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ABSTRACT
Small unoccupied aerial systems (sUAS) are increasingly used for 
field data collection and remote sensing purposes. Their ease of 
use, ability to carry sensors, low cost, precise manoeuvrability and 
navigation makes them versatile tools. The goal of this study is to 
investigate if sUAS multispectral imagery can be utilized to measure 
turbidity and total suspended solids (TSS) of small streams. sUAS 
multispectral imagery and water samples at varying depths were 
collected before and after rain events on three sampling dates in 
2019 from Moores Creek in Lanett, Alabama (AL), United States of 
America (USA), which was restored in 2017. The water samples were 
processed for TSS and turbidity and related to pixel values from the 
multispectral imagery. Linear regression was used to develop mod
els for TSS and turbidity. The models were then tested on Moores 
Mill Creek in Chewacla State Park, AL, USA.

For Lanett, TSS and turbidity regression models for low flows had 
coefficients of determination (R2) values of 0.77 and 0.78, respec
tively. During high flows, different single bands and band ratios 
were required for comparable R2 values, suggesting separate mod
els may be needed for high and low flow events. When the Lanett 
models were applied to Chewacla State Park, predicted TSS and 
turbidity were not comparable to measured values indicating that 
location-specific models may be required. Future research should 
incorporate depth as a variable since streambed visibility likely 
impacts results, along with other modelling and data analysis 
methods, such as machine learning.
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1. Introduction

Nonpoint source water pollution is a global issue with sedimentation and siltation at its 
core (Duda 1993; Bailey and Waddell 1979; Rabení and Jacobson 1999). Sedimentation/ 
siltation is when solids enter a waterway, increasing turbidity and total suspended solids 
(TSS) concentration. This can occur as runoff from agriculture, roadways, construction 
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sites, logging and mining (Brown and Froemke 2012; Cooper 1993; Perez et al. 2014). 
These activities disturb land cover and loosen soil which can be transported in runoff 
(Poesen et al. 1996). Sediment, especially from agriculture, can transfer excess nutrients 
into waterways, causing algal blooms, which will decrease dissolved oxygen levels thus 
causing aquatic organisms to die while increasing turbidity and TSS levels (Michalak et al. 
2013; Beman, Arrigo, and Matson 2005). Suspended particles transport many other bound 
contaminants, such as pathogens, hydrophobic organic contaminants and heavy metals 
(Chuan and Yunus 2019; Léopold et al. 2008; Rügner et al. 2014; Abia et al. 2017; Burton, 
Gunnison, and Lanza 1987). Additionally, suspension and deposition of sediment in 
waterways can negatively impact aquatic organisms and lead to alterations in food 
webs (Rabení, Doisy, and Zweig 2005; Minshall 1988; Rabení and Minshall 1977; Wohl 
et al. 2015). Soil erosion and sedimentation have been accelerated by anthropogenic 
disturbance (Pimentel and Kounang 1998). For just the United States, siltation, sedimen
tation and turbidity are the largest impairment cause, accounting for 31% of impaired 
waterways, while the second largest cause, pathogens, only accounts for 10% of impaired 
waterways (USEPA 2015). Acceleration of sedimentation/siltation can reasonably be 
expected to continue with projected increases in urbanization, land development, 
human population and global climate change (Walker, McNutt, and Maslanka 1999).

New technologies are being implemented to address increased TSS and turbidity, 
including green infrastructure for stormwater management, stream restoration, erosion/ 
sediment control devices, and conservation-based agricultural practices (Perez et al. 2016; 
Keeley et al. 2013; Torbert, Potter, and Morrison 1996; Potter, Torbert, and Morrison 1995; 
McDowell and McGregor 1984). Many sedimentation/siltation reduction measures target 
small streams because watersheds have most of their stream length in lower-order 
streams (Leopold, Wolman, and Miller 2012). This means that lower-order stream health 
will have the largest impact on the watershed since the watershed mostly consists of 
them and their small size allows human impact to dominate (Meyer et al. 2003; Sweeney 
et al. 2004). Excess sedimentation/siltation in small, lower-order streams needs to be 
addressed because of their prevalence, increased biodiversity and influential role in 
nutrient processing (Kaplan et al. 2008).

Measures to reduce sedimentation/siltation in small streams need to be monitored and 
assessed to ensure that these practices are effective in reducing TSS and turbidity. 
Historically, there has been a lack of stream monitoring, especially for stream restoration 
(Friberg et al. 2016; Bash and Ryan 2002). Long-term monitoring will allow for refined 
assessment of pollution prevention while also identifying areas with critical need. 
Traditional monitoring involves taking water samples at discrete points. This technique 
is labour- and time- intensive particularly if high spatial and temporal resolutions are 
desired.

