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Sudden shocking load events featuring significant increases in inflow quantities or concentrations of wastewater
treatment plants (WWTPs), are a major threat to the attainment of treated effluents to discharge quality stan-
dards. To aid in real-time decision-making for stable WWTP operations, this study developed a probabilistic deep
learning model that comprises encoder-decoder long short-term memory (LSTM) networks with added capacity
of producing probability predictions, to enhance the robustness of real-time WWTP effluent quality prediction
under such events. The developed probabilistic encoder-decoder LSTM (P-ED-LSTM) model was tested in an
actual WWTP, where bihourly effluent quality prediction of total nitrogen was performed and compared with
classical deep learning models, including LSTM, gated recurrent unit (GRU) and Transformer. It was found that
under shocking load events, the P-ED-LSTM could achieve a 49.7% improvement in prediction accuracy for
bihourly real-time predictions of effluent concentration compared to the LSTM, GRU, and Transformer. A higher
quantile of the probability data from the P-ED-LSTM model output, indicated a prediction value more approx-
imate to real effluent quality. The P-ED-LSTM model also exhibited higher predictive power for the next multiple
time steps with shocking load scenarios. It captured approximately 90% of the actual over-limit discharges up to
6 hours ahead, significantly outperforming other deep learning models. Therefore, the P-ED-LSTM model, with
its robust adaptability to significant fluctuations, has the potential for broader applications across WWTPs with
different processes, as well as providing strategies for wastewater system regulation under emergency conditions.

1. Introduction

Worldwide, the operations of WWTPs are challenged by abnormal
events arising from sudden significant increases in WWTP inflow
quantities and concentration, which may lead to over-limit concentra-
tion of WWTP effluent discharge (Karamnia et al., 2024). Reliable
early-warning of the WWTP effluent concentration in response to high
variability in WWTP inflow rate and concentration, is the basis for
regulatory changes in sewer network and WWTP operations, for
example, temporary operating down of the WWTP or reduction of
WWTP inflow rate. To address this challenge, a robust and accurate
prediction of WWTP effluent water quality is of great importance to aid
in real-time decision-making for stable WWTP operations.

In the past years, with the development of artificial intelligence,
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machine learning has emerged as a promising tool for addressing com-
plex non-linear problems in real-world applications (Huang et al., 2021;
Zhong et al., 2021; Zhu et al., 2022). Traditional machine learning al-
gorithms including artificial neural networks (ANNs) (Cimen Mesutoglu
and Gok, 2024; Maurya et al., 2021; Mjalli et al., 2007; Xie et al., 2022),
support vector regression (Guo et al.,, 2015; Nourani et al., 2021),
extreme gradient boosting (Ching et al., 2022; Li et al., 2024), random
forest (Manav-Demir et al., 2024; Sharafati et al., 2020), and perturba-
tion theory machine learning (Badran et al., 2019; Ocampo-Perez et al.,
2016), have been used for monitoring the operation of the wastewater
treatment facilities. Application scenarios concerned the prediction of
pollutant removal and management performance of a variety of phys-
ical, chemical, and biological treatment technologies, as well as effluent
quality prediction in actual WWTPs for their real-time early-warning
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and supervision.

Besides the above models, with advancements in algorithms, re-
searchers continue to propose machine learning approaches with
stronger nonlinear mapping ability. Especially, the emergence of deep
learning approaches is receiving increased attention (Huang et al.,
2023). Some deep learning models such as convolutional neural net-
works (CNN) (Hu et al., 2024), long short-term memory (LSTM) (Li
et al., 2023a; Liu et al., 2021; Zhang et al., 2023), gated recurrent unit
(GRU) (Cheng et al., 2020; Jiang et al., 2021; Yan et al., 2023), temporal
convolutional networks (TCN) (Li et al., 2023b), and Transformer
(Chang et al., 2024), have been employed in WWTP operation man-
agement. Apart from the stand-alone deep learning models, hybrid deep
learning models such as CNN-LSTM and TCN-LSTM, have also been
employed in WWTP influent mass loading or effluent water quality
prediction, aiding in real-time management strategies (Wang et al.,
2019; Xie et al., 2024). Generally, deep learning models with enhanced
neural network structure can bring a stronger ability to extract and
memorize data characteristics, thus offering higher prediction accuracy
than the traditional machine learning models, especially for the
real-time predictions in actual WWTPs with complex operation
scenarios.

