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Using multispectral drones to predict water quality in a subtropical estuary
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ABSTRACT

Drones are revolutionising earth system observations, and are increasingly used for high resolution
monitoring of water quality. The objective of this research was to test whether drone-based
multispectral imagery could predict important water quality parameters in an ICOLL
(intermittently closed and opened lake or lagoon). Three water quality sampling campaigns
were undertaken, measuring temperature, salinity, pH, dissolved oxygen (DO), chlorophyll (CHL),
turbidity, total suspended sediments (TSS), coloured dissolved organic matter (CDOM), green
algae, crytophyta, diatoms, bluegreen algae and total algal concentrations. DistilM statistical
analyses were conducted to reveal the bands accounting for the most variation across all water
quality data, then linear correlations between specific band/band ratios and individual water
quality parameters were performed. DistilM analyses revealed the NIR band accounted for most
variation in March, the Green band in April and the RE band in May, and showed that the most
important contributors varied significantly among campaigns and variables. Significant linear
correlations with R? > 0.4 were obtained for eleven of the water quality parameters tested, with
the strongest correlation obtained for CHL and the green band (R* = 0.72). The relative
importance of predictor bands and observed water quality parameters varied temporally. We
conclude that drones with a multispectral sensor can produce useful ‘snapshot’ prediction maps
for a range of water quality parameters, such as chlorophyll, bluegreen algae and dissolved
oxygen. However, a single model was insufficient to reproduce the temporal variation of water
parameters in dynamic estuarine systems.
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1. Introduction

ICOLL  Intermittently closed and open lakes and lagoons
Dissolved oxygen Estuaries are dynamic, transitional ecosystems [1-3] with

DO

CHL Chlorophyll
TSS Total suspended sediments
CDOM  Coloured dissolved organic matter
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significant ecological value, providing nursery grounds
for key species, carbon storage and nutrient cycling

DistlM  Distance-based liner model [4, 5]. Estuaries are threatened by a range of anthropo-

RGB Red-Green-Blue

genic impacts, such as pollution, eutrophication,

NIR Near-infrared . . o .
RTK Real-time kinematic positioning habitat loss and destruction, biodiversity loss and
DN Digital number climate change, resulting in a 50% decline in salt

CONTACT Anna B. Giles @ agiles239@gmail.com, a.giles.23@student.scu.edu.au @ National Marine Science Centre, Southern Cross University, 2 Bay Drive,
Coffs Harbour, Australia

)

Supplemental data for this article can be accessed online at https://doi.org/10.1080/09593330.2022.2143284.

© 2022 Informa UK Limited, trading as Taylor & Francis Group


http://crossmark.crossref.org/dialog/?doi=10.1080/09593330.2022.2143284&domain=pdf&date_stamp=2022-11-22
http://orcid.org/0000-0002-6538-7862
mailto:agiles239@gmail.com
mailto:a.giles.23@student.scu.edu.au
https://doi.org/10.1080/09593330.2022.2143284
http://www.tandfonline.com

2 (&) A.B.GILESETAL

marsh, 35% decline in mangrove and 69% decline in
nursery habitats worldwide [6, 7]. As a transitional
environment, estuaries can also provide early warning
signs for climate change [8]. Impacted estuaries often
have poor water quality and reduced ecosystem health
[9]. Hence, management interventions are necessary to
maintain their functionality [10]. Ongoing interventions
require continual environmental monitoring, mapping
and health assessments to assess management efficacy.

Estuarine water quality dynamics are driven by mor-
phological features, chemistry, climate and ecology,
and are greatly variable worldwide [2, 5]. Therefore, it is
important that methodological approaches are validated
across space and time to assess applicability. Subtropical
estuaries are significantly understudied relative to other
systems [11], and have been described as highly variable
spatially and temporally, and particularly vulnerable to
impacts of climate change [12-14]. For example, estuar-
ine water temperature has risen by 2.16°C in the last
decade in Australia [5], while sea surface temperature of
estuaries in the U.K. has been observed to have risen by
0.7°C in 30 years [15]. Ecological significance combined
with anthropogenic and climate pressures emphasises
the need for greater protection [16, 17], and monitoring
these ecosystems is a high priority [18, 19].

