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ABSTRACT

Turbidity (TU) is one of the paramount water quality indicators in rivers and streams. Therefore,
knowledge of water TU plays a fundamental role in optimal managing and monitoring river water
quality. This study aimed at developing four intelligent schemes including three boosting methods
i.e. Categorical Boosting (CatBoost), Light Gradient-Boosting Machine (LightGBM), eXtreme Gradient
Boosting (XGBoost), and a deep learning method named Convolutional Neural Networks (CNN). To
evaluate the performance of proposed models, two gauging river stations situated in United States
(i.e. USGS 14206950 and USGS 14211720) were selected as a case study. 70% and 30% of whole data
were utilized as the training and validation datasets when developing the models, respectively. It
is worthwhile to note that the development of boosting models and their performance compan-
ions with a deep learning model, as well as addressing the impacts of input features on the models’
outputs using SHapley Additive exPlanations (SHAP) are the novel aspects of this study, which have
been rarely considered in preceding studies for river water TU estimation. Based on the achieved
results during the validation period, the CatBoost and XGBoost models were found to be generally
best models for an accurate estimation of river water TU in the studied sites. During the validation
period, the best-performing models were XGBoost (R = 0.951, NSE = 0.903, RMSE = 3.552 FNU,
MAE = 1.816 FNU) at USGS 14206950, and CatBoost (R = 0.961, NSE = 0.920, RMSE = 2.502 FNU,
MAE = 1.219 FNU) at USGS 14211720 both established using full-input estimators. An interpretabil-
ity assessment of the developed models was finally conducted taking into account the SHAP. Analysis
of the SHAP graphs in a global level during the validation phase illustrated that river discharge was
the most important input variable affecting the output results of the best-performing implemented

ARTICLE HISTORY
Received 7 January 2025
Accepted 17 May 2025

KEYWORDS

Water turbidity; SHapley
additive explanations;
estimation; boosting models

models.

1. Introduction

Rivers are among the most important water resources for
meeting agricultural and industrial demands. In recent
years, population growth and increased agricultural and
industrial activities have led to a decrease in the quality
of surface waters such as rivers. Therefore, knowledge of
water quality seems to be an essential issue in the plan-
ning, development, and protection of water resources
(Allawi et al., 2024; Yao et al., 2024). To understand the
quality of river water, different variables of river water can
be taken into consideration including water temperature
(Gheisari et al., 2025; Sun et al., 2024), dissolved oxygen
(Li, Qasem, et al., 2024), specific conductance (Saccotelli
et al., 2024), turbidity (Rahaman et al., 2024), etc. Of
them, turbidity (TU) is typically considered as one the
major river water quality indicators influential on the sus-
tainable development of aquatic ecosystems (Ding et al.,

2021; Lin et al., 2023). The TU in river water is originated
due to the high concentrations of the suspended solids
in rivers (Heddam, 2023; Park et al., 2017). It can also
be used as an efficient index to identify light scattering
intensity (Gelda et al., 2009; Heddam, 2023).

The river water TU estimation can be conducted in
two direct and indirect frameworks. Direct approach is
based on an in-situ measurement or laboratory sam-
pling (Mousavi, 2024). However, some problems like
their high costs, the need for frequent maintenance, and
being time-consuming have limited their applications
in practice (Zounemat-Kermani et al., 2021). For this,
indirect methods have been the interest of researchers
globally for the river water TU estimation. With the fast
development of computer science in recent years, artifi-
cial intelligence (AI) methods have received much more
attention in solving engineering problems. The Al-based
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models are based on developing data-driven methods
e.g. machine learning and deep learning schemes using
a series of independent input estimators influencing the
target variable. As it is apparent, the river water TU could
be affected and therefore estimated by other river water
data consisting of the river discharge, rainfall, river water
temperature, dissolved oxygen, PH, specific conductance,
total dissolved solids. Hence, indirect frameworks like
AT could be considered as dependable alternatives to the
direct methods in river water TU estimation.

The concept of Al can be defined as the ability of
computer-based affair to perform the various tasks (Arri-
eta et al, 2020; Tizhoosh & Pantanowitz, 2018). The
classification of Al can involve various scientific fields
including machine learning, deep learning, expert sys-
tem, natural language processing, computer vision, and
robotics, etc. (Mukhamediev et al., 2021). In addition,
the most application of Al is based on machine learn-
ing (ML), which is a powerful weapon for data anal-
ysis (Usuga Cadavid et al.,, 2020). ML approaches can
be classified depending on various learning algorithms
including supervised learning (Kotsiantis et al., 2007),
unsupervised learning (Mukhamediev et al., 2022), semi-
supervised learning (Van Engelen & Hoos, 2020), rein-
forcement learning (Elavarasan & Vincent, 2020), and
deep learning (LeCun et al., 2015), etc.

The useful advantages of machine and deep learn-
ing models can be explained as task and cost efficiency,
improvement of decision making, and innovation ability
and so on, while the disadvantages of machine and deep
learning models are data dependency, complexity, and
interpretability, etc. (Ahmed et al., 2023; Dahiya et al.,
2022).

