediment size, and we discuss the advantages 53 
and disadvantages of each. 54 

1 Introduction 55 

The grain size distribution (GSD) of sediments in streams and rivers, often represented by 56 
the median of the GSD (d50), plays many important roles that regulate fluvial hydrology and 57 
biogeochemistry, and their interactions. Grains ranging from clays to boulders control the 58 
locations and rates of groundwater-surface water exchange, which can influence stream 59 
metabolism, as well as gas (e.g., oxygen and carbon dioxide) and solute sources, fate, and 60 
transport (Glaser et al., 2020; Gomez-Velez et al., 2015; Harvey et al., 2011; Mori et al., 2017; 61 
Son et al., 2022; Xia et al., 2017). Because of these roles, GSD is a key metric for predicting 62 
hydraulic conductivity (J.-P. Wang et al., 2017), flow resistance (Rickenmann & Recking, 2011), 63 
microbial respiration and denitrification in streambeds (Son et al., 2022), and parameterizing 64 
hydromorphological models (Lepesqueur et al., 2019). However, constraints on accurate 65 
assessment of d50 values at the basin scale, including uncertainty and bias associated with 66 
methods used to estimate d50 and the spatially and temporally sparse nature of current d50 data, 67 
limit our ability to accurately parameterize the models used to predict key basin functions.  68 

Historic methods for determining d50 involve destructive sampling followed by manual 69 
counting or sieving procedures (Folk, 1966; Wolman, 1954). While these methods provide 70 
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direct, site-specific measurements, they are time/labor-intensive with limited reproducibility, 71 
making it difficult to provide sufficient spatiotemporal resolution needed to understand basin-72 
scale heterogeneity of d50. Manual methods also generally favor measuring smaller grains and 73 
ignore grains over a specific size cut-off, limiting the ability to characterize large grains. 74 
Recently developed methods such as processed-based and machine learning models have been 75 
used to estimate d50 values from regional to continental scales (Abeshu et al., 2022; Gomez-76 
Velez & Harvey, 2014; Ren et al., 2020). These methods provide the advantage of continuous 77 
spatial coverage, and eliminate the need for sample collection and analysis. However, model-78 
based methods rely on assumed relationships that have difficulty accounting for the high 79 
heterogeneity in predictor variables at smaller (site-to-reach) scales. Moreover, differences 80 
between methods or users can lead to high variability in d50 estimates (e.g., Faustini & 81 
Kaufmann, 2007).  82 

Recent advances in machine learning and photogrammetry hold promise for bridging the 83 
gap between manual methods, which accurately characterize d50 across a small set of samples 84 
but are difficult to scale up to basin-scale, and model-based estimates, which provide large-scale 85 
estimates at the expense of site-scale accuracy. Photogrammetric methods ingest images of 86 
sediments, and process them to estimate grain sizes, which can then be used to construct GSDs 87 
(Chang & Chung, 2012; Purinton & Bookhagen, 2019), and have been shown to agree well with 88 
manual measurement methods (Stähly et al., 2017; Steer et al., 2022). Photogrammetric methods 89 
have several advantages over manual measurements, including non-destructive sampling, higher 90 
throughput, potential to automate analyses, and improved reproducibility. In addition, as 91 
estimates are based directly on information collected at a site, photogrammetric d50 estimates are 92 
better ground-truthed to an individual sampling site than modeling approaches that must 93 
generalize based on basin-scale characteristics. Photogrammetric methods may, therefore, fill a 94 
need for improved resolution and accuracy between physical and model-based methods. 95 
However, photogrammetric methods remain sensitive to common environmental interferences to 96 
image processing such as shadows, water, and non-grain objects.  97 

In this study, we explored how a novel machine learning photogrammetric algorithm 98 
called “You Only Look Once” (YOLO) could help overcome current method limitations used to 99 
estimate d50. YOLO presents several potential advantages over other photogrammetric 100 
approaches, including rapid image processing, robustness to common environmental 101 
interferences like shadows, static and flowing water, and non-sediment-grain objects (e.g., Detert 102 
& Weitbrecht, 2013), and initial parameterization from a collection of public datasets, reducing 103 
the model’s prediction bias towards a specific location. To evaluate the utility of YOLO, we 104 
analyzed 161 images collected on the banks of streams/rivers across 40 sites throughout the 105 
Yakima River Basin (YRB, Washington, USA). We then compared YOLO estimates to manual 106 
d50 measurements and model-based d50 estimates across the YRB. By exploring similarities and 107 
differences in average values, variance, and relationships to basin characteristics, we revealed 108 
advantages and limitations of YOLO-based d50 estimation at the basin scale. Our results suggest 109 
that the YOLO algorithm is a promising high-throughput method for spatiotemporally explicit 110 
d50 estimates, and can improve site-specific accuracy and spatial resolution that limit our ability 111 
to reconcile differences between manual sampling and generalized model-based estimates. 112 
Because of the importance of accurate and spatiotemporally resolved d50 to predicting key basin 113 
processes (Son et al., 2022), our findings suggest YOLO has strong potential benefits for 114 
improving fidelity of basin-scale models.  115 
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2 Materials and Methods 116 

2.1 Site description and image collection 117 
We selected 40 sites spread across the YRB in southeastern Washington State, USA to 118 

represent a range of d50 values across gradients of latitude, elevation, land use, and stream order. 119 
The YRB is a 15,523 km2 catchment characterized primarily by forests and grassland (28% and 120 
26% respectively), as well as agriculture (15%) and a small developed footprint (3%) (Stroud 121 
Water Research Center, 2023). Our sites span the headwaters to the main stem of the Yakima 122 
River, representing 2nd-7th order streams (Figure 1). The sites capture a wide range of grain sizes 123 
from large cobbles (Figure 1B) to small rocks and finer grains (Figure 1C). We also included one 124 
image collected nearby on the Columbia River (Figure 1A). 125 

