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Abstract 
 
Although broad-scale remote sensing applications are increasingly being adopted into water 
quality assessments, the feasibility of such applications on smaller rivers (< 150 m. width) is not 
well understood.  We evaluated the application of widely used single band and multi-conditional 
Total Suspended Solid (TSS) algorithms within the relatively small rivers of the Lake Champlain 
Basin in the Northeastern US. We identified Sentinel-2 images captured within a few hours of 
depth-integrated TSS samples measured in 10 tributaries (17 to 117 m wide) and corrected them 
for atmospheric conditions. Errors in the relationship between measured and predicted TSS 
values were used to explore potential limits on the application of existing TSS algorithms to 
small rivers. We found that there are settings along smaller rivers, and flow and seasonal 
conditions, under which br0ad scale remote sensing applications may be applicable. Remote 
sensing algorithms had greatest success predicting TSS when flow depths were sufficiently deep 
(approximately greater than 80-90 cm), biological activity was limited (as measured by 
temperature) and on rivers with a relatively fine-grained sediment load (i.e., potentially wash-
load dominated). We hypothesized that algorithm performance on smaller rivers would be 
prone to larger errors due to the greater influence of contrasting reflectance signals from soils 
and vegetation along river banks. The degree of limitation from this adjacency effect was not 
evident in our dataset but may be because of the correlation between river size and the character 
of the transported sediment, which had a significant impact on TSS errors. Our results highlight 
the feasibility of extending remote sensing applications to smaller river networks in temperate 
regions, especially for certain geologic settings and during the colder months, when in-situ 
monitoring is particularly challenging.  

Introduction 
 
Increasing intensity of landscape change and a warming climate have enhanced the occurrence 
of harmful algal blooms and overall degradation of riverine water quality (Foley et al., 2005; 
Murray et al., 2022). Targeting source areas of sediment and pollutants can help meet water 
quality goals and increase overall ecosystem health (Fleming et al., 2022). Broad-scale remote 
sensing-based analyses have been used to identify the source, distribution, and temporal 
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patterns of river-transported constituents (Gardner et al., 2021) and represent an improvement 
over financially and logistically challenging in-situ data collection programs (Stanley et al., 
2019). But remote sensing approaches for riverine water quality applications have been mostly 
tested on large rivers (> 150 m in width; e.g., Dethier et al., 2019), limiting our understanding of 
the applicability to smaller watersheds. Smaller rivers represent most of the river network  
(Downing et al., 2012) and are sites of important biogeochemical and physical processes 
(Alexander et al., 2007; Scott et al., 2019; Wohl, 2017). 

Predicting water quality parameters, specifically total suspended solids (TSS), often relies on a 
simple relationship between surface reflectance and the concentration of suspended solids, 
which tend to reflect incoming electromagnetic radiation rather than absorb it like water. 
Application of TSS algorithms in inland water can be challenging (Pahlevan et al., 2021), and 
additional challenges exist in fluvial settings because of narrower, shallow water bodies with 
spatially and temporally variable, and optically complex water properties (Olmanson et al., 
2013; Topp et al., 2020). In near-bank areas, edge effects of adjacent terrestrial features can 
significantly disturb the water-leaving radiance signal (Zhao et al., 2014). Vegetation overlying 
the riverbank and leaves on riparian trees may further complicate reflectance, as does the signal 
from the channel bed if river flows are too shallow, or water is too clear (Volpe et al., 2011).  