A review of previous literature clearly showed that the
main focus of the preceding studies has been on esti-
mating/forecasting other river water quality variables like
water temperature (Philippus et al., 2024) and dissolved
oxygen (Hu et al., 2024), while the river water turbidity
has received less attention in this regard. Here, some of
the previous studies are briefly reviewed. Gu et al. (2022)
proposed a self-organizing multichannel deep learning
system, and approved its dependable potential for river
water TU modeling. A random forest (RF) was used by
Lin et al. (2023), and concluded that it can be consid-
ered as a reliable tool to simulate river water TU. Park and
Lee (2020) proposed a long short-term memory (LSTM)
to overcome the shortcomings of artificial neural net-
works (ANN), and reported its good precision in pre-
dicting high TU values in rivers. Hu et al. (2023) applied
an LSTM for the lake water TU time series prediction.
The outcomes denoted that the LSTM can be consid-
ered as an alternative model for accurately TU forecast-
ing. Mousavi (2024) proposed two wavelet-based hybrid

methods utilizing the wavelet pre-processing technique
coupled on ANN and adaptive neuro-fuzzy inference
system (ANFIS). The outcomes illustrated that the data
denoising via the wavelet could remarkably increase the
performance of the ANN and ANFIS in forecasting river
water TU. Rajaee and Jafari (2018) applied the wavelet
theory to couple on the ANN, gene expression program-
ming (GEP), and decision tree (DT) to predict river water
TU. Their findings revealed that the wavelet could sig-
nificantly increase the performance of standalone mod-
els. Zounemat-Kermani et al. (2021) proposed online
sequential version of extreme learning machine (OS-
ELM), and then compared its accuracy with four types
of other ML models. It was concluded that the OS-ELM
was the best-performing technique for the precise river
water TU prediction. Teixeira et al. (2020) developed
the ANN and FIS models for the river water TU pre-
diction, and found out that the FIS performed better
than the ANN. A nature-inspired-based hybrid method
was proposed by Heddam (2023) through coupling Bat
algorithm and ELM for forecasting the river water TU.
The developed Bat-ELM was found to present superior
results compared to feedforward neural network (FFNN)
and dynamic evolving neural-fuzzy inference system
(DENFIS).

As noted, river water turbidity (TU) is one of the
important indicators to monitor and therefore manage
river water quality. For this, TU forecasting tools need to
be developed. In this research, four types of machine and
deep learning paradigms including Categorical Boosting
(CatBoost), Light Gradient-Boosting Machine (Light-
GBM), eXtreme Gradient Boosting (XGBoost), and a
Convolutional Neural Network (CNN) were used to esti-
mate daily water TU time series at two river stations
located in the United States. The selected sites were USGS
14206950 Fanno Creek at Durham, and USGS 14211720
Willamette River at Portland, both located in Oregon
State, United States.

Boosting ensemble models including CatBoost, Light-
GBM, and XGBoost and so on, which reduce the overfit-
ting and underfitting problems utilizing diverse features
of data, can supply boosted accuracy and efficiency for
complex and difficult issues (Ganaie et al., 2022; Yang
etal,, 2023). CNN model includes fewer parameters com-
pared to the fully connected neural networks. It can also
reduce seriously the computational complexity of data
compared to the fully connected neural networks, and
employ the scanty connectivity arrangement and mutual
weights (Lee et al., 2022; Yamashita et al., 2018).

During the development of models, eight different
input configurations were defined using other available
river data. For this, two different categories were consid-
ered (i.e. four scenarios using river water data and four



scenarios using the same inputs considering the periodic-
ity terms). Some error evaluation metrics such as R, NSE,
RMSE, MAE, and visual graphs including scatter, vio-
lin, and Taylor diagrams were employed to investigate the
performance of all the developed models. SHapley Addi-
tive exPlanations (SHAP) analysis was eventually uti-
lized to evaluate the interpretability of best-performing
models. It is worth noting that applying boosting meth-
ods like CatBoost, LightGBM, and XGBoost, and com-
paring their performances with a deep learning-based
method (i.e. CNN), as well as evaluating the interpretabil -
ity of the applied methods are the novel perspectives
of this study, which have not been used so far in esti-
mating river water TU time series. Additionally, river
water TU was considered as the target variable of this
study, whereas previous literature has focused more on
other river water quality variables like water temper-
ature and dissolved oxygen. Hence, the issues raised
above were the authors’ motivations for conducting this
study.

2. Materials and methods
2.1. Case study and data description

To investigate the accuracy of established models in this
study, two river stations consisting of USGS 14206950
Fanno Creek at Durham, OR (Latitude 45°24’13/, Lon-
gitude 122°45'1317) and USGS 14211720 Willamette
River at Portland, OR (Latitude 45°31'03//, Longitude
122°40'0917) were selected as the case study. The Fanno
Creek is a 24-km tributary of the Tualatin River in the
Oregon State of the United States. The Willamette River
is also a main tributary of the Columbia River in the
Oregon State, and it accounts for about 12-15 percent
of the flow of the Columbia River. The required data to
accomplish this study is composed of mean daily river
water turbidity (TU) as the target variable, and other
river data as the possible input estimators including dis-
charge (Q), water temperature (Ty), specific conduc-
tance (SC), PH, and dissolved oxygen (DO) collecting by
United States Geological Survey (USGS). The data gath-
ering from the https://waterdata.usgs.gov/nwis/ website
spans the time period from 1/1/2014 to 12/31/2022.
The whole datasets were split into the training (70%)
and validation (30%) subsets. Some of the statisti-
cal metrics for the used data such as mean (X,00n),
maximum (X,,;,), minimum (X,,;,), standard devia-
tion (Syx), and coefficient of variation (C,) are summa-
rized in Table 1. The Heatmaps showing the correla-
tions between all water quality variables are depicted in
Figure 1.
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2.2. Models used