During a sampling campaign in 2021, we collected 161 images used for estimating d50. 126 
We collected digital images of undisturbed surface sediments during the day using a 0.8 x 0.8 m 127 
white polyvinyl chloride pipe quadrat serving as the spatial reference frame. At several sites, we 128 
collected multiple images to assess intra-site variability. Original images are available through 129 
the ESS-DIVE repository (Fulton et al., 2022). 130 

Prior to modeling, we visually assessed all images for potential environmental 131 
interferences, including shadows, wetting, sediment/biofilm obscuring grain edges, non-grain 132 
objects, and plants. Images were graded into one of four categories based on presence/absence of 133 
the above interferences: “Yes” (no substantial interference expected), “Maybe” (generally clear 134 
grains, but some potential interference”) and “No” (substantial interference expected). Grading is 135 
a subjective process and was therefore conducted by a single grader in a single session. 136 
 137 

 138 

Figure 1: A) A map of the Yakima River Basin sites where images used in this study were 139 
collected. We include example photos (B and C) showing the quadrat used to define the area of 140 
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analysis where B) is an example of larger cobbles and C) is an example of smaller rocks/sand 141 
grains. 142 
 143 
2.2 Photogrammetric d50 estimates  144 

We selected 11 photos (10 from the YRB and 1 from a nearby site on the Columbia 145 
River, to include as many sediment geomorphological characteristics as possible) to train the 146 
You Look Only Once (YOLO, version 5) framework (Redmon et al., 2016) using code accessed 147 
from https://github.com/ultralytics/yolov5. Because speed of detection was not of concern in this 148 
study, we used the extra large-scale YOLO neural network. The structure of the YOLO neural 149 
networks are mainly connections of multiple convolutional neural networks (Zhang et al., 1990), 150 
modified bottleneck cross stage partial networks (C.-Y. Wang et al., 2019), spatial pyramid 151 
pooling fast layers (He et al., 2014), upsampling layers, and concatenated layers 152 
(https://pytorch.org/docs/stable/generated/torch.cat.html), where the full network included 476 153 
layers and 87 million trainable parameters. We derived initial parameter values from a pre-154 
trained network using the public YOLO COCO 128 datasets (accessed from 155 
https://cocodataset.org/). Because manually labeling individual grains within a photo for the 156 
training dataset is relatively labor intensive, we divided the training process into two steps to 157 
avoid manually labeling all 11 images. First, we selected 5 photos (4 from the YRB and 1 from 158 
the Columbia River) and manually drew bounding boxes to label individual grains (1887 grains 159 
identified). We then trained the YOLO model and updated trainable parameters, and used the 160 
trained model to label grains for the remaining 6 photos. These predicted labels were then 161 
checked and manually corrected (adding or editing delineation bounds) if grains were missing or 162 
predicted incorrectly, for a total of 4315 labeled grains in the final model. We note that YOLO 163 
implements pre-processing on the training photos, including adjusting color saturation, 164 
brightness, contrast, rotating, cutting. For each photo, we only considered the region within the 165 
quadrat, where each pixel represented a height and width between 0.22 and 0.65 mm. Using 166 
labeled grains scaled to mm, we generated GSDs, and then calculated d50 values from each 167 
GSD. These data are publicly available on the ESS-DIVE repository (Regier et al., 2023). 168 
 169 
2.3 Manual d50 measurements and model-based d50 predictions 170 

We gathered public data for d50 measurements made by the US Geological Survey 171 
(USGS) at 11 sites within the YRB (Figure 1) to represent manual sampling d50 values. Data 172 
were downloaded using the dataRetrieval R package (De Cicco et al., 2018) using parameter 173 
codes 80164-80169 which represent the percent of bed sediments passing through sieves with 174 
different pore sizes. We calculated d50 values by plotting the relationships between sieve size 175 
and percent of bed sediment, then linearly interpolating between 1) the sieve size < 50% closest 176 
to 50% and 2) the sieve size > 50% closest to 50%. Because of the limited number of sites 177 
represented for manual d50 measurements relative to YOLO and model-based predictions, we 178 
included all sites, whether co-located with YOLO sites or not, in our analysis.  179 

We used two existing continental-scale d50 products to represent model-based d50 180 
estimates for the YRB. The Networks with Exchange and Subsurface Storage (NEXSS) model 181 
uses d50 data from the National Rivers and Streams Assessment and the Wadeable Stream 182 
Assessment (https://www.epa.gov/national-aquatic-resource-surveys/nrsa) to predict the 183 
NHDPLUS reach-scale d50 values using a multi-linear model (Gomez-Velez et al., 2015), and 184 
we refer to these estimates as “NEXSS” from here on for simplicity. The predictor variables used 185 
by NEXSS include drainage area, channel slope, mean annual discharge, elevation and mean 186 
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annual precipitation (Gomez-Velez et al., 2015). We also included d50 estimates produced by 187 
Abeshu et al. (2022), who used d50 data from 2577 USGS gage stations, and 300 locations from 188 
the U.S. Army Corps of Engineers (Gaines & Priestas, 2016; Schwarz et al., 2018), which we 189 
refer to as “Abeshu” from here on. The final predicted model used 11 predictors, including 190 
topography (basin slope, elevation, channel length, channel slope), hydro-climate (runoff, snow, 191 
aridity, wet days, temperature, and contact time), and erosion variables. We collected d50 192 
estimates for all 40 sites used for the YOLO model for both NEXSS and Abeshu methods. 193 
  194 
 195 

Table 1: comparison of methods used to estimate d50 values for the YRB and methodological 196 
characteristics. 197 
 198 
2.4 Statistics   199 