There are multiple remote sensing methods for monitoring water quality in stream and 
river corridors that could address this gap (Tomsett and Leyland 2019). Several studies 
have used acoustic doppler and echo sounding techniques for measuring TSS in the 
laboratory and field setting (Schindler and Robert 2004; Chanson et al. 2011; Leyland et al. 
2017). These methods are not widely used, require expensive equipment and can only be 
used at a reach scale (Tomsett and Leyland 2019). Remotely sensed satellite imagery has 
also been used to estimate surface turbidity and TSS concentrations with various resolu
tions ranging from 30 m to 1000 m using either Landsat or Moderate Resolution Imaging 
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Spectroradiometer (MODIS) (Umar, Rhoads, and Greenberg 2018; Tomsett and Leyland 
2019). These methods require long-term in situ discharge and water quality measure
ments and are limited to large bodies of water due to the coarse spatial resolution 
(Manfreda et al. 2018; Larson et al. 2018; Klemas 2015; Lechner et al. 2012; Becker et al. 
2019). Additionally, these methods have difficulty in examining downstream confluence 
mixing and assessing multithread waterway systems (Umar, Rhoads, and Greenberg 
2018). A variety of data analysis methods have been used from simply implementing 
linear and non-linear regression, to more recent studies addressing the complexity of 
surface water quality parameters using machine learning and neural networks (Sharaf El 
Din, Zhang, and Suliman 2017; Brando and Dekker 2003). From review of previous studies, 
there is an evident absence of lower-order stream remote sensing because of the lack of 
resolution needed to only have pixels of a stream (Liu, Islam, and Gao 2003). Also, water 
quality satellite remote sensing studies have mostly focused on deep uniform waters, 
where bottom effect and bathymetry do not have to be considered and thus surface 
water quality is the focus. There have been a number of satellite remote sensing water 
quality studies of shallow lakes (Tyler et al. 2006; Dekker et al. 1996; Hicks et al. 2013; 
Mironga 2004), but these field sites do not experience dynamic changes in flow rates from 
rain events and act as more of a sediment sink than a sediment transport mechanism. Due 
to the lack of resolution and focus on large sediment sinks, such as oceans and lakes, more 
studies need to be conducted on lower-order streams. A potential avenue to address 
these limitations is to use small unoccupied aerial systems (sUAS).

sUAS are increasingly used for environmental data collection due to their commercial 
availability, ease of use and ability to collect data at high spatial and temporal resolu
tions (Manfreda et al. 2018; Nowak, Dziób, and Bogawski 2019; Simic; Milas et al. 2018). 
There has been an increase in use of sUAS by industry, academia, government agencies 
and stakeholders (McDonald 2019), whereas satellite remote sensing has been almost 
solely used in academia and by federal agencies (Schaeffer et al. 2013). Studies of sUAS 
remote sensing for water quality purposes, especially in small streams are limited. Plume 
contaminant and inflow sUAS detection has been done with thermal imaging, which 
relies on the temperature difference between the effluent and the water body. This has 
been done in several studies in streams, rivers and coastal areas (Lega et al. 2012; Lega 
and Napoli 2010; Fitch et al. 2018; Briggs et al. 2018). Multispectral sUAS remote sensing 
of turbidity in small reservoirs suffered from model overfitting and large errors (Su 2017). 
A similar sUAS study was conducted on a small lake, but with coarser resolution of 0.2 m 
(Vogt and Vogt 2016). Recently, a turbidity sUAS multispectral study on a stream was 
conducted, with a range of turbidity measurements due to a natural spring and human- 
induced sediment plume (Ehmann, Kelleher, and Condon 2019). This study only looked 
at individual bands or individual band ratios, did not incorporate depth-integrated 
sampling and did not maintain exact sampling locations. Additionally, sUAS multispec
tral imagery has been used to develop multi-depth models for predicting TSS in rivers 
with some success (Larson et al. 2018), but the technique has not been extended to 
small streams.

The main problem this research addresses is that small streams require turbidity and 
TSS monitoring, but are too small to be monitored with satellite remote sensing. The 
goal of this study is to develop and test statistical models to determine TSS and turbidity 
levels of small streams through multispectral imagery obtained by a sUAS. This study 
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follows a sampling method that attempts to address the need for vertical distribution of 
sediment concentrations in shallow moving waters due to the influence of variable 
bathymetry, streambed reflectance and bed load reflectance contribution (Liu, Islam, 
and Gao 2003; Larson et al. 2018). Multispectral imagery and water samples at varying 
depths were collected before and after rain events from a recently restored reach of 
Moores Creek in Lanett, Alabama (AL), United States of America (USA). The water 
samples were analysed for TSS and turbidity and linked to pixel values from the multi
spectral imagery. Multiple linear regression was used to develop models relating multi
spectral pixel values to TSS and turbidity. To determine if models developed with the 
Lanett datasets can be used on similar streams, a sUAS flight and water samples were 
collected at Moores Mill Creek in Chewacla State Park, AL, USA. The pixel values from 
Chewacla were inputted into the Lanett models and results were compared to measure
ments. While linear regression modelling is the simplest option for data analysis, it is the 
necessary first step in studying sUAS remote sensing of lower-order streams, since such 
little research has been conducted on these locations thus far. With further refinement, 
sUAS high resolution multispectral imagery has the potential to improve understanding 
of complex fluvial geomorphological processes such as sediment transport due to 
variation in flows and depths. Also, sUAS could be used to identify sediment sources 
and be used as a monitoring tool for sedimentation/siltation reduction projects.

