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Abstract. In this paper, the ability to estimate the 

biomass of algal bloom by using UAV remote sensing with 

NDVI and GRVI were compared. Mathematical models 

such as linear, polynomial and power functions were used 

to determine the correlation between 2 vegetation indices 

(NDVI and GRVI) and biomass of algal bloom from field 

survey. Eighty biomass data from field survey was divided 

half for calibration and half for evaluation data sets. From 

mathematical models, the power function provided 

maximum R2 both NDVI and GRVI, NDVI give R2 = 0.72 

(RMSE = 38.5) and GRVI give R2 = 0.64 (RMSE = 42.5) 

for evaluation datasets, respectively. The results showed 

that NDVI from UAV remote sensing performed better 

estimation for biomass of algal bloom than GRVI.  
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1. Introduction 

An algal bloom is natural phenomena that has been 

happened from the rise of water temperature and pollution 

in the water environment. [1-4] Harmful algal blooms 

(HABs) in rivers and lakes, which are resulted from the 

nutrients such as phosphorus (P) and nitrogen (N), the rise 

in water temperature, slow river flow, and inland waters. 

[5-8] HABs may cause the ecosystem to be destroyed, and 

generation of toxins such as cyanotoxins and microcystins 

in water [9], which can damage the health of humans and 

livestock. 

 The conventional way to obtain the biomass of algal 

bloom is to use water sampling methods that require 

manual operation, and recording the result from laboratory. 

These methods would require large area, long-term 

measurements challenging and time-consuming. [10]  

 UAV remote sensing offers an option for collecting 

data on spatial and spectral resolution, and remote sensing, 

which has been accepted as the best technique for 

monitoring algal blooms over large areas.[11-12] Nam-Gu , 

Lyu, Xu and Bollard-Breen [13-16] refer to that UAVs cost 

is reasonable in that, they can be more powerful than 

satellite imagery in both time and money and can reduce in 

situ water quality sampling costs [17] UAV remote sensing 

was conducted with RGB camera. [18-20] or RGB + 

infrared (IR) cameras (multispectral cameras) [13,16,19,21] 

and hyperspectral sensors. [11-12, 22] Deon Van der 

Merwe and Kevin [23] using UAV imagery estimated 

harmful algal bloom biomass by generating a blue 

normalized difference vegetation index (NDVI). The 

results show correlations between NDVI and BPCV follow 

a logarithmic model, with R2 values from 0.77 to 0.87. 

The Normalized Difference Vegetation Index 

(NDVI), which is a normalized ratio of red and near-

infrared reflectance [24], has been used in many 

phenological studies, including the detection of algal bloom 

[25-28]. The Green-Red Vegetation Index (GRVI) which is 

a normalized ratio of red and green reflectance [29-30], has 

been used to detected plant phenology [31-33] 

However, it is surprising that many studies on the 

application of UAV remote sensing for estimate algal 

bloom biomass by GRVI have not yet been carried out. 

Consequently, this study is a pioneering effort to 

investigate whether UAV-based remote sensing and GRVI 

can be used to estimate the biomass of algal bloom. The 

purpose of this study was to assess the use of NDVI and 

GRVI from UAV remote sensing and compare the 

performance of different mathematical models such as 

linear, polynomial and power functions to estimate biomass 

of algal bloom.  

2. Materials and Methods   

2.1 Study Area  

The study site for this research is located within 

Mahasarakham University, Mahasarakham Province, 

Thailand (16°14'51.6"N 103°14'48.4"E), see Fig.1, at an 

average elevation of 157 m MSL. The study area has a 

warm temperate semi-humid continental monsoon climate. 

The average annual temperature is 32.8 °C and the average 

annual rainfall is 1,202 mm/year. 
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Fig. 1: The location of this study in Mahasarakham University, 

Mahasarakham Province, Thailand 

2.2 Field Data Collection    

To identify the appearance of the algae bloom in the 

reservoir area to examine the results of image detection by 

NDVI and GRVI from UAV remote sensing, the researcher 

conducted field investigation 80 plots were used as water 

sampling on reservoir area to investigate for the biomass of 

the algal bloom in Environmental Laboratory on November 

20th, 2018. 

Six ground control points (GCPs) distributed around 

the field were used to obtain accurate geographical 

references and were located with not less 4 cm. accuracy 

by using a GNSS. 

