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Article type: Background and Objectives: Chlorophyll a is used as a Indicator to
Research Full Paper measure the amount of algae growing in water, which can be applied to

classify the nutritional status of water bodies. Although algae are a natural

Article historv: part of freshwater ecosystems, excessive amounts of algae can cause
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Revised: 09.22.2024 dissolved oxygen levels. In addition, harmful algal blooms create a severe

Accepted: 11.06.2024 environmental problem and have significant economic and environmental

consequences on coastal areas. Accordingly, predicting the occurrence of

these blooms has become increasingly vital for coastal communities. Based

Keywords: on the investigations, the concentration of very high levels of chlorophyll a
Algae, indicates low water quality, and the long-term existence of high
Sentinel-2 Images, concentrations of chlorophyll a is a major problem for the primary
Water quality,

production of biomass. Accordingly, the concentration of chlorophyll a is
considered a key indicator for water quality. In this research, an attempt
has been made to estimate the amount of chlorophyll a in Sardasht dam
reservoir using remote sensing techniques and data driven models.

XGBoost, M5 and MARS
Algorithms

Materials and Methods: The data categories was used in this study: the
first part is the measured values of chlorophyll a in Sardasht dam reservoir,
and the second part includes 7 stages of measurement at 10 points with
different coordinates in the reservoir of the dam and is related to March
2016 to June 2018. The second part of the data which used in data
driven models, was extracted from the Sentinel-2 satellite images. The
information of different bands was extracted from Sentinel-2 images and
based on the band values, the criteria for measuring the amount of
chlorophyll a were calculated and provided to the data driven models for
training. In this research, three data driven models XGBoost, M5 and
MARS were used to estimate the amount of chlorophyll a. In this study, 9
chlorophyll a estimation equations were considered as input of data driven
models and the measured logarithm value of chlorophyll a was considered
as output. 80% of the available data was used to train and the remaining
20% was used to verify the effectiveness of the used models.

Results: Based on the input data, the M5 model tree has divided the
problem space into 5 parts and presented a linear equation for each part.
Based on the structure provided by M5 and MARS algorithms, blue, red
and green band combinations as well as infrared and red have a high
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impact on the models provided by these two algorithms. The results
obtained from XGBoost algorithm show the importance of blue, red and
green band combinations on the presented results. Based on this, the
combination of blue, red and green bands has been used in all three
algorithms as the most important or one of the most important input
variables to calculate chlorophyll a. The coefficients of determination for
three models XGBoost, M5 and MARS was calculated as 0.61, 0.49 and
0.31, respectively. The value of Nash-Sutcliffe coefficient for XGBoost,
M5 and MARS models was calculated as 0.54, 0.47 and 0.27, respectively,
which shows that the results of XGBoost and M5 models are favorable.

Conclusion: The results show that the XGBoost and M5 models provided
more accurate results than the MARS model. The use of Taylor's diagram
also shows the close efficiency of the XGBoost and M5 models in
calculating the amount of chlorophyll a. The spatial distribution of
chlorophyll a in the Sardasht dam reservoir shows that the lack of
information used has caused differences between the measured and
calculated values in limited areas. The spatial distribution of chlorophyll a
in the Sardasht dam reservoir shows that the limited data used and the lack
of complete temporal compatibility of the Sentinel-2 images with the
measurement data in the dam reservoir has caused differences between the
measured and calculated values in limited areas. The use of a large number
of data in the reservoirs of different dams, the use of various data driven
models and applying images from other sensors can provide a suitable tool
for the managers of the reservoirs so that they can evaluate the water
quality more accurately.
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4- U.S. Environmental Protection Agency (USEPA)
5- World Health Organization
6- One part per billion
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2- U.S. Geological Survey (USGS)
3- Harmful algal blooms (HABs)
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Figure 1. The studied area including the Sardasht dam reservoir and the location of the dam
(the location of the chlorophyll a measurement points are marked with red dots).
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Figure 11. The results of the algorithms used to estimate chlorophyll a on August 12, 2018.
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Table 2. Results of statistical criteria used on different algorithms.
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1- Centered root mean square error (CRMSE)
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a) training stage, b) validation stage and c) total data.

Shalie lis 4 and oad @l gladas 3 1
ujf Ll gla sy )5 Lo s s s (dH ')
sl b gsledae GL:.} O Caly Caaw
) e Jelge oyl s Slhalie
Ol et & A3L adls j2E Ll e )
Cer Slalie etz sluad Oy d5dee
asbar ol el ol o3 ladde ) gel
03 addlae 3,50 e3gdee 53 V- iz (loslsale

anar
Lla S 513

oslai! S)90 59 9 G gii)."a-‘l: L J)\j.d )\

V&

Ji.sUu 6\4,.’ T 4_}:3);)5 J.ibu.a &L“Q‘})D Cil:u
Bl cales gladie s 50 Sloalie
I sl « S Gl Ty
ol 43\)\ \VJK.Z)J QJIJJ.\AJ“AQJ&U: 63 gl>es
U’")g’“‘ u.gL:..aJ)J U‘i')) )1 axllas U‘i‘ B R
a2l ol el sslisal QGIS Lo s 'alols
YAV oLl YV Gl & by \Y IS s sl
JIIS\ BE S ol Aﬁ‘ GMJQL:J LJ\ML.‘;«G JJJLSA

JJJJJS f;l.é,a c)}.’; W Q).>u: 03 g0 LSLQU’:’”

1- Inverse distance weighting (IDW)
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Figure 13. Results of interpolation of chlorophyll a values for the entire Sardasht dam reservoir area,
a) observational values, b) XGBoost algorithm, ¢) M5 algorithm, d) MARS algorithm.
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