2. Methods

2.1. Study sites

2.1.1. Moores Creek, Lanett, AL, USA
Data collection for regression model development was conducted on a 244 m reach of 
Moores Creek in Lanett, AL, USA (32°51′, −85°11′) including the confluence with Jennings 
Creek, a small tributary (Figure 3(b,d)). The reach and tributary were restored by the AL 
Cooperative Extension System in May 2017. The restoration included a riffle, two cross 
vanes, one J hook, a stone wall, and live stakes for vegetation growth and stream bank 
stabilization (Figure 1) (ADEM 2018). The Moores Creek watershed consists of 26.2 km2 

(Ries et al. 2017) with 4% impervious surfaces and 20% urban development (Homer, Fry, 
and Barnes 2012). The Moores Creek watershed is located in the Middle Chattahoochee- 
Lake Harding River Basin (HUC 03130002) (Steeves and Nebert 1994). Moores Creek has 
been listed on Alabama’s Clean Water Act section 303(d) use impairment list since 2012 
for siltation and since 2018 for E. coli. Moores Creek was placed on this list for siltation 
exceeding 50 nephelometric turbidity units (NTU) above background, with background 
defined as the natural turbidity of receiving waters without anthropogenic effects. 
Additionally, Moores Creek was placed on the list for pathogens since it exceeded 
a geometric mean of 548 colonies per 100 ml (ADEM 2019).

2.1.2. Chewacla State Park, Moores Mill Creek, AL, USA
Data collection for cross-site regression model testing was conducted in Chewacla State 
Park near Auburn, AL, USA on Moores Mill Creek, (32°33′, −85°28′) (Figure 3(a,c)). Water 
sampling occurred upstream of Chewacla Lake on 414 m of Moores Mill Creek. The 
Moores Mill Creek watershed consists of 30.1 km2 (Ries et al. 2017) with 17% impervious 
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surfaces and 63% urban development (Homer, Fry, and Barnes 2012). The Moores Mill 
Creek watershed is located in the Lower Tallapoosa River Basin (HUC 03150110) (Steeves 
and Nebert 1994). Moores Mill Creek has been on Alabama’s Clean Water Act section 303 
(d) use impairment list for siltation since 2000. Moores Mill Creek was placed on this list for 
exceeding 50 NTU above background, with background defined as the natural turbidity of 
receiving waters without anthropogenic effects (ADEM 2019). For the rest of this paper, 
datasets collected from Moores Mill Creek with be referred to as Chewacla, while datasets 
collected from Moores Creek will be referred to as Lanett.

3. sUAS setup

For this study, the sUAS platform (Table 1) consisted of a DJI Phantom 4 (DJI Ltd., 
Shenzhen, China) with a mounted Parrot Sequoia (Parrot Drone, Paris, France) multi
spectral sensor package. The sensor package consisted of a solar radiation sensor for 
auto calibration along with four band sensors capable of only receiving green (G), red (R), 
red edge (RE) and near-infrared (NIR) spectral bands. One-point calibration plus the solar 
radiation sensor was used for radiometric calibration using a test pattern with known 
reflectance (Poncet et al. 2019).

Figure 1. In-stream structures at Moores Creek, Lanett, AL, USA stream restoration site: (a) upstream 
cross vane with stone wall, (b) riffle, (c) J hook with inflow from Jennings Creek, (d) downstream cross 
vane.
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3.1. Data collection

Data collection at Lanett included three sets of water samples and multispectral imagery 
on 1 February 2019, 22 March 2019 and 10 July 2019. No previous rain events were closely 
recorded, within the typical hydrograph response time of the reach, when the 
1 February 2019 and 22 March 2019 sample sets were collected. Rain had not been 
recorded since 30 January 2019 and 15 March 2019, respectively. The 10 July 2019 sample 
set was collected 8 hours after a rain event (1.58 h, 4.19 cm).

Water samples were taken upstream and downstream of in-stream structures at the 
same locations on each sampling date (Figure 3(d)). These locations were preserved 
between each sample set by firmly placing metal posts on the stream banks for in-stream 

Figure 2. Geographic location of the two east AL watersheds used in this study: (a) reference map with 
state outlines, (b) zoom in to the Alabama Georgia border where the watershed study sites are located.
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referencing during water sampling. For each flight, three ground control point (GCP) targets 
were placed at various locations along the Lanett reach (Figure 3(d)). GCPs were used to 
significantly increase the geospatial accuracy of the imagery (Gauci et al. 2018). The location 
of the GCPs were selected by ensuring an even horizontal distribution while accounting for 
vertical undulations and confirming a clear view of the sky. The location of each GCP target 
and water sampling location was measured and recorded using a Trimble Geo7x running 
TerraSync (Trimble Navigation Limited, Westminster, CO, USA) rated at a 1 cm accuracy. The 
sUAS was then flown over the study site with a side and front overlap of 80% at 76 m 
altitude, followed by water sampling beginning with the most downstream location. At 
each sampling location (Figure 3(d)), water depth was measured and then 500 ml water 
samples were collected from the surface, middle and bottom of the water column using 
a depth integrated water sampler (Forestry Suppliers, Jackson, MS, USA). Samples collected 
at the bottom of the water column were collected approximately 2.5 cm from the 

Figure 3. Overview of sample site locations:(a) The Moores Mill Creek watershed, with the outlet 
located at the inflow of Chewacla Lake in Chewacla State Park in Auburn, AL, USA; (b) the Moores 
Creek watershed, with the outlet located at the Veterans Memorial Parkway bridge in Lanett, AL, USA; 
(c) the Moores Mill Creek (Chewacla) reach with sampling locations denoted; (d) the Moores Creek 
(Lanett) reach with sampling locations denoted.

