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Abstract: Surface waterbodies are heavily exposed to pollutants caused by natural disasters and
human activities. Empowering sensor technologies in water quality monitoring, sufficient measure-
ments have become available to develop machine learning (ML) models. Numerous ML models have
quickly been adopted to predict water quality indicators in various surface waterbodies. This paper
reviews 78 recent articles from 2022 to October 2024, categorizing water quality models utilizing
ML into three groups: Point-to-Point (P2P), which estimates the current target value based on other
measurements at the same time point; Sequence-to-Point (52P), which utilizes previous time series
data to predict the target value at one time point ahead; and Sequence-to-Sequence (S2S), which uses
previous time series data to forecast sequential target values in the future. The ML models used in
each group are classified and compared according to water quality indicators, data availability, and
model performance. Widely used strategies for improving performance, including feature engineer-
ing, hyperparameter tuning, and transfer learning, are recognized and described to enhance model
effectiveness. The interpretability limitations of ML applications are discussed. This review provides
a perspective on emerging ML for surface water quality models.

Keywords: surface water management; machine learning (ML); water quality model; model selection;
model improvement

1. Introduction

Surface water quality deterioration has become a global problem due to climate
changes and human activities, including extreme weather (e.g., droughts, heat), natural
disasters (e.g., hurricanes, floodings), land erosion, urban runoff, agricultural and livestock
wastewater, and unmanaged domestic sewage [1-4]. It is urgent to develop sustainable
water management strategies to preserve water resources. Traditional water quality models
such as EFDC [5], WASP [6], MIKE 3 [7], CE-QUAL-W2 (V3) [8], CH3D [9], and Delft3D [10]
simulate the spatial and temporal variations in water quality based on governing equa-
tions. These partial differential equations determine hydrodynamics and water quality by
physical mechanisms coupled with biogeochemical processes, requiring costly field and
lab measurements for determining empirical coefficients [11,12].

In recent years, machine learning (ML) applications to water resource management
have garnered significant interest [13,14]. ML techniques have been applied in hydrological
models to discuss the transport of sediment and its correlation to water quality due to
rains and runoffs [15,16]. On the other hand, ML models are utilized to explore the
potential relationships of water quality measurements by directly training with water
quality data, which are the analyzed targets in this study. The water quality data used to
train ML models generally come from two sources. One is the discrete field /lab sample
data collected from multiple monitoring stations over several decades with relatively low
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sampling frequencies (days/weeks/months). The other is real-time data at a fixed interval
of 15 to 60 min from on-site automated recording equipment enabled by advancements in
smart sensing, wireless communication, etc. Vast quantities of sensor data make it possible
for ML models to explore complex relationships among measurements [17-19]. Therefore,
an increasing number of water quality models have been developed using ML for timely
and cost-effective water management decision making.

Generally, ML models can be divided into two categories, traditional ML models and
deep learning (DL) models (Figure 1), which are introduced in [20,21] with more details.
The traditional ML models have demonstrated competitive performance in many stud-
ies [12,22-31]. They include kernel-based models like Support Vector Machines (SVMs) [24],
example-based models like K-Nearest Neighbor (KNN) [25], Bayesian models like Naive
Bayes (NB) [26], tree-based models including Decision Trees (DTs) [27] and Random forests
(RFs) [28], boosting models including the Gradient Boosting Machine (GBM) [29] and
Extreme Gradient Boosting (XGBoost) [30], shallow Artificial Neural Networks (ANNs)
like Multilayer Perceptron Neural Networks (MLPNNSs) [31], and stacking models inte-
grated with several ML models. On the other hand, the DL model, as an evolution of
ANNSs with complex and deep neural network structures, has been classified as a sep-
arate category [32,33]. Among the presented DL models, Recurrent Neural Networks
(RNNSs), Gated Recurrent Units (GRUs), Long Short-Term Memory (LSTM), and Convolu-
tional Neural Networks (CNNs) are the most commonly adopted for surface water quality
predictions [21].

Traditional Deep Learning

SVM
BiGRU)—»@T = BiGRU)
@ *»@iLSTM AT — BiLST@

KNN
( CNN >—>CCNN - LST@<7 AT — LSTM
Shallow ANN

Evolution with
complex and deep structures ﬁ

Figure 1. Summary of the main traditional models and deep learning models in this review.

It is well known that water quality monitoring data are highly dependent on local
hydro-meteorological, environmental, and social conditions [34] and vary with the data-
collecting tools and measuring methods used. The limited reusability of the best ML model
from one region in another has been recognized [35]. The non-stationarity and noise of the
datasets decrease the model performance in ML applications [36]. Meanwhile, employing
different statistical methods for model evaluation leads to inconsistent reporting across
datasets and regions [37]. Choosing a suitable ML model for a specific dataset becomes
an emerging question since the model performance varies due to data heterogeneity and
inconsistent model evaluation methods.

Two review articles [21,38] on ML applications in surface water resources were pub-
lished before 2022. The detailed procedures of developing ML models such as SVM, RF, and
ANN for water quality prediction were introduced in [38], including data acquisition and
data cleaning, as well as model selection, training, and evaluation. The performance of ML
models depends on data splitting, input features, and model architecture [38]. DL models
such as RNN, GRU, LSTM, and CNN applied for water quality prediction have achieved
high performance for large datasets and multiple input features [21]. Both reviews [21,38]
concluded the limitations of data size and quality, as well as the lack of a universal model
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for different domains. The challenges of hyperparameter tuning and model comparison
have been discussed in [21] to provide perspectives on self-adjusting strategies for hy-
perparameters and standards for fairly comparing models between different datasets in
future works.

However, no model classification makes it difficult to select the suitable model for
specific goals. To systematically review recent advancements in water quality models and
assist in model selection, this paper classifies the 78 recent articles published from 2022 to
date (October 2024) into the following three categories:

e  Point-to-Point (P2P) models are developed to estimate current water quality indicators
depending on other measurements monitored at the same time point. They aim
to discover relationships between the target and other measurements, finding an
alternative way to estimate the target water quality indicators.

e  Sequence-to-Point (S2P) models consider water quality variations with time, utilizing
previous time series data to predict future water quality indicators at only one time
point ahead.

e  Sequence-to-Sequence (S2S) models also utilize previous time series data to forecast
multiple target values as an output sequence for a future period, extending beyond
just one time point.

This paper aims to summarize water quality indicators, data availability, and model
performance for each group while providing suggestions to facilitate model selection,
evaluation, and performance improvement for water quality prediction. The rest of the
paper is organized as follows. Section 2 introduces the sources and profiles of the reviewed
articles. Section 3 classifies the ML water quality models as P2P, S2P, or 525 models,
and analyzes the ML models in each group. Section 4 describes the existing strategies
used to improve model performance, including feature engineering, hyperparameter
optimization, and transfer learning methods. Section 5 summarizes and compares the
common statistical metrics of model evaluation. Finally, Sections 6 and 7 discuss the
limitations of ML applications and their possible solutions and draw conclusions.

2. Source and Profile of Reviewed Articles
This study searched for journal articles on Google Scholar with the keywords “machine

learning”, “water quality”, and “estimate/predict/forecast”. This review covered 78 jour-
nal articles published from 2022 to date (October 2024), including but not limited to Water,
Sustainability, Science of The Total Environment, Journal of Environmental Management,
Journal of Hydrology, Environmental Science and Pollution Research, Ecological Infor-
matics, Ecological Indicators, Environmental Pollution, Process Safety and Environmental
Protection, and Multimedia Tools and Applications. These articles applied traditional ML
and DL techniques to develop water quality models for rivers, lakes, reservoirs, canals,
estuaries, and coastal areas. The water quality indicators used in those papers include
but are not limited to water quality index/class (WQI/WQC), dissolved oxygen (DO),
water temperature (Tyw), pH, turbidity, conductivity (EC), chlorophyll-a (Chl-a), ammonia—
nitrogen (NH3-N), total phosphorus (TP), total nitrogen (TN), total dissolved solids (TDS),
suspended solids (SS), biochemical oxygen demand (BOD), chemical oxygen demand
(COD), permanganate index (CODyy,), and the oxidation-reduction potential (ORP).