However, these machine learning models for sewage treatment
processes are primarily built upon a modeling framework to fully
memorize and interpolate pre-set or prior knowledge. Under unpre-
dicted influent shocking load events that may be beyond this prior
knowledge, the prediction accuracy of these models would be under-
mined due to their deficiency in extrapolating the prior knowledge to
future predictions with large uncertainty (Alvi et al., 2023). To address
this challenge, recent methods for probabilistic modeling have emerged,
offering probability distributions instead of deterministic values to
assess uncertainties (Suresh et al., 2022, Zhang et al., 2022, Zheng and
Zhang, 2024). However, these studies did not concern the use of prob-
abilistic models in unpredicted extreme cases with large uncertainty (i.
e., shocking load events in this case). A robust probability modeling is
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still anticipated to improve the prediction accuracy under shocking load
events (Jaffari et al., 2024; Kim et al., 2019).

Currently, in WWTP operations, total nitrogen (TN) is the most
challenging indicator for the attainment of prescribed effluent quality
standards (Sadri Moghaddam and Mesghali, 2023; Wang et al., 2017).
Excessive discharge of TN into surface waters may cause severe harm to
the aquatic environment and human health (e.g., methemoglobinemia)
(Suresh et al., 2023). Due to the complicated interactions of WWTP
influent and operational parameters, effluent TN concentration would
fluctuate considerably under shocking load scenarios, making its accu-
rate predictions more difficult.

Motivated by above challenges, this study developed a novel prob-
abilistic encoder-decoder LSTM (P-ED-LSTM) modeling framework to
enhance the WWTP effluent quality prediction. We explored the
robustness of the proposed model and compared it with the classical
deep learning models in an actual WWTP, where influent shocking load
events once occurred.

2. Results and discussions

2.1. Comparison of the performance between the P-ED-LSTM model and
other deep learning models

The performance of the developed P-ED-LSTM model (see Section
4.1) was compared with those of the classical deep learning models
including the traditional LSTM, GRU, and Transformer models (Sup-
porting Information S2-S4). For the whole dataset (i.e., the data from
July 1, 2022 to June 30, 2023), comparisons of the predicted effluent TN
accuracies among the four deep learning models are demonstrated in
Fig. 1 and Table 1~Table 2, which are based on 2 h ahead (i.e., one time-
step ahead) prediction. Additional information for the effluent quality
prediction was provided in the Supporting Information S5, highlighting
that the following discussions are universal for effluent quality predic-
tion of different parameters.
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Fig. 1. Comparison of time-series predictions between the P-ED-LSTM model and the other deep learning models of (a) LSTM, (b) GRU, and (c) Transformer model.
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Specifically, Fig. 1 offers comparisons of time-series predictions be-
tween the P-ED-LSTM model and the other models, for both the training
and test dataset. Tables 1 and 2 quantify the modeling performance
using four metric indicators of mean absolute percentage error (MAPE),
mean absolute error (MAE), root mean square error (RMSE), and coef-
ficient of determination (R2), as explained in Eqs. (6)-(9). For the P-ED-
LSTM model, prediction accuracy under 50% quantile estimate is pro-
vided in this Table. Theoretically, the lower MAPE, MAE, and RMSE, and
the higher R? throughout the data groups, are indications of the mod-
eling’s robustness.

Fig. 1 and Table 1 show that for the training dataset, the performance
of the developed P-ED-LSTM model is close to that of LSTM model.
However, if assessing by the test dataset, the P-ED-LSTM model out-
performs the LSTM model. Clearly, this demonstrates that the P-ED-
LSTM model can circumvent the overfitting problem of LSTM model.
Fig. 1 and Table 1 also show the P-ED-LSTM model outperform the GRU
and Transformer model for both training and test dataset. Table 2
further compares the performances of different models for the test
dataset under influent shocking loads and other WWTP operation sce-
narios, respectively. It reveals that the improvement in prediction ac-
curacy with the P-ED-LSTM model is due to better agreement for total
observations instead of partial observations in test dataset. Recent
studies (Liu et al., 2023; Lv et al., 2024; Yang et al., 2022) reported the
effluent TN prediction in actual WWTPs; however, the WWTP effluent
TN concentrations were not beyond the prescribed discharge standard,
and no exceptional cases such as over-limit discharges were included in
modeling prediction. By contrast, our proposed model has a robust
prediction for a wide range of effluent quality including the potential
over-limit discharge due to influent shocking load.