River water and suspended sediment characteristics that influence river optical properties can 
also impact the accuracy of estimated water quality parameters (Kilham et al., 2012).  Coarser 
grained sediment loads and those with a low mass fraction of fine-grained particles can lead to 
model underestimation of total suspended solids, and differences in the minerology can lead to 
inter-river and intra-river variation in regression models (Novo et al., 1989). Water-transported 
organic matter also introduces variability in river reflectance. Notably, chlorophyll-a generally 
absorbs blue and red light and reflects near infrared (NIR). Reflectance in these spectra is also 
associated with high suspended sediment concentrations, potentially leading to incorrect TSS 
estimations (Martinez et al., 2015a). Vertical distribution of suspended sediments in the water 
column can also be highly variable depending on the flow dynamics and sediment grain sizes 
(Armijos et al., 2017). Transport of finer particles often occurs higher in the water column, 
potentially as wash-load, compared to coarser particles, which remain closer to the bed and thus 
may be hard to detect at the surface (Bi et al., 2011). And the distribution of particle sizes is 
highly variable across a river, from one river to another, and over time, as finer particles are 
often flushed downstream during the early parts of a flood (Landers & Sturm, 2013). Such 
variability can reduce prediction accuracy, especially because of the different sampling 
techniques (i.e., surface vs depth-integrated) used in the creation of calibration data (Dethier et 
al., 2019).  

In this paper we explored the feasibility of using broad-scale remote sensing products to predict 
the concentration of total suspended solids (TSS) on smaller rivers, defined as those narrower 
than 150 meters but wider than the image resolution (i.e., 10 m). We built a dataset of observed 
in-situ TSS samples collected on 10 smaller rivers (17 to 117 m wide) in the Lake Champlain 
Basin of the northeastern United States and matched these observations with nearest-in-time 
available European Space Agency’s Sentinel-2 multi-spectral imagery. We evaluated which 
factors describe the difference between estimated (from widely used TSS algorithms) and 
observed TSS values to better constrain uncertainties and guide future development of remote 
sensing applications further up the river network.  



Based on our understanding of the factors that may limit application of broad-scale remote 
sensing to smaller rivers, we hypothesized that errors in estimated TSS may be described by: 

 (1) Watershed Setting factors that may determine channel dimensions (width and depth) and 
the character of the transported load. We expected that narrower rivers and those with coarser 
sediment loads will have greater errors because of the adjacency effect of channel banks and the 
uncertainty introduced with depth-integrated observed TSS samples (see Methods).  

(2) Flow Conditions including discharge and associated flow depth, and the portion of the 
hydrograph sampled. We expected that shallower flow depths and samples collected on the 
falling limb or during steady flows will have greater uncertainties, because of the impact of 
backscattering and the potential for reduced presence of fines in the water column.  

(3) Seasonal Influences including the growing season and the presence of organic material. We 
expected that errors will be smaller outside of the growing season, when deciduous riparian 
trees do not have leaves, herbaceous vegetation has senesced, and biological activity is 
suppressed.   

Study Area and Methods 
 
Tributaries of the Lake Champlain Basin 

This study focused on the major tributaries to Lake Champlain in New York and Vermont 
(Figure 1), which are monitored as part of the Lake Champlain Long Term Monitoring Project 
(LTMP) (NY State DEC & VT DEC, 2021). Excess phosphorus has impaired the water quality of 
Lake Champlain, prompting the development of a Total Maximum Daily Load (TMDL) for 
Vermont and New York, and motivating the states to track phosphorus, sediment, and other 
indicators of overall ecosystem health (Smeltzer et al., 2012). Under a full range of flow 
conditions, the LTMP samples as many as 21 tributary stations twelve or more times per year, 
generally co-locating sampling with USGS stream gages. Depth-integrated Total Suspended 
Sediment (TSS) samples are obtained either using a DH-48 or DH-59 (NY State DEC & VT DEC, 
2020).   

Previous glaciation in the Lake Champlain Basin contributes to the distinct geography of its 
tributary watersheds, influencing the nature of sediment and particulate phosphorus (PP) 
sourcing and transport (Medalie, 2014; Underwood et al., 2017). For eighteen of the 21 LTMP 
tributaries with greater than 25 years of monitoring, Underwood et al (2017) evaluated 
catchment characteristics associated with flow-normalized mean annual sediment and nutrient 
concentration and flux.  Watersheds with relatively high mean annual fluxes of TSS and PP are 
characterized by higher-than-average basin relief and mean annual precipitation (MAP). This 
contrasts with watersheds of lower annual fluxes that are typically smaller in area, have less 
relief, and lower-than-average MAP. Yet, lower-flux basins also have higher baseline supplies of 
TSS and PP as a result of the predominance of glaciolacustrine soils and sediments they flow 
through, that are dominated by silts and clays, and therefore easily transported over a larger 
range of flows (Underwood et al., 2017).  They also have higher mean annual concentrations of 
PP and TSS than their high-annual-flux counterparts (Medalie, 2014; Underwood et al., 2017).  
LTMP tributaries range in size from 137 to 2,753 km2 and river channel widths at the outlets to 
Lake Champlain are less than 150 m.  