3. Analysis of Machine Learning Models for Water Quality Prediction

Among the reviewed articles, P2P models represent 57.8% of 78 articles. However, the
proportion declined considerably from 64% in 2022 to 49% after 2022. S2P and S2S models
account for 32.5% and 9.6%, respectively. The popularity of S2P models increased from
30% in 2022 to 36% after 2022 and that of 525 models jumped from 6% in 2022 to 15% after
2022. Although most previous studies focus on traditional ML models in the field of water
resource management [39], surface water quality models utilizing DL increased from 50%
in 2022 to 64% after 2022. This demonstrates that the benefits and importance of advanced
DL models have been recognized, as shown by the increasing demand for S2P and 525
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models in the field of water quality management. The increasing number of applications
with DL is also related to advancements in software availability, including the expansion
of the programming libraries PyTorch (https:/ /pytorch.org/, accessed on 10 December
2024) and TensorFlow (https://www.tensorflow.org/, accessed on 10 December 2024) as
well as hardware accessibility, such as Graphics Processing Units (GPUs) and platforms
like Google Colab (https://colab.google/, accessed on 10 December 2024). Programming
libraries greatly simplify the complex modeling processes of DL while GPUs accelerate
model training processes with powerful parallel computing capabilities.

3.1. ML Applications on P2P Models

The dataset for the P2P model is mostly derived from weekly, monthly, or seasonal
water monitoring data with small data sizes (ranging from 30 to 3700), as shown in Table 1.
A total of 57.1% of the articles chose WQI/WQC as their target model for the holistic assess-
ment of water quality. The calculation of WQI/WQC relies on many physical, chemical,
and biological measurements, making this assessment inconvenient and costly [40]. P2P
models are developed as alternatives to estimate WQI/WQC with limited measurements.
The top four water quality indicators used in P2P models are DO (16.3%), EC (16.3%), TDS
(14.3%), and TP (12.2%). In terms of the popularity of the ML models (Figure 2), RF has the
highest proportion and has been used in 22.7% of the articles, followed by MLPNN and
SVM, accounting for 17.3% and 16.4%, respectively.

MLPNN (17.27%) Il LSTM (65.70%)

SVM (16.36%) GRU (8.60%) [ LSTM (50.00%)

DT (11.82%) MLPNN (5.70%) GRU (30.00%)

0,

Il XGBoost (10.00%) RNN (S'ZO /o) Transformer (10.00%)
[ GBM (7.27%) Il RF (5.70%) MLPNN-RF (10.00%)
W Bayesian (6.36%) 11 XGBoost (5.70%)

KNN (4.55%) Hl Other (2.90%)

Figure 2. Proportions of different ML models applied on P2P, S2P, and S2S models.

1.  The RF, ensembled by many DTs, is often used to develop both regression and clas-
sification P2P models. It is adaptable to different-sized datasets in many domains
by adjusting the number of DTs and is less likely to suffer from overfitting prob-
lems [41-43]. It has been applied to estimate the monthly EC and TDS in the Indus
River, Pakistan, with the highest coefficient of determination (R?) = 0.93 [44] and supe-
rior to multi-expression programming (MEP) [45]. It also resulted in the smallest root
mean square error (RMSE) in a WQI estimation from 11 water quality measurements
(salinity, Ty, DO, NH3-N, Chl-a, etc.) in Cork Harbour, Ireland [46].

2. The MLPNN is the basic ANN, commonly comprising three neural layers. It gains pop-
ularity due to its robustness and capability to capture nonlinear patterns in data [47].
Meanwhile, it is flexible to adjust the structure of hidden layers to obtain a better
performance in the WQI regression model as compared to KNN, DT, SVR, Nonlin-
ear Autoregressive Network (NARNet), and even LSTM in some cases [42,48]. The
Back-Propagation Neural Network (BPNN) is utilized to predict one of the water
quality indicators, namely WQC, pH, DO, COD, NH3-N, and TP, with four other
measurements in Luoyang River, China, and it is superior to SVM and LSTM by
combining an AEABC optimizer constructed with an adaptive evolution strategy and
artificial bee colony algorithm [49].
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The SVM has also been widely utilized for the classification and regression of water
quality indicators [24]. Its advantage is in its exploration of the potential relationships
of inputs and outputs by mapping the data into a high-dimensional or even infinite-
dimensional feature space. It demonstrates the best accuracy (96.35%) for the WQC
model on DO, BOD, COD, SS, pH, and NH3-N, superior to the MLPNN and DT [50].
Meanwhile, it achieved the highest R? (0.95) in a monthly WQI estimation in Gulshan
Lake, Bangladesh [51].

The DT is known for its interpretable flow chart structure [47], but it may not be
appropriate for time series problems and it is prone to overfit the training dataset [52].
It is built with the bagging technique for monthly EC and TDS based on Ty, pH,
bicarbonates (HCOy'), chloride (CI™), sulfate (SOi*), calcium (Ca®"), magnesium
(Mg?"), and sodium (Na™) in the Upper Indus River [53]. The bagging technique
significantly decreases the Mean absolute error (MAE) of the DT from 16.82 to 9.04,
outperforming the RF, SVM, and MLPNN.

XGBoost and GBM, which are ensemble meta-algorithm models, improve the per-
formance of several weaker models by reducing bias and variance [30]. XGBoost
results in the best performance (accuracy = 1) when estimating WQC in Cork Harbour,
Ireland [54]. In addition, XGBoost and LightGBM are applied to predict daily mean
pH values collected from USGS stations and outperform linear regression (LR), RF,
and MLPNN, while the error of LightGBM is slightly lower than that of XGBoost [55].
Moreover, the classifier developed with GBM achieves the highest accuracy among
RF, XGBoost, and Adaptive Boosting (AdaBoost) [48].

The Bayesian and KNN are often used as the benchmark models for performance
comparison [46,48]. However, the WQC model developed by Naive Bayes (NB)
correctly predicted 64 out of 68 cases in Vojvodina Province, Serbia [26]. A variant
of the Bayesian, Bayesian Maximum Entropy-based Fusion (BMEF), has the best
performance among RF, SVR, and MLPNN estimating Chl-a, DO, Ty, EC, and ORP
with the latitude, longitude, and depth of sample locations [56]. In addition, the
KNN also achieved the second-best results (accuracy = 94%) in a WQI classification,
outperforming SVM, NB, DT, and ANN [54].