Advantage of the P-ED-LSTM model over the other three deep
learning models, can be firstly explained by designed encoder-decoder
learning structure of the developed model (see Fig. 5). By introducing
this novel structure, the P-ED-LSTM model excels at capturing complex
time-series data relationships. The encoder processes the input data
sequence, emitting contextual information that represents global his-
torical trends and dependencies, while the decoder utilizes this
contextual information to generate forecasts (Kao et al., 2020; Wang
etal., 2021). In this way, the P-ED-LSTM model showed higher accuracy
than the LSTM and GRU model. It was noted that similar
encoder-decoder structure was also adopted by the Transformer model.
However, its self-attention mechanism inherently fails to preserve the
temporal order of time series data (i.e., temporal information loss) (Zeng
et al., 2023), which could explain the lower performance of the Trans-
former model compared to the P-ED-LSTM model. Further, by adding
the capability of producing probability predictions, the P-ED-LSTM
model demonstrated its superior performance for real-time effluent
quality prediction under shocking load events, as discussed below.

2.2. Performance enhancement by the P-ED-LSTM model under shocking
load events

2.2.1. Performance enhancement assessment with the metric indicators
Fig. S2 signifies continuous four-day influent shocking loads during
May 27 to May 30, 2023, when the influent concentrations varied within
1.9~2.3 times of the averaged data under other WWTP operation cases.
Correspondingly, the WWTP experienced significant increase in effluent

Table 1
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TN concentration that exceeded the discharge limit (i.e., 15 mg/L ac-
cording to Grade 1-A of China’s GB18918-2002), as seen in the zoomed-
up subplots of Fig. 1. Matching the on-line data collection frequency of 2
h (see Section 2.1), these shocking loads corresponded to 48 cases (i.e.,
96 hours / 2 hours=48 cases), covering 5.5% of the entire test dataset.

Under shocking load events, compared to the classical models that
can only offer definite point prediction, the developed P-ED-LSTM en-
ables the output of prediction range under different confidence intervals
for each time step, which extends the search of predicted data approx-
imate to the real effluent data. In this way, the P-ED-LSTM model can
offer higher generalization ability than the other deep learning models.

Concretely, for the LSTM model, it produced significantly higher
effluent TN concentration than the observed data under shocking load
scenarios (Fig. la). Moreover, its prediction output seemed stable,
failing to capture the real effluent situations with large variations. For
the GRU and Transformer models, they provided lower effluent TN
predictions than the observed data under shocking load events (Fig. 1b
and Fig. 1c), which may fail to identify the potential over-limit dis-
charges due to under-estimated predictions. In contrast, the PED-LSTM
model produced time-varying predictions close to the real effluent sit-
uations, highlighting its performance in capturing highly transient
future trends through full exploration of contextual information with
added likelihood prediction.

Table 2 presents quantitative evidence of improved WWTP effluent
prediction accuracy for shocking load events with the P-ED-LSTM
model. It shows that a higher quantile of the probability data generated
from the P-ED-LSTM model, indicates a predicted value more approxi-
mate to the real effluent quality. R? of the P-ED-LSTM model steadily
increased from 0.598 to 0.803 when the probability data quantile
increased from 5% to 95%. With the 95% quantile estimate, the P-ED-
LSTM model could achieve 49.7%~57.6% higher accuracy than the
LSTM, GRU, and Transformer models, when measured by the MAE,
MAPE, and RMSE. The R? significantly increased by 2.7 times after the
introduction of the P-ED-LSTM model.

2.2.2. Performance enhancement assessment with the Taylor diagram

The Taylor diagram was introduced to measure the overall perfor-
mance of the above deep learning models under shocking load events, as
shown in . This figure shows four model points associated with the P-ED-
LSTM, LSTM, GRU, and Transformer, which were located by the
calculated three metrics of correlation coefficient, standard deviation,
and centered root mean square error (CRMSE) (see Egs. (11)-(14)).
There is also a generalized measurement point in this figure, with cor-
relation coefficient of 1.0, standard deviation of 4.81, and CRMSE of 0,
respectively.

