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Abstract

Unmanned aerial systems (UAS) are an efficient way to monitor and sample algal 

biomass including cyanobacterial harmful algal blooms (CyanoHABs). However, conventional 

methods to create a UAS orthophoto of homogeneous water surfaces often produce a patchy, 
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smoothed, or spatially inaccurate output. In this study, we developed a novel method to 

interpolate a spectral index from a central pixel in individual aerial photos to rapidly map the 

distribution of algal biomass. The results of our interpolation method align well with 

orthomosaic-derived indices and UAS-collected water samples analyzed in the laboratory, 

affirming the reliability of our approach. This alignment further strengthens our ability to 

monitor, detect, and alert the public of algal growth via rapid system-wide assessment as well 

as targeted sampling of low and high-biomass regions. Last, we demonstrate how simple UAS 

sampling associated with imagery analyses enables genetic- and microscopy-based assessment 

of collected algal biomass as well as cyanotoxin concentrations.

Keywords: Unmanned aerial system; UAS; drone; algal bloom; CyanoHABs; orthomosaic; 

spectral index; water sampling

1. Introduction

Cyanobacteria (blue-green algae) and eukaryotic phytoplankton are photoautotrophic 

organisms that occur naturally in aquatic environments worldwide (1–4). Cyanobacterial algal 

blooms occur when increased nutrient availability enables an excess of biomass to accumulate. 

The health of aquatic fauna and ecosystems as well as humans proximal to aquatic systems are 

at risk during blooms that can produce toxins, alter water quality (pH, dissolved oxygen -

during decay), air quality (5), and accumulate into thick surface scums (5,6). Cyanotoxins (e.g., 

microcystin, anatoxins, saxitoxins) produced by the cyanobacteria during these cyanobacterial 

harmful algal blooms (CyanoHABs) can impede human water use (e.g., irrigation, fishing, 

drinking, and recreation) enter the aquatic food web and food stocks consumed by humans 

(5,7,8). Additionally, unsightly or odorous cyanobacterial blooms may negatively affect tourism, 

property value (9), and human perception of surface water quality (6).  Nutrient over-

enrichment in aquatic systems and climate change are accelerating the size, intensity, and 

frequency of CyanoHABs  (10–12). 
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The potential rapid growth, migration, and persistence of cyanobacteria can be 

challenging to monitor, manage, and eliminate (6,13,14).On-site water sampling (grab, scoop, 

and photic) and remote sensing (UAS, and satellite) are established algal and cyanobacterial 

monitoring methods (15,16). However, field sampling and surveys by boat are limited to 

accessible locations and can disrupt and disperse surface blooms (17,18).  World Health 

Organization (WHO) guidelines recommend adaptive monitoring of CyanoHABs when 

sampling is increased as cyanobacteria levels increase (19). Also, to identify areas with the 

greatest public exposure risk, sampling is often performed in areas with concentrated blooms or 

near public beaches, boat ramps, or drinking water intakes (16). While budgetarily pragmatic, 

single-site sampling from docks or land may not be representative of the spatial distribution of 

biological and chemical conditions during a large-scale bloom.  

Water sampling using UAS overcomes some limitations of traditional water sampling 

methods. UAS has have been successfully fitted with pumps for onboard collection 

(17,18,20,21), and with sampling devices suspended from the aircraft (18,22–25). In most cases, 

measurements obtained from samples collected by UAS  align closely with those obtained 

through traditional sampling methods (17,20,21,25,26). However, sometimes the results 

obtained by UAS differ from surface collection methods because of disruption to the water 

surface during sample collection (22,27). Additionally, UAS sampling devices can be expensive 

(17,26), and sampling can be limited by flight time, payload weight, or volume (27). To increase 

collection efficiency, some studies have used preplanning with navigational system waypoints 

that optimize data (17,24,26,28).

 Visible surface scums can be an indicator of an algal bloom (6) and are discernible in 

remotely sensed satellite or UAS imagery (29). Algal blooms can be detected in the imagery 

using the reflectance and absorbance characteristics of different electromagnetic spectrum 

wavelengths (29). A spectral index can further highlight features by combining the reflectance 
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values from two or more bands. Although many spectral indices target terrestrial vegetation, 

several have been developed specifically for algal blooms. The Cyanobacteria Index (CI) or 

Normalized Difference Chlorophyll Index (NDCI) detect chlorophyll by comparing reflection 

values in the near-infrared range and absorption in the red and blue bands (30–32). The 

Cyanobacteria Assessment Network (CyAN) project, established to detect algal blooms in U.S. 

freshwater systems, uses the CI to estimate cyanobacteria concentrations across the United 

States from the MERIS and Sentinel-3 satellites with a spatial resolution of 300 m (33). The 

NDCI has been used to estimate Chlorophyll a (Chl-a) concentrations, as a proxy for biomass, 

from the Sentinel-2 satellites with a spatial resolution of 10 m (30). The NDCI has also been 

applied to Sentinel-3 and Landsat-8 imagery with 300 m and 30 m resolutions, respectively (30).   

However, satellites can have days-long satellite revisit times, can be obscured by cloud cover, 

and coarser spatial resolutions do not allow for the identification of localized or transient HAB 

events (34,35). Additionally, while many datasets are freely available from government 

agencies, higher spatial and temporal resolution commercial datasets come with substantial cost 

(35,36).   Relevant commercial satellite resolutions range from 0.3 to 3 m, costing $0.012 - $0.275 

per hectare (36).