Other models such as Gaussian Process Regression (GPR) [57], Classification and
Regression Tree (CART), Chi-squared Automatic Interaction Detector (CHAID) [58],
reduced error pruning tree (REPT) [59], Gene Expression Programming (GEP) [44],
and Stochastic Gradient Descent (SGD) [60] are adopted in a few articles. In addition,
the stacking models combining several ML models achieved favorable results by
taking advantage of each model and avoiding its shortcomings. The SG classification
model integrates SVM, RE, Adaboost, and GBM to avoid erroneous results in each
model [61]. The stacking model combining GBM, ANN, and the Generalized Linear
Model (GLM) provides reliable WQI estimations even with limited data. Only the DL
models such as DNN and CNN can achieve a similar performance [62]. The stacking
model for WQI prediction consisting of RF, NB, and the LR meta-classifier obtains the
highest accuracy among LR, NB, MLPNN, and RF [63].
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Table 1. Recent ML applications on P2P water quality models for different indicators.
Target Study Area Dataset Input Feature ML Model Article
Luoyang River, China 390 weekly data between 2014 and 2021 pH, DO, COD, NH3-N, TP BPNN [49]
. . 300 4 monthly data in October 2011-August pH, Ty, DO, TN, TP, NH;3-N, Nitrate Nitrogen (NO3-N), CODpy,
3
WQI/WQC MRiver, China 2020 cl, SOﬁ’, Fluoride (F~), Manganese (Mn), F. coli, Iron (Fe) RE 431
. . 977 monthly data on 1 January 2016-31 5 S 5 )
Western Bug River, Ukraine December 2021 from 8 stations BOD, SS, DO, SO;~, NHY, Cl™, Phosphate (PO4 ), NO,-N, NO3-N MLPNN [64]
. X 2004 bimonthly data in 2010-2017 from Tw, pH, COD, BOD, DO, Turbidity, TSS, Coliform, Ammonium Nitrogen RE, MLI?NN’ XGBoost , )
La Buong River, Vietnam 4 stati (NH,-N), Phosphate GBM, LightGBM, [47]
stations 47N p AdaBoost, CNN
Bhavani river, 320 seasonal data on 1 January 2016-31 Alkalinity, Hardness, Phosphate, Potassium (K™), Coliform, EC, RF, MLPNN *, SVM, DT, [65]
India December 2020 from 11 stations BOD, DO, NO3-N,ClI~, SOi*, Na™, F~, and so on (27 features) NB -
Saf-Saf River 70 seasonal data in wet and dry seasons from  Tw, pH, BOD, COD, DO, Oxygen Saturation (OS), EC, TDS, SS, RE [66]
Basin, Algeria 35 sites Turbidity, Nitrite Nitrogen (NO,-N), NO3-N, NH;-N, Cl~, POi_
Langat River 560 seasonal data in January 2012-December "
Basin, Malaysia 2016 from 14 stations DO, BOD, COD, S8, pH, NH;-N MLPNN, SVM*, DT (501
Nainital Lake, . . - RF *, SVM *, MLPNN, DT,
Uttarakhand 530 daily data in 2018-2019 pH, TSS, Turbidity SGD * KNN, GBM [60]
Almanor Lake, USA 108 & monthly data in 2014-2016 TDS, Ty, pH, Turbidity, TP, NO3-N, BOD, Coliforms, DO MLPNN *, GBM * [67]
WQI/WQcC . . - _ N RE, SVM *, GBM *,
Gulshan Lake, Bangladesh 108 monthly data in 2016 from 9 sites pH, SS, EC, TDS, Turbidity, DO, COD, ClI~, Alkalinity AdaBoost [51]
Erhai Lake, China 1056 monthly data in January 2016-December 13 1. 1 Transparency (Tran), TN, TF, NH;-N, COD, CODyiy, BOD, Chl-a  XGBoost [68]
2021 from 11 sites
. 30 seasonal data in the post-monsoon season . CNN, DNN,
Loktak Lake, India from 30 sites pH, Ty, EC, TDS, Turbidity, DO, BOD, COD, NO3-N GBM.GLM-NN * [62]
A
Lok.tak Lake, 60 seasgnal data after the monsoon season NO3-N, COD, BOD, DO, Turbidity, Ty, pH, EC, TDS RF * GBM, DNN [69]
India from 60 sites
Cork Harbour, A . . Salinity, T, pH, Tran, DO, BOD, Total Organic Nitrogen (TON), NH3-N, RF *, DT, KNN, XGBoost
Ireland 100 ® seasonal data in 2020 from 29 sites Molybdate Reactive Phosphorus (MRP), Chl-a *, ExT, SVM [46]
Cork Harbour, 100 2 seasonal data in October Salinity, T\, pH, Tran, DO, BOD, TON, NH3-N, dissolved inorganic nitrogen XGBoost [70]
Ireland 2019-September 2020 from 29 stations (DIN), MRP, Chl-a
Cork Harbour, A . . MLPNN, SVM, DT, )
Ireland 100 @ seasonal data in 2019 from 29 stations Tw, DO, pH, TON, NH3-N, MRP, BOD, Tran, Chl-a, DIN XGBoost *, NB, KNN [54]
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Table 1. Cont.
Target Study Area Dataset Input Feature ML Model Article
Tongi Canal, . . .
WQI/WQC Bangladesh 90 seasonal data in June 2022 from 30 sites Tw, DO, EC, Lead (Pb), Cadmium (Cd), Copper (Cu), Fe GPR [57]
Eﬁ?ﬁng River, 390 weekly data in 2014-2021 WQC, pH, COD, NH;-N, TP BPNN [49]
Bullfrog River, A . Land Use/Land Cover, Meteorological, Soil Animal Statistics, Antecedent RF, MLPNN, SVM,
USA 200 © monthly data in 1998-2016 Conditions, Water Quality (i.e., pH, Turbidity) XGBoost *, RE-XGBoost * (711
. . A . B
Adige River, 3700 seasonal data in 1994-2014 from 45 Arsenic (As), EC, Ty, DO, CI°, SO~ RE, DNN * [72]
DO Italy sites 4
Lake Erie, USA 3004 biweekly data in 2006-2020 EC, TDS, pH, PO3~, NH;-N CART *, CHAID [58]
gilffl‘a“ Reservoir, 348 monthly data in 29 years from 12 sites T, BOD, Fe, TOC MLPNN (73]
Wadi Dayqah 344 sampled data on 15 January 2023 from 34 RF, MLPNN, SVR,
Dam, Oman sites EC, ORP, pH, Ty, Chl-a BMEF * 561
Indus River, 372 monthly data in 1975-2005 Ty, pH, HCO;, CI~, SO2~, Na*t, Cat, Mg?* RF, MLPNN, DT *, SVM [53]
Pakistan 3 4
Indus River, . _ _ 5 T 24 24 )
Pakistan 360 monthly data in 1975-2005 Tw, pH, HCO3, CI7, SO;, Na™, Ca”", Mg MEP [74]
EC Indus River, 321 monthly data in 1975-2005 pH, HCO;, CI-, SO?~, Nat, Cat, Mg?" RE *, MLPNN, GEP [44]
Pakistan 3 4
Wadi Dayqah 344 sampled data on 15 January 2023 from 34 RF, MLPNN, SVR,
Dam, Oman sites ORP, pH, Tw, DO, Chl-a BMEE * [50]
. . A ) .
Adige River, 3700 seasonal data in 1994-2014 from 45 Arsenic (As), EC, Ty, DO, CI-, S0 RE, DNN * [72]
Italy sites 4
Indus River, 321 monthly data in 1975-2005 pH, HCO;, CI~, SO2~, Na*t, Cat, Mg?" RF *, MLPNN, GEP [44]
Pakistan 3 4
Ezg"’“ River, 600 2 monthly data in 1968-2020 Cl-, 0¥, Na*, Ca®*, Mg?* RF *, REPT [59]
TDS Tndus K
naus kaver, . - — — 2 + 24 2+
Pakistan 360 monthly data in 1975-2005 Tw, pH, HCO3, CI7, SO;~, Na™, Ca”", Mg MEP [74]
Indus River, 360 monthly data in 1975-2005 Ty, pH, HCO;, CI-, SO2~, Na*, Ca2*, Mg?* RE *, MEP [45]

Pakistan
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Table 1. Cont.
Target Study Area Dataset Input Feature ML Model Article
Euiam Lake, 546 weekly data in March 2007-November Tw, EC, pH, COD, BOD, SS, TN, Oxygen Demand (OD), and so on (40 RF, XGBoost, DNN,
[75]
TP Korea 2020 features) LSTM *
g;lfi‘; Reservoir, 300 2 monthly data in 1986-2014 NH;-N, NOs-N, TDS, Hardness, Mg+ RF, MLPNN *, SVM [76]
E‘}‘l‘i’ﬁng River, 390 weekly data in 2014-2021 WQC, DO, COD, NH;-N, TP BPNN [49]
pH
Water System in 26,085 daily data in 2016-2018 from . . RF, MLPNN, XGBoost,
Georgia, USA 37 stations Min, mean, max of DO, Ty, SC, min and max of pH LightGBM * [55]
: A
Wadi Dayqah 3'4 sampled data on 15 January 2023 from 34 EC, ORP, Ty, DO, Chl-a RF, MLPNN, SVR, [56]
T Dam, Oman sites BMEF *
w
. . A . B
Adige River, 3700 seasonal data in 1994-2014 from 45 Arsenic (As), EC, Ty, DO, CI-, SO~ RF, DNN * [72]
Italy sites 4
; A
Wadi Dayqah 3.4 sampled data on 15 January 2023 from 34 EC, ORP, pH, Ty, DO RF, MLPNN, SVR, 56]
Chl Dam, Oman sites BMEF *
-a
Geum River, 126 2 monthly data in October 2017-March .1
Korea 2021 from 3 stations Tw, EC, DO, Chl-a, pH, Turbidity XGBoost [77]
. Rejeka Bay, 1800 & biweekly data in 2009-2020 bathing Salinity, Global Horizontal Irradiance (GHI), Surface Pressure, T,i,, Water .
Bacteria Croatia season from 15 sites Level, Relative Humidity (RH), and so on (33 features) RE, Catboost [78]

Notes: * The best-performing model. A Estimated number according to intervals and time windows.
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3.2. ML Applications on S2P Models

Datasets with daily and hourly intervals and medium to large data sizes (ranging

from 300 to 39,752) are often considered for S2P model development, as shown in Table 2.
The S2P model takes time series data as inputs. DO, NH3-N, TP, TN, and pH are the most
commonly used water quality indicators, employed in 62%, 38%, 27%, 19%, and 19% of
the relevant articles, respectively. As shown in Figure 2, although MLPNN, RNN, RF, and
XGBoost are considered, the most widely adopted DL model out of the S2P models is the
LSTM-based model (65.7%), followed by the GRU-based model (8.6%).