Unmanned aerial vehicles, hereafter called drones
[20], offer new opportunities for high resolution, afford-
able and repeatable environmental monitoring of inland
and coastal waterways. Drones have already been used
for a range of environmental applications, including
quantifying vegetation in coastal wetlands [21], studying
aquatic wildlife [22, 23] and assessing sediment erosion
[24]. Drones have also been used to estimate water
quality parameters with varying degrees of success,
and multiple methodologies. For example, Wei et al.
[25] used hyperspectral drone imagery along with mod-
elling to predict total suspended sediment (TSS) concen-
trations in reservoirs and rivers. Similarly, Sdenz et al. [26]
used RGB (Red, Green, Blue) imagery combined with NIR
(near infrared) imagery to predict TSS, and Guimaraes
et al. [27] estimated TSS using NIR, blue and green chan-
nels. Drones have also been used to assess the occur-
rence of bluegreen algae [28], phytoplankton [29] and
macroalgae [30]. This work has identified some key
potential uses of drones for modelling water quality in
aquatic environments, including rivers, lakes, ponds
and reservoirs, and have provided clear motivation for
further study. As these studies generally focussed on
less dynamic ecosystems such as lakes, reservoirs and
river basins, the potential of this method in dynamic
estuarine environments is relatively unknown.

As environmental monitoring is increasingly needed
in vulnerable estuaries, significant effort has been

dedicated to developing rapid assessments of the struc-
ture and function of these ecosystems. Drones have the
capacity to be a cost-effective method for predicting
water quality parameters, although there are still a
number of limitations and significant knowledge gaps
[31, 32]. The overall objective of this study was to help
address the knowledge gaps by assessing whether mul-
tispectral drone-based imagery could predict water
quality parameters in a dynamic subtropical estuarine
system. The study estuary was of particular interest
due to its inclusion in a marine park and how this can
come into conflict with the effects of agriculture and
urbanisation. Specifically, this study aimed to determine
(a) if a single band or band ratio collected with a drone-
mounted multispectral sensor could predict key water
quality parameters and, if so, (b) develop a temporally
robust model for water quality prediction using drone-
borne multispectral imagery. We hypothesise that multi-
spectral drones could be a reliable tool to rapidly asses
water quality in estuaries.

2. Materials and methods
2.1. Study site

We performed water quality observations and drone
flights over Hearnes Lake on the east coast of Australia
(30.1330° S, 153.2014° E) (Figure 1). Hearnes Lake is a
subtropical ICOLL (intermittently closed and opened
lake or lagoon) adjacent to the Solitary Islands Marine
Park, which is a 710 km? Marine Protected Area. ICOLLs
are estuaries in a constant state of change, opening
and closing to the ocean. The catchment upstream of
Hearnes Lake has been increasingly subjected to agricul-
tural farming and urbanisation [33]. This has caused
higher levels of chemical runoff and environmental
degradation. Hearnes Lake has been identified for
ongoing water quality monitoring to provide baseline
information to underpin management actions to
protect this ecologically important waterway [34].

2.2. Water quality sampling

We conducted drone-based imagery and water quality
sampling on the 5th March, 4th April and 17th May
2021. On each day of sampling, water samples were col-
lected immediately after drone mapping was
complete (Figure 2). Water sampled were obtained
from 15 stations, spaced every 150 m along the accessi-
ble length of the estuary, and along the length and
width of the mouth region of the estuary (Figure 1).
For each station, we measured temperature, pH, sal-
inity, dissolved oxygen, CDOM, turbidity, CHL, TSS and
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Figure 1. Location of mapping and water sampling; Hearnes Lake, NSW, Australia.