Remote sensing CyanoHABs with UAS is relatively cost-efficient, and UAS systems can 

be easily deployed by field personnel (35,37). While it is possible to use a drone with red edge 

or near-infrared (NIR) detection capabilities to calculate algae-specific indices (37,38), several 

indices have been demonstrated to work with common and less expensive visible spectrum red, 

green, and blue (RGB) UAS sensors (Table 1). These RGB vegetation indices are good proxies 

for algorithms that include the NIR to detect algal blooms or chlorophyll-a (37,39,40).

Table 1. Visible spectrum indices used to identify algal blooms or chlorophyll-a in water. R, G, 

and B represent red, green, and blue bands.

Index Formula Reference

ExGI, 2G_Rbi ExGI = ( 2 * G ) - ( R + B ) (41–44)
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GCC, Channel G% GCC = G / ( R + G + B ) (42,43,45)

NGRDI, GRVI, SNDVI NGRDI = ( G - R ) / ( G + R )  (44,46–48)

NGBDI NGBDI = ( G - B ) / ( G + B )  (44)

VARI VARI = ( G - R) / ( G + R - B )  (49)

VDVI, GLI VDVI = ( (2*G) - R - B ) / ( (2 * G) + R + B )  (44,50,51)

VWRI VWRI =(G - B - R) / (G + B + R)  (52)

While UAS sampling and data collection has become more commonplace, their 

operation is limited by regulations, battery time, and payload capacity (17,26,27,53).   Creating 

geospatially accurate orthomosaics from aerial photographs is also time-consuming (54). Aerial 

imagery is subject to systematic error, inherent distortions, and displacements caused by 

topography, aircraft motion, and lens characteristics, which require correction and calibration 

before and during processing (55–58). Additionally, the homogenous appearance of water 

makes it difficult to extract unique key points from each image in structure from motion 

software (SfM) workflows (40,59). The combination of systematic and key point matching errors 

make it challenging to create a complete or accurate orthomosaic over water (35,37,38,53,60,61) 

and may result in a noisy and distorted output (59,61). While results can be improved by using 

ground control points (GCPs) (55,58), a real-time kinematic global navigation satellite system 

(RTK GNSS), capturing a continuous shoreline, or adding markers in the water (55,62), 

orthomosaic generation over water remains difficult. Recent efforts to mosaic images have 

succeeded in making a spatially accurate representation, but the patchy nature of a mosaic 

makes calculating a usable spectral index difficult (63). The authors of this paper initially 

employed a similar method but ultimately shifted to the approach detailed in this study.

Targeted UAS sampling is an efficient way to monitor and sample algal growth and 

CyanoHABs.  Since conventional methods to create a UAS orthomosaic of homogeneous water 

surfaces often result in a patchy, smoothed, or spatially inaccurate output [24,50], we developed 

a novel method to rapidly map the distribution of algal biomass from UAS images to guide 

efficient collection of samples using UAS. We applied this method using UAS-collected data at 
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Waterville Lake in western North Carolina and the Chowan River in eastern North Carolina – 

two regions often impacted by CyanoHABs (5,64–67). We interpolated a spectral index from a 

central pixel in the individual aerial photos to represent and then target specific bloom areas for 

sample collection.   

2. Methods

We developed a methodology for flying a low-cost drone to efficiently target collection 

of water samples, and imagery, and rapidly create a map representing areas with high 

concentrations of CyanoHABs. The map was then used to guide water sample collection for 

downstream laboratory analysis (Figure 1).

Figure 1. Conceptual diagram of the methodological workflow used for algal bloom detection 

and downstream analyses.

2.1 Study locations

The proposed methodology was tested at Waterville Lake and the Chowan River, two 

systems with distinct characteristics that have documented recurring CyanoHABs (5,64–67). Site 

A was Waterville Lake (35°41’41.1“N, 83°03’00.1”W), situated in the Blue Ridge mountains of 

Western North Carolina at 688m elevation. Waterville Lake is a 300-acre reservoir created in the 

1930s with the construction of the 55-meter-tall Walters hydroelectric dam on the Pigeon River 

(68). Directly upstream from the dam are a landfill and an active papermill from the early 1900s 

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


that released wastewater containing toxic chemicals such as dioxins, furan, and chloroform into 

the Pigeon River for almost 80 years (69). There is a public canoe portage site and private boat 

ramp, but a locked gate controls access to the dam and immediate vicinity. Entry to the site was 

facilitated by utility company personnel. Site B was the Chowan River, an 80-kilometer river in 

eastern North Carolina that flows into the Albemarle Sound. The field sampling location is 

located on the east bank of the Chowan River (36°12’43.4“N, 76°42’51.4”W) at a private dock in 

the rural Arrowhead Beach community. The Chowan River is 2600 meters across in this 

location. The Chowan River basin receives nutrients from municipal and industrial treatment 

processes and runoff from 959 agricultural farms, 40 swine, 132 poultry, and 440 timber 

harvesting operations (70).