1.

Dataset

The LSTM, as an improved RNN, possesses inner loops within hidden layers to
memorize previous data and transfer them to the current output. Three special gates
are designed to solve the problems of either an exploding or vanishing gradient
over 10 time steps [64]. The LSTM is adopted to predict the current DO, NH3-N,
TP, and TN from the previous water quality measurements of DO, NHj3-N, TP, TN,
Ty, turbidity, EC, and CODyy, [65]. The value of R? =0.88 represents the highest
performance compared with SVM, MLP, RF, and XGBoost. The LSTM is combined
with a CNN layer (CNN-LSTM) to extract and filter the main features of inputs to
predict COD with a 4 h interval dataset consisting of COD, TN, TP, CODy,, NH3-N,
and pH (Figure 3). The MAE and RMSE of the CNN-LSTM are 29.1% and 20.7%
lower than those of LSTM [66]. The Bi-directional LSTM (BiLSTM) model is an
enhanced version of LSTM that uses both forward and backward hidden layers to
capture the past and future information at specific time steps (Figure 4). The BiLSTM
is utilized to predict the BOD and COD in the next month based on the previous
13-month data of Ty,, DO, pH, COD, BOD, total coliform, F. coli, EC, and total Kjeldahl
nitrogen (TKN) [67]. Its performance is significantly superior to CNN-LSTM and
LSTM, with its mean square error (MSE), RMSE, MAE, and Mean Average Percentage
Error (MAPE) equal to 0.11, 0.11, 0.12, and 18.22% for COD, and 0.015, 0.12, 0.12, and
20.32% for BOD, respectively. The Attention-based BiLSTM (AT-BiSLTM) is developed
to predict the hourly DO with previous Ty, pH, DO, and EC values and obtained
the best performance with ranges of RMSE = [0.10-0.16], MAE = [0.057-0.12], and
R? =[0.93-0.94] for four stations in the Yellow River, China [68]. The AT mechanism
emulates the allocation of human attention to enhance the neural network to variably
focus on distinct parts of inputs [69]. Thus, it becomes a pivotal tool for augmenting
the expressiveness and generalization of the model.
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Figure 3. The architecture of the CNN-LSTM model.

2.

The GRU is a variant of RNN with only two gated units. It is simpler and can train
data faster than the LSTM [70]. The GRU is adopted to predict hourly DO levels
in Han River, Korea, with 16 measurements including water quality, hydrological,
and meteorological data, as shown in Table 2. It outperforms ANN and LSTM with
the best R? = 0.98 and RMSE = 0.14 [71]. A bi-directional GRU with an AT layer
(AT-BiGRU) is utilized to address the temporal dependencies of time series data in
the prediction of multivariate water quality indicators [72]. A graph learning layer
and an auto-regression module are considered in the AT-BiGRU to capture the hidden
relationships of input features and to generate the final prediction, respectively. The



Water 2024, 16, 3616

10 of 26

combined AT-BiGRU model outperforms LSTM, RNN-LSTM, and CNN-LSTM with

all four datasets [72].
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Figure 4. The bi-directional architecture of the BILSTM model.

Table 2. Recent ML applications on S2P water quality models for different indicators.

Target Study Area Dataset Input Feature ML Model Article
Yellow River, 39,026 hourly data in December RNN, LSTM, BiLSTM,
DO China 2017-December 2019 from 4 stations Tw, pH, DO, EC AT-BiLSTM *, GRU [68]
Burnett River, 39,752 hourly data in January ) .. . "
Australia 2015-January 2020 Tw, DO, pH, EC, Chl-a, Turbidity =~ LSTM, AT-LSTM [73]
. . EC, pH, Turbidity, Discharge (Q),
. 30,000 2 hourly data in April
Ljj 1ang River, 2016-December 2019 from Tw, DO’ C.ODM“’ NHz-N, TP, TN, LSTM [74]
China . Precipitation (P), Land Use,
15 stations R
Vegetation, Slope
EC, pH, Turbidity, Ty, SS, DO, Classifier: RF *, DT,
. . TOC, TP, TN, Q, Water Level, Tide = XGBoost;
Han River, Korea 9870 hourly data in 20172019 Level, P, Cumulative P, Humidity, ~Regressor: MLPNN, [71]
Sunlight LSTM, GRU *
Pearl River, 5058 data every 4 h on 8 November ~ NH3-N, CODy,, Tw, pH, DO, TP, "
China 2020-28 February 2023 TN, EC, Turbidity SVM, MLPNN, LSTM [65]
Ganjiang River, 738 data every 4 honn 1 October Tw, pH, DO, NH3-N, CODyy, TP, LSTM 175]
China 2021-31 January 2022 TN, Turbidity, EC
R . . . DO, Tair, Tw, pH, CODpn,
DO Iﬁi‘f{elrvecr;ﬁi Liu iﬁf iasltlgo‘;ta on 19 April 202181\, N, P, Q, RH, Evaporation,  AT-GRU [76]
’ & Hours of Sunshine, Wind Velocity
. . . 2900 # daily data on 1 January "
Liao River, China 2013-31 December 2020 DO RF, SVM [77]
Surma River, 1000 & daily data in January Humidity, Tw, Tair, P, TDS, pH, MARS 78]
Bangladesh 2017-December 2019 Turbidity, DO
Yellow River, . Deep Extreme Learning
China 365 weekly data in 2010-2016 DO Machine (DELM) [79]
5095 data every 4 h on 1 November Ty, Tair, Sea Level Pressure,
Tai Lake, China 2020-28 February 2023 from Ground Pressure, AT, Surface T, AT-CNN-BiLSTM [80]
6 stations Dew Point T, DO
Poyang Lake, 882 daily data on 1 October 201729 : .
China February 2020 DO, NH;-N, pH BiLSTM [81]
Taihu Lake, 35,000 2 hourly data in October .y .
China 2017-October 2021 DO, EC, pH, Turbidity AT-BiGRU [72]
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Table 2. Cont.
Target Study Area Dataset Input Feature ML Model Article
. . EC, pH, Turbidity, Discharge (Q),
. 30,000 2 hourly data in April
Lijiang River, 2016-December 2019 from T, DO, CODin, NH3-N, TP TN, -y o1y [74]
China . Precipitation (P), Land Use,
15 stations R
Vegetation, Slope
Pearl River, 5058 data every 4 h on 8 November ~ NHj3-N, CODwy,, Tw, pH, DO, TP, N
China 2020-28 February 2023 TN, EC, Turbidity SVM, MLPNN, LSTM [65]
NH;3-N . .
Yellow River, 300 weekly data in January .
China 2012-September 2017 pH, DO, CODyy, NH3-N VARMA-BILSTM [82]
Poyang Lake, 882 daily data on 1 October 2017-29 : .
China February 2020 DO, NHs-N, pH BiLSTM (811
Xili Reservoir, 943 daily data on 1 January 2019-31 TN, NH3-N, TP, pH, DO, EC, LSTM 183]
China July 2021 Turbidity, Ty, COD
Lijiang River 30,000 4 hourly data in April EC' ]%Ig, Félglg;ltyl\]?}[sc_i]ar%g (]9121/
TP ) ’ 2016-December 2019 from wr ny VRN SR 2N LSTM [74]
China ; Precipitation (P), Land Use,
15 stations R
Vegetation, Slope
Pearl River, 5058 data every 4 h on 8 November =~ NH3-N, CODy,, Tw, pH, DO, TP, "
China 2020-28 February 2023 TN, EC, Turbidity SVM, MLPNN, LSTM [65]
Jinjiang River, 443 weekly data on 7 January : )
China 2013-21 June 2021 DO, NH;-N, CODyn, TP LST™M [84]
. . 4000 # monthly data in January
TP Haihe River 2010-September 2014 from BOD, DO, NH;-N, TF, pH, LSTM [85]
Basin, China . CODwpn, CODc,
76 stations
Poyang Lake, 1096 daily data on 1 January 2017-1 DO, EC, Turbidity, NH3-N, pH, LSTM [86]
China January 2020 Tyw, P, Water Level
Xili Reservoir, 943 daily data on 1 January 2019-31 TN, NH3-N, TP, pH, DO, EC, LSTM 183]
China July 2021 Turbidity, Ty, COD
Pearl River, 5058 data every 4 h on 8 November ~ NHj3-N, CODwy,, Tw, pH, DO, TP, N
China 2020-28 February 2023 TN, EC, Turbidity SVM, MLPNN, LSTM (651
. . 1086 data every 4 h on 18 August Tw, pH, DO, EC, Turbidity, .
Juhe River, China 2018-18 March 2019 CODyy, TP CNN-LSTM [87]
™ Poyang Lake, 1096 daily data on 1 January 2017-1 DO, EC, Turbidity, NH3-N, pH, LSTM [86]
China January 2020 Tw, P, Water Level
Xili Reservoir, 943 daily data on 1 January 2019-31 TN, NH3-N, TP, pH, DO, EC, LSTM 83]
China July 2021 Turbidity, Tw, COD
Poyang Lake, 882 daily data on 1 October 2017-29 : .
. China February 2020 DO, NHs-N, pH BiLSTM (811
P Xili Reservoir, 943 daily data on 1 January 2019-31 TN, NH3-N, TP, pH, DO, EC, LSTM 183]
China July 2021 Turbidity, Ty, COD N
. . EC, pH, Turbidity, Discharge (Q),
. 30,000 2 hourly data in April
Lijiang River, 2016-December 2019 from T, DO, CODin, NH-N, TN,y gy g [74]
China . Precipitation (P), Land Use,
15 stations R
Vegetation, Slope
CODpwin Jinjiang River, 443 weekly data on 7 January :
China 2013-21 June 2021 DO, NHs-N, CODyn, TP LSTM [84]
. . 4000 4 monthly data in January
Llaihe River 2010-September 2014 from BOD, DO, NH;-N, TF pH, LSTM [85]
asin, China 76 stations CODpn, CODc,
Yellow River, 1000 4 data every 4 h in January COD, TN, TP, NH3-N, CODy,
CoD China 2018-December 2020 pH CNN-LSTM [66]
.. Hong Kong’s 18,000 & monthly data on 1 January ~ NH3-N, pH, SS, P, TP, DO, Mean . .
Turbidity Coasts, China 1997-1 December 2016 from 76 sites  T,j,, Pressure MLPNN, LSTM-RNN [88]
.. Salton Sea (Lake), 300 2 seasonal data in 2003-2008
Salinity USA from 14 sites Tw, EC, DO LSTM [89]