Table 1. sUAS platform specification (DJI 2019; Sequoia 2019).
Aircraft Sensor Band span (nm)

Weight (g) 1380 72 Green: 480 to 520
Red: 640 to 680

Size (mm) 350 59 × 41 × 28 Red Edge: 730 to 810
Near-infrared: 770 to 810
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streambed. If the water depth was less than 40 cm, only a surface water sample was 
collected. Samples were collected in order from downstream to upstream so as not to 
collect sediment that was disturbed while walking to each sample location (Figure 3(d)). 
A total of nine locations were sampled with 18 samples collected on each field date. Please 
see the supplemental material for all sampling depths. Bed sediment samples were also 
collected and processed for grain size analysis following Gee and Bauder (1986) procedure.

Data collection at Chewacla State Park was conducted on 25 July 2019. No previous 
rain events were closely recorded when sampling occurred since 20 July 2019. Three GCP 
targets were placed along the stream where there was no canopy cover (Figure 3(c)). 
These locations were measured following the same methods used at the other sample 
site. The sUAS was then flown over the study site with a side and front overlap of 85% at 
76 m altitude. Water sampling began at Chewacla Lake and continued upstream at 
locations where there was no canopy cover or existing overshadowing (Figure 3(c)). The 
location of each water sample was measured and recorded by using the laser range finder 
on the Trimble Geo7x in order to offset the position to the actual sample location. Water 
and sediment sampling followed the same protocol as at the other sample site.

3.2. Data processing

Water samples were brought to the laboratory and processed for turbidity and TSS. TSS 
was measured following the United States Environmental Protection Agency (USEPA) 
Method 160.2 (USEPA 1971). Each filter (Whatman® glass microfiber filters, Grade 934- 
AH® RTU) was pre-rinsed, dried and weighed. Each sample was shaken to resuspend 
sediments and 250 ml was suctioned through a filter, which was removed from the 
filtering apparatus and placed in a drying oven (103°C) until constant weight was 
achieved. Turbidity was measured following USEPA Method 180.1 (USEPA 1993). A Hach 
2100Q turbidimeter (Hach, Loveland, CO, USA) was first calibrated following manufacturer 
instructions. The water sample was then thoroughly mixed and poured into a glass 
sample vial for placement in the turbidimeter. Four turbidity measurements were aver
aged for each water sample. All measurements were under 40 NTU, so no samples 
required dilution.

For multispectral imagery processing, Pix4D (Pix4D, Prilly, Switzerland) was used for 
radiometric calibration, importing and locating GCPs and orthomosaic map construction. 
Atmospheric correction was not applied since the sUAS was flown at an altitude of 76 m 
which is a small atmospheric column, especially when compared to satellite atmospheric 
columns. Because such a low altitude was used, the discrepancy of radiance at the sensor 
and at the water surface is negligible and so it was ignored (Iqbal, Lucieer, and Barry 2018). 
Pixel values for each band were then determined by using the recorded locations for each 
water sample and the zonal statistics tool in ArcGIS (ESRI, Redlands, CA, USA).

3.3. Statistical analysis

To develop unique TSS and turbidity models for small streams, correlation tests between 
turbidity and band pixel values and between TSS and band pixel values were conducted 
for all single bands and possible band ratio: G, R, RE, NIR, G/R, G/RE, G/NIR, R/G, R/RE, R/NIR, 
RE/G, RE/R, RE/NIR, NIR/G, NIR/R and NIR/RE. Correlation tests were conducted for the 
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Lanett data considering all water samples, averaged water column value, all water 
samples excluding the rain event dataset, and averaged water column excluding the 
rain event dataset. The averaged water column value was calculated by averaging the 
water sample measurements from the surface, middle and bottom of the water column.

From the correlation analyses, four single bands and/or band ratios were identified that 
had the highest significant correlation coefficients (r-values) for turbidity and TSS. These 
four band variables were then used with a stepwise linear regression procedure to 
determine the combination that produced the highest coefficients of determination (R2) 
values while including only model variables with probability (p) value < 0.05. Once the 
best models were selected for each scenario, each model was tested for overfitting by 
taking out 20% of the data and reprocessing it through the stepwise linear regression. The 
revised model was fit to the removed data points and was deemed not to be overfit if the 
R2 value for the removed data was within 0.1 of the R2 for the original model. Additionally, 
root mean square error (RMSE), residual prediction deviation (RPD) and mean normalized 
bias (MNB) were also calculated using Equation (1 – 3), respectively. 