2.2 UAS imagery acquisition and processing

To assess the presence of CyanoHABs, we deployed UASs at Waterville Lake and the 

Chowan River to collect imagery and surface water samples. The collected aerial photos were 

used to create orthomosaics and interpolated raster maps that we compared to each other and 

extracted chlorophyll-a from water samples.

2.2.1 Imagery collection

The UAS imagery collection flight at Waterville Lake (Site A) was conducted on October 

28th, 2019, at 10:48 am from the gravel parking lot adjacent to Walters Dam, with a flight 

duration of approximately 10 minutes. Eighty-three photos were collected with a Parrot Anafi 

Thermal quadcopter equipped with a Sony 26 mm focal length, 21-megapixel RGB camera, and 

FLIR Lepton 3.5 microbolometer thermal sensor (71). The Anafi uses a four-constellation U-

BLOX UBX-M8030 Global Navigation Satellite System (GNSS) receiver with a 2m horizontal 

position accuracy (72). The flight was autonomously flown at 121 meters above ground 

elevation in a crosshatch flight pattern, with 70% front and side overlap, and 90 degrees nadir 

camera gimbal angle using the Pix4Dcapture application (73). The sky was cloudy with a low 

ceiling after light rain the previous day into the morning. 
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The UAS imagery collection flight at Chowan River (Site B) was performed on July 21st, 

2020, at 8:34 am from a private dock with a flight duration of approximately 30 minutes. Four 

hundred eighty-six photos were collected with a DJI Phantom 4 Pro quadcopter with a 24 mm 

focal length and 20-megapixel RGB sensor (74). The manufacturer, DJI , has not published the 

positional accuracy for the Phantom 4 Pro dual constellation GNSS receiver. The flight was 

autonomously flown at 100 meters above ground elevation in a linear track flight pattern, with 

30% front and side overlap, and 90 degrees nadir camera gimbal angle using the DroneDeploy 

flight app (75). A polygon flight area of 300 acres was selected because the flight planning 

software estimated a 20-minute flight time, the capacity of one battery.  An error in the onboard 

mission plan caused the UAS to collect double the number of photos, resulting in a battery 

swap midway through the flight. Once the UAS was airborne again, the glitch was resolved, 

and the UAS collected at the preplanned photo interval. Although the camera issue was noticed 

early in the flight, the flight was not restarted due to the incoming, spotty cloud cover, which 

would have affected the photos.

2.2.2 Spectral indices from orthomosaics

The acquired RGB aerial photography was processed in Agisoft Metashape 1.7.5 (76) 

with the highest quality and accuracy settings with mild depth filtering to eliminate noise in the 

point cloud (77). Orthomosaics were generated by rectifying the images to digital surface 

models created from the point clouds. The Normalized Green Blue Difference Index (NGBDI) 

and the Normalized Green Red Difference Index (NGRDI) were derived from the UAS 

orthomosaics in ArcGIS Pro 3.0.2 (78) with the same ground resolution as the original 

orthomosaics. The NGBDI and NGRDI indices contrast the green portion of the spectrum 

against the red or blue bands. The NGBDI is represented as (G-B)/(G+B), and the NGRDI is 

represented as (G-R)/(G+R) where G is the green band, B is the blue band, and R is the red band 

(44,48). We selected these two indices because they have previously outperformed other visible 

spectrum indices at distinguishing chlorophyll-a. They have also performed well in identifying 

algal blooms (37,39,41,79,80). A map algebra function was used to convert the orthomosaic pixel 

values into rasters representing each index. The spectral index rasters were masked with a 
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shoreline boundary polygon modified from National Hydrology Dataset (NHD) water areas 

(81).

2.2.3 Spectral indices from interpolation

Orthomosaic creation can be time-consuming and computationally intensive, and 

generating a complete orthomosaic over water is often difficult. We created an approximate 

spectral index map from drone images to guide sampling efforts. We used Python and the 

Pillow (82), gpsphoto (83), and ArcPy (78) libraries to derive an interpolated map representing 

spectral index values from the UAS aerial photos. First, we extracted the latitude, longitude, 

and red, green, and blue (RGB) digital number (DN) values for the central pixel (1 cell) and the 

surrounding 9 (3x3 cells) and 25 (5x5 cells) pixels in each aerial photo (Figure 2). The central 

pixel represents the location directly beneath the UAS at the latitude and longitude where the 

photo was taken and has the lowest radial lens distortion, which radiates from the center of an 

image (56,57). A pixel from an image at the studied altitudes, and camera characteristics, has a 

ground resolution of approximately 3 cm. The 9 and 25 cell window sizes were selected to 

evaluate variance from the central pixel caused by radial distortion, sun glint, or ripples. These 

windows were large enough to assess if there was a deviation from the central cell values but 

small enough to avoid falling outside of a ripple, band of dense CyanoHAB pigmentation, or 

interacting with shore features. The RGB values for the central (1 cell), 9, and 25 cell RGB values 

were used to calculate NGBDI and NGRDI spectral indices, which were averaged and joined to 

points created from coordinates representing each photo location. Inverse distance weighting 

(IDW) surface interpolation with barriers was used to generate raster maps from the index 

values associated with each photo point. A resolution of approximately 1 m was chosen for the 

interpolated map as a practical tradeoff between processing time and level of detail. To arrive at 

this conclusion, we examined five resolutions, namely 0.1 m, 0.25 m, 0.5 m, 1 m, and 5 m. The 

IDW with barrier allowed us to limit the interpolation to within the extent of the shoreline 

boundary polygon created from a combination of NHD water areas and a convex hull boundary 

created from the photo points. This polygon area contained the interpolation to areas over 

water and within the nadir photo points. 
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Figure 2. Central pixel (1 cell), 9 cell and 25 cell windows used to average spectral indices.