a range of algae pigments including green algae, blue-
green algae, diatoms, crytophyta and total algae con-
centrations. Two independent water samples were
collected; the first of these water samples was collected
in 100 ml vials to analyse for TSS, while the other were
collected in 50 ml vials and used to measure algae.
Temperature, pH, salinity and dissolved oxygen were
collected with a calibrated Hach probe. All CDOM, tur-
bidity and CHL concentrations were measured with an
ECO Fluorometer (WetLabs) in the field. Algal groups
were analysed using a FluoroProbe 111 work station
(bbe moldaenke). Water samples were stored on ice in
the field and immediately refrigerated at ~3°C while
awaiting analysis. Algae were analysed immediately
after returning to the lab from fieldwork, minimising
algal death that could change readings. Each sample

was analysed for 2 mins. TSS water samples remained
refrigerated and were analysed within 7 days of collec-
tion. TSS samples were filtered, dried and weighed for
analysis (Figure 2).

2.3. Drone flights and orthomosaic generation

A DJI Phantom 4 Multispectral drone was used to
collect imagery bands including; RGB combination,
Red (650 nm =16 nm), Green (560 nm* 16 nm), Blue
(450 nm =16 nm), NIR (840 nm=*=26 nm) and Red
Edge (RE) (730 nm+16 nm). The drone-mounted
sensors used to collect this imagery were six 1/2.9”
CMOS with a 62.7° field of view. Imagery was recorded
and analysed based on the associated pixel digital
numbers (DN), which record brightness values as a
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Figure 2. Flow chart of methods.

relative measure of the amount of energy reaching the
sensor. Drone imagery included RTK geopositioning,
which georeferenced all photos acquired during
mapping with a vertical and horizontal accuracy of
~2 cm. Orthomosaic maps of each sensor were then
generated in Pix4D Mapper, and built with a resolution
of 3.69 cm/pixel. A Micasense reflectance panel
was used in-field before and after each orthomosaic
map was flown. Reflectance panel imagery was
loaded into mapping software and automated into a
post-processing radiometric correction of multispectral
imagery.

2.4. Data analysis

The strength of relationships between single band (Red,
Green, Blue, NIR, RE) or all possible band ratios and water
quality parameters were assessed. Given the large
number of possible combinations, multivariate DistilMs
were initially used to compare water quality parameters
with (a) single bands and (b) band ratios. Band ratios
have potential to be more effective at predicting water
quality parameters because they capture greater vari-
ation of the light spectrum by combining the variation
of two bands. DistilM analyses calculate a distance-
based multiple regression for a linear model using per-
mutations, and analyses for this study were based on
the ‘best’ selection procedure, using the corrected
Akaike Information Criteria (AICc) [35]. DistilMs deter-
mined the single best predictor variable and the best
combination of predictor variables at assessing water
quality parameters. All analyses were based on 9999
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permutation and Euclidean distance. To standardise all
water quality parameters included in analyses, data
were normalised prior to analysis. DistilMs were then
run separately for the group of single bands and the
group of band ratio statistics for each sampling cam-
paign. The bands and band ratios identified as account-
ing for the greatest amount of variation in water quality
were then extracted for correlation analysis, to assess the
potential associations between individual bands, band
ratios and single water quality parameters. DistilM analy-
sis were carried out using PRIMER 6.0 & PERMANOVA
software [36]. PRIMER 6.0 & PERMANOVA software is a
commercially available software package containing
routines for univariate and multivariate analyses. Linear
regressions were done to evaluate relationships
between bandwidth/bandwidth ratios and water
quality parameters. The significance level of these ana-
lyses was corrected for multiple comparisons via the
sequential Bonferroni method [37].

To develop predictive water quality maps from drone-
based imagery, a 1 m diameter circle was made around
each water sampling point using the important band or
band ratio identified by the DistilM analyses. Each circle
contained ~1500 pixels, averaging small scale variations
at each sampling location. After imagery was clipped to
the buffered circles, the band collection statistics tool
from ArcMap was used to extract the mean value of
each band at each site. Linear correlations were then
run between water quality parameters and band/band
ratio information extracted in ArcMap. Associations
with R?> 0.4 were chosen for the development of pre-
dictive maps (Table 1, Figure 3). All bands from each
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Table 1. Validations of prediction maps and statistical comparisons between pairs of band/band ratios and water quality parameter.
Significant pairwise relationships after a correction for multiple comparisons are indicated bold.