2.2.1. Categorical Boosting (CatBoost)

CatBoost (Categorical Boosting), which can be explained
as a correct approach of categorical features in the pre-
dictive process, was recommended by Prokhorenkova
et al. (2018). It lessens the complex topic associated
with low bias and high variance and increases general-
ized performance. To lessen overfitting and underfitting
problems embedded in CatBoost, users and developers
provide a technique that merges a modified formation
of an ordered boosting approach (Chen et al.,, 2024;
Wang et al., 2023). The indicators employed in the train-
ing performance of the ordered boosting approach are
arranged in accordance with a predefined order, creat-
ing various models relying on the sample cases of train-
ing performance (Hancock & Khoshgoftaar, 2020; Krish-
nan & Manikandan, 2024). CatBoost randomly creates
all sampling dataset and organizes them into the iden-
tical class overall feature indicators. Also, when adapt-
ing the attitude of individual sampling dataset relying
on numeric access, the output value of the sampling
dataset is first calculated before the sampling process,
and the comparable weights and arrangements are clas-
sified (Li et al., 2022; Prokhorenkova et al., 2018). It also
applies a greedy approach to supply sequential measures
via an iterative procedure for minimizing a loss func-
tion (Li, Yang, et al., 2024; Prokhorenkova et al., 2018)
The new introduction and utilization of CatBoost for
water quality prediction can be provided from various
research articles including Li et al. (2022), Wang et al.
(2023), and Krishnan and Manikandan (2024) and so
on. Hyperparameters used to develop the CatBoost mod-
els were as follows: loss_function = 'RMSE’, ‘iterations’:
[80,80,80], ‘learning rate: [0.6,0.2], ‘depth™ [6,6,6,6],
‘12_leaf reg’: [0.05,0.01,0.1,0.3], ‘optimization method”:
grid search.

2.2.2. Light Gradient-Boosting Machine (LightGBM)

LightGBM (Light Gradient Boosting Machine), one of
the boosting ensemble approaches, can solve compli-
cated and hard topics embedded in the universal boosting
ensemble topics including time, small memory, and com-
plexity (Shehadeh et al.,, 2021; Zhou et al., 2022). The
decision classifiers enclosed on the boosting ensemble
approach can be employed for managing and operat-
ing regression and classification topics (Bian et al., 2023;
Gan et al., 2024). They can merge the gradient-based
one-sided sampling and exclusive feature bundling sam-
pling for creating regression and classification topics (Ke
et al, 2017; Khoi et al.,, 2022). LightGBM manages a
histogram method connected with a depth-constraint
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Table 1. Summary statistics of variables for Water TU modelling.

Variables Subset Unit Xmnean Xmax Xmin Sx C, R
USGS 14206950
Q Training m3/s 1.197 29.166 0.028 2418 2.021 0.712
Validation m3/s 1.353 24.579 0.032 2.539 1.877 0.731
All data m3/s 1.243 29.166 0.028 2456 1.975 0.716
Tw Training °C 13.424 27.200 0.100 5.531 0.412 —0.329
Validation °C 13.150 24.500 0.600 5.557 0.423 —0.392
All data °C 13.342 27.200 0.100 5.540 0.415 —0.347
SC Training uS/cm 226.14 747.00 65.000 85.23 0.377 —0.491
Validation pS/cm 220.81 637.00 76.000 85.30 0.386 —0.533
All data uS/cm 224.54 747.00 65.000 85.27 0.380 —0.503
pH Training / 7.285 7.900 6.500 0.173 0.024 —0.436
Validation / 7.284 7.800 6.600 0.176 0.024 —0.493
All data / 7.285 7.900 6.500 0.174 0.024 —0.452
DO Training mg/L 8.657 13.200 1.800 2.053 0.237 0.302
Validation mg/L 8.812 13.000 3.300 1.988 0.226 0.346
All data mg/L 8.704 13.200 1.800 2.035 0.234 0314
TU Training FNU 10.389 170.00 0.300 12.27 1.182 1.000
Validation FNU 10.686 113.00 0.600 11.41 1.068 1.000
All data FNU 10.478 170.00 0.300 12.02 1.147 1.000
USGS 14211720
Q Training m3/s 850.72 4983.7 52.103 820.3 0.964 0.862
Validation m3/s 835.59 4898.8 94.295 825.3 0.988 0.895
All data m3/s 846.18 4983.7 52.103 821.7 0.971 0.870
Tw Training °C 13.615 26.200 1.900 6.008 0.441 —0.443
Validation °C 13.861 26.100 2.100 6.200 0.447 —0.473
All data °C 13.688 26.200 1.900 6.067 0.443 —0.451
SC Training uS/cm 78.955 107.00 51.000 9.758 0.124 —0.467
Validation puS/cm 79.391 103.00 53.000 9.855 0.124 —0.533
All data uS/cm 79.086 107.00 51.000 9.788 0.124 —0.485
pH Training / 7.308 8.100 6.800 0.145 0.020 —0.451
Validation / 7.308 8.300 6.900 0.152 0.021 —0.444
All data / 7.308 8.300 6.800 0.147 0.020 —0.447
DO Training mg/L 10.996 14.700 6.000 1.838 0.167 0.565
Validation mg/L 10913 14.700 7.000 1.903 0.174 0.602
All data mg/L 10.971 14.700 6.000 1.858 0.169 0.574
TU Training FNU 7.192 101.00 0.600 10.09 1.404 1.000
Validation FNU 6.874 73.000 0.800 8.866 1.290 1.000
All data FNU 7.096 101.00 0.600 9.745 1373 1.000
(a) 1.00 (b) 100
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Figure 1. Heatmaps indicating correlations between the input estimators and TU: (a) USGS 14206950 and (b) USGS 14211720.
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scheme for a leaf-wise growth system for minimizing
memory consumption. It carries out larger accuracy with
less computational cost while mitigating the risks associ-
ated with gradient boosting decision tree (GBDT). Also,
it connects a maximum depth constraint approach and
a design feature to increase accuracy while reducing the
risk of overfitting and underfitting problems for leaf-
wise growth system (Heydari et al., 2024; Shehadeh et al.,
2021). LightGBM improves the direct feature indicator
of classification. Most of the various boosting ensemble
approaches need hot encoding to express the categorical
feature (Ke et al., 2017; Liu et al., 2023). It also supplies
fast speed and efficient memory utilization, and displays
outstanding processes for big dataset units. Furthermore,
it demonstrates high performance of nonlinear predictive
topics for various kinds of dataset including numeri-
cal, categorical, and sparse indicators (Ahn et al., 2023).
Excellent research on employing LightGBM in water
quality prediction can be found in various articles includ-
ing Li et al. (2022), Zhou et al. (2022), and Bian et al.
(2023) etc. During the establishment of Light GBM mod-
els, the following hyperparameters were utilized: ‘objec-
tive’: regression, ‘num_leaves’: 10, ‘learnnig rage™ 0.1,
‘metric’:’12°,11’, ‘verbose’: -1, ‘optimization method’: grid
search.