All spatial and statistical analyses were conducted in R v4.0.5 (R Core Team, 2021). All 200 
significance tests were based on a p-value threshold of 0.05. Goodness-of-fit and error metrics 201 
for linear regression were calculated using the hydroGOF R package (Zambrano-Bigiarini, 202 
2013). In order to compare the distributions of d50 values to a common distribution, we included 203 
a continental-scale d50 distribution originally presented in Figure 1d of Abeshu et al. (2022), 204 
which we first digitized (https://apps.automeris.io/wpd/), then normalized to a total count of 100 205 
in order to scale to the magnitude of our sample size. Statistical differences between group 206 
means were assessed using Wilcoxon tests which are more robust to non-normal distributions 207 
than parametric alternatives. Correlations between variables were calculated using Spearman’s 208 
rho (r). Prior to correlation calculations, all variables were normalized using the Yeo-Johnson 209 
transformation from the bestNormalize R package (Peterson, 2021), which is capable of handling 210 
negative values. Spatial analysis to determine straight-line distances between sites, which we 211 
selected in preference to flowline distance for simplicity, and the main stem of the Yakima River 212 
was conducted using the sf R package (Pebesma, 2018). To evaluate the relationships between 213 
d50 estimates and basin/stream variables, we collected basin characteristics following methods in 214 
Gomez-Velez et al. (2015) and Abeshu et al. (2022). Variables include both basin-scale and 215 
catchment-scale versions, where basin scale represents the total upstream drainage area for each 216 
NHD stream reach and catchment scale represents the smallest NHDPLUS catchment drainage 217 
area for each NHD stream reach. We selected one land-cover metric (percent urban land cover),  218 
two catchment metrics (mean catchment elevation and catchment area), two stream 219 
characteristics (stream length and stream slope) and two climate parameters (precipitation as 220 
snow and potential evapotranspiration). 221 

https://apps.automeris.io/wpd/


manuscript to be submitted to Water Resources Research (NOT PEER-REVIEWED) 

 

3 Results, or a descriptive heading about the results 222 

3.1 Model performance 223 
 We first assessed the ability of our YOLO approach to estimate d50 by comparing YOLO 224 
estimates to manual integrations of grains in 10 images (excluding the image from the Columbia 225 
River) with 4229 labels representing a spectrum from dominantly small grains to dominantly 226 
large grains (determined from initial YOLO runs and confirmed visually). We assessed model 227 
performance as goodness-of-fit between training and test values using R2 (a measure of 228 
goodness-of-fit to a least-squares regression line), where R2 = 0.88 indicated relatively strong 229 
linear behavior (Figure 2A). However, the slope of the least-squares line (m = 0.72) indicated the 230 
algorithm underestimated d50 for higher values, while a y-intercept > 0 indicated that at low d50 231 
values (< 25 mm), values were overestimated (Figure 2A). We also quantified the error 232 
associated with YOLO predictions using root mean square error (RMSE) normalized to the 233 
average d50 value. The estimated error of 17.8% is similar or smaller than uncertainty associated 234 
with other GSD estimation methods (e.g., Purinton & Bookhagen, 2019; Ren et al., 2020).  235 

To further assess the relationship between train and test values, we subdivided each of the 236 
10 images used in Figure 2A into 4 equally sized quadrats, and then plotted the relationship 237 
between median grain size for training and test datasets (Figure 2B). Consistent with Figure 2A, 238 
we observed strong goodness-of-fit (R2 = 0.89), slightly smaller error (RMSE = 16%), and a 239 
similar slope (m = 0.79) and intercept (b = 5.59). The similarity in these relationships indicated 240 
that the YOLO model performed well on both data treatments (whole image d50 and median 241 
grain size of image subsets). 242 
 243 

 244 

Figure 2: A) Comparison of manual estimates (“Train”) versus YOLO algorithm estimates 245 
(“Test”) of median grain size distribution (d50) from 10 photos that represent a spectrum of d50 246 
values within our dataset. Goodness-of-fit is presented as R2, while error is presented as root 247 
mean square error (RMSE). B) Comparison of manual and YOLO-derived estimates for image 248 
subsets (images were divided into 4 subsets based on mean x and y pixel coordinates, and then 249 
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median grain size was calculated. We note that one outlier was removed from B), but is shown 250 
along with the corresponding image extent in Figure S1. 251 
 252 
3.2 Comparison to existing d50 estimates 253 

Figure 3 compares the four methods used to measure or estimate d50 across the YRB 254 
(Table 1). We observed significant (p-values < 0.05) differences in median d50 values (Figure 255 
3A), with the difference between YOLO and NEXSS being the least significant (p = 0.025), 256 
while all remaining comparisons were highly significant (p < 0.0001). YOLO d50 estimates were 257 
highest, followed by the two model-based methods, and USGS d50 measurements having the 258 
lowest mean d50 (mean d50 values of 24.2, 21.4, 1.2, and 0.2 mm, respectively). Variance also 259 
differed markedly between estimation methods, with standard deviations of 8.9, 26.9, and 0.7, 260 
and 0.2 for YOLO, NEXSS, Abeshu, and USGS, respectively.  261 

To better understand how distributions of d50 produced by each estimation method 262 
compare, we plotted estimates for the YRB relative to a distribution of d50 values collected from 263 
2577 stations presented in Abeshu et al. (2022) across the continental US (CONUS) in Figure 264 
3B. We note that while the continental-scale distribution represents a wide range of elevations 265 
and gradients, the YRB is composed primarily of high-gradient, high-elevation streams (Figure 266 
S2). As such, we expected that YRB sites would have larger grains relative to the continental-267 
scale distribution. All methods except USGS skewed to the right relative to the CONUS 268 
distribution, while USGS measurements skewed left (Figure 3B). Both Abeshu and YOLO 269 
estimates followed generally unimodal distributions, while USGS estimates did not follow a 270 
clear distribution (likely due to limited sample size), and NEXSS estimates represented a 271 
generally bimodal distribution, with notable outliers at very small d50 values, with a minimum 272 
value of 0.005 mm (5 µm), which was well below the lower limit of the CONUS distribution. 273 