Sampling Water quality Band/ Band ratio Observed vs Number of outliers
campaign parameter used Equation R? Predicted R? P value removed
March Dissolved oxygen NIR/Green y=-0.9109x+10.337 0.69 0.69 <0.0001 0
Bluegreen algae NIR/Green y=-1.1271x+1.9949 0.56 0.57 0.0012 0
TSS NIR/Red y=-33.837x+60.006 0.43 0.43 0.0078 0
Salinity NIR y=0.0004x — 1.8224 0.44 0.44 0.0074 0
Crytophyta NIR y =5E-06x - 0.059 0.53 0.53 0.0022 0
April CHL Green y=0.0002x - 1.0227 0.72 0.74 <0.0001 0
CDOM NIR y=0.0003x + 6.5779 0.68 0.56 0.0013 1
May Dissolved oxygen Green/Red y =3.4769x + 7.2456 0.57 0.60 0.0008 1
Bluegreen algae Green/Red y=-0.1676x+0.176  0.52 0.59 0.0008 0
CHL Green/Red y=1.7741x+0.2877 0.42 0.42 0.0090 1
Diatoms Green/Red y=3.8985x - 1.2177 045 0.41 0.0100 1
Temperature Green/Red y=3.7017x + 15.864 0.40 0.17 0.1242 0
Green algae Green/Red y=5.467x - 1.5285 0.44 0.43 0.0085 1
Total algae Green/Red y=9.1072x - 24713 044 0.41 0.0101 1

concentration

sampling campaign were joined into a composite image.
Band ratios were then computed with the image analysis

tool, with a ‘user defined’ band ratio. Each significant
linear correlation was modelled with the raster calculator

tool, using the obtained linear correlation equation

3. Results

(Table 1). To validate prediction maps, we compared pre-

dicted values at each 1 m diameter circle to the
observed values. We estimated the coefficient of deter-
mination (R%) to assess prediction map accuracy.
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Figure 3. Example prediction maps and their associated comparative accuracy.

3.1. Water quality

Temperature, dissolved oxygen,
recorded over the three months of sampling displayed
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Significant outliers were removed from quoted vali-
dations to better depict the maps (Table 1).
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Table 2. Summary statistics of recorded water quality; range of
recorded values.

March April May
Temperature (°C) 25.0-31.1 22.6-244 18.0-20.5
DO (mg/L) 9.0-10.1 8.2-123 9.6-11.6
pH 6.5-8.5 7.9-84 8.3-8.5
Turbidity (ntu) 407.2-1001.6 581.2-4018.4 828.1-1001.6
Salinity 1.0-17.1 7.3-24.1 18.2-26.7
CHL (ug/L) 1.2-8.6 2.5-6.1 1.5-2.5
CDOM (ppb) 11.1-27.8 9.2-22.0 6.6-10.2
TSS (mg/L) 7-55 6-40 2-18
Green algae (ug chl-a/L) 1.8-6.0 1.8-7.2 1.6-4.5
Diatoms (ug chl-a/L) 0.5-1.9 13-76 1.6-4.5
Bluegreen algae (ug chl-a/L) 1.1-1.8 0.0-0.3 0.0-0.1
Crytophyta (ug chl-a/L) 0.0-0.2 0.3-1.1 0.0-0.1
Total algae concentrations (ug  2.6-9.4 3.6-15.9 4.0-11.1

chl-a/L)