Theoretically, the closer the model point is to the measurement
point, the better the model’s overall performance is. Clearly, the P-ED-
LSTM model corresponded to a model point with the closest distance to
the measurement point. Specifically, the distances between the models
and measurement point were 2.016, 3.473, 3.537, and 3.399 for the P-
ED-LSTM, LSTM, GRU, and Transformer, respectively. Therefore, the
overall performance for the effluent quality prediction under shocking
load events was improved by 40.7%~43.0% after the introduction of the
P-ED-LSTM model.

From a wider perspective, Fig. 2 also reveals the similarities among
the models. Specifically, the narrow angle between the lines in Fig. 2

Metrics of prediction accuracies of the four deep learning models for the whole training and test dataset.

Deep learning models Training dataset

Test dataset

MAE MAPE RMSE R? MAE MAPE RMSE R?
LSTM 0.457 0.057 0.836 0.886 0.954 0.120 1.669 0.679
GRU 0.615 0.080 0.917 0.863 1.050 0.133 1.667 0.679
Transformer 0.670 0.086 1.091 0.806 1.009 0.126 1.597 0.706
P-ED-LSTM (50% quantile) 0.482 0.058 0.811 0.893 0.729 0.091 1.224 0.827




H. Yin et al.

Table 2
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Metrics of prediction accuracies of the four deep learning models for the test dataset under influent shocking load events and other scenarios.

Deep learning models

Dataset under influent shocking load events

Dataset excluding influent shocking load events

MAE MAPE RMSE R? MAE MAPE RMSE R?
LSTM 3.178 0.233 4.192 0.223 0.823 0.113 1.384 0.791
GRU 3.050 0.177 4.406 0.142 0.932 0.130 1.341 0.804
Transformer 2.873 0.171 4.000 0.293 0.899 0.123 1.326 0.808
P-ED-LSTM (5% quantile) 2.379 0.145 3.017 0.598 0.669 0.089 1.115 0.865
P-ED-LSTM (25% quantile) 1.991 0.124 2.652 0.689 0.668 0.089 1.113 0.865
P-ED-LSTM (50% quantile) 1.744 0.110 2.421 0.741 0.669 0.090 1.114 0.865
P-ED-LSTM (75% quantile) 1.515 0.098 2.240 0.778 0.671 0.090 1.116 0.864
P-ED-LSTM (95% quantile) 1.283 0.085 2.110 0.803 0.676 0.091 1.124 0.862
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Fig. 2. The Taylor diagram for assessing the overall performance of the P-ED-
LSTM and other deep learning models under shocking load events. Correlation
coefficient, standard deviation, and CRMSE are marked in this figure.

signifies a positive and close correlation. It shows that the GRU model
exhibits a strong similarity with the Transformer model, which was also
reported by the recent studies from Hou et al. (2024) and Xu et al.
(2023). As aforementioned, both the GRU and Transformer model
feature underestimation of the actual effluent data under shocking load
scenarios (Fig. 1b and Fig. 1c). For the P-ED-LSTM model, it correlates
well with the LSTM model, which can be explained by the fact that the
P-ED-LSTM model is an enhanced LSTM model comprising
encoder-decoder LSTM networks with added capacity of producing
probability predictions, as depicted in Fig. 5. After improving the LSTM
framework, the P-ED-LSTM model offers a robust prediction that
matched well with the high-transient WWTP effluent TN concentration.

2.3. Extending the P-ED-LSTM model to multi-time-step ahead prediction

To further test the robustness and serviceability of the proposed P-
ED-LSTM model, it was also applied to multi-time-step ahead prediction
to provide early-warning decision-making under shocking load events.
For comparison purposes, the early-warning time was set to three cases
of ahead 2 h, 4 h, and 6 h, which matched ahead one, two, and three
prediction time steps. Two levels including no alert and alert were set,
corresponding to effluent TN concentration less than or equal to 15.0
mg/L and greater than 15.0 mg/L, respectively. Alert indicated over-
limit discharge of Grade 1-A standard (China’s GB18918-2002).