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pn

i¼1 Pi� Oið Þ
2

n

s

(1) 

RPD ¼
σ0

ðRMSEPiÞ
(2) 

MNBð%Þ ¼
1
n

Xn

i¼1

Pi� Oið Þ

Oi
�100 (3) 

Where:
RMSE = root mean square error
n = number of observations
i = a value in a dataset
Pi = predicted value
Oi = observed value
RPD = residual prediction deviation
σ0 = standard deviation of the observed variable
RMSEPi = root mean square error of the predicted value
MNB = mean normalized bias
To ensure sample size was adequate, a procedure based on the noncentral (NC) 

F distribution was used to determine the statistical power of each of the multiple 
regression models developed (Cohen and Nee 1987). For a model with sample size 
n and k independent variables, the statistical power (1 – β) of the model is determined 
by calculating the probability of type II error using Equation (4). The noncentral parameter 
(λ) was calculated using Equation (5). The Cohen’s effect size (f2) was calculated using 
Equation (6). A statistical power of 0.8 was considered adequate. 

β ¼ FNCð Þ Fcritð Þj DoFReg
� �

; DoFResð Þ; λ
� �

(4) 

λ ¼ f2n (5) 

INTERNATIONAL JOURNAL OF REMOTE SENSING 9



f2
¼

R2

1� R2¼
ðSSRegÞ

ðSSResÞ
(6) 

Where:
Fcrit = F critical value of the regression model
DoFReg = regression degrees of freedom, equal to k
DoFRes = residual degrees of freedom, equal to (n � k � 1)
FNCð Þ Fcritð Þj DoFReg

� �
; DoFResð Þ; λ

� �
= the cumulative distribution function of the non

central F distribution
λ = noncentral parameter.
f2 = Cohen’s effect size
SSReg = regression sum of squares
SSRes = residual sum of squares
In order to determine if models developed from a stream can be used to predict TSS 

and turbidity of another stream, Chewacla pixel values were inputted into the Lanett 
models. The TSS and turbidity model results were then compared to actual measure
ments. All statistical analyses were performed in Statistical Analysis System (SAS) (SAS 
1982, 1985) and Matlab 2020a (Mathworks, Natick, MA, USA).

4. Results

4.1. Turbidity and TSS

Turbidity and TSS sampling results from Lanett, AL demonstrated a range of values that 
varied by sampling date. Based on a developed rating curve, flow rates for February, 
March and July sample sets were 0.97 m3 s−1, 0.98 m3 s−1 and 0.94 m3 s−1, respectively. 
The 10 July 2019 sampling date generally had higher turbidity and TSS measurements 
(Figure 4), with increases at sampling locations directly downstream of either the cross 
vanes, J hook or riffle. The increase at approximately 75 m can be attributed to an 
inflowing pipe that drains an adjacent field. Surface TSS measurements for the March 
sample set were slightly higher than the July sample set (Figure 4(c)), while the July 
sample set had higher TSS readings at the middle and bottom of the water column 
(Figure 4(e,g)) due to the rain event that occurred eight hours before sampling. The 
elevated surface TSS values for the March sample set enabled the average water column 
results to be above the July rain event sample set (Figure 4(a)). For turbidity measure
ments, the July rain event sample set was mostly higher than the other two datasets. 
Inflections at locations of the in-stream structures were also present, but less pro
nounced. Findings also indicated that turbidity measurements from the middle and 
bottom of the water column for February and March datasets were in close agreement 
and represent turbidity at low flow (Figure 4(f,h)). The close range of surface turbidity of 
all three sample sets (Figure 4(d)) and elevated middle and bottom water column 
measurements in July (Figure 4(f,h)) generally indicated deposition of suspended solids 
from surface to streambed. The bed sediment samples were classified according to the 
USDA soil texture classification as sand (99.7% sand, 0.3% silt or clay).
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4.2. Previous model comparison and regression model development

To determine if models for predicting TSS from multispectral data for rivers are applicable to 
small streams, the performance of the regression models developed by Larson et al. (2018) 
for the Maumee River were tested for the data from this study. Equations (7) and (8) were 
developed by Larson et al. (2018) for TSS at depths of 0 to 15 cm. Equation (7) was 
developed from aggregated field spectroradiometer data, while Equation (8) was developed 
using sUAS multispectral imagery in Larson et al. (2018) study. Equations (7) and (8) were 
tested using the Lanett pixel values from collected imagery. As seen in Table 2, results from 
Equations (7) and (8) yielded TSS readings that were much higher than any recorded TSS 
measurement. All other models from Larson et al. returned results that were negative or 
much higher than measured results. This comparison indicates that new models should be 
developed since existing model results were a poor predictor of measured values. 

Figure 4. TSS and turbidity at Lanett, AL, in 2019 with 175 m being furthest upstream: (a) averaged TSS 
of water column, (b) averaged turbidity of water column, (c) TSS of the water surface, (d) turbidity of 
the water surface, (e) TSS of the middle of the water column, (f) turbidity of the middle of the water 
column, (g) TSS of the bottom of the water column, (h) turbidity of the bottom of the water column.

Table 2. Comparison of measured TSS (mg L−1) to Larson et al. (2018) models 
developed from spectroradiometer and sUAS multispectral sensor data.