2.3 Water sample acquisition and processing

2.3.1 UAS sampling

Several types of sampling brackets have been used to sample water from UAS (22,23,27). 

Our UAS sampling rig design evolved as we learned from field testing. Each sampling rig 

included a sampling bracket suspended from the UAS by one or two lines from a Parrot Anafi 

or DJI Phantom 4 Pro quadcopter. Initially, we collected samples using a 3D-printed bracket 

holding a single 50 ml Falcon tube suspended from the UAS (Figure 3). To increase water 

carrying capacity, we fabricated a bracket for two 50 ml Falcon tubes out of an aluminum plate. 

The bracket’s weight caused the tubes to invert, preventing water samples collection. Finally, 

we settled on a design with holes for two 50 ml Falcon tubes made from “plastic canvas” vinyl 

material available at any craft store. Each plastic canvas bracket costs less than 10 cents to make 

with scissors, is lightweight, and is semi-submersible, allowing the sampling tubes to fill with 

water (Figure 3). In early flight videos we observed surface water disturbance caused by 

propellor thrust, resulting in dispersion of the algal surface bloom. Therefore, we suspended the 

bracket at different lengths and observed that a length of 6 m did not disperse the bloom or 

impede the UAS flight and sampling. We tested several types of fishing line, but ultimately, a 
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neon green braided fishing line was chosen for its enhanced visibility and reduced tangling. The 

additional weight/rigidity minimizes the chance of the line being pulled into the props. Small 

plastic carabiners were attached to each end of the line to allow for the sampling bracket to be 

quickly changed between sampling flights. 

 

Figure 3. (a) Parrot Anfi Thermal UAS and 3D printed water sampling bracket, (b) carrying a 

50ml tube of water at Site A, (c) DJI Phantom 4 Pro UAS and fabric mesh sampling brackets, (d) 

carrying dual 50ml tubes at Site B.

At Site A, the UAS was manually flown to four sampling locations with the Parrot 

FreeFlight 6 application (84).  The samples were collected beginning at 10:03 am. At each site, a 

nadir photograph was taken to record the sampling location coordinates in the photograph’s 
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Exif header. The live video feed was used to lower a 3Dprinted bracket holding a 50ml Falcon 

tube suspended by two 2m monofilament fishing lines into the water (Figure 3). Once filled, the 

UAS was flown back to the starting location, where the sample tubes were removed from the 

bracket, capped, and stored in a cooler. The samples were collected at four locations around the 

perimeter of the flight area (Figure 4). As a part of a larger pilot project to test UAS sampling, an 

additional seven samples were collected by UAS an hour before and two hours after the flight 

and were not included in the imagery analysis. Each sample took approximately three minutes 

to collect with the UAS. The samples were transported on ice in a cooler back to North Carolina 

State University for analysis.

At Site B, the UAS was manually flown to four sampling locations with the DJI Go 

application (85). The samples were collected beginning at 9:42 am. At each site, a nadir 

photograph was taken to record the sampling location coordinates in the photograph’s Exif 

header. Visual observation and the live video feed were used to lower two 50 ml Falcon tubes in 

a fabric mesh bracket, suspended by two 6m braided fishing lines, into the water (Figure 3). 

Once filled, the UAS was flown back to the starting location, where the sample tubes were 

removed from the bracket, capped, stored in a cooler with ice, and replaced with empty tubes. 

The samples were collected at four locations starting at the dock, 100 m perpendicular to the 

shore, and 300 m parallel to the shore upstream and downstream from the dock (Figure 5). Each 

sample took approximately two minutes to collect with the UAS. The samples were transported 

on ice in a cooler back to North Carolina State University for analysis.

2.3.2 Laboratory water sample analysis

For Site A, collected surface water was processed for multiple analyses, including: in-

vivo Chl-a fluorescence, flow cytometry (FCM) based counts of small phytoplankton (86), 

qualitative assessment of sample by light microscopy (Nikon Eclipse Ts2R), particulate 

microcystin concentrations (5,87), and DNA extraction from biomass for PCR detection 

microcystin-producing cyanobacteria. Collected surface water for FCM was prefiltered through 

40 µm Nitex mesh to avoid clogging during analysis, fixed with glutaraldehyde (0.25% final 

conc.), and placed in the dark for 15 minutes before storage at -80°C. Thawed FCM samples 
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were analyzed using a dual laser (blue (488 nm), red (600 nm)) Guava EasyCyte HT (Millipore) 

flow cytometer. Events were recorded based on red fluorescence from Chl-a possessing cells 

excited by the blue excitation laser. Initial tests were completed to analyze the background noise 

and potential coincidence, which can impact counting. Microcystis-like cells were identified 

based on autofluorescence from blue and red laser excitation (88), as well as their relatively 

larger forward scatter compared to other small phytoplankton (Synechococcus-like and 

picoeukaryotic phytoplankton cells), and enumerated using GuavaSoft (Millipore). Spherical 

reference beads of known diameter (0.5 – 16.5 µm; Spherotech) were used to obtain an empirical 

relationship between median FSC (x) and bead diameter in micrometers (y), y = 1.4699e0.0002x; 