2.2.3. Extreme Gradient Boosting (XGBoost)

Chen and Guestrin (2016) developed XGBoost (Extreme
Gradient Boosting) boosting ensemble approach, which
includes a hypothesis of gradient boosting classifier and
an important effect on gradient improvement, as an
accurate solution by weighting classifiers for regression
and classification topics. XGBoost improves predictive
accuracy and efficiency by combining parallel comput-
ing and regularization approaches. Since XGBoost car-
ries out better performance a random chosen model
by merging different sole models into boosting ensem-
ble model, users and developers can create a powerful
model for predictive topics (Uddin et al.,, 2023; Wang
et al,, 2022). In prediction, forecasting, and modeling
topics, the boosting ensemble model involves the pop-
ulation of individual feature indicators for estimating
the same output indicator. The feature indicators are
merged so that the output indicator is integrated to
increase accuracy and perform more outstanding results
(Chen & Guestrin, 2016; Lu & Ma, 2020). Since indi-
vidual feature classifier is restricted on predictive accu-
racy of performance, XGBoost implements a classifier
boosting ensemble to increase the predictive accuracy
of performance relying on a classification and regres-
sion tree (CART). In the addressed approach, the value
of output indicator for final predictive procedure can be
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computed by adding the values of output indicator esti-
mated from individual CART (Li et al., 2022; Wu et al,,
2022). Therefore, XGBoost can furnish powerful and effi-
cient instrument that manage a broad range of regres-
sion and classification topics (Chen & Guestrin, 2016).
Different researches for solving water quality prediction
can be suggested from many previous literatures includ-
ing Chen and Guestrin (2016), Lu and Ma (2020), and
Makumbura et al. (2024) and so on. The hyperparameters
employed when developing the XGBoost models were as
follows: n_estimators = 500, max_depth = 5,eta = 0.1,
subsample = 0.7, colsample_bytree = 1.0, optimization
method: grid search.

2.2.4. Convolutional neural network (CNN)

LeCun et al. (1989) developed CNN (convolutional neu-
ral network), which is one of the world’s popular models
in deep-learning paradigm, to be employed for prac-
tical applications including image classification, speech
recognition, and computational biology and so on. In
addition, CNN is an effective deep-learning paradigm for
automatic feature extraction and has performed remark-
able achievements in medical image vision (Ismail et al.,
2020). Also, CNN is the most outstanding deep-learning
paradigm for extracting image features including two
(2D) and three (3D) dimensional datasets relying on a
high resolution (Alizamir et al., 2025; Ehteram et al,,
2024). The architecture of CNN can be divided into
convolutional and pooling layers. Recognizing the fully
connected network (i.e. dense network), neurons are
connected to all neurons of the following layers. How-
ever, neurons connected to convolutional and pooling
layers are hardly connected, which is selected by ker-
nel and pooling sizes (Barzegar et al., 2020; Tan et al,,
2022). CNN, which features sparse connectivity and
shared weights, can capture global patterns and reduce
model capacity. In general, a pooling layer is employed
after a convolutional layer. It can change the output of
the network at a certain location with a brief statis-
tic of neighbouring outputs (Mei et al., 2022; Zhang
et al, 2024). There are abundant hyperparameters in
predictive topics of CNN including pooling size, fil-
ter size, and the number of convolutional and pool-
ing layers. The addressed hyperparameters must be
tuned to perform the predictive topics with excellent
accuracy (Baek et al., 2020; Yang et al, 2021). Var-
ious research for accomplishing water quality predic-
tion utilizing CNN can be supplied from previous doc-
uments including Barzegar et al. (2020), Yang et al.
(2021), and Haq and Harigovindan (2022) etc. During
the development of CNN models, the following hyperpa-
rameters were used: activation = ‘ReLU’, loss = ‘mse’,
optimizer = ‘adam’.
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2.3. SHapley Additive exPlanations (SHAP)

Lundberg and Lee (2017) introduced SHAP (SHapley
Additive exPlanations) method to deliver a combined
structure for interpreting outputs of model relying on
the view of game theory concept. SHAP demonstrates as
a powerful instrument for identifying important feature
indicators, and admits consistent analysis of predictive
topics in the fields of water quality prediction (Aldrees
et al., 2024; Park et al.,, 2022). It can be demonstrated as a
problem to describe the predictive accuracy of boosting
ensemble models relying on sensitivity analysis (Baptista
etal., 2022). It also allocates important values to individ-
ual feature indicator for predictive topics and adjusts the
accuracy utilizing boosting ensemble, machine learning,
and deep learning models (Nallakaruppan et al., 2024;
Van den Broeck et al., 2022). In SHAP method, the pre-
dictive procedure can be evaluated as a game with the
feature indicators of model for players to generate output
indicator (Meng et al., 2020; Zheng et al., 2023). There-
fore, this method presents an instrument for separating
predictions among the participating feature indicators
(Yao et al., 2024).