Date Mean measured TSS Spectroradiometer sUAS

01 February 2019 2.0 57.9 49.5
22 March 2019 3.8 48.9 60.9
10 July 2019 3.3 59.7 76.9
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TSS ¼ � 151:2þ 384� REð Þð Þþ 173:9�
G
R

� �� �

(7) 

TSS ¼ 142:7� 53:8�
R
ðREÞ

� �� �

(8) 

Where:
TSS = total suspended solids (mg L−1)
RE = red edge (730 nm to 740 nm)
R = red (640 nm to 680 nm)
G = green (480 nm to 520 nm)
Initial analysis was conducted with TSS and turbidity values from all sampling dates. 

Separate models were developed with values averaged over the water column and with 
samples from different depths treated as unique data points. Using the correlation proce
dure, four single bands and/or band ratios with the highest r-values and lowest p-values 
were identified (i.e. band, r and p-value rows in Table 3). All possible combinations (ranging 
from one variable to all four variables) of the selected four band and/or band ratios were 
then inputted as predictive variables in linear regressions. Model results from linear 
regressions can be found in Table 3. The best R2 results were those that included all 
identified variables. Compared to turbidity, R2 values were smaller and p-values were larger 
for both TSS models, indicating that turbidity has a stronger and more significant relation
ship with multispectral data. Overfitting was checked and deemed insignificant, such that 
the R2 values were within 0.1 of the original model R2. These findings were reinforced by 
linear regression values and comparisons of modelled predictions and measurements 
(Figure 5). Modelled TSS and turbidity maps were generated for each model (Figure 6).

A second analysis without the rain event dataset was conducted to determine if 
separate high flow and low flow models would provide better results. By excluding the 
high flow dataset, R2 values for both TSS models improved, while R2 values for both 
turbidity models decreased (Table 4). It should also be noted that some band ratios and 
single bands used in each model were different, such that the turbidity models have more 
significance for green when rain event data was excluded. Overfitting was checked and 
deemed insignificant, such that the R2 values were within 0.1 of the original model R2. 
These findings were further examined by linear regression values and comparisons of 
modelled predictions and measurements (Figure 7). Modelled TSS and turbidity maps 
were generated for each model (Figure 8).

4.3. Cross-site model testing

To determine if models developed with Lanett data can be used on similar streams, 
sUAS imagery and sampling was conducted on Moores Mill Creek in Chewacla State 
Park, AL, USA. Pixel values from Chewacla were inputted into the models and 
results were compared to measurements (Figure 9). Modelled results had very low 
correlation with measured TSS and turbidity values. This suggests that site-specific 
models should be developed for monitoring purposes. The bed sediment samples 
were classified by the USDA soil texture classification as sand (99.0% sand, 0.5% silt, 
0.5% clay).

12 E. M. PRIOR ET AL.
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To ensure that the conclusion of poor cross-site model performance was not due to 
small sample size, the statistical power of the analysis was estimated in MATLAB 2020a 
(MathWorks, Natick, MA, USA) using a Monte Carlo simulation (N = 10000). For the 
model based on averaged water column values, which had the smallest sample size of 9, 
the estimated power to detect a correlation of 0.71 was 0.75 (95% confidence interval 
0.72 to 0.77). This correlation value represents an R2 value of 0.5, a reasonable minimum 
standard for acceptable model performance. Significant correlations were also not 
detected in the analyses with a sample size of 21. These would have been able to detect 
a correlation as low as 0.42 (corresponding to R2 = 0.18) with power 0.7 (95% confidence 
interval 0.67 to 0.73). Therefore, statistical power was adequate from a model develop
ment perspective.

5. Discussion

The use of multiple bands and band ratios resulted in better R2 values which agrees with 
other studies (Chen, Hu, and Muller-Karger 2007; Larson et al. 2018). Spectral increase with 
more sediment is expected (Lodhi et al. 1998), but not as strong of a positive relationship 

Figure 5. Scatter plots of measured TSS and turbidity and modelled results: (a) all measured TSS values 
and modelled TSS values, (b) all turbidity values and modelled turbidity values, (c) averaged water 
column TSS values and modelled averaged water column TSS values, (d) averaged water column 
turbidity values and modelled averaged water column turbidity values.
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was shown probably due to low suspended sediment levels. Low suspended sediment 
levels were only present during this study because sampling was not done directly after 
rain events due to safety concerns and location factors. Also, Moores Creek is a small 
watershed, so the duration of event hydrographs is short. Therefore, it was difficult to be 
at the site to sample during high flows when elevated suspended solids levels were 
present.

Comparison of the Larson et al. (2018) 15 cm depth models, developed from a sUAS 
multispectral sensor and from a spectroradiometer, to the Lanett TSS measurements 
showed that their models over-estimated the concentration, thus indicating that models 
developed for large rivers are not applicable to small streams. This discrepancy could be 
due to differences in both sediment type and water depth, both of which are discussed 
later in this section.

