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[bookmark: _Ref145061330][bookmark: _Ref145061320]1. Convolutional neural networks used to estimate turbidity
Convolutional neural networks were developed with the idea of local connectivity. Each node is connected only to a local region in the input. The input is usually taken to be three-dimensional: the height, weight, and number of channels. The equations were displayed as follows Borovykh (2017).



	




Where  is the input value of the basic feedforward neural network, while are referred to as the weights and  as the biases.  represents the number of nodes in each hidden layer of a feedforward neural network.	


		



	





Where  and ,  is a differentiable nonlinear activation function, while  is the layer  of the basic feedforward neural network.



		




Where  and ,  is the outputs from the previous layer are again linearly combined and passed through the nonlinearity.



		

Where  is a discrete convolution of two one-dimensional signals. A convolution at point i is computed by shifting the signal g over the input f along j and computing the weighted sum of the two.


Suppose and , the convolution of the two is given by.



		



		






Where  and ,  is a one-dimensional input of size N with no zero padding. The output feature map from the first layer is then given by convolving each filter  for h = 1, ..., M1. Note that since the number of input channels in this case is one, the weight matrix also has only one channel. Like the feedforward neural network, this output is then passed through the non-linearity  to give .



	











In each subsequent layer  = 2, ..., the input feature map, , where  is the size of the output filter map from the previous convolution with , is convolved with a set of  filters , h = 1, ..., , to create a feature map , and  is the filter size parameter, thus controls the receptive field of each output node. Without zero padding, the convolution output in every layer has width  for l = 1, ..., L.
2. Metrics’ equations to evaluate model fits
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Where  and  represent the average values of predicted  and measured , respectively. 
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Fig. S1. Representative images of water sample collection for the 653 paired records used to develop and validate the framework, showing only one sampling site per city. Each panel includes the location, waterbody type, date, weather, and smartphone used.
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Fig. S2. 653 preprocessed water-surface images generated by the smartphone framework, arranged by increasing turbidity values (NTU). Each image represents a single water sample processed under consistent imaging conditions.

[bookmark: _Ref145061401]Table S1. Studies deducing indicators of turbidity. R²=coefficient of determination, RMSE=root means square error, MAE=mean absolute error, GOCI= geostationary ocean color imager, UAV= unmanned aerial vehicle, MAPE= Mean Absolute Percentage Error, Bias=mean error, NS=Nash–Sutcliffe efficiency, PLS=Partial Least Squares, SLR=Stepwise Linear Regression, Resnet=Residual Network.
	Techniques
	Sensor
	Range
	Accuracy
	Study area
	Time
	Process
	Reference

	Empirical regression models
	Landsat 8
	2.3–107.02 NTU
	R² = 0.97 RMSE = 1.414 NTU
	Tennessee River (USA)
	2 December 2018, 13 February 2019, 15 August 2019
	River turbidity estimation using Landsat 8 OLI red band nonlinear regression
	Hossain et al. (2021)

	Neural network approach
	GOCI
	4.66-71.46 NTU
	R² = 0.84; RMSE = 58.8 NTU; MAE = 25.1 NTU
	Yellow River Estuary, Yangtze River Estuary, Hangzhou Bay (China)
	March–April 2018
	Retrieval of turbidity in turbid estuaries using GOCI data and neural network, analysis of turbidity-tide relationship
	Feng et al. (2020)

	Partial Least Squares regression
	UAV hyperspectral imager (DJI M600 pro)
	3.2–56.37 NTU
	R² = 0.72, MAPE=19.35%
	Aquaculture ponds, irrigation canals, and reservoir in Dawa District, Panjin (China)
	September 2019; October 2020
	Retrieval of turbidity in small water bodies using UAV hyperspectral data and PLS model, mapping spatial distribution
	Cui et al. (2022)

	Empirical regression model
	Landsat 8
	0.21-3.46 FTU
	R² = 0.84, RMSE=0.28 FTU
	Cam Ranh Bay and Thuy Trieu Lagoon (Vietnam)
	2013–2016
	Retrieval of turbidity using Landsat 8 OLI red band, analysis of spatiotemporal variation and controlling factors
	Quang et al. (2017)

	Stepwise Linear Regression, Polynomial Kernel Regression
	Sentinel-2
	0-80 NTU
	SLR: R²=0.736, RMSE=2.03 NTU, MAE=1.39 NTU
Kernel: R²=0.725, RMSE=2.07 NTU, MAE=1.40 NTU
	North Tyrrhenian Sea (Italy)
	2015 to 2021
	Retrieval of seawater turbidity using Sentinel-2 MSI Level-1C TOA reflectance with machine learning methods, generation of turbidity maps
	Magrì et al. (2023)

	Ordinary least squares regression model
	Landsat 8
	12.3-177.5 NTU
	R² = 0.87
	Lake Tana (Ethiopia)
	June 2020
	Retrieval and spatial distribution mapping of lake turbidity using Landsat 8 OLI imagery and OLS regression
	Ahmad et al. (2025)