little variation across the length and width of the estuary
(Table 2, Figure 4). Salinity increased towards the mouth of
the estuary in March (17.1), maintained higher concen-
trations everywhere except furthest from the ocean in
April, although displayed decreasing concentrations
near the estuary mouth in May (26.7 furthest sampling
point into the estuary and 19.2 at the mouth) (Table 2).
CHL fluctuated in March between 1.2 and 8.6 ug/L,
trended lower towards the mouth of the estuary in April
(1.74 ug/L at the mouth) and remained low in May
(Table 2). CDOM spiked towards the mouth in March
and April reaching 27.8, but displayed lower levels
across May (Table 2, Figure 4). Green algae, diatoms and
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total algae concentrations, along with TSS, showed a
general trend across all times of sampling of decreasing
values approaching the mouth of the estuary (Table 2,
Figures 4 and 5). There were significant temporal differ-
ences in the concentrations of crytophyta and bluegreen
algae. Bluegreen algae concentrations were higher in
March and lowest in May, while crytophyta concen-
trations were negligible in March and May, but reached
1.1 ug chl-a/L in April (Table 2, Figures 4 and 5).

3.2. Drone imagery

Exposed sand areas displayed much higher values
(between 40,000 and 50,000 DN) across all sensor
bands than imagery of submerged areas (7000-15,000
DN). Regardless of sensor, shallow water areas had
higher DN values than deeper parts of the estuary.
Visual inspection showed the blue band was least able
to penetrate water. In March and May, variation in the
Blue, Green and Red band DNs was large enough for a
clear distinction between water and land. However,
during April, DN values over water were so high in
these bands (30,000-50,000 DN) that they were not
easily distinguishable from land. The NIR and RE bands
most  effectively distinguished water from land,
however RE was most susceptible to shadows, tending
to record low values in these regions (~5000-8000
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Figure 4. Water quality parameters observed across the 3 sampling campaigns.
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DN), in spite of water depth and turbidity. The RGB com-
posite orthomosaic in March displayed an open channel
to the ocean, April a much smaller stream open to the
ocean, and May remained partially open with a sand
berm forming (Figure 3).

3.3. Associations between water quality and
drone-based imagery

Using DISTILM analysis, we observed significant multi-
variate relationships among water quality parameters
and both single bands and band ratios (Table 3). The
most effective single band predictor was temporally
variable. NIR was the best predictor in March, while
the Green band was most effective in April and RE in
May (Table 3). Similarly, the best-identified band
ratios varied among times of sampling (Table 3). NIR/
Green were the most effective in March, NIR/RE in
April, and Green/Red in May (Table 3). The best
overall solution to model water quality was a combi-
nation of NIR/Red and RE/Red in March, and Green/
NIR and NIR/Blue in April. The best solution in May
was the Green/Red band ratio. In general, the par-
ameters identified in these combination tests were
the same or similar to those identified as best individ-
ual bands and band ratios, and mostly included a suite
of bands or band ratios close on the visual spectrum
(Table 3).
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Linear correlations run on bands accounting for
greatest variation of water quality revealed significant
relationships with almost every water quality parameter
tested (Table 1). In March, the highest correlation was
achieved for dissolved oxygen, using the NIR/Green
band ratio (R*=0.69, P=<0.0001). Significant corre-
lations (R?>0.4) were also observed for water quality
parameters including bluegreen algae (R*=0.56, P=
0.0012, NIR/Green), TSS (R?=0.43, P=0.0078, NIR/Red),
salinity (R?=0.44, P=0.0074, NIR) and crytophyta (R* =
0.53, P=10.0022, NIR) (Table 1). In April, there was a sig-
nificant correlation between CHL and the single Green
band (R?=0.72, < 0.0001). CDOM was also highly corre-
lated with the single NIR band (R*=0.68, P=0.0013)
(Table 1). In May, significant correlations were only ident-
ifled using the Green/Red band ratio. These included
correlations with dissolved oxygen (R*=0.56, P=
0.0008), CHL (R*=0.42, P=0.0090), diatoms (R?=0.45,
P =0.0100), temperature (R*=0.40, P value not signifi-
cant), green algae (R>=0.44, P=0.0085), bluegreen
algae (R*=0.52, P=0.0008) and total concentrations of
algae (R =0.44, P=0.0101) (Table 1).