R2 = 0.91 (Figure A2), and estimate the diameter of cells based on FSC. In-vivo Chl-a 

fluorescence (indicator of phytoplankton biomass) in surface water samples was determined 

using an AquaFluor handheld fluorometer (Turner Designs). Whole water samples were also 

surveyed for abundant phytoplankton and imaged using a Nikon TS2R inverted microscope 

under white light.  For DNA extraction, surface water was vacuum (<10 in. Hg) filtered through 

25 mm SUPOR (Pall) 0.2 µm pore-sized filters, and filters plus biomass were stored at -80°C. 

DNA was extracted from biomass on filters using the Qiagen PowerWater kit with the 

following modifications: 1) addition of sapphire disruption beads to sterile 2mL screw cap 

tubes, and 2) performing 5 min of bead beating at 2.5 x 1000 oscillations per minute using a 

BioSpec Mini 16 beadbeater. Obtained DNA was quantified using a Qubit and Picogreen Kit 

(Invitrogen). Primers targeting the V4-5 region of cyanobacterial 16S rRNA genes (89) as well as 

a partial region of the microcystin synthase A gene (mcyA) (90) were used in PCR amplification. 

Apex Red 2.0x Taq Mastermix (Apex Bioresearch Products) was used in all PCR reactions, 

following the protocols published for each primer set. Equal volumes or quantities of extracted 

DNA were added to respective PCR reactions for intercomparison between samples. Internal 

positive controls (Microcystis aeruginosa UTEX 2385 DNA) confirmed no inhibition of PCR 

amplification.

For particulate microcystin quantification, surface water was gently filtered by syringe 

and loaded Swinlock (Whatman) through glass fiber filters (GF/F; Whatman) until dry and 
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stored at -20°C until use. Due to limited sample volume, single GFF filters with biomass were 

collected from each station. Samples were shipped on dry ice to the Popendorf lab at the 

University of Miami for extraction and identification of eight microcystin congeners using 

targeted liquid chromatography-tandem mass spectrometry (LC-MS/MS) (5,87). MCs were 

quantified via concentration curves generated from commercially available standards; limits of 

detection were specific to each congener (Table A2). Explicit extraction protocols and 

instrument settings are detailed in Gaston et al., 2021 (87).

At Site B collected water was filtered through GF/F filters by vacuum (<10 in. Hg). Chl-a 

was extracted and quantified from biomass on GF/F filters using the non-acidification 90% 

acetone method [81] and a standard curve calibrated Trilogy fluorometer (Turner Designs).

2.4 Relationship between the spectral indices, resolution, and algae biomass

We investigated the relationship between the spectral indexes derived from the 

orthomosaic, interpolated map, and in-situ Chl-a measurements. First, to compare spectral 

index values derived from the orthomosaics and the interpolation method, we used QGIS (91)to 

resample the orthomosaics to 1 m resolution with bilinear interpolation to match the 

interpolated maps. Next, we generated 100 random points within the combined photo point 

and water area boundary. The spectral index values were sampled at each point and exported 

to a table. We removed null values (patchy areas in the orthomosaics). Then we performed the 

Spearman correlation in Python NumPy (92) to evaluate the relationships between the spectral 

index values derived from the orthomosaics and the interpolation method. We also performed 

Spearman coefficient correlation analysis to compare the central pixel (1 cell) values to the 9, 

and 25-cell averages. A P-value of < -0.05 was considered statistically significant.  Next, we 

created sampling location points with the ImportPhotos plugin (93) from the photograph 

coordinates to evaluate the correlation between the orthomosaic derived and interpolated index 

values and in-situ chlorophyll-a measurements. We joined the in-situ Chl-a values to an 

exported table and used NumPy to apply a linear regression for each index to compare the 

linearities by the adjusted coefficient of determination (r2) (39). Normality of the residuals and 
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the homoscedasticity of the models were verified using the Shapiro-Wilk and Breusch-Pagan 

tests available in SciPy (94) at the 95% confidence interval.

3. Results

3.1 Orthomosaics and derived indices

It took 10 and 114 minutes to process the imagery from the Site A and B flight datasets, 

respectively. Fifty-three out of 83 photos from Site A and 116 out of 486 photos from Site B were 

aligned during the alignment step. The UAV camera x,y,z (latitude, longitude, elevation) 

location error estimates were lower along the shore areas and increased with distance away 

from discernible features (Figure A1). Orthomosaics and spectral index rasters were produced 

with ground resolutions of 3.76 and 2.58 cm/px for Sites A and B, respectively (Figures 5, 6 and 

7). The resampled indices were generated with a 1 m resolution. Even without ground control 

points, the orthomosaics were well aligned to shore features in existing georeferenced North 

Carolina imagery (95). At Site A, the high-resolution orthomosaic and derived indices provided 

sufficient detail for visually identifying areas with higher biomass. At Site B, the orthomosaic 

was only generated in an area along the shore due to image alignment issues in the 

photogrammetry process.