We next explored how each method’s estimates changed with stream order (Figure 3C). 274 
Based on geomorphology, we expected that lower-order streams would generally have larger 275 
grains, and that grain size would generally decrease as stream order increased due to downstream 276 
fining (e.g., Menting et al., 2015). Consistent with this theory, the highest stream order 277 
corresponded to the lowest d50 values for all methods with the exception of USGS, which 278 
showed a general increase in d50 from lowest to highest stream order. However, we did not 279 
observe consistently monotonic relationships across stream orders 2-6 for any of the methods 280 
(Figure 3C). For Abeshu and YOLO, we observe decreasing trends from stream order 2 to 281 
stream order 4, then increasing d50 values from stream order 4 to stream order 6. In contrast, 282 
NEXSS estimates show increasing d50 values from stream order 2 to 5, and then a decrease from 283 
5 to 6. Similar to Abeshu, USGS d50 values showed a U-shaped pattern from 2nd to 5th order 284 
streams (Figure 3C).  285 
 286 
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 287 

Figure 3: Comparison of YOLO estimates across the YRB to three other 288 
measurement/estimation methods. A) d50 values compared between four methods, B) a 289 
comparison of the distribution of four methods to a standard distribution of d50 measurements 290 
(gray bars) from across the continental US, originally presented in Abeshu et al. (2022), and C) a 291 
comparison of d50 estimates from each method grouped by stream order (Note: vertical axes are 292 
different scales).  293 

Finally, we explored how d50 estimates varied spatially across the YRB (Figure 4). All 294 
methods presented different spatial patterns, which we visualized as above and below median 295 
values for simplicity. Higher (above median) Abeshu d50 estimates generally clustered in the 296 
northern part of the basin, but also along the Satus tributary in the southwest. Similarly, higher 297 
NEXSS d50 values cluster consistently in the northern half of the basin, with highest values 298 
clustered along the northernmost tributary sampled. In contrast, YOLO estimates were spatially 299 
distributed, with highest d50 values on tributaries in the middle of the basin. Consistent with 300 
Figure 3C, the 7th order site located in the far southeast corner of the basin is below median for 301 
both model-based methods and YOLO, but is above median for USGS. 302 

To quantitatively explore these relationships, we compared differences in latitude, 303 
longitude, and straight-line distance from the main stem of the Yakima for all sites in Figure 4 304 
between above-median and below-median d50 values (Figure S3). For distance from the 305 
Yakima, YOLO was the only method of the four that showed significant differences (p = 0.026) 306 
between above-median and below-median values (Figure S3), where above-median d50 sites 307 
were considerably farther from the main stem of the Yakima River (median: 16.3 km) compared 308 
to below-median d50 sites (median: 1.8 km). For both Abeshu and NEXSS, above-median d50 309 



manuscript to be submitted to Water Resources Research (NOT PEER-REVIEWED) 

 

values were located at more northern latitudes and more western longitudes (all p-values < 0.05). 310 
Neither YOLO nor USGS d50 values showed significant relationships to latitude or longitude 311 
(Figure S3).  312 
 313 
 314 

Figure 4: Comparison of d50 methods. For USGS, all sites available within the YRB were used, 315 
while for NEXSS and Abeshu, sites match study sites used for YOLO estimations. Note that 316 
medians are determined separately for each method. For reference, the main stem of the Yakima 317 
River is plotted in dark blue, and Satus Creek is plotted in light blue 318 
 319 
3.3 Correlations to basin characteristics  320 
 To better understand how d50 estimates related to each other and catchment properties, 321 
we examined correlations between d50 estimates and basin characteristics (Figure 5). Because 322 
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the USGS d50 dataset has a much smaller sample size and many sites were not co-located with 323 
the other three methods, they were excluded from this analysis. Since we were interested in 324 
understanding how the scale of environmental characteristics relates to each d50 estimation 325 
method, we separately explored correlations to environmental characteristics computed at the 326 
basin-scale (Figure 5A), and the same environmental characteristics, but calculated at catchment 327 
resolution (Figure 5B). We note that the basin-scale and catchment-scale are defined in the 328 
Methods. Among the three d50 estimation methods, we observed the strongest correlation  329 
between Abeshu and NEXSS (r = 0.25), while correlations to YOLO were weaker (r = 0.04 and 330 
0.09 respectively). This is not surprising as Abeshu and NEXSS methods estimated using large-331 
scale modeling approaches (Table 1).  332 

At the basin scale (Figure 5A), NEXSS exhibited the strongest correlation to 333 
evapotranspiration (r = 0.72) and strong correlations (r > |0.5|) to all catchment variables except 334 
for basin area and stream length. Abeshu correlations were weaker, with the strongest correlation 335 
to precipitation as snow (r  = 0.63), but generally showed the same patterns (i.e., correlations are 336 
positive for both methods or negative for both methods). In contrast, the strongest correlation for 337 
YOLO was basin area (r = -0.27), and several variables that strongly co-varied with both NEXSS 338 
and Abeshu d50 estimates (stream slope, precipitation as snow, and potential evapotranspiration) 339 
showed considerably weaker correlations to YOLO (r < |0.15|).  340 