Notes: * The best-performing model. A Estimated number according to intervals and time windows.
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3.3. ML Applications on S2S Models

S2S models are often developed with weekly, daily, and hourly datasets and with
data sizes ranging from 730 to 70,000, as shown in Table 3. DO and NHj3-N are the most
commonly considered targets, followed by Ty, pH, CODpyp, and WQI. According to
the proportions shown in Figure 2, 90% of S25 models are implemented with advanced
DL models.

1. LSTM-based models are frequently selected for S2S models because of their strong
long-term memory capabilities. The LSTM model forecasts the following 5-day
WQI with the previous 30-day NH;3-N, BOD, COD, DO, pH, and SS in Klang River,
Malaysia. The MAE = 1.03, RMSE = 1.24, mean bias error (MBE) = 0.14, and Kling—
Gupta efficiency (KGE) = 0.68 are better than those of the GRU [90]. The daily NH3-N
in Haihe River, China, is predicted by combining the LSTM with a dual-stage AT,
namely the DA-LSTM [91]. It forecasts daily NH3-N within the following 1 day
and 7 days, resulting in RMSE = 0.054, MAE = 0.038, and Nash-Sutcliffe Efficiency
coefficient (NSE) = 0.99 for 1 day, and RMSE = 0.29, MAE = 0.19, and NSE = 0.94
for 7 days, respectively. The Encoder—Decoder (ED) structure combined with the
AT-BiLSTM (Figure 5) can be employed to effectively forecast multi-step time series
values [92]. It is applied to forecast hourly NH3-N and DO within the following 1 to 5
days with two datasets from rivers in the Beijing-Tianjin—Hebei region, China, and the
Merced River, USA, respectively. The result of the NH3-N model has MAPE = 15.64%,
RMSE = 0.04, MAE = 0.03, and R? = 0.96. The larger dataset of DO improves the
model’s performance compared with that of the NH3-N model and obtains a notably
lower value of MAPE = 4.02%, with RMSE = 0.04, MAE = 0.03, and R? = 0.94 [92].
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Figure 5. The architecture of the AT-BiLSTM model with ED structure.

2. GRU-based models achieve the second highest proportion of use for 525 models (Fig-
ure 2) because they are easier than LSTM-based models to implement with acceptable
performance. The BIGRU model results in a reasonable NSE in the range of 0.83-0.98
for 7-day DO and NHj3-N forecasting at three stations in Poyang Lake, China [93]. An
AT-GRU model is applied to the multi-step-ahead prediction of daily DO with two
datasets from Li River and Liu River, China. Notably higher performances are demon-
strated with RMSE = [0.084-0.097], MAE = [0.069-0.088], and NSE = [0.93-0.97] for
three steps ahead, and RMSE = [0.21-0.28], MAE = [0.17-0.27], and NSE = [0.43-0.81]
for five steps ahead, respectively [76].

3. Transformer is developed with the ED structure and is widely used for natural lan-
guage processing tasks such as machine translation [69]. It has been verified in
forecasting runoff to capture time-dependent patterns [94]. The Transformer is uti-
lized to forecast weekly pH, DO, NH3-N, and COD)y, in the next 4 weeks with the
data from the previous 52 weeks (12 months) [95]. It obtains a lower MSE and MAE
compared to MLPNN, CNN, LSTM, Bi-LSTM, and AT-CNN-LSTM, with its MSE and
MAE equal to 0.86 and 0.72, 0.64 and 0.61, 1.02 and 0.77, and 0.90 and 0.68 for pH, DO,
NHj3-N, and CODyyy, respectively.
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Table 3. Recent ML applications on S2S water quality models for different indicators.
Target Study Area Dataset Input Feature ML Model Article
Burnett River, 39,752 hourly data in Tw, DO, pH, EC, Chl-a, .
Australia January 2015-January 2020  Turbidity LSTM, AT-LSTM 73]
DO 70,000 hourly data in
Merced River, USA  September 2018-December DO, month, day, hour AT-BiLSTM-ED [92]
2021
DO/ Tair/ TW/ pH/ CODMI’[/
Li River and Liu 865 daily data on 19 April NH;3-N, P, Evaporation, AT-GRU [76]
River, China 2021-31 August 2023 Hours of Sunshine, Q, RH,
Wind velocity
DO Poyang Lake, 900 2 daily data on 1 DO BiGRU (93]
China October 2017-30 April 2020
Major rivers and 13,200 weekly data in
lakes in China 2013-2016 from 120 stations P17 DO NHz"N, CODwin Transformer ]
. . 4000 # daily data in NH;-N, pH, DO, Wind
Haihe River, China 2004-2015 direction speed AT-LSTM [91]
Rivers in the
Beijing-Tianjin- 7100 seasonal data in May i o .
Hebei region, 2012-August 2020 NH-N AT-BILSTM-ED 921
NH3-N  China
Poyang Lake, 900 2 daily data on 1 .
China October 2017-30 April 2020 NH;-N BiGRU 93]
Major rivers and 13,200 weekly data in
lakes in China 2013-2016 from 120 stations P17 DO NHs"N, CODwin Transformer ]
i 10,000 2 daily data in .
Tw 8 lakes in Poland 1987-2016 Lake surface Ty, Tqir MLPNN-RF [96]
pH Major rivers and 13,200 weekly data in
- ’ H, DO, NH3-N, COD 95
CODyy, lakesin China 2013-2016 from 120 stations P 3 Mn Transformer ]
Klang River, 730 daily data on 1 January =~ NHj3-N, BOD, COD, DO, pH, .
wal Malaysia 2019-31 December 2020 SS LSTM*, GRU 501

Notes: * The best-performing model. # Estimated number according to intervals and time windows.

4. Analysis of Strategies to Improve Model Performance

ML water quality models often struggle to capture the full relationships of the inter-
connecting water quality measurements in dynamic water systems due to data noise and
non-stationarity [97]. Model performance is heavily dependent on hyperparameter selec-
tion [98]. Some DL models may suffer from insufficient training data in many instances [99].
To improve their performance and exploit their potential capabilities, the following three
strategies are reported in the literature.