3.4. Predictive map validation

The predictive maps had similar R to the original mod-
elled R? for all water quality parameters, demonstrating
their accuracy (Table 1, Figure 3). However, these maps
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Table 3. Results of DistilM analysis.

Single Single band; Band ratio;
band; best best Band ratio; best
Sampling single combination best single  combination of
campaign  parameter  of parameters  parameter parameters
March NIR NIR and RE NIR/Green NIR/Red and
(AlCc= (AlCc= (AlCc = RE/Red
37.52, 37.03, R*= 36.6, (AlCc=35.8,
R*=027)  0.44) R’=032)  R’=048)
April Green NIR and RE RE/NIR Green/NIR and
(AlCc = (AlCc = (AlCc = NIR/Blue
38.48, 39.48, R*= 39.44, (AICc=
R*=017)  034) R*=0.18)  39.27,R*=
0.36)
May RE Green and Red Green/Red  Remains only
(AlCc = (AlCc= (AlCc= Green/Red
41.69, 40.05, R> = 36.78, (same
R?=0.05)  0.31) R*=031)  statistics)

underpredicted water quality parameters by ~ 5% rela-
tive to models built with observed data only. Overall,
the inspection of individual sample points showed that
the predictive maps appropriately replicated water
quality values (Figure 3).

4. Discussion

Water quality monitoring efforts underpin effective
management of valuable aquatic ecosystems, and
drones have the potential to provide high-resolution
modelling of water quality [38-40]. Here, we demon-
strated that drone-based multispectral sensors can
predict spatial, but not temporal variability in water
quality parameters in a dynamic subtropical estuary. Of
water quality parameters tested, relationships of
differing significant correlations between spectral
indices with both dissolved oxygen and some form of
algae were more consistently detected, having occurred
in two of the three sampling campaigns, however this
was not a strong trend. While a range of single bands
and band ratios correlated with individual water
quality parameters, the main challenge for drone-
derived water quality data was that the key predictors
were not consistent through time.

Although there were significant correlations between
drone-based imagery and water quality for each day of
sampling, the relative strength of these associations
was lower than those recorded using similar method-
ologies in different ecosystems. Correlations are likely
driven by specific water quality parameters altering
optical properties that absorb or reflect certain bands
of light, and that these associations can be identified
[41]. The highest correlation in the present study was
for CHL and the singular Green band in April (R?=
0.72), lower than values recorded for a lake in Brazil
between CHL-a and drone-based multispectral NDVI
index, using a similar sample size (R* of 0.86)

(Supplementary 1) [42]. This disparity is perhaps due to
the nature of ICOLLs as dynamic environments, particu-
larly when open to the ocean. Although previous studies
have found that the Red and Red-Edge bands, specifi-
cally around 700 nm, to generally be an effective to esti-
mate chlorophyll concentration [43, 44], we found
570 nm - 665 nm to be most effective, which is similar
to [45]. As the green band sits at 560 nm and the red
band at 650 nm, it is clear that the range of frequencies
between these are likely most useful for CHL predictions.
Similarly, the green band, and to a lesser extent the red,
is thought to be particularly important for algal predic-
tions [46, 47]. This is because the green wavelength is
around the algal reflectance peak, such that increasing
algae should correlate with increased response of the
green band [48]. Such significant correlations were
determined with a range of algal metrics on two out
of three of our sampling campaigns, despite specific
algal parameters varying greatly among times. This
suggests that a multispectral drone may be useful for
predicting algal concentrations.

TSS only displayed significant correlations during
March, with the NIR/Red band ratio. This contrasts with
much stronger relationships for similar modelling of
TSS in a sediment basin [49], and in a river system [50].
However, each study found the NIR and Red bands to
be most effective for TSS estimation, despite no clear
explanation for why this may be the case. We contend
that this knowledge gap should be addressed in the
future, for a better mechanistic understanding of how
key water quality parameters reflect and absorb light.
Since TSS and turbidity are often modelled remotely
with satellite imagery [51], it was expected that these
parameters would be consistently correlated with multi-
spectral drone imagery in our study. The lack of corre-
lation between TSS and more bands could be
explained by greater spatial resolution of drone-based
imagery compared to satellites, allowing drones to
record more subtle changes in spectral readings. This
sensitivity may create more noise in places where
water quality has low spatial variability, and therefore
weakens the relationships with homogenous parameters.