The separation of data collected within 8 hours of a precipitation event overall increased 
the R2 values and decreased the p-values for the TSS models while also changing one of the 
band ratios. For turbidity models, separation of data based on precipitation events did not 
aid either the R2 or p-values and completely changed the significant bands and band ratios. 
Even though significant bands and band ratios did change, each r and p-value were close to 
the all values dataset or individually less significant. Overall, R2, RMSE, and RPD agree closely 
as to which models perform well. Generally, RPD > 2 indicates a reliable model (Chang et al. 
2001). MNB indicated that the models tend to overpredict, especially for TSS models and 
models with values after rainfall. This overprediction can easily be seen in the correspond
ing sediment maps (Figure 8(ad)), where dark blue represents modelled values greater than 

Figure 6. Generated sUAS TSS and turbidity maps from 10 July 2019: (a) all TSS values, (b) all turbidity 
values, (c) averaged water column TSS values, (d) averaged water column turbidity values.
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what was measured. Additionally, some models failed to produce the diversity of measured 
values when applied to multispectral imagery (Figures 6(a,c) and 8(b,c)). Another obvious 
issue with the maps (Figures 6 and 8) is that the models have difficulty with shallow water 
along the banks and in-stream structures, both of which are shown as high values in most of 
the maps. Certain models are able to show spatially reasonable measurements throughout 
the stream (Figure 6(b,d)), while others show expected spatially variable measurements, but 
suffer from erroneously high values (Figure 8(a,d)). From the TSS and turbidity maps 
(Figures 6 and 8), values are present that are much higher than what was measured (dark 
blue). Due to this, interpretation should be cautioned, since extrapolation of the regression 
models are being used outside of the bounds of the measured data.

Results from Tables 3 and 4 suggest that high and low flow models should be 
developed for both TSS and turbidity monitoring. Turbidity is an optical parameter of 
water since it is the measurement of light scattered by the suspended material (Gregory 
1985). Turbidity’s optical dependence could be a reason why it is more easily modelled 
using multispectral imagery since the light that is not absorbed by water is assumed to 
be reflected back by suspended particles. Turbidity has been repetitively used to 

Figure 7. Scatter plots of measured TSS and turbidity and modelled results excluding rain event data: 
(a) no rain TSS values and no rain modelled TSS values, (b) no rain turbidity values and no rain 
modelled turbidity values, (c) no rain averaged water column TSS values and no rain modelled 
averaged water column TSS values, and (d) no rain averaged water column turbidity values and no 
rain modelled averaged water column turbidity values.
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estimate TSS by developing a rating curve. This has been done in several types of water 
bodies since it is much less labour- and time-intensive to measure turbidity than TSS 
(Mitsch and Reeder 1992; Packman, Comings, and Booth 1999; Gippel 1989; Halfman 
and Scholz 1993; Paul, Kasprzyk, and Lick 1982; Christensen, Ziegler, and Jian 2001).

One improvement for estimating TSS and turbidity measurements in small streams is 
to account for streambed reflectance. Due to the relatively low suspended solids and 
water depth, the streambed was visible. Water depth barely reached over a metre at the 
deepest pools and was less than 0.4 m at the shallowest runs. Depth was not included as 
a variable in any of the models tested since the objective of the study was to investigate if 
only a multispectral sUAS flight could be used for detection and/or monitoring of TSS and 
turbidity measurements of small streams. In (Chen, Chuanmin, and Muller-Karger 2007) 
Tampa Bay turbidity study, pixels with water depth less than 2.8 m were excluded due to 
decreased relationship between 645 nm reflectance and turbidity. A similar approach 
could be taken, but with a decreased threshold. Also, integration of sUAS bathymetry 
measurements has the possibility to increase the accuracy of predicting TSS and turbidity 
through several methods using structure from motion and combination of light detection 
and ranging (LiDAR) with multispectral imagery (Dietrich 2017; Hilldale and Raff 2008; 
Legleiter 2012). This would allow for a complete and inclusive sUAS assessment of the 
reach that considers water depth.

The comparison of the Lanett model predictions to actual Chewacla measurements 
showed that for at least this instance, site specific models are required. One factor that 

Figure 8. Generated sUAS TSS and turbidity maps excluding rain event data from 10 July 2019: (a) no 
rain TSS values, (b) no rain turbidity values, (c) no rain averaged water column TSS values, and (d) no 
rain averaged water column turbidity values.
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could have caused this is the different bed sediment compositions of the two sites that 
could have affected the type of suspended solids in the water column. However, both 
bed materials are primarily made up of sands, so if there were discrepancies with respect 
to the type of suspended solids present between sites, it is probably due to upstream 
characteristics and inputs. Sampling started upstream at the lake where there was 
primarily silt on the bed and quickly changed to a sand stream bed. The presence of 
silt in the lake could indicate that primarily silt was suspended in the Chewacla dataset. 
Although no spectral measurements of different types of sediment were collected in this 
study, perhaps the silt content could have reflected differently than the clay particles 