SHAP method also evaluates the effect of individ-
ual feature indicator, and computes both direction and
strength (Hasani et al., 2024; Meng et al., 2020). In addi-
tion, SHAP method displays two schemes including the
global and local interpretation. The global interpretation
scheme applies the importance of feature indicator and
summary plots as an access of illustrated plots (Majnooni
et al., 2024; Wang et al., 2021). The local interpretation
scheme, however, employs force plots to display the cor-
responding SHAP for sole model. It also catches the tasks
of feature indicators at the sample classification to supply
more efficient understanding of sole model (Majnooni
et al,, 2024; Zhang et al., 2023). The complicated knowl-
edge for theorem and application of SHAP method for
solving predictive topics can be perceived from previous
literature including Lundberg and Lee (2017), Wang et al.
(2021), and Yao et al. (2024) and so on.

2.4. Performance assessment metrics

Here, we used four commonly used error criteria includ-
ing coeflicient of correlation (R), Nash-Sutcliffe efficiency
(NSE), root mean square error (RMSE), and mean abso-
lute error (MAE) to assess the models’ performances in
estimating river water TUs of the studied stations. They
can be written as follows:

_ XX (TUoi = TUy) - (TUy; — TT,)

R (1)

—_— 2
>N (TU,,; — T0,) -
fil (TUe,i - TUe)

Zf\il (TUo,i - TUe,i)2

NSE=1— <= > )
Zi:l (TUo,i - TUo)
N 2
-~ (TU,; — TU,;
RMSE = \/ 2z ;\; ) (3)
Z]‘\il |TUoi - TUeiI
MAE = &= ]\; : (4)

where TU,; and TU,; respectively indicate the ith
observed and estimated river water turbidites, TU, and
TU, respectively illustrate the average values for the
observed and estimated river water turbidites, and N is
the number of observations. It is apparent that a lower
value for the RMSE and MAE, as well as higher R and
NSE denote the better capability of that model in estimat-
ing river water TU. Besides the error measures mentioned
above, some visual comparative graphs were also taken
into consideration comprising of the scatter, Taylor, and
violin plots.

3. Results and discussion

In this study, the river water TU time series of two
river stations located in United States including USGS
14206950 and USGS 14211720 were estimated. To
achieve this aim, four types of intelligent schemes i.e.
CatBoost, LightGBM, XGBoost, and CNN were estab-
lished. In order to feed the applied models, different input
configurations using the rivers water data such as Q,
Tw, SC, PH, and DO were defined, which are indicated
under the first to fourth scenarios in Table 2. To better
define the input combinations, the heatmaps of correla-
tions between the various variables are prepared that were
shown in Figures 1(a-b), respectively for USGS 14206950
and USGS 14211720 stations. The outcomes indicated
that the river discharge (Q) variable presents highest pos-
itive correlations with TU as the target variable at both
the considered sites. After that, SC at USGS 14206950
site and DO at USGS 14211720 locations showed higher
correlations. Therefore, due to the highest correlation of
water TUs with Q data, this variable was used as a fixed
variable when defining the input scenarios, and other
variables were added to this variable.

The values of error statistics including the RMSE,
MAE, R, and NSE computed for the developed mod-
els under scenarios #1-4 at USGS 14206950 and USGS
14211720 stations are tabulated in Tables 3 and 4, respec-
tively. In general, using the least (scenario 1, inputs: Q,
Ty) and highest (scenario 4, inputs: Q, Tw, SC, pH, DO)
inputs led to better TU estimations at both the sites,
except for some cases.



Table 2. Different proposed models.

Input variables combination Output
Scenariol QTw TU
Scenario2 Q, Ty, SC TU
Scenario3 Q Tw, SC, pH TU
Scenario4 Q Tw, SC, pH, DO TU
Scenario5 DD, MM, YY, Q, Ty, TU
Scenario6b DD, MM, YY, Q, Ty, SC TU
Scenario7 DD, MM, YY, Q, Ty, SC, pH TU
Scenario8 DD, MM, YY, Q, Ty, SC, pH, DO TU

It is worthwhile to mention that two different strate-
gies were taken into consideration in this study when
defining the input configurations in Table 2. Four scenar-
ios mentioned above were identified using the river water
data. In addition, the same four input scenarios were
redefined taking into account the periodicity. In fact, we
used three periodicity terms including the number of the
day (DD), number of the months (MM), and number of
the years (YY) to investigate the effect of periodicity on
the performance of developed models. So, scenarios #5
to 8 were defined as shown in Table 2. The results exhib-
ited that considering the periodicity terms as the input
estimators could lead to better river water TU estimates
at both stations because of the enhanced error criteria of
the RMSE, MAF, R, and NSE. This conclusion is more
visible on the USGS 14206950 site.