For catchment-scale characteristics (Figure 5B), the strongest correlations for NEXSS 341 
and Abeshu were weaker (r = -0.56 and -0.49, respectively), while the strongest correlation for 342 
YOLO was stronger (r = -0.34). Both NEXSS and Abeshu exhibited weaker correlations to all 343 
variables except basin area and stream length. We observed the largest decrease in correlation 344 
between basin-scale and catchment scale for NEXSS in urban land cover (from r = -0.61 to r = -345 
0.17) and for Abeshu in stream slope (from r = 0.40 to r = -0.04). Strong correlations between 346 
NEXSS and precipitation as snow, mean elevation, and evapotranspiration are linked to 347 
precipitation and elevation as predictor variables used for d50 estimates (Gomez-Velez et al., 348 
2015). Similar correlations to between Abeshu estimates and snowfall are also expected, as 349 
snowfall was identified as a key predictor in their model (Abeshu et al., 2022), and snowfall 350 
correlates strongly with both mean elevation and evapotranspiration (Figure 5). For YOLO, 351 
correlations to catchment-scale variables were stronger for urban land cover, stream slope, 352 
precipitation as snow, and potential evapotranspiration.  353 

 354 
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 355 

Figure 5: Spearman correlations (presented both as colors and numbers inside each box) 356 
between the three methods for estimating d50 values for the YRB in Figure 3 and catchment 357 
characteristics (urban = % urban land cover, elev_mean = mean catchment elevation, prsnow = 358 
precipitation as snow, and pet = potential evapotranspiration). Prefixes indicate basin-scale 359 
(“tot”) or catchment-scale (“cat”) where applicable.  360 
 361 
3.4 Intra-site variance in YOLO estimates 362 
 To better understand intra-site variability in YOLO d50 estimates, we calculated means 363 
and standard deviations for 12 sites with at least 6 images (Figure 6). To directly compare across 364 
sites with different numbers of images, we calculated the means and standard deviations for 1000 365 
random selections of 5 images from each site, and Figure 6 reports the mean of each statistic 366 
(mean and standard deviation) across the 1000 calculations within each site. Standard deviations 367 
for each site represent intra-site variability, while standard deviation of all images (“All”) 368 
represents inter-site variability within our dataset. For several sites, intra-site variability was 369 
larger than inter-site variability (Figure 6A). Because mean values differ widely across the sites 370 
in Figure 6A, we normalized standard deviations to mean values in order to directly compare 371 
intra-site and inter-site variability (Figure 6B). Based on this analysis, several sites, most notably 372 
S15, exhibited higher intra-site variability than the inter-site variability within our dataset.  373 
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 374 

Figure 6: A) Intra-site variability for study sites with n > 5 images presented as mean values 375 
(dots) +/- standard deviation (upper and lower error bars, respectively). Mean and standard 376 
deviations are calculated as the average of 1000 random selections of 5 images within a site (or 377 
across the full dataset for “All”). B) We also present standard deviations divided by means to 378 
fairly compare variability between sites. 379 
 380 
3.5 YOLO image grading 381 

Prior to YOLO modeling, we manually assessed all images for suitability, as described in 382 
the Methods, with an average labor burden of 30 seconds per image. In order to understand how 383 
useful this grading process was, we explored the relationship between assessment by the human 384 
eye and YOLO’s internal accuracy in Figure 7. We found that images deemed unsuitable for 385 
modeling (Image suitability = “no”) had significantly (p < 0.0001) lower accuracy (mean = 54%) 386 
relative to images deemed potentially suitable (“maybe”) and suitable (“yes”), with mean 387 
accuracies of ~63% and 64%, respectively.  388 
 389 
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Figure 7: All images used to parameterize the YOLO model were first visually assessed for 390 
modeling suitability, as explained in the methods. Image suitability is plotted against YOLO’s 391 
internally reported accuracy metric for grain identification for each image. The red box 392 
delineates three potential “yes” outliers presented in Figure S4. 393 
  394 

However, we also noted 3 outliers graded “yes” with accuracies below 55% (red box in 395 
Figure 7). To better understand the discrepancy between visual assessment and YOLO 396 
performance as a potential limitation of the YOLO method, the three images are presented in 397 
Figure S4. For Photo A, the average grain size of 0.49 mm was similar to the resolution of the 398 
image (0.3-0.4 mm/pixel). Since the YOLO model needs at least 8 pixels to correctly detect a 399 
grain, we attribute the low accuracy for Photo A to the insufficient photo resolution. Similar to 400 
Photo A, Photo B has a number of very small grains, less than 8 pixels that were not identified 401 
by the YOLO algorithm. The 279 grains detected represent 5.7% of this image, indicating that 402 
the majority of grains within the image were not identified. Photo C, similar to Photos A and B, 403 
was largely composed of very small grains that are difficult for YOLO to resolve as they 404 
approach the resolution threshold of the image. Additional potential interferences in Photos B 405 
and C include non-grain objects (grass and sticks) and shadows. However, we note that grains 406 
were identified in Photo B in both shaded and sunny portions of the image, suggesting that 407 
shadows were not a significant interference in grain identification for the image. 408 

4 Discussion 409 

4.1 Comparability of image-based and model-based d50 estimates 410 
 Our comparison of varying d50 measurement/estimation methods found that each method 411 
gave different interpretations of d50 values, their distributions across the study area, and their 412 
relationships to basin characteristics. Because the USGS dataset is the only method presented 413 
that measures d50 instead of estimating it, we suggest that these values represent “ground-truth” 414 
for d50 values in the YRB, with caveats that USGS sites are not co-located with YOLO sites, the 415 
sample size is limited, and values are constrained by a maximum grain size threshold of 0.2 mm 416 
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(Table 1). As expected based on minimum grain size (Table 1), mean d50 values were 417 
significantly (p < 0.05) higher for the photogrammetric method (YOLO) relative to our 418 
understanding of ground-truth (USGS measurements). We expected NEXSS and Abeshu 419 
measurements to have similar mean d50 values as USGS because neither model-based method 420 
includes a size cut-off (Table 1). However, both methods had significantly (p < 0.0001) higher 421 
mean d50 values, indicating that both methods overestimated d50 across the YRB relative to our 422 
understanding of ground-truth. Figure 3B indicates some overlap between USGS and Abeshu, 423 
and considerably less overlap with NEXSS, indicating that Abeshu estimates are more closely 424 
aligned with the true magnitude of d50 across the YRB than YOLO or NEXSS estimates.  425 