3.2 Interpolated indices

The central pixel in the unrectified aerial photos from Site A and B represented a 

resolution of approximately 3 cm/px.  Processing time for the Site A aerial photos was less than 

30 seconds and less than 60 seconds for Site B, an improvement of 20x and 100x over the 

traditional orthomosaic method. The NGBDI values ranged from -0.17 to 0.16 at Site A and -0.27 

and 0.06 at Site B. The NGRDI values ranged from -0.06 to 0.08 at Site A and -0.14 and 0.18 at 

Site B.  Unlike the orthomosaics, the interpolation method generated a map over the whole 

flight area (Figure 4 and 7).
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Figure 4. Site A orthomosaic derived (a) NGBDI, (b) NGRDI, and interpolated (c) NGBDI, (d) 

NGRDI from individual aerial photo central pixel values. Black points represent the photo 

locations and red points represent the sampling locations. North Carolina hydrography 

boundaries are found at https://www.nconemap.gov.

Figure 5. Site B interpolated (a) NGBDI, and (b) NGRDI from individual aerial photo central 

pixel values. Black points represent the photo locations and red points represent the sampling 

locations. North Carolina county boundaries are found at https://www.nconemap.gov/.
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3.3 Water samples 

In-vivo Chl-a fluorescence (proxy for phytoplankton biomass) varied at Site A by more 

than an order of magnitude (64.9 – 804 RFU) across all samplings (Figure A2). Collected surface 

water was dominated by Microcystis colonies (large and small) based on light microscopy, with 

very few cyanobacterial filaments (Figure 6A, B). In contrast, at Site B, in-vivo Chl-a fluorescence 

(proxy for phytoplankton biomass) showed less variation, ranging from 14.98 and 29.13 RFU 

across sampling locations (Table 3).

 

 Figure 6. Micrographs of (A) an aggregation of Microcystis cells and (B) a Microcystis aggregate 

with an overlapping filamentous cyanobacterium. 

Focusing on site A, Microcystis cells were present in all FCM samples based on Chl-a like 

fluorescence (Red-B) and phycocyanin-like fluorescence (Red-R) (Figure A1). On average, the 

Microcystis detected by FCM were 2.85 +/- 0.54 µm diameter (n = 11) (Table A1). We expect our 

concentration estimates to be lower than actual numbers given the possibility of small colonies 

(e.g. doublets, triplicates) being counted as single Microcystis cells by FCM. Larger Microcystis 

clusters were also detected but not enumerated as well as other small algae, e.g., Synechococcus-

like cells and eukaryotic phytoplankton, (Figure A1) which are common in freshwater and 
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estuarine systems (96,97). Notably, Microcystis cell abundance and in-vivo Chl-a fluorescence 

increased in concert across sampling locations, which further points to Microcystis as the 

blooming taxa at Site A (Table A1).

Despite our limited water sample volume (~40 mL), cyanobacteria were detected by 16S 

rRNA PCR at nearly all Site A sampling locations. Surface water with the lowest in-vivo Chl-a 

fluorescence (~87 RFU) and 5.2x 103 Microcystis-like clusters per mL coincided with no PCR 

amplification of cyanobacterial 16S rRNA genes (Table A1). In contrast, mcyA genes were 

detectable by PCR in only one sample Sa4, which was also the richest in Microcystis cells.  

Multiple microcystin congeners were detected from multiple particulate Site A samples, 

with MC-LR being most abundant (Tables A1, A2), illustrating the ability to detect cyanotoxins 

using high-resolution LC-MS/MS despite our small volume sampling approach. Notably 

though, toxins were not detectable in all samples and this was the case for samples with lowest 

Microcystis cell abundance and Chl-a fluorescence (Table A1). Highest MC concentrations were 

associated with highest concentrations of Microcystis and Chl-a fluorescence, which strongly 

points to active cyanotoxin production by the Microcystis bloom (Table A1).

3.4 Relationships between environmental variables

At Site A, the Spearman correlation coefficient (ρ) between spectral index values derived 

from the orthomosaics and their respective interpolation maps at 100 random sample points 

showed a strong positive association between NGDBI (ρ > 0.78) and NGRDI (ρ > 0.94). This 

analysis was not performed at Site B because of the inability to generate the orthomosaic over 

the water surface. At Site A and B, The Spearman correlation between the interpolations from 

the central pixel and the 9 and 25-cell averaged values also showed a strong positive association 

(ρ > 0.94). All models presented P < 0.05. The indices derived from the orthomosaics and 

interpolations at Sites A and B showed contrasting coefficient of determination values to predict 

in-situ Chl-a in the sample datasets (Tables 2 and 3). At Site A, NGBDI performed better at 

estimating Chl-a concentration (ortho-derived R2 = 0.783 and interpolated R2 = 0.627) than 

NGRDI (ortho-derived R2 = 0.084 and interpolated R2 = 0.019). Conversely, at Site B, NGRDI 
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performed better at estimating Chl-a concentration (interpolated R2 = 0.898) than NGBDI 

(interpolated R2 = 0.452).

Table 2. Site A Chl-a values from UAS sampling and the index values at the same location. Null 

values from areas where the orthomosaic was not generated.