Evaluating the accuracy of implemented models in
terms of obtained error metrics tabulated in Tables 3
and 4 clearly demonstrated that the XGBoost model was
found to perform the best among all the developed mod-
els at both the studied locations in the training period.
On the other side, LightGBM at the USGS 14206950 and
LightGBM and CNN models at USGS 14211720 site gen-
erally demonstrated better results than the other models
in the validation period under scenarios #1-4 (i.e. with-
out considering the periodicity). Besides, CatBoost and
XGBoost methods at USGS 14206950 site and CatBoost
models at USGS 14211720 performed better compared
to others when considering the periodicity term in the
validation stage of scenarios #5-8.

In addition to examining the performance of the
developed models in terms of error statistics, some types
of schematic diagrams including the scatter, violin, and
Taylor graphs were also taken into consideration. To this
end, the results of scenario #8 during the validation phase
were utilized as all the models generally illustrated the
best outcomes for this scenario (i.e. full-input combi-
nation). The scatter graphs shown in Figures 2 and 3
could present the potential of developed models con-
sidering the distribution of estimated data against the
observed TU values. Figures 2 and 3 clearly demonstrate
that XGBoost at USGS 14206950 and CatBoost at USGS
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14211720 are the superior models due to the relatively
lower dispersion of the data and consequently higher R
values.

Boxplots and violin graphs were then taken into con-
sideration to visually assess the performances of best-
performing models that are given in Figures 4 and 5. In
fact, a boxplot demonstrates the spread of the data in
terms of their quartiles, while a violin plot visualizing the
data distribution is a combined form of a boxplot and
a kernel density plot. It is apparent that CatBoost and
XGBoost models at USGS 14206950 site and LightGBM
at USGS 14211720 station illustrate superiority over the
other models developed due to the better schematics of
the data distribution.

The efficiency of developed models could also be eval-
uated by addressing the results of standard deviation
and correlation coefficient in a single diagram named
the Taylor diagram. Taylor graphs obtained at the stud-
ied stations are demonstrated in Figure 6. In this dia-
gram, the results for each model are shown with a
special point. The proximity and distance of the rele-
vant point of each model from the point correspond-
ing to the observational data indicate the better and
worse performance of that model, respectively. Evalua-
tion of the Taylor diagrams shows that XGBoost at USGS
14206950 and CatBoost at USGS 14211720 present the
closest distance to the reference point of the observa-
tional data (i.e. red star) and therefore are the superior
methods.

Finally, interpretability of models was done taking into
account the SHAP analysis. SHAP interpretability was
conducted in this study for both the global and local
modes. Similar to the visual comparative graphs includ-
ing the scatter, violin, and Taylor diagrams, the best-
performing models during the validation stage for each
method (i.e. full-input pattern) were selected. Figures 7
and 8 show the global Interpretability of the applied mod-
els using SHAP algorithms. These figures are used for fea-
tures importance ranking and more precisely, the numer-
ical values displayed in the bar chart plot (left panel) are
calculated as the mean of the absolute SHAP values dis-
played in the force plot (right panel). More precisely, the
dot plotted in the force plot corresponds each one to a
sample and, it is a positively or negatively values. This
corresponds to the distribution of the calculated SHAP
values for each feature. Each dot corresponds to a sin-
gle sample and each raw is used to represent one feature
and they are sorted tacking into account their impor-
tance and indicated in the bar chart plot, which helped
significantly in the quantification of the features impact
on the final model’s response. For USGS 14206950 loca-
tion (Figure 7), Q variable is the important input feature
in LightGBM, CatBoost, and XGBoost models, whereas
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Table 3. Results of modelling TU at USGS 14206950.

Training Validation
Models R NSE RMSE (FNU) MAE (FNU) R NSE RMSE (FNU) MAE (FNU)
CatBoost1 0.964 0.929 3.268 1.608 0.727 0.465 8.345 3.869
CatBoost2 0.972 0.943 2921 1.848 0.802 0.610 7.126 3.422
CatBoost3 0.976 0.951 2711 1.717 0.769 0.539 7.746 3.424
CatBoost4 0.996 0.992 1.092 0.788 0.732 0.457 8.412 3.651
CatBoost5 0.993 0.985 1.482 0.966 0.945 0.887 3.837 1.903
CatBoost6 0.993 0.987 1417 0.923 0.943 0.886 3.858 1.981
CatBoost7 0.994 0.989 1.300 0.864 0.944 0.890 3.778 1.905
CatBoost8 0.994 0.988 1.355 0.898 0.944 0.889 3.795 1.976
LightGBM1 0.862 0.741 6.245 2978 0.810 0.634 6.907 3428
LightGBM2 0.876 0.766 5.937 2.835 0.805 0.620 7.032 3.495
LightGBM3 0.886 0.783 5.721 2.716 0.815 0.634 6.902 3.428
LightGBM4 0.893 0.794 5.567 2.656 0.817 0.640 6.842 3.350
LightGBM5 0.950 0.902 3.850 1.829 0.932 0.862 4.243 2.244
LightGBM6 0.953 0.907 3.740 1.759 0.935 0.869 4.136 2.191
LightGBM7 0.953 0.908 3.729 1.785 0.931 0.860 4.264 2.228
LightGBM8 0.956 0.912 3.638 1.734 0.934 0.866 4.174 2.205
XGBoost1 0.960 0.920 3.465 1.730 0.728 0.469 8.317 3.914
XGBoost2 0.992 0.984 1.550 1.052 0.733 0.450 8.463 3.984
XGBoost3 0.995 0.990 1.243 0.856 0.747 0.475 8.272 3.874
XGBoost4 0.997 0.993 1.040 0.718 0.780 0.559 7.574 3.579
XGBoost5 0.999 0.997 0.628 0.442 0.941 0.882 3.921 2.011
XGBoost6 0.999 0.999 0.419 0.305 0.951 0.902 3.564 1.828
XGBoost7 0.999 0.998 0.478 0.343 0.948 0.897 3.668 1.922
XGBoost8 0.999 0.999 0.255 0.191 0.951 0.903 3.552 1.816
CNN1 0.818 0.667 7.080 3.377 0.826 0.658 6.677 3.472
CNN2 0.828 0.679 6.953 3.230 0.805 0.610 7.129 3.371
CNN3 0.848 0.713 6.572 2.860 0.783 0.589 7.315 3.255
CNN4 0.870 0.757 6.047 2778 0.764 0.501 8.059 3371
CNN5 0.956 0.908 3727 1.970 0.933 0.860 4276 2.385
CNN6 0.970 0.936 3.096 1.855 0.928 0.846 4475 2,550
CNN7 0.965 0.925 3352 1.707 0.927 0.823 4795 2336
CNN8 0.975 0.950 2732 1415 0.930 0.857 4322 2.225
Table 4. Results of modelling TU at USGS 14211720.
Training Validation

