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Water turbidity is one of the most important parameters of water quality, which represents the
transparency of water and is effective in eutrophication. This research was done to estimate the
amount of water turbidity using remote sensing data and the random forest technique. For this
purpose, the water quality monitoring data of Chitgar Lake in Tehran were used, which is an
artificial shallow lake with recreational and urban scenery usage. The Landsat 8 OLI/TIRS and
Sentinel 2 MSI satellite images were extracted after matching the date of field observation data and
satellite images from 2016 to 2021. Data were divided into calibration and validation datasets. After
performing pre-processing processes on satellite images, important bands were recognized using
the random forest method. Afterward, appropriate band composition and algorithms were selected
and regression models were fitted and validated. The optimum model was able to estimate water
turbidity with Adj.R>=0.6, RMSE=1.07 NTU, and NRMSE=12% for Landsat-8 as well as with
Adj.R?=0.73, RMSE=1.23 NTU and NRMSE=9% for Sentinel-2 satellite and estimated with a
power of 80% for Chitgar Lake. Consequently, the optimal predictive model in Sentinel-2 was
chosen with the assistance of the random forest. Moreover, the predictive model was able to
estimate the water turbidity in Chitgar Lake with acceptable accuracy.
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Extended abstract

Introduction

Water turbidity is one of the optical characteristics of water and is influenced by the concentration of organic and inorganic
substances suspended and soluble in water, such as chlorophyll-a, suspended solids, and dissolved organic matter. Increasing
water turbidity affects the light access for aquatic life and the health of aquatic ecosystems. On the other hand, suspended
particles that cause water turbidity contain nutrients and are one of the causes of eutrophication in water sources. Therefore,
monitoring the turbidity and the pattern of its changes is necessary for water quality management.

In recent years, the prediction of water turbidity by satellite images has been successfully carried out and validated in surface
waters. Correlation between field measurement data, satellite bands, and construction regression models are methods to find
retrieval turbidity algorithms. This study was conducted to improve the water quality monitoring process of Chitgar Lake as a
shallow urban recreational lake. Effective water quality management of these water bodies often requires high-frequency
monitoring and trend analysis. This research tries to provide a method to obtain the optimal water turbidity forecasting model
with higher accuracy, by combining remote sensing and machine learning methods to overcome problems caused by
geographical conditions and the inherent characteristics of the desired area on the prediction models.

Materials and methods
Chitgar Lake in the northwest of Tehran, with an average depth of 5 meters is the study area in this research.

Satellite data
The images of Landsat-8 and Sentinel-2 satellites were used with a maximum of one day difference from the field data sampling
and less than 10% cloud cover in the studied area.

Field measurement

The field data of water turbidity was extracted from the lake quality monitoring data from 2016 to 2021 on 5 monitoring stations.
After matching the date of field observation and satellite images, 105 and 104 data sets were acquired for Landsat-8 and Sentinel-
2 satellites, respectively. After assessment of the statistical distribution, Data were divided into calibration and validation data
sets.

Random forest

Random forest is a machine learning method based on classification and regression through several decision trees as classifiers.
One of the benefits of the random forest algorithm is that determines the importance of a feature by considering the number of
tree nodes that use that feature. This preponderance of the random forest algorithm has been used in this research for identifying
important variables.

Accuracy
The accuracy evaluation was performed using RMSE, NRMSE, and Adj.R? was used to express the accuracy of regression
models. In this research, the Power of model has also been calculated.

Discussion of results

Evaluating the relative importance coefficients of the bands by random forest in the Landsat-8 satellite illustrated the higher
importance coefficients for b2 and b3 bands as important bands. Then single-band and band composition algorithms of these
bands were evaluated in linear and non-linear regression models and the band ratio b2/b3 in the exponential equation estimated
the best prediction.

In the Sentinel-2 satellite, bands b2, b3, and b4 were acquired as effective bands, and the best result in this satellite was achieved
from the combination of three bands in an exponential equation. The models were verified with validation data sets for both
satellites. The statistical results and spatial distribution maps show that the Sentinel-2 satellite has a better performance in
estimating the turbidity values in the lake. On the other hand, according to the result, the Landsat-8 satellite can be used for
achieving high temporal coverage to predict and trend analysis of water turbidity, with acceptable accuracy. The results showed
agreement in the effective bands in water turbidity estimation algorithms in this study and similar research. It should be noted
that the depth of the lake is one of the most effective factors in causing errors in water turbidity estimation due to the effects of
reflection from the bottom.

Conclusions

In this research, the efficiency of Landsat-8 and Sentinel-2 satellites in estimating water turbidity value by remote sensing data
and using the random forest method was investigated in a shallow urban artificial lake. The results showed that the

Sentinel-2 satellite has appropriate performance in estimating the water turbidity compared to the Landsat-8 satellite in the lake.
However, due to the relatively acceptable accuracy of the prediction model for the Landsat-8 satellite, this satellite can also be
used for higher temporal coverage in monitoring the lake. The use of this method can provide the required information with
higher temporal and spatial coverage, to improve the monitoring process simultaneously reducing costs in Chitgar Lake.
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Cam Ranh Bay and
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Vietnam
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(Kalele, 2019) Charles River-UK b2,b3 WT =a*x1+bxx2+c R?(Landsat8) = 0.84
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(Katlane et al., 2020) Gulf of Gabes-Tunisia b4 WT =ax*x1+b R?*(Sentinel2) = 0.7
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