NEXSS estimates also had the highest variance across the basin of the three methods 426 
(Figure 3A), which is somewhat surprising as we anticipated that process model-based estimates 427 
would vary less than photogrammetric and manual estimates. In addition, NEXSS estimates are 428 
based on a series of empirical relationships, while both Abeshu and YOLO estimates are derived 429 
from machine learning algorithms without explicit boundary conditions, which we anticipated 430 
would result in lower variance for NEXSS estimates. Instead, we found that standard deviations 431 
were smaller than mean values for both YOLO and Abeshu, but the NEXSS standard deviation 432 
was larger than its mean (Figure 3A). We interpret this as NEXSS being more sensitive to a wide 433 
range of environmental conditions represented across the YRB relative to Abeshu. Both Abeshu 434 
and YOLO methodologies use localized data inputs (relationships based on local basin 435 
characteristics and local images, respectively), while NEXSS uses relationships established at a 436 
continental scale. In addition, while NEXSS is well-validated in lower-relief catchments 437 
(Gomez-Velez et al., 2015), it has been suggested that the methodology may not represent 438 
headwater streams accurately (e.g., Ward et al., 2019). Thus, we infer that higher variance from 439 
NEXSS estimates is related to a combination of being based on larger scale (and thus less 440 
specific) relationships and the prevalence of high-relief locations in this study, for which NEXSS 441 
may perform poorly. Our results highlight the benefit of utilizing multiple d50 estimation 442 
methods, ideally in concert with manual measurements to ground-truth. For models that depend 443 
on d50 to parameterize important basin processes like respiration (Son et al., 2022), based on 444 
results in Figure 3, we would expect dramatically different process estimates based on each d50 445 
method, with more variable estimates from NEXSS than the other three methods.  446 

We also found differences across estimation methods in the relationships between d50 447 
and stream order (Figure 3C). Based on basin hydrology and geomorphology, we expected that 448 
increasing stream order would correlate to lower slope, and therefore decreasing velocities, 449 
meaning higher order streams should have smaller d50. While d50 values were generally lowest 450 
at the largest stream order, each method exhibited a unique pattern for stream orders 1-6. The 451 
lack of a monotonic decreasing trend is particularly surprising for NEXSS and Abeshu estimates, 452 
which are both modeled using catchment properties, and correlate to basin-scale parameters 453 
(elevation, stream slope, and precipitation, Figure 5A). Instead, we suggest that deviation from 454 
the expected trend can be explained by the complex suite of factors that influence fining across 455 
basins, including underlying geology, stream gradient, channel width, and discharge (Church, 456 
2002; Menting et al., 2015). We note that all methods show increased variance in mid-order 457 
streams, which is likely partially due to larger sample sizes, but also may be associated with 458 
wider variance in site characteristics for these sites (e.g., Figure S2). The lack of a clear trend 459 
between d50 and stream order is also consistent with other studies, which found a similar 460 
divergence from expected spatial patterns (Menting et al., 2015; Snelder et al., 2011; Splinter et 461 
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al., 2010), although expected patterns of fining of grains have been observed in lower-relief 462 
systems (e.g., Costigan et al., 2014).  463 

Further exploration of the spatial trends in d50 values (Figure 4, Figure S3) identified 464 
both latitude and longitude as significant covariates for d50 estimates for Abeshu and NEXSS 465 
methods, indicating spatially structured controls that may be unrelated to stream order. These 466 
results suggest that modeled d50 estimates (Abeshu and NEXSS) follow broader spatial patterns 467 
within the basin. Due to lack of relationships to latitude or longitude for USGS and YOLO d50 468 
datasets, we suggest these methods are more sensitive to local controls (Figure S3). For YOLO, 469 
this is supported by stronger correlations to catchment-scale variables relative to basin-scale 470 
variables (Figure 5), and a significant relationship to a site’s distance from the main stem (Figure 471 
S3). This is consistent with the scales at which the four methods operate, with both Abeshu and 472 
NEXSS taking “top-down” views, where d50 estimates are built on continental-scale frameworks 473 
which are down-scaled to the site scale, while the USGS method and YOLO algorithm only 474 
access site-specific information, and are therefore unaware of, and theoretically independent of 475 
basin properties.  476 