Models R NSE RMSE (FNU) MAE (FNU) R NSE RMSE (FNU) MAE (FNU)
CatBoost1 0.970 0.960 2.475 1.478 0.880 0.732 4.591 2.231
CatBoost2 0.996 0.994 0.941 0.664 0.897 0.772 4.229 2.100
CatBoost3 0.988 0.984 1.563 1.012 0.923 0.845 3.489 1.791
CatBoost4 0.990 0.987 1415 0.935 0.935 0.870 3.193 1.648
CatBoost5 0.993 0.990 1.231 0.770 0.951 0.898 2.833 1.387
CatBoost6 0.994 0.993 1.073 0.690 0.955 0.906 2714 1.346
CatBoost7 0.999 0.999 0.370 0.270 0.945 0.869 3.202 1.481
CatBoost8 0.996 0.995 0.853 0.575 0.961 0.920 2.502 1.219
LightGBM1 0.928 0.907 3.775 1.902 0.903 0.798 3.979 2.101
LightGBM2 0.947 0.931 3.262 1.697 0915 0.830 3.651 1.972
LightGBM3 0.955 0.941 3.012 1.594 0.925 0.848 3453 1.893
LightGBM4 0.958 0.945 2.897 1529 0.933 0.865 3.253 1.805
LightGBM5 0.961 0.949 2.796 1.398 0.934 0.861 3.305 1.685
LightGBM6 0.964 0.953 2.700 1.354 0.933 0.858 3.335 1.679
LightGBM7 0.968 0.957 2.570 1322 0.936 0.866 3.245 1.662
LightGBM8 0.969 0.960 2.492 1.289 0.941 0.876 3.115 1.598
XGBoost1 0.984 0.979 1.799 1.064 0.860 0.683 4.993 2.335
XGBoost2 0.997 0.995 0.848 0.602 0.909 0.806 3.899 1.938
XGBoost3 0.998 0.997 0.711 0.506 0.921 0.828 3.677 1.817
XGBoost4 0.998 0.998 0.591 0.424 0.939 0.868 3.221 1.639
XGBoost5 0.999 0.999 0.435 0.311 0.936 0.855 3.375 1.494
XGBoost6 0.999 0.999 0.348 0.251 0.936 0.851 3.423 1.410
XGBoost7 0.999 0.999 0.421 0.297 0.942 0.863 3.276 1337
XGBoost8 0.999 0.999 0.287 0.209 0.956 0.900 2.796 1.223
CNN1 0.896 0.868 4.503 2.265 0915 0.822 3.741 2.136
CNN2 0.922 0.835 5.038 2.738 0.927 0.708 4.785 2.720
CNN3 0.948 0.920 3.502 1.808 0.935 0.869 3.213 1.769
CNN4 0.959 0.946 2.869 1.546 0.933 0.867 3.231 1.732
CNN5 0.956 0.935 3.154 1.671 0.929 0.810 3.862 2.002
CNN6 0.981 0.974 1.986 1.066 0.948 0.871 3.181 1.486
CNN7 0.965 0.954 2.669 1.506 0.947 0.877 3.110 1.651
CNN8 0.989 0.980 1.745 1.035 0.957 0.880 3.074 1.378
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Figure 2. Scatter plots of the observed against the estimated TUs at USGS 14206950.

YY and then SC were the influential inputs in addressing
the outputs of CNN model. Additionally, as it is appar-
ent in Figure 8, river discharge (Q) is the most effective
input variable affecting the outputs of all the four models
at USGS 14211720 site.

As mentioned, in addition to the SHAP global inter-
pretability, local interpretability was also performed. To
that end, local interpretability is provided only for the
best model among the four proposed techniques in val-
idation period: i.e. XGBoost for USGS 14206950 and
CatBoost for the USGS 14211720 in full-input scenario.
In this context, randomly 6 samples as reported in Figures

9 and 10 were selected to address the SHAP local inter-
pretability. In the left side of this Figures, variables indi-
cated by red arrows demonstrate the input features with
a positive impact on the models’ outputs, whereas vari-
ables with a negative impact are shown in blue arrows.
Investigating the SHAP local interpretability at both the
stations clearly represents that different variables con-
sidered as the inputs to the models could have various
impacts on the model’s output results, whether positive
or negative, as well as less or more effects. For example,
at USGS 14211720 site, the inputs Q, DO, TW, MM, PH,
YY in the sample number 100, and inputs Q, DO, MM
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Figure 3. Scatter plots of the observed against the estimated TUs at USGS 14211720.

in sample number 300 were the influential inputs lead-
ing to an increased value of the target variable (i.e. TU).
Conversely, the remaining variables in the mentioned
samples have a decreasing effect on the output values of
the models.