Figure 9. Scatter plots comparing measured Chewacla TSS and turbidity and modelled TSS and 
turbidity using the developed Lanett models: (a) all values TSS Lanett model against measured 
Chewacla TSS, (b) all values turbidity Lanett model against measured Chewacla turbidity, (c) averaged 
TSS Lanett model against measured averaged Chewacla TSS, (d) averaged turbidity Lanett model 
against measured averaged Chewacla turbidity, (e) all values no rain TSS Lanett model against 
measured Chewacla TSS, (f) all values no rain turbidity Lanett model against measured Chewacla 
turbidity, (g) no rain averaged TSS Lanett model against measured average Chewacla TSS, (h) no rain 
averaged turbidity Lanett model against measured averaged Chewacla turbidity.
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present in the Lanett dataset (Debret et al. 2011; Barthod et al. 2015). As with the Lanett 
sampling, depth was also not considered though the Chewacla dataset did have 
a smaller range of depths of 0.59 m where Lanett had a range of 0.88 m. Another aspect 
to consider between the two sites, is that the Lanett site was recently restored and has 
a much more uniform physical structure consisting of the in-stream structures along 
with the pools after each structure. The Chewacla site has been formed by more natural 
processes as is evident by visual inspection of the aerial map which shows variable 
channel width, sand bars, large woody debris, dunes and islands of vegetation. These 
fundamental fluvial geomorphic differences could have caused the discrepancy in the 
comparison.

With this data collection and analysis, there are some uncertainties that should be 
mentioned. Data collection of water samples after the sUAS flight were collected as 
quickly as possible, but there was a delay for the most upstream samples, since 
sequential sampling order from downstream to upstream is necessary so to not 
disturb bed sediment that could affect downstream samples. This data sampling 
delay could have allowed for TSS and turbidity levels to change as well as water 
surface roughness, stream discharge and water depth. Additionally, water samples 
taken approximately 2.5 cm from the streambed could have potentially collected bed 
load particulate matter that might have influenced TSS and turbidity measurements. 
Collected imagery could have been impacted by water surface reflectance/glint, 
surface water roughness which can backscatter more light, and atmospheric particle 
presence. Visual inspection of the Chewacla imagery reveals that there was evidence 
of surface reflectance and, in certain areas, water surface roughness that might have 
affected the model comparison. Another water quality aspect that should be con
sidered is coloured dissolved organic matter (CDOM) since high amounts of CDOM 
results in low reflectance (Menken, Brezonik, and Bauer 2006). CDOM levels in fresh 
water are usually elevated and thus could have negatively influenced the models 
which are dependent on increased spectral response with increased sediment con
centrations. Also, it should be noted that this study only has three sample sets that 
were used to develop models for predicting TSS and turbidity and one sample set to 
judge these models on another stream.

Future studies should incorporate more data collection to encompass seasonal 
variability along with more low and high flow events with focus on detecting high 
levels of suspended sediments since it is more important for monitoring. A model at 
higher flows could lead to more suspended solids thus increasing reflectance. This 
could lead to better detection and accuracy of TSS and turbidity at high sediment 
concentration levels. Additionally, since linear regression has proven to be limiting, 
the use of machine learning and neural networks should also be included in future 
studies, as seen in Sharaf El Din, Zhang, and Suliman (2017). Also, future studies 
should compare results from multispectral imagery and hyperspectral imagery, since 
narrower band widths and the use of the blue band would be expected to better 
represent sediment concentrations.

This study shows the potential of using sUAS to monitor TSS and turbidity for small 
streams while giving more insight into using financially accessible technology for holistic 
stream sediment monitoring. Findings reveals that site-specific models are most likely 
needed in addition to accounting for depth of water and flow event.
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6. Conclusion

This study expanded on previous research to determine if sUAS multispectral imagery could 
be used to predict and monitor TSS and turbidity levels in small streams. All the TSS regression 
models developed by Larson et al. (2018) from spectroradiometer and from multispectral 
sUAS imagery were tested. All models either returned negative values or values much higher 
than what was actually measured. This showed that new models for small streams needed to 
be developed. First, models using all samples in addition to using the average of water 
column were developed. Next, models excluding the precipitation event data as well as using 
the average of the water column without the precipitation event data were developed. By 
excluding the precipitation event data, the R2 increased, the p-value decreased and one of the 
band ratios changed for the TSS models. The exclusion of the precipitation data did the 
opposite to the R2 and p-values and changed all the significant single bands and band ratios 
for the turbidity models. These findings suggest that low flow and high flow models 
potentially need to be separately developed in order to predict/monitor both TSS and 
turbidity. Lastly, the pixel values collected from Chewacla State Park were inputted into the 
developed models and the modelled results were then compared to the in situ water 
measurements from Chewacla. There was very low correlation, suggesting that site-specific 
models are required.

Some improvements are possible to further increase model accuracy. Streambed 
reflectance in streams with low suspended solids levels and shallow depths should be 
incorporated into the models. Accounting for depth and stream bathymetry in the models 
might offset the effects of streambed reflectance. Additionally, the suspended solids 
between the two sites could have reflected differently if one site had primarily suspended 
clays while the other had silts. Accounting for the composition of the suspended solids 
could also improve predictions. This study has shown that there are correlations between 
multispectral imagery and TSS and turbidity levels in small streams, but currently imagery 
alone will not be able to predict these measurements with high accuracy. Incorporating 
machine learning, water depth, narrower band widths and more sample sets are the 
necessary next steps for water quality remote sensing of small streams.
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