Sample In vivo Chl-a Ortho NGBDI IDW NGBDI Ortho NGRDI IDW NGRDI

Sa1 241.3 Null 0.0731 Null -0.0385

Sa2 64.9 -0.0070 -0.0040 0.0480 0.0251

Sa3 87.45 0.0542 0.0600 -0.0371 -0.0474

Sa4 804.1 0.1180 0.1077 -0.0148 -0.0219

R2 0.7830 0.6272 0.0844 0.0191

Table 3. Site B Chl-a values from UAS sampling and the index values at the same location.

Sample In vivo Chl-a IDW NGBDI IDW NGRDI

Sb1 16.83 0.0245 -0.0159

Sb2 14.98 0.0161 -0.0186

Sb3 29.13 0.0315 -0.0111

Sb4 18.29 0.0318 -0.0149

R2 0.4521 0.8976
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4 Discussion 

Here, we demonstrate using a low-cost UAS (< $1500) to collect and rapidly process 

images into a representative CyanoHAB distribution map for targeted water sample collection. 

Our method overcomes both the time to create an orthomosaic and the challenges of generating 

one over water. The previously reported inability to align aerial photos and, in turn, create a 

complete orthomosaic was the primary motivation for this work (35,37,38,53,60,61). It has been 

well documented that feature-based image matching in SfM software has difficulty with 

homogenous water surfaces (59,61). Additionally, the software can smooth or misrepresent the 

output (61). At our study sites, patchiness in the orthomosaics was expected and observed in 

areas with dense shoreline vegetation, along the flight area border, and over the homogenous 

water surface away from discernible features. Because of this, almost 40% of the photos were 

not aligned at Site A. This effect was especially pronounced at Site B, where more than 75% of 

the photos were not aligned. The generated orthomosaics were patchy over water and likely did 

not represent the surface conditions accurately. Some locations had duplicated features such as 

shorelines, cloud reflections, and floating debris.  

While our methodology was initially developed to represent Chl-a distribution across 

water surfaces, its versatility extends to other applications, such as homogeneous agriculture 

fields, or snow-covered scenes, where orthomosaic generation is challenging (53). Moreover, 

processing imagery in the field is often time-consuming and requires high-end hardware. By 

bypassing the traditional orthomosaic generation workflow, we were able to rapidly produce 

maps that approximated CyanoHAB abundance for targeted sampling 20-100 times faster, with 

minimal computation power. This ability to process data quickly in environments with rapidly 

changing weather or moving water surfaces is of immense value for decision making (sampling, 

issuing public warnings) and maintaining time-series monitoring and capturing ephemeral 

events. For instance, UAS can be swiftly deployed to sample before or after adverse weather 

(98). 

Using our approach, we were able to detect a cyanoHAB event, and subsequent analyses 

confirmed the presence of Microcystis, a genera of global public health and water quality 
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concern (1,99). Accordingly, identifying and predicting its presence, distribution, and 

production of cyanotoxins is of significant societal importance. Our UAS surveying and 

sampling methodology offers the potential to address these predictive challenges through rapid 

imaging and water sampling on finer temporal and spatial scales than what is available with 

typical ‘grab’ sampling. The targeted sampling approach provides the ability to identify algal 

‘hot spots’ and probe them for toxin production, cell morphology (microscopy, FCM), and 

genetic composition. Overall, this flexible and non-disruptive sampling platform has diverse 

potential use as a bloom (Microcystis and beyond) interrogation tool. It is a platform that can 

enable rapid surveying and warning the public about potential/current ‘toxin hot spots’ or 

assessment of the evolution and composition of blooms on new temporal and spatial scales.

Our final sampling rig design offers a simple and effective means to collect surface water 

samples. The sampling rig was tested on large bodies of water in this study, but it could also be 

used on streams, ponds, or otherwise inaccessible or hazardous areas. While the rig was built 

for small consumer drones, it could be upscaled for larger commercial models. The final design 

choice to carry two 50 ml tubes was based on the carrying capacity, handling characteristics, 

wear on the UAS motors, and battery life. In tests, we collected up to 1 L with a DJI Phantom 4, 

but a single flight consumed more than half of the battery, it was difficult to control, and the 

motors were abnormally hot to the touch upon landing.

The spectral index maps produced from interpolation are visually aligned with the 

indices derived from the orthomosaic at Site A, confirmed by the random sample point value 

comparison. We could not perform this comparison at Site B because the orthomosaics could 

not be generated at that location. The comparison between spatial scales did not show a 

significant difference between the 1, 3x3, and 5x5 cell window resampling at either study site. 

This indicates that the central pixel adequately represents the water RGB values directly 

beneath the UAS for our purposes. The spectral indices presented a positive linear relationship 

with the chlorophyll-a values from the water samples, although each location performed better 

with a different index. The NGDBI showed a stronger relationship at Site A and NGRDI at Site 

B. These results align with visual interpretation of the maps and sufficiently capture the algae 
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distribution. More research is needed to evaluate if flight direction, water body type (estuarine 

vs. freshwater), season, and weather conditions impact the results. We did not test other indices 

that might perform differently. 

While the interpolated index method discussed in this study may not be as accurate as 

an index derived from a well-generated orthomosaic, the results indicate effective mapping of 

algal biomass (CyanoHAB biomass) across a water body. The interpolated raster maps guide 

targeted water sampling in areas that would otherwise be in-mappable via the traditional 

methods. We envision this as a tool to capture environmental change in the short term from 

multiple locations. Additionally, this approach can provide cost savings for water managers 

and agencies while increasing safety for field personnel. For example, a single UAS pilot can 

collect imagery and samples from one shore location rather than a boat with multiple personnel. 