A performance comparison of whole the developed
models under the different input combinations with error
metrics listed in Tables 3 and 4 clearly illustrates that
XGBoost8 (R = 0.951, NSE = 0.903, RMSE = 3.552
FNU, MAE = 1.816 FNU) at USGS 14206950 and Cat-
Boost8 (R = 0.961, NSE = 0.920, RMSE = 2.502 FNU,

MAE = 1.219 FNU) at USGS 14211720 were the supe-
rior models for river water TU estimation during the
validation phase. The mentioned models were fed with
full-input data including five river water data (Q, Ty,
SC, pH, DO) and three periodicity terms (DD, MM,
YY). The performance of best-performing models of the
current study could be compared with the accuracy of
developed models in previous works. In this regard, it
has been focused on the values of RMSE metric as this
is one of the most widely used criteria in evaluating
the performance of intelligent frameworks in preceding
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Figure 5. Box plots and violin plots of the observed against the estimated TUs at USGS 14211720.

studies when estimating the river water TU. Zounemat-
Kermani et al. (2021) reported the least RMSE of 4.431
FNU for OS-ELM model fed with two inputs including
river discharge and suspend sediment. Heddam (2023)
forecasted the daily water TU time series at four river
stations via developing four machine learning models.

USGS 14206950

Reference

*
'.' CatBoost
“@- LightGBM
“@- XGBoost
@ o~

Standard deviation

Their findings revealed that the RMSE values in the vali-
dation period varied from 1.731 FNU in Bat-ELM model
with inputs of river discharge and periodicity to 6.657
FNU in DENFIS method fed with only river discharge.
Santos et al. (2025) predicted the daily river water TUs
at 12 river stations utilizing sential-2 remote sensing

USGS 14211720
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Figure 6. Taylor diagrams of the observed against the estimated TUs at the studied sites.
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Figure 7. SHAP global interpretability plots at USGS 14206950: bar chart left panel and summary plot right panel.

data through developing six predictive models. On aver-
age, XGBoost and RF were found to be superior models
with the RMSE of 27.53 and 35.25 FNU, respectively.
Lu and Ma (2020) implemented some types of simple

and hybrid machine learning models for river water TU
prediction, and stated that the best model of complete
ensemble empirical mode decomposition with adaptive
noise-XGBoost (i.e. CEEMDAN-XGBoost) achieved the
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Figure 8. SHAP global interpretability plots at USGS 14211720: bar chart left panel and summary plot right panel.

lowest RMSE equal to 0.16 FNU. As a result, it can be
concluded that the performance of models can depend
on several factors including the values of observational
river water TU data, the type of developed models, and
the input estimators used to establish the models.

The difference between the models in terms of numer-
ical performances can be interpreted in several ways.
Even if we assume that the models have worked at very
acceptable level; there are still multiple sources of differ-
ences. First, there could be even considerable differences
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in the physical nature of the parameters into these indi-
vidual models, which leads to a difference in the training
performance and the generalization ability. Each model
has its own parameters and its own training algorithms,
and one of these models, i.e. the CNN, possesses an
extremely high number of parameters. Therefore, cali-
bration with these different models will introduce differ-
ent results in the final estimation of water TU as well.
Another critical source of difference in TU estimation is
the variability of data from one station to another. Fur-
thermore, we can argue, the results obtained from the
combination of two or three features change based on
the used algorithm, and, one feature can have a high
contribution in a particular model, whereas, its contribu-
tion, can be deteriorated when exposed to another model,
which has been confirmed by the SHAP analysis.

4. Concluding remarks

The mean daily time series of water TU as one of the
river water quality variables were estimated at two river
stations including USGS 14206950 and USGS 14211720
located in the United states. To achieve this objective, four
intelligent frameworks consisting of CatBoost, Light-
GBM, XGBoost, and CNN were established as the TU
estimation tools. River water data such as Q, Tw, SC,
PH, and DO were used as the possible input estimators
when the development of the models used. Besides, two
different strategies i.e. with and without considering the
periodicity terms (DD, MM, YY) were utilized in order
to evaluate their impact on the model’s outputs. The out-
comes illustrated that the accuracy of models could be
generally increased via increasing the number of input
variables, particularly at USGS 14211720 station. More-
over, the performance analysis of the models indicated
that their accuracies were improved with the inclusion
of the periodicity term in the model’s output, which this
conclusion was more obvious at USGS 14206950 site. A
performance assessment of all the models developed in
this study exhibited that CatBoost and XGBoost models
generally performed better than the other two meth-
ods at both the stations. At the end of this research,
SHAP interpretability was accomplished in two global
and local modes. In SHAP global interpretability, river
discharge (Q) variable was found to be the most impor-
tant input affecting the output results of the selected best-
performing models. Additionally, the analysis of SHAP
local interpretability indicated that different inputs con-
sidered could provide various impacts on the models’
outputs.

In this study, three types of boosting methods includ-
ing CatBoost, LightGBM, and XGBoost, as well as a deep

learning-based model namely CNN were utilized in esti-
mating river water TUs. It is recommended that diverse
versions of machine learning and deep-learning mod-
els be developed in the future for river water TU esti-
mation. Furthermore, the current research focused on
the development of standalone models, whereas future
works could propose hybrid variants of the ML and DL
frameworks. Finally, SHAP interpretability has recently
opened a new window to further investigate the role of
inputs in the output results of models. Therefore, it is sug-
gested that it should be considered more in estimating
hydrological variables like river water quality variables.
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