 
Figure 1. Ten major tributaries to the Lake Champlain Basin in Vermont and New York used in this study that are 

monitored for TSS and their outlets monitored for TSS in the Lake Champlain Basin in Vermont and New York, USA  

Dataset Development 

For ten of the monitored tributaries (Figure 1), we identified matched pairs of TSS sampling 
events and cloud-free scenes collected within 5 hours by the Multispectral Instrument (13 
bands) on board the European Space Agency’s Sentinel-2.  We clipped each scene to the 
matched sampling location and processed the clipped images in ACOLITE (version 20211124.0), 
an open-source software platform designed specifically for atmospheric correction over marine 
and inland waters (Vanhellemont & Ruddick, 2016). Using the default dark spectrum fitting 
method, we calculated the remote sensing reflectance (Rrs) for the four 10-meter bands (red, 
green, blue, NIR). We estimated TSS as a function of Rrs from two widely used algorithms 



developed for open and coastal waters: the single-band “Nechad” (Nechad et al., 2010), 
calculated directly in ACOLITE, using Rrs 665 nm, and the multi-conditional “Novoa” (Novoa et 
al., 2017). We note that while Novoa was developed using Sentinel B8a (narrow NIR), which is 
20-m, we used the 10-m Sentinel B8 (NIR).  Expected TSS values from Nechad and Novoa were 
extracted for the pixels within the river around the sampling point, removing “mixed” river-land 
pixels from the averaging as best we could.   

As a result, we developed a matched dataset of observed and estimated TSS values. We classified 
each entry based on six factors that generally describe the watershed setting, flow conditions, 
and seasonal influences (Table 1), which we hypothesized may explain the variability between 
observed and estimated TSS values and highlight opportunities (and limitations) for remote 
sensing of TSS in small rivers.  

Table 1. Definition of the six factors, grouped by watershed setting, flow condition, or seasonal influence 
hypothesized to describe errors in estimated TSS values 

 

Watershed Setting: Channel width varies systematically through a watershed, with 
increasing discharge, but is also more locally a function of the boundary materials, gradient, and 
the character of the vegetation that lines the banks, and has been used as an indicator of, or 
filter for, the use of remote sensing for monitoring water quality (Dethier et al., 2019). To 
evaluate the importance of channel width above a minimum threshold (i.e., greater than the 
resolution of the images used), we measured channel width from top of bank to top of bank 
using information in aerial photographs and LiDAR-derived DEMs, as transition in vegetation 
and change in land surface slope. We classified the tributaries into two classes (<50-m wide and 
≥50-m wide), based on the rule of thumb that the channel should be 5-times the multi-spectral 
imagery resolution, or 50-m for this study. We also classified the tributaries by their expected 
annual TSS fluxes based on the classification of Underwood et al. (2017). Because low-flux rivers 
in the region also have high background levels of turbidity, potentially indicative of a greater 
proportion of their load transported as washload, we expected that the relationship between 
reflectance and TSS would differ for low- versus high-flux rivers.     

Flow Conditions: We assigned a flow depth at the time of image collection, based on an 
assumption that the stage at the nearby USGS streamflow gage approximated the average water 
column depth at the sampling point. We acknowledge that this is not a perfect assumption, as 

Factor Category 1 Definition Category 2 Definition

Channel 
Width

Narrow bankfull channel < 50 meters Wide bankfull channel ≥ 50 meters

River Flux* High Flux TSS and PP clusters 1 and 3 in 
Underwood et al (2017)

Low Flux TSS and PP cluster 2 in Underwood et 
al. (2017)

Flow Depth Shallow less than modeled threshold for visible 
beds, based on observed TSS**