Together, our results suggest that continental-scale relationships that work for 477 
continental-scale modeling of d50 may not be sufficient for modeling at site-to-catchment scales 478 
where the generic physical rules do not apply consistently enough to provide trustworthy d50 479 
predictions. As such, methods that incorporate site-scale information (e.g. manual or YOLO) are 480 
needed to provide accurate d50 data to hydro-biogeochemical models. That is, potential error 481 
associated with continental-scale d50 predictions may lead to erroneous site-scale predictions of 482 
river corridor function due to the dominant role of physical properties like d50 on both 483 
hydrologic and biogeochemical function (e.g., Son et al., 2022).  484 
 485 
4.2 Advantages of photogrammetry estimation 486 
 We found YOLO to be an effective method for estimating d50 values (Figure 2) for 487 
grains larger than pixel resolution (~2mm, as reported by the YOLO algorithm for images used 488 
in this study), ranging from sand/gravel to cobble (Figure 1). The maximum grain size evaluated 489 
here is not tied to YOLO itself, but rather the way in which photos were taken. For example, 490 
photos taken from further off the ground (e.g., via drone) could be analyzed by YOLO to capture 491 
larger grains (e.g., boulders). Below, we identify some advantages associated with this method. 492 
 One clear advantage of the YOLO approach is the lack of external data required for d50 493 
estimations. Unlike model-based approaches, which are subject to the spatial resolution of input 494 
variables, YOLO determines d50 values solely based on an image. In areas with sparse data 495 
coverage (e.g., ungauged catchments), model inputs are based on remotely sensed data with 496 
minimal ground-truthing, which can lead to bias and large uncertainty of the input variables 497 
(Abeshu et al., 2022; e.g., Gomez-Velez et al., 2015). YOLO stands as a promising 498 
complementary method, as stream/river access is not required (as for manual sample collection), 499 
and results will be as accurate in an ungauged catchment as a heavily instrumented research 500 
basin. With advancements in both photography and aerial drone technologies, we see great 501 
potential for collecting many images to spatially characterize d50 values across reach-to-basin 502 
scales, as explored in other studies (e.g., Lang et al., 2021). In addition, the coupling of YOLO 503 
with an uncrewed approach could prove a powerful yet safe way to estimate d50 in hard-to-504 
access locations, or during unsafe field conditions. We also see potential for videographic 505 
application of the YOLO algorithm, which can process 45-115 frames per second (Redmon et 506 
al., 2016), and could therefore potentially provide near real-time d50 estimates. This capability 507 
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allows for spatially resolved estimates over a short period of time, but also facilitates rapid 508 
rescanning of d50 estimates, which could be applicable to collecting high-frequency assessments 509 
useful for understanding event-scale (storms, ice-out, etc) shifts in geomorphology (Lin et al., 510 
2014; Tremblay et al., 2014). In addition, because of the speed with which YOLO processes 511 
images, the internal accuracy metric derived for each photo (Figure 7) could be used to assess 512 
image suitability for modeling in real-time, allowing operators to adjust the mission (changing 513 
altitude, flight paths, etc) to improve data quality, and potentially indicate when a site has been 514 
sufficiently characterized. 515 

Another advantage of YOLO is the ease of collecting large datasets. Unlike manual 516 
methods, where each sample requires permission to destructively sample, time in the field to 517 
collect, and time in the lab to prepare, analyze, and clean up, the major limitation on the sample 518 
size of photos collected for YOLO estimates is the ability to collect a suitable image. Because of 519 
this, it is feasible to characterize the average value and variability of d50 at a site simultaneously 520 
by collecting multiple images at every site and then calculating d50 values for each image.  521 

The high intra-site variability for S15 and S26R in Figure 6 highlights the importance of 522 
this capability. To illustrate the causes of high variability, Figure S5 presents six images all taken 523 
at the same site (S15), all taken within approximately 100 m of each other on the same river 524 
reach, which represent a gradient of grain size distributions from primarily sand/gravel to 525 
boulders that take up almost the entire quadrat. By accurately representing this level of intra-site 526 
variability, YOLO presents an opportunity to bridge the gap between manual sampling and 527 
modeling estimates, where a virtually unlimited number of photos can be analyzed with minimal 528 
additional effort to provide rapid and robust d50 estimates to quantify both median and variance. 529 
As mentioned above, incorporation of automated image collection via drones or other 530 
technologies would extend this capability from a single site to spatially resolved reach-scale 531 
profiles, and incorporating edge computing capabilities could provide estimates of data quality 532 
and indication of sufficient data collection “on-the-fly”.  533 
 534 
4.3 Limitations of photogrammetry estimation 535 

While YOLO provides several advantages, as described above, there are also limitations 536 
to this method relative to manual and model-based approaches. First, only surface sediments are 537 
captured, while manual methods can characterize sediments at depth. An additional limitation is 538 
the method is only as good as the image collected. As an example, Figure S6 presents two 539 
images where the YOLO algorithm does not capture all grains within the reference frame. On the 540 
top row, while most grains are accurately identified, a large grain in the upper left is partially 541 
outside the frame, and therefore is not identified. The bottom row presents an extreme example 542 
of this, where two large grains (boulders) dominate the frame, and neither is identified by the 543 
algorithm. For these cases, the YOLO algorithm would need either additional training, 544 
flexibility, or potentially manual review after grain assignment to more accurately represent d50 545 
values.  546 
 As YOLO is an image processing algorithm, it is inevitably designed to emulate human 547 
vision, so it is not surprising that visual assessment via the human eye relates to the algorithm’s 548 
accuracy (Figure 7). However, the significant distinction between “no” and “maybe”/”yes” 549 
highlights the value of this brief visual inspection prior to modeling. Although this quality 550 
control pre-processing is a current limitation of the YOLO method, we suggest that future 551 
iterations of the YOLO approach could help develop a “living model” that continually learns and 552 
improves grain identification by ingesting new images then rerunning. The ability of this living 553 
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model to automatically detect unsuitable images is supported by the relationships we observed 554 
between human-assigned image suitability and machine-assigned YOLO accuracy (Figure 7). , 555 
which is supported as the algorithm ingests a larger and more diverse set of images.  556 