Fig. 3 presents the comparison between the actual and predicted
alerts under shocking load scenarios, where the predicted alerts were
given by the P-ED-LSTM (95% quantile output), LSTM, GRU, and
Transformer, respectively. Totally 48 cases were included in this figure
as explained in Section 2.2.1.

With the P-ED-LSTM, the early-warning accuracy (see Eq. (10))
under ahead time of 2 h, 4 h, and 6 h were 93.8%, 91.7%, and 85.4%,
respectively. When employing the models of LSTM, GRU, and Trans-
former, the early-warning accuracy declined obviously. Under ahead

Noalert Alert Noalert Alert Noalert Alert Noalert Alert

Predicted Predicted Predicted Predicted

Fig. 3. Counts of the alerts forecasted by the P-ED-LSTM and other deep
learning models under shocking load events, with early-warning time of (a) 2 h,
(b) 4 h, and (c) 6 h.

prediction time of 2 h, the early-warning accuracy by the LSTM, GRU,
and Transformer were 87.5%, 50%, and 60.4%, respectively. The early-
warning accuracies with the three models sharply declined to 33.3%
~39.6% under ahead prediction time of 4 h~6 h. Specially, when early-
warning time was extended to 6 h, the LSTM, GRU, and Transformer
failed to predict the actual over-limit discharges. By contrast, the
developed P-ED-LSTM model still successfully captured 87.5% of the
actual over-limit discharges (i.e., predicted 28 cases versus actual 32
cases in Fig. 3c), further demonstrating its superior performance in
capturing long-term temporal dependencies with large variations.

2.4. Further understanding the P-ED-LSTM model through SHAP analysis

To further explore the intrinsic mechanism of the proposed model,
SHAP analysis was conducted to understand the contributions of
different input features to the prediction results (Fig. 4). As stated in
Section 4.5.3, a larger SHAP value represents a greater contribution of
the modeling input parameters to the effluent quality. Fig. 4 provides the
calculated importance of each input variable from high to low-ranking
measuring by the SHAP values, which shows effluent and influent pa-
rameters are more influential than the process monitoring parameters.

Furthermore, a decreasing experiment was conducted by removing
influent parameters and process controlling parameters, respectively.
The results of the decreasing experiments are shown in Supporting In-
formation S6. It shows that the WWTP influent parameters are more
influential than process monitoring parameters. This implies that alle-
viating the influent shocking load (e.g., coordinated regulation between
sewer network and WWTP) instead of optimizing WWTP treatment
processes, is the basic measure to assure the stable WWTP operation and
attainment of effluent quality to the discharge standard under extreme
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Fig. 4. Ranking of the importance of model input parameters through
SHAP analysis.

situations.

3. Conclusions

The designed P-ED-LSTM model with its encoder-decoder structure
can capture the intricate relationship of the time-series data. Addition-
ally, the P-ED-LSTM model’s capability of producing probability pre-
dictions significantly enhances its capability to extrapolate prior
knowledge to extreme scenarios, particularly under influent shocking
load events.

Both the metric indicators and the early-warning accuracy rates for
the over-limit discharges demonstrate that the P-ED-LSTM is superior to
the LSTM, GRU, and Transformer. The P-ED-LSTM model achieved a
49.7% improvement in prediction accuracy for bihourly predictions of
WWTP effluent TN concentration compared to the other models. Also,
the P-ED-LSTM model captured approximately 90% of the actual over-
limit discharges up to 6 hours ahead, significantly outperforming the
other deep learning models.

However, as limited data for shocking load events were available in
this study, the P-ED-LSTM model can be further tested with more
shocking load cases in different WWTPs. Additionally, the current P-ED-
LSTM model does not incorporate an optimal control module for mini-
mizing energy consumption while ensuring compliance with effluent
standards. Therefore, in the future, the PED-LSTM model can be inte-
grated with optimal control algorithms to further optimize WWTP
regulation under emergency conditions.

4. Materials and methods
4.1. Development of the P-ED-LSTM model

The developed novel deep learning model comprising encoder-
decoder LSTM networks with added capacity of producing probability
predictions (i.e., P-ED-LSTM model) was proposed for WWTP effluent
TN prediction under shocking load events. In detail, the structure of the
P-ED-LSTM model is illustrated in Fig. 5, which consists of input layer,
LSTM layer, dense layer, probability model layer, and output layer in
turn. The model was developed with the open-source deep-learning
framework of PyTorch in Python 3.7.