5 Conclusion

Here we present a UAS-based method to rapidly estimate CyanoHAB variability and 

collect targeted water samples from inland and coastal waterbodies. The proposed process is 

fast and can estimate spectral index values representing chlorophyll over homogeneous water 

surfaces, a limitation of current workflows. The results of the interpolation method align well 

with orthomosaic-derived indices and UAS-collected water samples analyzed in the laboratory. 

Given that water quality and bloom conditions can be transitory, we feel our developed 

approach has the potential to bring monitoring, detection, and public warning of reduced water 

quality and potential health risks ‘up to speed’ with changes in aquatic systems. 
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Figure A1. Orthomosaics from Metashape processing report with camera locations and error 

estimates for the (a) Site A and (b) Site B flights. Estimated camera locations are marked with 

black points. Z error is represented by ellipse color and  X and Y errors are represented by 

ellipse shape.

  

Figure A2. Example FCM data from Site A sampling. The gating used to enumerate populations 

are shown, with consistent color coding across plots. Microcystis-like cells (MC) are in red. 

Smaller phycocyanin-rich Synechococcus-like cells (SYN) are in blue, and putative picoeukaryotic 

algae or larger unicellular cyanobacteria lacking phycoerythrin (PEUK/CYAN) are in orange. 

Larger Microcystis-like cells or clusters are evident in the top right of the right panel but were 

not quantified.  
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Table A1. Measured parameters from Site A surface water samples.  ++ = strong PCR 

amplification; + = weak PCR amplification.  MC= Microcystin. ND = not detected by LC-MS/MS. 

Sample 
ID

In vivo Chl a 
Fluorescence (RFU)

Microcystis 
(cells/mL)

DNA Concentration 
(ng/µL)

Cyano 16S rRNA 
positive?

mcyA 
positive?

Total MC per L 
(µg/L)

Sa1 241.3 3.2E+04 0.338 + 0.386
Sa2 64.9 1.6E+04 0.18 + 0.209
Sa3 87.45 5.2E+03 0.374 ND
Sa4 804.1 3.3E+05 45.2 ++ + 3.589
Sa5 75.93 2.7E+03 0.282 ND
Sa6 348.8 2.3E+05 2.64 ++ 1.064
Sa7 71.96 4.1E+03 0.112 ND
Sa8 69.22 2.7E+03 0.178 ND
Sa9 82.94 9.5E+03 0.216 + 0.131
Sa10 111.7 3.1E+04 0.49 0.528
Sa11 98.47 9.6E+03 0.492 +  ND
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Table A2. Concentrations of total Microcystin and congener forms (with different amino acid 

side groups) in the particulate phase of Site A surface water samples. MC = Microcystin.   

Sample 
ID

Total MC 
(pg)

Total MC 
per L 
(ng/L)

Total MC 
per L 
(µg/L)

MC-
LA 

(ng/L)

MC-LR 
(ng/L)

MC-LY 
(ng/L)

MC-YR 
(ng/L)

D-
Asp-
MC-
LR 

(ng/L)

MC-LF 
(ng/L)

MC-LW 
(ng/L)

MC-WR 
(ng/L)

Sa1 3.86E+03 3.86E+02 3.86E-01 <0.56 3.86E+02 <0.8 <0.85 <0.25 <0.24 <0.14 <0.61

Sa2 2.09E+03 2.09E+02 2.09E-01 <0.56 2.09E+02 <0.8 <0.85 <0.25 <0.24 <0.14 <0.61

Sa3 <4.08E+02 <4.09E+01 <4.09E-02 <0.56 <0.64 <0.8 <0.85 <0.25 <0.24 <0.14 <0.61

Sa4 3.59E+04 3.59E+03 3.59E+00 <0.56 2.29E+03 2.92E+02 2.56E+02 <0.25 2.01E+02 2.94E+02 2.57E+02

Sa5 <4.08E+02 <4.09E+01 <4.09E-02 <0.56 <0.64 <0.8 <0.85 <0.25 <0.24 <0.14 <0.61

Sa6 1.06E+04 1.06E+03 1.06E+00 <0.56 7.81E+02 <0.8 1.89E+02 <0.25 <0.24 9.42E+01 <0.61

Sa7 <4.08E+02 <4.09E+01 <4.09E-02 <0.56 <0.64 <0.8 <0.85 <0.25 <0.24 <0.14 <0.61

Sa8 <4.08E+02 <4.09E+01 <4.09E-02 <0.56 <0.64 <0.8 <0.85 <0.25 <0.24 <0.14 <0.61

Sa9 1.31E+03 1.31E+02 1.31E-01 <0.56 4.02E+01 <0.8 <0.85 <0.25 <0.24 <0.14 9.05E+01

Sa10 5.28E+03 5.28E+02 5.28E-01 <0.56 3.42E+02 <0.8 1.11E+02 <0.25 <0.24 <0.14 7.53E+01

Sa11 <4.08E+02 <4.09E+01 <4.09E-02 <0.56 <0.64 <0.8 <0.85 <0.25 <0.24 <0.14 <0.61
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