Deep more than modeled threshold for 
visible beds, based on observed TSS**

Hydrograph Rising 
Limb

increasing discharge as measured at the 
nearest gage 

Recession/
Flat

a decrease, or no change, to discharge 
as measured at the nearest gage

Vegetation Leaf Off October 16 to April 30 Leaf on May 1 to October 15

Water 
Temperature

Cold water temperature < 15°C Warm water temperature ≥15°C

**based on radiative transfer modeling by Legleiter et al (2011)

W
at

er
sh

ed
 

Se
tt

in
g

Fl
ow

 
C

on
di

tio
n

Se
as

on
al

 
In

flu
en

ce

* as determined by the total annual flux



flow depths have high spatial variability, but does provide bounds on the temporal variability of 
flows. We classified flow depths as either likely or unlikely to generate backscatter from the 
channel bed that would influence reflectance based on results from radiative transfer modeling 
by Legleiter et al. (2011). This model identified the maximum depth at which a sand bed is 
distinguishable from an infinitely deep water column, for increasing suspended sediment 
concentrations. Additionally, because the character of transported sediment often varies 
through a hydrograph (Landers & Sturm, 2013), we classified each of the dataset entries based 
on if they were collected on the rising limb or not (i.e., on the recession of the flood or during 
steady flows).  

Seasonal Influences: To capture seasonal variability in biological activity, organic matter 
prevalence, and the potential for edge-effect interference of vegetation, we classified each 
sampling event as either occurring during leaf on (May 1 to October 15) or leaf off (October 16 to 
April 30) conditions. We also identified dataset entries that were likely to have larger 
chlorophyll-a (chla) concentrations. Because chla is no longer measured as part of the long-term 
monitoring project (as of 2005;NY State DEC & VT DEC, 2022) we used stream temperature as 
a proxy. From a t-test analysis of historical data at the long-term monitoring sites, we 
determined that stream temperatures greater than 15 degrees C are associated with higher chla 
concentrations (mean=2.9, SD=2.1), than stream temperatures below 15 degrees C (mean =4.0, 
SD=4.1; t(265)=-2.2, p=0.03).    

Model and Dataset Evaluation 

Two metrics were calculated following Pahlevan et al. (2022) and Smith et al. (2021) for the two 
algorithms (Nechad and Novoa) to gauge their performance. The median symmetric accuracy 
(ε) can be interpreted as a symmetric percentage error, equally penalizing over- and under-
estimation. Perfect accuracy would have a sigma of 0%. Signed systematic percentage bias (β) 
also maintains symmetry, with positive values indicating over-estimation and negative 
indicating under-estimation. We calculated the accuracy and bias as follows: 

𝜀𝜀 =  100 × �𝑒𝑒𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(|log (𝑚𝑚 𝑜𝑜⁄ )|) − 1� 

𝑀𝑀𝑀𝑀 = 𝑚𝑚𝑒𝑒𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(log(𝑒𝑒 𝑜𝑜⁄ )) 

𝛽𝛽 = 100 × 𝑠𝑠𝑚𝑚𝑠𝑠𝑚𝑚(𝑀𝑀𝑀𝑀) × �𝑒𝑒|𝑀𝑀𝑀𝑀| − 1� 

where e and o stand for estimated and in-situ observed TSS values, respectively, and MR is the 
median ratio.  

To understand how the difference (in % error) between observed and estimated TSS values is 
influenced by the sampling location’s watershed setting, the flow conditions, and the seasonal 
characteristics, we compared means for groupings of metrics using one-way Analysis of 
Variance (ANOVA) methods followed by Tukey Honest Significant Difference (HSD) tests 
between individual group means. If the response variables were not normally distributed, based 
on the Shapiro-Wilks method, the nonparametric Kruskal-Wallis method was used and a post-
hoc Dunn’s Test (with a Bonferroni correction). We compared means between the six factors 
individually, and for all pairings of non-associated factors. Cramer’s V test was used to test the 
strength of associations between the metrics.  All analyses were performed in R v.4.2.2 (R Core 
Team, 2022) using the stats and FSA packages (Ogle et al., 2022).   