4.1. Feature Engineering

Robust feature engineering methods are helpful in processing time series water quality
data when exploring relationships [80]. Two mainstream algorithms adopted are Discrete
Wavelet Transform (DWT) [100,101] and Mode Decomposition (MD) [102]. The main pro-
cesses are (1) decomposing time series data into several signals according to different
algorithms, (2) replacing original data with signals as inputs to train models, and (3) gen-
erating final target predictions by integrating outputs. Removing the short-term random
disturbance noise from the complex variation in the original time series data makes ML
models learn useful and important information more efficiently.
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DWT can decompose time series data into numerous scale-specific time series with a
simpler computation and development process [100,101]. The DO model developed with
ANN-LSTM and DWT achieves a perfect performance with error indices close to 0 [84]. In
addition, maximal overlap DWT (MODWT) has an enhanced ability to extract additional
information and is applicable to any sample size [78,103]. The MODWT combined with
boundary correction is utilized to improve the NSE of the DA-LSTM from 0.76 to 0.94 in
7-day NH3-N forecasting [91]. In addition, Synchro-squeezed Wavelet Transform (SWT)
is applied to improve the DO model performance with R? = 0.97, showing greater noise
reduction effectiveness than several MD approaches [79].

MD methods segregate time series data into a series of intrinsic mode functions
(IMFs) with distinct central frequencies, extracting features pertinent to each mode [102].
Higher correlations of IMF1, IMF2, and IMF3 with features than those of the original data
are reported [80]. Variational Mode Decomposition (VMD) as a widely used algorithm
has shown excellent performance in decomposing unstable time series data with high
complexity and strong nonlinearity into relatively stable subsequences [104]. It is used to
improve the R? of the RF from 0.83 to 0.96 in TDS predictions [59]. VMD is utilized for
DO models, decreasing the RMSE of the LSTM to 0.29 in Ganjiang River and the RMSE of
the GRU to 0.05 in Li River [75,76]. In addition, VMD effectively separates high-frequency
noises in the WQI model and obtains better forecasting results than predictions with the
Empirical Mode Decomposition (EMD) algorithm [90].

Moreover, Complete Ensemble EMD with Adaptive Noise (CEEMDAN) is proposed
to improve the decomposition efficiency by eliminating partial noise amplitudes [105]. It is
developed in the LSTM for TN, TP, NH3-N, and pH predictions, significantly increasing
the value of R? from 0.83, 0.71, 0.72, and 0.52 to 0.96, 0.95, 0.93, and 0.87 [83]. The improved
CEEMDAN is applied for NH3-H, DO, and pH models to overcome the limitations of mode
confusion, reconstruction error, and pseudo-components in EMD, EEMD, and original
CEEMDAN [81,106]. Furthermore, Empirical Wavelet Transform (EWT) is more effective
in real-time data decomposition-based modeling as it consists of both the mathematical
basis of DWT and the adaptability of EMD [107,108]. A BiGRU employing EWT obtains up
to a 0.98 NSE for its DO predictions [93].

4.2. Hyperparameter Tuning Methods

The performance of the ML model is affected by some hyperparameters, which must
be configured before the training process [21,39]. Hyperparameter tuning determines
the set of hyperparameters that yields an optimal model on a given dataset. Some meta-
heuristic intelligence optimization algorithms are used to find the best combination of
hyperparameters for ML water quality models [72,77,79,80,86,92,109]. Particle Swarm
Optimization (PSO), inspired by the activities of bird swarms, can find optimal solutions
through cooperation and information sharing with low design costs [110]. It is applied
to find the best hyperparameter combinations for the DL model and enhance the model’s
performance [72]. The Genetic Simulated annealing-based PSO (GSPSO) is utilized to
greatly reduce the tedious process of manual parameter setting, achieving the lowest
MAPE of 4.02% for DO forecasting (the second lowest MAPE was 10.35%) [92].

The Sparrow Search Algorithm (SSA) is a new type of swarm intelligence optimization
algorithm with high accuracy, superior to PSO in some articles [111]. The SWT-DELM
model is developed for DO prediction with the SSA to obtain the best R? = 0.97 [79].
The Chaos Sparrow Search Algorithm (CSSA) is implemented to automatically calibrate
the hyperparameters of the LSTM in TN and TP predictions, performing better than
SSA and PSO [86]. The improved SSA (IMSSA), depending on Tent chaotic sequences,
outperforms Gray Wolf Optimization (GWO) and the Genetic Algorithm (GA) in terms of
convergence accuracy and merit-seeking ability for improvement in the DO model in Liao
River, China [77].
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The Whale Optimization Algorithm (WOA) has the advantages of fast optimization
speed, strong global convergence, and few parameters [112]. It significantly enhances model
performance in DO predictions, increasing the R? from 0.90 to 0.98 [80]. Moreover, WOA
based on the Self-adapting parameter adjustment and Mix mutation strategy (SMWOA)
reduces the RMSE from 6.18 to 3.93 in the WQI prediction, showing better performance
than a hybrid PSO combined with the Genetic Algorithm (HPSOGA) [109].

4.3. Transfer Learning Methods

Transfer learning is an effective method to solve the insufficient data issue by transfer-
ring knowledge across similar domains, features, and distributions [113]. For example, the
pre-training DO model based on BiLSTM is developed with a large dataset from the Lake
Taihu and uses transfer learning to fine-tune with the small target dataset from another lake
near Yixing, China [114]. The results show a drastic increase in the R? from 0.38 to 0.79.

The recurrent transfer learning method solves that the pre-trained model is prone to
overfitting to the source domain data and reducing the performance in the fine-tuning
stage [95]. The Transformer with recurrent transfer learning (TLT) obtains MAE = 0.60,
lower than with transfer learning (MAE = 0.81). The transfer learning method has been
applied cross-domain to predict DO, pH, NH3-N, and CODyyy, in the Haihe River and lakes
in China [95]. The first TLT model built for the Haihe River is pre-trained based on the
dataset in lakes, and the second TLT model built for the dataset in lakes is transferred from
the Haihe River dataset. The performances of both TLT models pre-trained by cross-domain
datasets are better than those of the models without transfer learning [95].

5. Analysis of Metrics for Model Evaluation

More than 30 metrics are applied to evaluate model performance in the reviewed
articles, as shown in Table Al. Choosing the correct metrics to produce favorable results is
important for model performance evaluation [39]. To conveniently compare model perfor-
mance, the most used metrics for regression and classification models are summarized and
discussed as follows.

1.  Metrics for water quality regression models, which can be grouped into three major
categories: (1) standard regression, including R? and correlation coefficient (r) [115];
(2) dimensionless metrics, such as NSE [116]; (3) error indices, including MSE, RMSE,
MAE, and MAPE [116]. The equations for the metrics are presented in Table A2, and
the percentages of these metrics used for the reviewed P2P, S2P, and 525 models are
illustrated in Figure 2. Other metrics with proportions of less than 5% are not included
in this study. R? is very informative in regression analysis evaluation [117] and is
more often selected (51%) than NSE (22%) and r (13%) (Figure 6). The error indices
of RMSE (76%) are the most popular in water quality model evaluation (Figure 6).
The reason is that water resource management pays more attention to abnormal and
extreme events and RMSE is more sensitive to outliers than MAE [118]. MAE obtains
the second highest proportion (61%) and is most frequently used to evaluate S2S
models because it better describes the capability of predictive values to follow the
trend in observations. MAPE is the most widely used for unit-free error indices due
to the advantages of scale independence and interpretability, but it may overestimate
or underestimate errors above or below the measurements, respectively [119].

2. Metrics for water quality classification models, which are relatively unified compared
to the metrics for regression models. Accuracy is applied to evaluate every ML water
quality classification model. Precision, F1-Score, and Sensitivity (also known as Recall
and True Positive Rate (TPR)) are used in 92% of the reviewed articles. Accuracy,
Precision, and F1-score are sensitive to imbalanced data [120,121], while Sensitivity
is suitable for evaluating model performance with both balanced and imbalanced
data [122]. Using these metrics can comprehensively evaluate water quality models
with imbalanced class distribution [50,123]. Moreover, Specificity (also known as True
Negative Rate (TNR)) is selected in 25% of articles to help in evaluating the correctness
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of predictions for each class for imbalanced datasets [25,54,71]. Equations of these
metrics are presented in Table A3.