Drone mounted sensors range from RGB to multi-
spectral and hyperspectral sensors, with each level of
sensor capturing a broader portion of the electromag-
netic spectrum, but associated with higher costs and
payload [52, 53]. We used multispectral and RGB
sensors, and found that using a multispectral sensor
has a higher likelihood of predicting water quality par-
ameters than an RGB sensor alone (Table 3). The NIR
band in particular (alone or as part of a band ratio)
was most often highlighted by DistilM analyses as the
best predictor variable (Table 3). Although some



studies [46, 47, 54, 55] successfully used RGB sensors to
predict green algae cover, ‘green tide’ and TSS, most
comparable studies [56-58] support our general con-
clusion. Multispectral sensors do not necessarily
provide stronger predictive relationships with particular
water quality parameters than RGB sensors, but do
provide band and band ratios that relate to a greater
range of water quality parameters, such as CHL-a, blue-
green algae, total nitrogen and total phosphorous,
among others (Table 2, Supplementary 1). Therefore,
drones that can simultaneously package multispectral
and RGB sensors are likely to be most useful for water
quality assessments.

The specific relationships between drone-based
imagery and water quality parameters varied substan-
tially temporally. It was, therefore, not possible to
develop a temporally robust predictive model based
on drone images from the estuarine environment. This
implies that, for drone imagery to be successfully used
for water quality prediction in such an environment,
water samples should always be collected to support
the drone imagery at each time of sampling. Imagery
for the current study was collected across a time of sig-
nificant rainfall that began just before the first sampling
campaign, easing across the months of sampling. This
likely led to greater fluctuations in some water quality
parameters that may have been observed at different
times of the year. Similar to our findings, temporal
changes in total phosphorous, ammonia nitrogen and
chemical oxygen demand could not be predicted
without water sample collection alongside imagery col-
lection when using multispectral sensors in a river
system in China (Table 4, Supplementary 1) [58]. In con-
trast, water quality sampling twice per week rather than
on the day of drone sampling was sufficient to predict
green algae coverage temporally in a river system [46].
As our study was limited to three times of sampling
over three months, there is potential that more frequent
sampling may improve temporal accuracy in estuarine
systems. Sampling frequency should be considered by
future studies because it could offer a way to refine
the predictive capacity of multispectral drone imagery.
Further, it is possible that a long-term study of multiple
years could reveal seasonal correlation trends, some-
what resolving the challenge of temporal modelling.
However, based on our results we maintain that the
development of such a model would be challenging,
as broad seasonal trends may not provide significant res-
olution to overcome daily or monthly fluctuations in a
sub-tropical system. Two other similar studies also com-
bined multiple days of sampling campaigns into single
predictive models [27, 59], however, these models
were not used for further temporal analysis. Despite
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Table 4. Summary of 30 studies using drone sensors to predict
water quality parameters.

Number
Studies testing a single water quality parameter 15
Studies testing multiple water quality parameters 15
Water quality Algae, planktons and bacteria 9
parameters tested Total Suspended Sediments 13
Water Clarity 3
Total Nitrogen, Total Phosphorous, 4
Chemical oxygen demand and 4
Ammonia nitrogen 6
Dissolved Organic Matter, Coloured 10
Dissolved Organic Matter, Dissolved 3
Organic Compound and Fluorescent
Dissolved Organic Matter
Turbidity
CHL-a, CHL
Specific Conductance, pH, Temp and
Dissolved Oxygen
Water body type River, Creek 9
Pond 2
Lake, Reservoir, Basin 14
Coastal zone, bay 4
Estuary 1
Single campaign studies (including 1 d/site) 13
Average no. of sampling campaigns conducted/ study 3.1
Average no. of water samples/ site 19.9
(3 papers excluded)
Average no. of sites tested 1.6
Sensor used RGB only 6
(1 study excluded) Multispectral 18
Hyperspectral 5
Range of R stats 0.01-1.0