 



Results 
 
Twenty-one scenes were matched with sampling dates from one or more of the ten tributaries in 
years 2015 through 2021, generating 65 unique TSS-image combinations. Measured TSS values 
ranged from 1.4 to 216 mg L-1 (median 9.4 mg L-1) and were collected between March 23 and 
November 1. LTMP samples are not collected in December, January, or February. Channel 
widths at the sampling point ranged from 17 to 117 m. Only one sample was collected at a time 
when the instantaneous discharge was greater than a 2-year recurrence interval flood (Olson, 
2014), and 88% of the points were collected during the flood recession or when flows were 
relatively steady.  

Overall, the single-band Nechad algorithm outperformed the multi-conditional Novoa 
algorithm (i.e., Nechad has a lower RMSLE and bias; Figure 2), but neither were highly accurate 
(i.e., 𝜀𝜀=35-39%). For both algorithms, β was greater than zero indicating an over-prediction of 
TSS. Further exploration of the relationship between observed and estimated TSS values 
revealed that observed values less than ~50 mg L-1 are overestimated, but that there was a 
systematic bias for observed TSS values greater than ~50 mg L-1, whereby the greater the 
observed value, the greater the under-prediction (Figure 3). To remove this systematic bias, we 
detrended the estimated-observed values based on the observed pattern to calculate the 
detrended percent error in the estimated TSS value relative to the observed value. We evaluated 
the absolute value of the percent error in estimated TSS. Because of the relatively similar results 
between the two algorithms, and the slightly better performance of Nechad, we limited the 
remainder of the analyses to the estimates provided by Nechad.  

 

Figure 2. Observed vs estimated TSS values for the single (Nechad) and mutli-band (Novoa) algorithms 



 

Figure 3. Difference between estimated and observed for Nechad demonstrating how the algorithm overpredicts TSS 
for values < ~50 mg L-1 and then systematically underpredicts TSS for observed values greater than ~50 mg L-1 

Percent error values for Nechad were not normally distributed, based on a Shapiro-Wilk test 
(W=0.52, p<0.001), and therefore we used the non-parametric Kruskal-Wallis method to 
evaluate differences in means and a post-hoc Dunn’s Test (with a Bonferroni correction). Mean 
percent error was significantly greater for points located on wider rivers, for shallower flows, 
and when temperatures were warmer than 15 degrees (Table 2). The effects of the other factors 
(river flux, vegetation, hydrograph) on percent error were not significant (at p<0.10; Table 2). 
Strong associations (Cramer’s V >0.60) existed within factor type (e.g., between factors that 
describe watershed setting, flow conditions, or season), and may explain unexpected results. 
River width was strongly associated with river flux grouping (Cramer’s V=0.67). All low-flux 
rivers in our dataset are narrow and 75% of high-flux rivers are wide. Thus, while we expected 
wide channels to have lower errors, larger errors on wider channels may (in part) be a function 
of the character of the sediment load (i.e., mostly high flux settings).   

Table 2. Comparison of mean % estimated error for the Nechad algorithm for the six factors tested  

 

Interactions between non-associated factors (Cramer’s V <0.60) highlighted the mediating 
impact of water temperature on flow depths (Figure 4A and Table 3). Flow depth was a strong 
determinant of prediction errors, whereby TSS measurements collected during flows that are 
sufficiently deep have nearly half the error as those collected when flow depths were potentially 
not sufficient to prevent backscatter from the bed (Table 2). However, this effect only remained 
significant when water temperatures were < 15° C; for warmer water temperatures, errors were 
not significantly different between shallow and deep samples (Figure 4A), though we 
acknowledge a small sample size (n=3) for shallow-cold observations. Interactions also 
highlighted the importance of river flux, not apparent when considering single factors (Figure 4 
and Table 3).  Samples collected in high annual flux settings when leaves were on the trees had 
nearly 5 times greater error than those collected when leaves were off the trees (Figure 4B), and 
nearly double the error when flow depths were too shallow, but errors were similar on low-flux 

Factor p-value chi-squared Category 1 n mean error Category 2 n mean error
Flow Depth 0.01 7.1 shallow 25 1.32 deep 40 0.76