100% 4 mR2

O NSE
Or

73% 4 @ MSE
O RMSE
@ MAE

0%1 @ MAPE
[ Other

25% -

P2P S2P S28 All

Figure 6. Proportion of metrics used in ML water quality regression models.

6. Discussion

Although ML models provide alternatives in water resource management, the in-
terpretability limitation is still notable. In RF, SVM, ANNSs, and DL, individual model
parameters have a limited relationship to the physical process and only take meaning in
context with other model parameters. What if analysis could be conducted on the fit model
to study the physical and biogeochemical processes that impact water quality [124]?

On the other hand, some statistical algorithms have been adopted to interpret the
importance of model input features by computing the contribution of each feature to
the outputs. Shapley additive explanations (SHAP) is one of the common explanatory
frameworks based on the game’s theoretically optimal Shapley values [125] and has been
used to interpret ML water quality models [126,127]. In addition, LIME [128], Integrated
Gradients [129], and DeepLift [130] are useful explanation techniques proposed to interpret
ML black-boxed structures. Sensitivity analysis is also a powerful tool to assess the impact
of each input feature on the output and figure out the most sensitive inputs [44].

In addition, comparing the models with different combinations of input features is
feasible to find out the key features [131,132]. WQI models are developed with different
combinations of DO, NH3-N, TP, TN, T,,, and pH in the Erhai Lake, China, while DO,
NH3-N, TP, and TN are reported more important to build the minimal WQI model [131].
The best DO model in the Fei-Tsui reservoir, China, is developed with Ty, BOD, and Fe,
while TOC does not need to be considered [132].

Moreover, the DT has the advantage of an interpretable structure similar to the flow
chart. The RF based on DTs also provides feature importance through the computation of
the mean decrease in impurity [41]. The GEP [133] can generate the explicit mathematical
expression utilizing some of the mathematical functions (i.e., +, —, X, +, In(x), €%, xZ,x3, sin,
cos). It is more convenient to interpret water quality models by utilizing these ML models.

Although feature importance analysis can provide information to explain the ML
water quality model to some extent, it is recommended to apply governing equations under
local environmental conditions to understand the relationships among input features. For
example, DO and NH;3-N show high importance levels in lakes and rivers in India [48], but
Mn, Fe, and F. coli are the top important features in M River, China, due to the local mining
industry and the leak in the sewer system [43]. These differences in local environments
also cause performance degradation, affecting the reusability of ML models [134]. This
demonstrates that research targets, domains, and data availability are crucial factors when
selecting appropriate models.
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Furthermore, the reviewed articles primarily focus on either spatial (i.e., P2P model
at multiple sites) or temporal dependencies (i.e., S2P/S2S model at one site), rarely con-
sidering the spatiotemporal consistency. On the contrary, traditional process-driven water
quality models involving hydrological and geo-spatiotemporal information can build two-
dimensional and three-dimensional models for the study areas. Therefore, the combination
of process-driven models and machine learning techniques will be one of the future research
directions through which to take advantage of traditional and advanced techniques.

7. Conclusions

A total of 78 articles on ML water quality modeling for surface waterbodies were
reviewed and classified as P2P, S2P, and 525 models. The widely used ML models were
discussed to assist in model selection based on water quality indicators, data availabil-
ity, and model performance. Meanwhile, the benefits of adopting certain strategies to
improve model performance were recognized. Finally, the commonly used metrics were
summarized and discussed for comprehensive model evaluation. The main conclusions
are the following:

1. Traditional ML models such as RF, MLPNN, and SVM were common for P2P models,
while the LSTM-based and GRU-based models were capable of handling time series
data for S2P models. More complex DL models including AT-GRU, AT-LSTM, and
Transformer were frequently utilized for S25 models to learn interconnected rela-
tionships from longer time sequences. These findings could help researchers in the
community select the most suitable ML models for specific local databases depending
on the water quality indicator, data availability, and model performance, rather than
by simply choosing the most advanced ones.

2. Adopting certain strategies to improve ML water quality model performance is ex-
plored. Firstly, feature engineering approaches, such as DWT, VMD, and EMD, can
decompose unstable time series data into relatively stable subsequences, reducing the
noise and complexity of the original datasets. Meta-heuristic intelligence optimiza-
tion algorithms such as PSO, SSA, WOA, and variants can help in finding the best
combination of hyperparameters. Finally, transfer learning methods can solve under-
fitting problems due to insufficient data, showing the positive effects of knowledge
transferring between datasets.

3. The metrics of R, NSE, RMSE, MAE, and MAPE were most recommended for re-
gression models, while Accuracy, Precision, F1-score, Sensitivity, and Specificity were
suggested for classification models to evaluate their performance.

4. This review provides a perspective on the emerging ML models for water quality
prediction. S2S water quality models are rising in number due to rapid DL model
development, as well as their high performance and forecasting capability.
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Appendix A
Table Al. Performance of the best ML water quality models in the reviewed articles.

Target 1\,/1[,;;:1 ML Model Results of Model Performance Article
P2P RF R? = 0.97, MSE = 1.6, MAE = 0.95, MAPE = 1.35% [43]
P2P RF RMSE =29, MSE =7.8, MAE =2.2 [46]
P2P RF MAE = 0.02, MSE = 0.02, RMSE = 0.12 [60]
P2P RF RMSE =5.17, MAE =4.71,r = 0.82 [135]
P2P RF R2=09 [136]
P2P RF RMSE =2.9, MSE = 7.8, MAE = 2.2 [46]
P2p MLPNN Accuracy = 85.11, Precision = 89.01, Sensitivity = 90.92, F1 = 90.91 [137]
P2P MLPNN MAPE =9.6%; R? = 0.96 [138]

- - - 2 _ . - fion =
Pop MLPNN lé\/éﬁsegahil ,6 I;l\g]iz_5 543, MSE =7.10, R* = 0.73; Accuracy = 81, Precision = [139]
WQI/WQC P2P BPNN MSE = 0.077, MAPE = 2.78 [49]
2 _ - — . -