To address insufficient resolution issues for small grain size identified by Figure S4, we 557 
suggest a combination of increased image resolution and quadrat size scaling such that the 558 
majority of grains occupy at least 8 pixels. Our current approach limits our resolution to ~2mm 559 
grains and larger, making it useful in gravel/cobble-dominated streams. However, using a higher-560 
resolution imaging system would improve the ability to resolve smaller grains. In heterogeneous 561 
catchments, we suggest carrying multiple, clearly labeled quadrats as a simple and cheap 562 
solution that would likely significantly improve YOLO performance by largely eliminating the 563 
issues identified in Figure S4. We also note that, because quadrats are placed manually, utilizing 564 
best practices for random sampling (e.g., randomly selecting cells from a grid) is important to 565 
protect against sampling bias. 566 
 567 
4.4 Future directions 568 
 We see great potential for the YOLO algorithm to be incorporated into a living model 569 
that 1) ingests new images supplied via a simple interface (potentially via a publicly available 570 
app supporting crowdsourced input), 2) automatically assesses image quality and variability as 571 
photos are taken, and 3) reruns the model incorporating the new information. As mentioned 572 
above, this opens an opportunity for real-time quality control during data collection in the field, 573 
simultaneously improving YOLO model fidelity, optimizing image-capture field efforts (e.g., 574 
informing investigators when enough images have been collected to sufficiently represent the 575 
study site or system), and eliminating the need to manually assess image quality prior to 576 
modeling. This edge computing approach to data-model integration would ensure that high-577 
quality data are collected for all sites via real-time quality control, eliminating site loss due to 578 
image issues, which was a limiting factor to the accuracy of the YOLO model in this study 579 
(Figure 7). Coupled with technologies for imaging large spatial scales like drones, a living 580 
YOLO model could rapidly expand from site to catchment and basin-scale d50 estimates. 581 

Because of the ability of YOLO to quickly estimate d50 from images, we suggest that 582 
YOLO holds the potential to bridge the gap in spatiotemporally resolved d50 estimates between 583 
site-specific (manual) and over-generalized model-based approaches. As an example, in the 584 
YRB, manual d50 estimates are available, but at a limited number of locations and over limited 585 
time-scales that make extrapolation difficult. Likewise, as discussed above, model-based 586 
estimates can be down-scaled to individual reaches, but are over-generalized due to the coarser 587 
resolution of their input parameters and can be biased by basin features (e.g., a model 588 
parameterized in low-relief systems exhibits high variability in our high-relief basin). Our YOLO 589 
estimates provide site-specific information at a larger number of sites than the manual 590 
estimations, but are not biased by model constraints or input parameter resolution. As such, 591 
exploring the differences and similarities between 1) YOLO and co-located or co-collected 592 
manual measurements, and 2) YOLO and model-based measurements could provide basin-593 
specific calibration of models capable of reconciling the accuracy of direct measurements with 594 
the spatiotemporal resolution of model-based estimates. While these relationships would be 595 
basin-specific, additional YOLO campaigns in other, contrasting basins with manual and model-596 
based estimates would move towards basin-agnostic relationships.  597 

YOLO estimates across multiple basins, incorporated into an iterative, living model could 598 
then be scaled up to provide continuous spatial coverage of d50 estimates required to 599 
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parameterize basin-scale model data needs. We see potential for such an approach, utilized 600 
within a data-model feedback loop like the Model-Experiment (ModEx) framework (Serbin et 601 
al., 2021) to iteratively identify locations of high uncertainty for d50 estimates across a region of 602 
interest, which can help target data collection for improving YOLO models. In turn, because 603 
hydro-biogeochemical models depend on d50 for parameterization, iterative improvement of d50 604 
products would iteratively improve model performance, better constraining estimates of key 605 
basin functions like sediment respiration (Son et al., 2022).  606 

5 Conclusions 607 

In this study, we explored how estimates of median GSD (d50) derived from four 608 
different methods varied across 40 sites within the Yakima River Basin. Photogrammetric 609 
methods (YOLO in this study) bring advantages of rapid throughput, low sample cost, and site-610 
specific information, which complement both manual and model-based methods, which are 611 
limited by low throughput and over-generalization, respectively. In addition, YOLO can easily 612 
estimate intra-site variance, which is difficult with manual methods, and not possible for the 613 
model-based methods explored here. As such, we suggest that photogrammetric methods hold 614 
bridge the gap between “bottom-up” site measurements and “top-down” model-based estimates 615 
towards spatially and temporally resolved, scalable estimates of GSD (both median and 616 
variance). The flexibility of the data input (images of sufficient quality with some physical 617 
reference) and the speed of the YOLO method are primed for use on uncrewed platforms, 618 
inclusion in citizen or crowdsourced science campaigns, and ingestion of existing high-resolution 619 
datasets to rapidly improve the coverage and resolution of ground-truthed GSD estimates from 620 
reach to continental scales. We envision this coalescence of data as a living model that maintains 621 
site-specific accuracy while scaling predictive capabilities up to regional or continental scales as 622 
more data from an increasingly broad range of ecosystem types and geographic regions are 623 
ingested. Using this constantly improving d50 product, in concert with manual and model-based 624 
d50 values, we see strong potential to iteratively improve d50 representation in models 625 
improving both quantitative (magnitude) and qualitative (spatial and temporal organization) 626 
estimates of basin-scale hydro-biogeochemical processes.  627 
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Supplemental Information associated with “Machine learning photogrammetric analysis of 790 
images provides a scalable approach to study riverbed grain size distributions”. 791 
 792 

 793 
Figure S1: Figure 2B including one outlier that was removed prior to fit and error analysis. Both 794 
the outlier and the corresponding spatial extent within the training image are both highlighted in 795 
blue. 796 
 797 
 798 

 799 
Figure S2: Catchment-scale site characteristics (average slope and elevation) by stream order. 800 
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 801 

Figure S3: Boxplots that present statistics that accompany Figure 4. A) Straight-line distance in 802 
m of sites from the main stem of the Yakima, as shown in Figure 4, B) site latitude, and C) site 803 
longitude. Differences between means are presented as p-values, where significance is 804 
determined as p < 0.05. 805 
 806 
 807 
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 808 
Figure S4: The photos corresponding to the outliers in the “Yes” group highlighted in Figure 7.  809 
 810 
 811 

 812 
Figure S5: The 6 photos for Site 15.  813 
 814 
 815 
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 816 
Figure S6: Comparison of the raw photo and YOLO prediction for photo C (upper row) and E 817 
(lower row).  818 
 819 
 820 