	Single-band turbidity algorithm
	Landsat 5
	1–70 NTU (normal range)
>100 NTU (extreme events)
	R²=0.70±0.15，RMSE=7.78±2.59 NTU
	Apalachicola Bay (USA)
	2004 to 2011
	Complex interactions of physical forcings and their effects on water dynamics have been discussed
	Joshi et al. (2017)

	Random forest model
	Sentinel-2
	0.5–15 NTU
	R² = 0.632
	Los Angeles (USA)
	July 2021 to March 2024
	Integrating satellite data with machine learning
	Kong et al. (2025)

	Statistical regression-based turbidity retrieval
	GF-1 WFV, HJ-1A/1B CCD
	1.5–140 NTU
	GF-1 WFV: R²=0.79
HJ-1A/1B CCD: R²=0.91
	Weishan Lake, Shandong Province (China)
	July 2014 to June 2015
	Retrieval of lake turbidity using GF-1 and HJ-1 imagery with statistical regression models, analysis of spatiotemporal variation
	Yin et al. (2019)

	Gradient Boosting Regression
	Sentinel-2
	0–2200 FNU
	R²=0.90, RMSE=116.62 FNU, MAE=43.24 FNU, Bias=1.32 FNU
	17 countries globally (68 lakes, 2 rivers, 2 estuaries, 11 coastal oceans)
	2005–2021
	Development and application of a global turbidity retrieval model using Sentinel-2 imagery and Gradient Boosting Regression
	Chowdhury et al. (2025)

	Empirical algorithm
	MODIS
	1.8–160 FTU
	R²=0.87
	Black Sea (Romania)
	2013–2014
	Retrieval of turbidity using MODIS data and analysis of spatiotemporal dynamics of the Danube River plume
	Constantin et al. (2016)

	Empirical multivariate regression
	Sentinel-2, Landsat-8
	1.36–7.42 NTU
	Sentinel-2: R²=0.80 
Landsat-8: R²=0.81
	Chebara Dam (Kenya)
	January 2019
	Retrieval of reservoir turbidity using Sentinel-2A and Landsat-8 imagery, comparison of sensor performance
	Ouma et al. (2020)

	Artificial neural network
	OPPO Reno3
	6.53–91.10 NTU
	NSE=0.89, RMSE=4.96, MAE=4.29
	Yangtze River Delta (China)
	May to November 2022
	Retrieval of turbidity in small water bodies using smartphone imagery
	Gan C (2023)

	Radiometric turbidity retrieval method using smartphone camera and gray card
	Smartphone cameras (iPhone 4/5, iPod touch, HTC One M8, Nexus 5, Galaxy S5, etc.)
	0.5–80 NTU
	R²=0.93
	Columbia River mouth, Maine coast, Georgia coast, Washington State, San Francisco Bay (USA)
	2013–2017
	Development and validation of a smartphone-based turbidity measurement application using camera and 18% gray card
	Leeuw and Boss (2018)

	Bayesian modeling
	Smartphone
	1.09-216 NTU
	NS = 0.89
	Various water bodies across China
	2020 to 2021
	Predict turbidity from smartphone images using Bayesian model and field data
	Huang et al. (2021)

	Deep learning
	Hikvision RGB surveillance camera
	0-58.3 NTU
	R2 = 0.89
	Qiangyong Co Lake, Tibetan Plateau (China)
	May to June 2023
	Turbidity retrieved from RGB images via lake segmentation and deep learning regression
	Lu et al. (2025)

	Convolutional Neural Network
	Samsung Galaxy Ultra S21 smartphone camera
	0–40 NTU
	Formazine sample classification accuracy 98.7%
Kaolin clay sample classification accuracy 90.9%
	Laboratory
	2024
	Study on drinking water turbidity classification using smartphone camera and CNN
	Jantarakasem et al. (2024)

	convolutional neural network-random forest model
	Sentinel-2
	0.16–192.49 NTU
	R²=0.9, RMSE=11.698 NTU
	Xingxingshao Reservoir, Chagan Lake, Erlong Lake, Jingpo Lake (China)
	2018–2024
	Retrieval of lake and reservoir turbidity using Sentinel-2 imagery and weighted blending deep learning model based on optical water type classification
	Ma et al. (2025)

	Gradient boosting (CatBoost, LightGBM, XGBoost) and convolutional neural network
	USGS 14206950, USGS 14211720
	0.3–170 FNU
	USGS 14206950: XGBoost model R=0.951, NSE=0.903, RMSE=3.552 FNU, MAE=1.816 FNU
USGS 14211720: CatBoost model R=0.961, NSE=0.920, RMSE=2.502 FNU, MAE=1.219 FNU
	Oregon (USA)
	2014–2022
	Estimation of river turbidity using machine learning and deep learning models based on hydrological and water quality variables
	Gharehbaghi et al. (2025)

	Resnet
	Network camera
	0-100 FNU
	Good light: R²=0.96, MAE=5.86 FNU
Low light: R²=0.90, MAE=6.09 FNU
Shadow: R²=0.97, MAE=6.20 FNU
	Montgomery County, Missouri, USA (Site 06934500)
Douglas County, Nebraska, USA (Site 06800500)
	2022–2023
	Non-contact river turbidity monitoring using video images, addressing data imbalance and lighting conditions
	Zhou et al. (2024)
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