Channel Width 0.02 5.3 narrow 34 0.53 wide 31 1.46
Water Temperature 0.02 5.2 cold 29 0.81 warm 36 1.10

Vegetation 0.10 2.6 leaf off 18 0.52 leaf on 47 1.14
River Flux 0.21 1.6 high flux 43 1.21 low flux 22 0.51

Hydrograph 0.39 0.7 rising 8 1.94 falling/flat 57 0.84



rivers (Figure 4D). Similarly, water temperatures had an impact on prediction errors for high 
flux settings, and not for low flux settings; estimated TSS had nearly 4 times the prediction error 
for warm water in high flux settings than cold water (Figure 4C).   

 
Figure 4. Four of the significant two-way interactions from Table 3 that highlight some of the mediating effects of 
one factor on another. Bars and black filled dot represent median and inter-quartile range. For each grouping, the 

average percent error is listed as well as the number of observations. Statistically different groupings are listed in the 
lower right-hand corner of each sub-panel.  

 

 

 

 

 

 



Table 3. Differences in mean % estimated error for the Nechad algorithm considering two-way interactions of non-
associated factors 

 

Discussion & Conclusion 
Although broad-scale remote sensing applications are increasingly adopted into water quality 
assessments (Griffith, 2002), such applications are typically limited to larger rivers (e.g., 
Gardner et al., 2021), missing a large proportion of the river network (Downing et al., 2012).  
The motivation for this study was to assess the feasibility of moving such applications up the 
river network to smaller channels. We hypothesized that although spatially and temporally 
variable limitations exist, in certain watershed settings and under certain flow conditions and 
seasonal influences, there are opportunities to estimate TSS relying on remote sensing. To test 
the hypothesis we evaluated which factors described errors between estimated TSS values from 
widely-used algorithms and observed in-situ TSS values from an existing long-term dataset of 
“smaller” rivers (i.e., < 150 m). In our test bed of the Lake Champlain Basin, we found settings, 
and conditions, under which broad-scale remote sensing may be feasible. Additional evaluations 
using more explicit and larger datasets are still needed.  

Flow depth was the strongest determinant of error in estimated TSS. When flows were “deep 
enough”, errors were half of what they were on shallower rivers, no matter the width of the 
channel. Sufficient depths will vary from one river to the next depending on the concentration-
discharge relationships for TSS.  For the rivers in the Lake Champlain Basin, we found that the 
threshold between shallow and deep flows, based on the radiative transfer modeling of Legleiter 
et al. (2011) was ~80-90 cm. Seasonal characteristics also determined the successful application 
of remote sensing to smaller rivers. When water temperatures were warmer, which correlated 
with elevated chlorophyll-a levels, errors were ~40% greater than during times of the year when 
water temperatures were colder. During these warmer months leaves are also on trees 
interfering the near-bank signal along forested sites, and enhancing the organic matter in the 
water column, which can confound the relationship between surface reflectance and TSS 
(Martinez et al., 2015).  

Temporally variable conditions were mediated by the watershed setting. Based on our dataset, 
wider rivers had higher errors in estimated TSS than narrower ones. This is counter-intuitive 
(e.g., Zhao et al., 2014) and possibly a function of the geography of the Lake Champlain Basin, 
whereby the wider rivers drain higher-relief catchments with greater mean annual precipitation 
and have higher annual sediment fluxes associated with coarser-grained sediments. This is in 
contrast with the three low-flux rivers in our dataset, which are all narrower than 50 meters, and 

Grouping p-value chi-squared
Flow Depth:Water Temperature 0.010 11.4

Flow Depth:River Width 0.010 11.3
River Flux:Vegetation 0.025 9.4

Channel Width: Water Temperature 0.025 9.4
River Flux: Water Temperature 0.030 8.9

Channel Width: Vegetation 0.033 8.8
Flow Depth:River Flux 0.038 8.4
Flow Depth:Vegetation 0.038 8.4