2.3 Unmanned aerial vehicle and camera 

setup   

The digital imagery was collected with the DJI 

Phantom 3 professional. Digital imagery was collected by 

using a 1.2 megapixel camera, which captures three 

discrete spectral bands: blue (wavelength = 450 nm), green 

(wavelength = 550 nm), and red (660 nm) (Fig. 2) and The 

Survey3 cameras, which captures three discrete spectral 

bands:  Red Green NIR (Fig. 3) model sees Near Infrared 

850 nm, Red 660 nm, and Green 550 nm light. The 

radiometric calibration images of DJI camera were 

captured on the ground before and after each flight by 

using a calibrated reflectance panel. Flight paths over the 

trial area were designed by PIX4D Capture. The forward 

overlap was 80% and the lateral overlap was 60%. The 

flight speed was fixed at 6 m/s. ISO and shutter speed were 

fixed at 160 and 1/2000, respectively. The flight altitude 

above ground level (AGL) on November 10th, 2018 was 50 

m. The ground sampling distances for digital imagery were 

approximately 2.19 cm. 

2.4 Image processing and data extraction   

Web ODM was used to generate orthomosaics and six 

ground control points were used to geometric correction. 

Radiometric calibration was done by using radiometric 

calibration images with known reflectance values. The 

radiometric corrections were used to improve the 

radiometric quality of the data and correct the reflectance 

of the image. The images from Survey3 cameras (RGN) are 

commonly calibrated into an index image and then a 

colored is applied to show the contrast between healthy and 

poor health vegetation. 

 

 

Fig. 2: DJI Phantom 3 professional camera (RGB) 

 

 

Fig. 3: The Survey3 cameras (RGN) 

3. Modeling and resampling 

To achieve the suitable to a mathematical model by a 

comparative analysis of NDVI and GRVI values for 

estimating biomass of algae bloom, we establish three 

mathematical models. Linear regression, polynomial and 

power functions models are stringent in requiring predictor 

variables, so data pre-processing techniques should be 

performed on the training set before modeling. 

 The coefficient of determination (R2), and RMSE 

were used as assessment metrics to measure the 

performance of the mathematical model and to determine 

how good the model predicts new data. Equations (1)-(2) 

are used to calculate R2, and RMSE.  
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(1) 

 

 

(2) 

 

; where N is the total sample size; yi is the ith measured 

biomass of the sample; y^i is the ith predicted value, and y-
i 

is the ith mean measured value. 

4. Results 

The average field biomass value measured in the field 

was 425 mg/l (N = 80, SD = 32.5). The R2 values of the 

Linear regression, polynomial and power functions models 

are reported in Table 1 and Table 2. The power function 

gives the maximum R2 both NDVI and GRVI, NDVI gives 

R2 = 0.72 (RMSE = 38.5) and GRVI gives R2 = 0.64 

(RMSE = 42.5) for evaluation datasets respectively.  

 

Model Training Set Test Set 

R2 RMSE R2 RMSE 

Linear regression 0.62 46.3 0.65 42.5 

Polynomial 0.65 44.5 0.68 40.5 

power functions 0.68 40.2 0.72 38.5 

Table 1  The R2 values and the RMSE values of NDVI models indicating 
P<0.01 

 

Model Training Set Test Set 

R2 RMSE R2 RMSE 

Linear regression 0.52 48.6 0.55 46.2 

polynomial 0.55 45.5 0.58 44.5 

power functions 0.60 45.2 0.64 42.5 

Table 2  The R2 values and the RMSE values of GRVI models indicating 

P<0.01 

The plots of the biomass of algae bloom estimated by 

power functions model are showed in Fig. 4 (objects 

outside the study areas are masked out) and Scatter plots of 

observed the biomass of algae bloom versus predicted the 

biomass of algae bloom for validation data are shown in 

Fig. 5 and Fig. 6. This study used A one-way ANOVA test 

and was also used for testing the similarity between the 

regression models when three different models were used. 

It turned out that the three models are statistically not 

different. (i.e., p-value<0.01, N = 80) 

 

 
Fig. 4: The biomass of algae blooms map estimated using random  

forest models. 

 

 

Fig. 5: The scattering plots with the RMSE values of Biomass - NDVI 

models  
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Fig. 6 : The scattering plots with the RMSE values of Biomass-
GRVI models  

5. Discussion and Conclusion 

The result of this study from the recorded UAV-

derived aerial imagery from an RGB and RGN camera data 

can be used for estimating biomass of algal bloom from 

NDVI and GRVI. (please see Table 1-2 and Fig. 5-6) 

Strong statistical correlations of algae bloom biomass 

models from power functions models agree with early 

studies of algae bloom biomass [11-15,17-19]. The aim of 

this study to report simple linear and non-linear 

correlations between NDVI and GRVI derived from the 

RGB camera and RGN from survey 3 camera and biomass 

of algal bloom values collected from the field. This report 

is not to provide a thorough analysis. The results could be 

improved by machine learning algorithm [30,33-35]. It is 

concluded that the NDVI model is the most suitable model 

for inverting biomass of alga bloom in the study area. 

However, the NDVI inversion model must avoid a 

saturation phenomenon when NDVI is close to 1.  

Consequently, we expect the methodology in this study can 

useful guidelines for estimating and biomass of algal 

bloom. 
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