Average R* 0.76
Source: [25-27, 29, 30, 41, 42, 46, 47, 49, 50, 54-72].

these examples, most studies using drones to predict
water quality (Table 4, Supplementary 1) have not
attempted to develop a reliable temporal model that
does not require in-situ sampling. While the temporal
applicability of drone-based imagery was limited, the
drone spectral sensors still captured a useful snapshot
of spatial variation of water quality.

Modelling surface water quality parameters is common
practice using a variety of surface spatial modelling tech-
niques [73-76]. Here we used DISTILM analysis for a multi-
variate understanding of our data, and linear correlations
to determine relationships, as this statistical method is
most commonly used to resolve drone-based water
quality predictions (Supplementary 1). However, alterna-
tive methods are emerging, such as machine learning.
This methodology aims to train a model that is able to
automate correlation, with the intention of reducing
uncertainties [41]. If trained on sufficient amounts of
data, this novel method may provide a working solution
to temporal modelling in some aquatic environments, if
predictable patterns are present, and should be further
investigated for potential application. Along with analysis,
choice of sensor; satellite, aerial or drone, is also impor-
tant. A significant advantage of drones over other
methods is that high resolution image pixel information
can be factored into the model, which could improve
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accuracy in ecosystems that experience fine-scale spatial
variation [77]. For confidence in the effectiveness of pre-
diction maps, it is necessary to validate the predicted
map values against original recorded water quality
values, as done here (5% variation). While some past
drone-based studies also have included validations [50,
56, 57], the validation step is often overlooked. We
contend that model validation is a necessary step to
produce reasonable water quality information that can
underpin effective management.

The use of drone-based imagery for water quality pre-
diction, monitoring and assessment is increasing, and
there is great need for a better understanding of its
uses, methods and limitations. After reviewing thirty
studies that used RGB, multispectral or hyperspectral
drone-based imagery to test water quality parameters
(Table 4, Supplementary 1) we found that high accuracy
can be achieved. While predictions varied from R? of
0.01-1.0, almost half of the studies were able to
achieve some correlations of > 0.8, likely due to their
tendency to be conducted in closed waterbodies such
as lakes and ponds (Table 4). Comparatively low corre-
lations in our study could likely be explained by the
strong variability associated to the intermittently open
and closed nature of the subtropical estuary we
studied. Past work conducted at multiple locations
found that a model could not account for variation
across site without site-specific sampling (Table 4, Sup-
plementary 1). The same trend was observed for single
vs multiple days of studies, where studies that encom-
passed multiple days or months developed prediction
maps for single days separately in order to achieve sig-
nificant predictions (Table 4, Supplementary 1).

5. Conclusions

Water quality monitoring supports adaptive manage-
ment of conservation actions to prevent or mitigate
anthropogenic impacts in estuary ecosystems. Here,
we show how drone-based multispectral imagery can
be used to predict water quality parameters. These
methods can be used worldwide, and are especially
effective when using multispectral sensors in relatively
stable aquatic environments. We observed significant
correlations between a range of spectral bands and
water quality parameters in an estuary. These relation-
ships were characterised by slightly lower R* than com-
parable studies likely due to the dynamic ICOLL system
we studied. In addition, the specific bands or band
ratios explaining most spatial variation were not consist-
ent among sampling times. We suggest future studies
test the effect of temporal variability across multiple
years, to determine if any long-term associations can

be identified. Future work should also be undertaken
using novel methods of analysis, to determine if this
can produce tighter correlations in equally dynamic
environments. Overall, water quality prediction models
based on multispectral drone imagery have difficulties
representing temporal variability, but are reliable to
resolve spatial variability. Therefore, multispectral
drones can be used to assess water quality in areas of
estuaries that cannot be sampled directly.
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