Hydrograph:Channel Width 0.045 8.0
Hydrograph:Water Temperature 0.078 6.8

Hydrograph:Vegetation 0.265 4.0
Hydrograph:River Flux 0.307 3.6



sourced directly from the Lake Champlain Valley, which is dominated by highly erodible, and 
very fine-grained glaciolacustrine deposits. Although these rivers are narrow, they have high 
background loads (i.e., sediment concentrations that are not sensitive to increasing discharge), 
and their loads are composed of finer grained particles. These finer-grained loads improve TSS 
estimates in two ways. First, the particles are more likely to be well mixed vertically than coarser 
particles, such that what is measured at depth (i.e., through depth-integrated sampling), is also 
representative of what is measured at the surface relying on surface reflectance values. 
Relatedly, fine particles distributed throughout the water column are likely to absorb more 
radiation, reducing the depths at which the bed influences the radiative signal.  While river flux 
on its own was not a significant factor influencing error in estimated TSS, its importance as a 
mediating factor became evident when factor interactions were tested.  For example, errors in 
estimated TSS were much higher when flows were shallow on high flux rivers (average of 161%), 
than on low flux rivers with either shallow (average of 57%) or deep (average of 48%) flows 
(Figure 4).  Taken collectively, these findings suggest spatial and temporal conditions under 
which broad-scale remote sensing of TSS may be feasible in small rivers – namely, in 
nonvegetated, colder-water seasons at wash-load-dominated, narrow and deep channel settings. 

Understanding where, and when, broad-scale remote sensing datasets may be applicable, may 
help to improve the efficiency and reach of watershed management plans targeting source areas 
for water quality impairments. Winter runoff events are challenging to sample, and often 
neglected by monitoring programs, yet recent evidence suggests that these events can have high 
turbidity and nutrient concentrations (Seybold et al., 2022). Winter runoff events are likely to 
increase with a warming climate (Contosta et al., 2019), and as such integrating remote-sensing 
based assessments into monitoring may help capture this increasingly important mechanism.  

Because the geomorphology of rivers, their hydrologic regimes, and sediment transport 
characteristics vary greatly across topographic, geologic and hydroclimatic gradients, 
opportunities for remote-sensing based approaches on smaller rivers will be variable. For 
example, targeted flow depths of 80-90 cm, are associated with dramatically different 
discharges based on channel size and shape but also slope. While on larger rivers, or those that 
have a low width-to-depth ratio or low slopes, high exceedance flows (or those that occur most 
of the time) may be deep enough to prevent backscattering from the channel bed, whereas on 
smaller rivers and those that have a high width-to-depth ratio or high slopes, lower discharges 
are likely to interfere with reflectance. Rivers that drain erodible, fine-grained landscapes, such 
as those in the Lake Champlain Valley which flow through glaciolacustrine deposits, are likely to 
have high background loads, and transport sediment throughout the water column (Armijos et 
al., 2017). In contrast, rivers with a crystalline source-area lithology, for example, may transport 
coarser particles (e.g., sand) in suspension, which may be harder to measure in remotely-sensed 
imagery (Dethier et al., 2019). Additionally, where the growing season extends throughout the 
year, the opportunity for remote-sensing based TSS estimates may be more limited. Although in 
such settings, the consistency of organic material in the water column may contribute to the 
development of a more successful regional algorithm (Marinho et al., 2021).  

We based our analyses on the errors in the application of Nechad, a single-band algorithm 
developed for open-water settings outside the region (Nechad et al., 2010), using a relatively 
small dataset curated from non-Winter, non-ice months in a temperate, glacially-conditioned 
setting.  While single-band algorithms can be powerful tools, they often have limited 
applicability outside the region and the range of calibration values. Recently, Balasubramanian 
et al. (2020) and others have developed globally applicable tools, with great success, but these 



tools have not been evaluated for smaller rivers. With the increasing availability of broad-scale, 
high-resolution satellite imagery (e.g., Frazier & Hemingway, 2021), there are growing 
opportunities to extend the reach of remote sensing-based watershed evaluations of water 
quality. Additional work is needed to define the conditions and settings under which broad scale 
remote sensing may be applied. Regional datasets and algorithms remain the most promising 
path forward, and further work is needed to develop robust algorithms on smaller rivers.  
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