P2pP SVM Accuracy = 96.35, Precision = 91.97, Sensitivity = 84.89, F1 = 87.98 [50]
P2P RF, SVM Accuracy = 98.7, Precision = 98.8, Sensitivity = 98.7, F1 = 98.8 [60]
pP2P XGBoost R? = 0.82, MSE = 3.43, MAE = 1.46 [131]
P2pP XGBoost R? =0.99, RMSE = 0.107 [47]
P2P XGBoost R? =0.91-0.97, RMSE = 3.1-4.4 [140]
P2P XGBoost Accuracy = 100, Precision = 99, Sensitivity = 100, F1 = 99 [54]
P2P GBM MSE = 3.66, RMSE = 4.27, R? = 3.90 [137]
P2P GBM-GLM-NN MSE = 25.77, RMSE = 5.07, MAE = 3.5, R? = 0.98 [62]
P2P GPR R>=1.0,NSE=1.0 [57]
S2S LSTM MAPE = 1.92%, MAE = 1.03, RMSE = 1.24 [90]
P2P MLPNN r=0.99, R? =0.98, RMSE = 0.14 [132]
P2P BPNN MSE = 0.275, MAPE = 5.03 [49]
P2P BMEF NSE = 0.95, R? = 0.94, RMSE = 0.24, MAE = 0.27 [56]
pP2p XGBoost, RF-XGBoost NSE = 0.94-0.96 [141]
P2P CART 214 cases differ by less than 2 units from the observed data [58]
P2P DNN NSE = 0.60, RMSE = 0.78 [142]
S2P RF ACC 0.99, Sensitivity = 0.99, Specificity = 1 [71]
S2P SVM RMSE = 0.96, MAE = 0.60, MAPE = 5.06%, R? = 0.99 [77]
bo S2P LSTM R? = (.88, MSE = 3.36, RMSE = 1.83, NSE = 0.88 [65]
S2P LSTM RMSE = 0.26, MAE = 0.23 [74]
S2pP LSTM MSE = 0.003, RMSE = 0.05, MAE 0.04, MAPE = 0.4%, R? = 0.98 [75]
S2P AT-LSTM RMSE = 0.13, MAE = 0.09, R? = 0.95 [73]
S2P BiLSTM MAE = 0.02-0.14, RMSE = 0.03-0.16, MAPE = 0.25-1.76% [81]
S2p AT-BiLSTM RMSE = 0.10-0.16, MAE = 0.06-0.12, R? = 0.93-0.97 [68]
S2P AT-CNN-BiLSTM MAPE = 0.02-0.03, MAE = 0.15-0.17, RMSE = 0.18-0.23, R? = 0.99-0.97 [80]
S2P GRU RMSE = 0.14-0.51, R? = 0.94-0.98 [71]
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Table A1. Cont.
Target 1\”/1[";;:1 ML Model Results of Model Performance Article
S2P AT-GRU RMSE = 0.05, MAE = 0.04, NSE = 0.98 [76]
SoP AT-BiGRU i{go(; ;{Se_lg.t;\{e Squared Error (RSE) = 0.058-0.070, (72]
S2p MARS r =0.98, MAE = 0.09, RMSE = 0.12 [78]
SoP DELM MAE = 0.13-0.18, MAPE = 1.45-2.58%, RMSE = 0.17-0.26, R? = 0.97-0.99, [79]
DO NSE = 0.97-0.99
525 AT-LSTM RMSE = 0.20-0.41, MAE = 0.15-0.31, R? = 0.89-0.54 [73]
525 AT-BiLSTM MAPE = 4.02, MAE = 0.03, RMSE = 0.04, R? = 0.94 [92]
S2S AT-GRU RMSE = 0.084-0.28, MAE = 0.069-0.27, NSE = 0.43-0.97 [76]
525 BiGRU MAE = 0.02-0.09, RMSE = 0.03-0.12, MAPE = 0.29-1.25%, NSE = 0.94-0.98 [93]
S2S Transformer MSE = 0.48, MAE = 0.50 [95]
p2P RF R? = 0.93, RMSE = 3.52, NSE = 0.93, MAE = 2.5 [44]
P2P DT R? = 0.93, RMSE = 18.3, MAE = 13.6 [53]
EC pP2P BMEF NSE = 0.91, R? = 0.91, RMSE = 0.66, MAE = 0.5 [56]
P2P DNN NSE = 0.76, RMSE = 33.08 [142]
p2P MEP R? = 0.97, MAPE = 6.12, MAE = 11.22, RMSE = 16.43 [143]
P2P MLPNN RMSE = 1.20, MAE = 0.86, R? = 0.98, MSE = 1.44, r = 0.99 [144]
p2P XGBoost, RF-XGBoost NSE = 0.8-0.95 [141]
P2P LSTM r=0.92, R? = 0.85, MSE = 0.006, MAE = 0.05, RMSE = 0.07, MAPE = 24.57% [145]
S2P LSTM R? = (.77, MSE = 5.68, RMSE = 2.33, NSE = 0.76 [65]
TP S2P LSTM RMSE = 0.005, MAE = 0.004 [74]
S2pP LSTM R? = 0.95, RMSE = 0.003, MAE = 0.002 [83]
S2P LSTM RMSE = 0.03, MAPE = 0.24%, MAE = 0.01 [84]
S2P LSTM NSE =0.71 [85]
S2P LSTM MAE = 0.005, MAPE = 10.83%, RMSE = 0.006, NSE = 0.92 [86]
p2p RF R? = 0.93, RMSE = 3.1, NSE = 0.91, MAE = 5.10 [44]
DS p2P RF R? = 0.99, RMSE = 6.99, MAE = 5.45, MAPE = 3.34% [45]
P2P RF R? = 0.96, RMSE = 74.42, NSE = 0.96, MAE = 57.33 [59]
P2P MEP R? = 0.97, MAPE = 5.54%, MAE = 8.27, RMSE = 11.36 [143]
P2P BPNN MSE = 0.014, MAPE = 1.2% [49]
P2P LightGBM RMSE = 10.84-14.42, MAPE = 9.22-14.54% [55]
pH S2P LSTM R? = 0.87, RMSE = 0.20, MAE = 0.12, MRE = 0.02 [83]
S2P BiLSTM MAE = 0.07-0.18, RMSE = 0.09-0.23, MAPE = 1.01-2.55 [81]
S2S Transformer MSE = 0.70, MAE = 0.62 [95]
P2P BMEF NSE = 0.96, R? = 0.93, RMSE = 2.2, MAE = 0.75 [56]
Tw P2P DNN NSE = 0.89, RMSE =1.35 [142]
525 MLPNN-RF R? = 0.86-0.99, RMSE = 0.36-2.67, MAE = 0.23-2.17, MAPE = 3.21-147.22% [96]
Chia P2P BMEF NSE = 0.91, R? = 0.98, RMSE = 0.3, MAE = 0.25 [56]
P2P XGBoost RMSE = 1.87, NSE = 0.60 [146]
Bacteria P2P Catboost R? = 0.69-0.71, RMS = 0.38-0.43 [147]
S2P LSTM R? = 0.75, MSE = 5.75, RMSE = 2.35, NSE = 0.75 [65]
™ S2P LSTM R? = 0.96, RMSE = 0.08, MAE = 0.05, MRE = 0.07 [83]
S2pP LSTM MAE = 0.13, MAPE = 8.09%, RMSE = 0.15, NSE = 0.92 [86]
S2P CNN-LSTM MAE = 0.39, RMSE = 0.47, MAPE = 3.1%, R? = 0.84 [87]
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Table Al. Cont.

Target 1\;{;;:1 ML Model Results of Model Performance Article
S2P LSTM RMSE = 0.017 MAE = 0.012 [74]
S2P LSTM R? = 0.83, MSE = 5.61, RMSE = 2.33, NSE = 0.83 [65]
S2P LSTM R? = 0.93, RMSE = 0.002, MAE = 0.002 [83]
S2P BiLSTM MAE = 0.01-0.06, RMSE = 0.02-0.07, MAPE = 3.18-10.63% [81]
NH;3-N S2P VARMA-BiLSTM RMSE = 0.001, MAPE = 0.008%, NSE = 1 [82]
S2S AT-LSTM MAE = 0.04-0.19, RMSE = 0.05-0.29, NSE = 0.99-0.94 [91]
S2S AT-BiLSTM MAPE = 15.64, MAE = 0.03, RMSE = 0.04, R? = 0.96 [92]
525 BiGRU MAE = 0.008-0.043, RMSE = 0.015-0.062, MAPE = 6.27-9.79%, NSE = (93]
0.83-0.94
S2P LSTM RMSE = 0.09, MAE = 0.05 [74]
coD S2P LSTM RMSE = 0.02, MAPE = 0.02%, MAE = 0.01 [84]
M S2P LSTM NSE = 0.84 [85]
S2S Transformer MSE = 0.83, MAE = 0.69 [95]
COD S2P CNN-LSTM MAE = 0.22-0.29, RMSE = 0.29-0.38 [66]
Turbidity S2P LSTM-RNN R? = 0.88, r = 0.94, MAE = 0.21, RMSE = 0.29 [88]
Salinity S2P LSTM RMSE = 0.24, MAPE = 94.8% [89]
Table A2. Common metrics for ML water quality regression model evaluation.
Metrics Abbreviation Equation
Coefficient of determination R2 R2=1-— %ﬁy;z
i (vi—v
Nash-Sutcliffe efficiency coefficient NSE NSE = 1 — %ﬁ%;ﬁ
Y (vi—y
Correlation coefficient r r= L vy (5 =9)
n = n A =\2
\/):i:l (%’*y)z'Zizl (yi*y)
Mean squared error MSE MAE = %):?:1 (yi — 91')2
1 ~\2
Root mean squared error RMSE RMAE = +/ Iy (yi—1)
Mean absolute error MAE MAE = 1y |y; — 9
Mean absolute percentage error MAPE MAPE = 1y ’ % x 100%
Notes: y;, ¥, §;, and § denote the observed value, the mean of the observed value, the predicted value, and the
mean of the predicted value, respectively. 7 is the total amount of values.
Table A3. Commonly used metrics for ML water quality classification model evaluation.
Metrics Equation
Accgrfnlcy Accuracy = 1INt FPTEN
Precision Precm;)g = @ -
- __ «-I'recision-sensiuvity
F1-Score Fl-Score = Sensitivity+Precision
True Positive Rate (TPR)/Sensitivity /Recall TPR = 7TPTPFN
True Negative Rate (TNR)/Specificity TNR = WEFP
Notes: TP/TN is true positive/negative, indicating that the true class is classified into a true/false category;
FP/FEN is false positive, representing that the false class is classified into a false/true category.
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