In Fig. 5a, the data input into the model for WWTP effluent quality
prediction comprises historical time-series information of WWTP
influent parameters and process monitoring parameters. In this case, the
WWTP influent parameters include lifting pump inflow, influent water
quality data for COD, ammonia (NHs-N), total phosphorus (TP), and TN;
the WWTP process monitoring parameters include two oxida-
tion-reduction potential (ORP) meters in pre-anoxic tanks, two dis-
solved oxygen (DO) meters, and two turbidity meters in aerobic tanks.

Currently, the on-line instruments at the WWTP outlet are
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mandatory for real-time monitoring of effluent water quality. Consid-
ering the historical on-line effluent quality data are easily available, the
model input also incorporates historical effluent TN data to capture
temporal dependencies among the effluent data sets and then enhances
the inference of future effluent quality trends.

Specifically, the data input is arranged by a method of sliding win-
dow, with which the model output at the time t corresponds to the
sequential data input from the previous time periods of t — I x k to t — k.
In this case, k is the prediction time interval which is set to 2 hours that
matches the online data collection frequency for the studied WWTP. [ is
set to a value of 13 so as to match the hydraulic retention time of 26
hours for the studied WWTP (i.e., [ x k = 26 hours). Hence, the model
output at prediction time t is associated with the input of previous time
periods from t— 26 to t— 2, which corresponds to the input data
sequence from i — 13 to i — 1 denoted by matrix X; in Fig. 5a.

The WWTP effluent TN water quality is predicted following the steps
below.

(1) The acquired WWTP data are divided into a training dataset and a
test dataset. With the data input described above, an encoder-decoder
architecture in combination with the LSTM network (see Supporting
Information S2 for more details) is designed to establish a learning
model that can capture the intricate relationship of the time-series data.
The architecture comprises an encoder, a state vector, and a decoder (see
Fig. 5b).

Specifically, at prediction time t, the encoder reads the input data
sequence from i — 13 to i — 2 (corresponding to the historical time pe-
riods from t — 26 to t — 4) and converts it into a fixed-length vector with
a hidden cell. The decoder then uses this fixed length vector along with
the data sequence of i — 1 (corresponding to the previous time at t — 2),
to produce the hidden state h;.

(2) The dense layer further processes the hidden state h; to calculate
the mean value y and standard deviation value ¢ following the mathe-
matical expressions below:

#=wuhi +b, W
o = log(1+ exp(w,h; +b,)) 2

where w, and b, are the weight and bias of the dense layer, respectively.

(3) With the determined y and o, in the mode training stage, a
Gaussian likelihood function is produced in the probability model layer
based on the following expression:

2
1 ‘meas,i —
p (}’meas,iw, (7) = (270%) 72exp( - (}'262[4)) 3)
where ymeas; is measured effluent TN of the data sequence i (corre-
sponding to the time at t) of the training datasets.
Then, the modeling parameters are determined by minimizing the
loss function L of log-likelihood form that is described below:

L=— an: logp (ymeas_iw, 0) “@

where n is the number of predicted data series. In this way, the model is
optimally tuned and the model training is finished.

(4) After the model training, the test dataset is used as input to
further verify the developed model. In this stage, a probabilistic forecast
Ypred,i is produced following the Gaussian distribution in the probability
model layer, and accordingly consistent quantile estimates for all sub-
ranges in the predicted horizon can be provided in the output layer
(see Fig. 5b).

In more detail, the hyperparameters for model running include one
LSTM layer with 320 neurons and a dropout rate of 0.5. The model
training is performed based on the Adam optimizer, and the learning
rate is set as 0.005. The model runs for 100 epochs with a batch size of
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Fig. 5. Design of the P-ED-LSTM model for WWTP effluent prediction. (a) The sampling strategy using the sliding window method. (b) The framework of the
probabilistic model. h; and c; are the hidden state and internal state; sig and tanh represent the sigmoid and hyperbolic tangent activation functions; f;, i;, and o; are

the forget, input, and output gates, respectively.

32, and a patience setting of 20 for early stopping to mitigate overfitting.

4.2. The deep learning models for comparison: LSTM, GRU, and
transformer

LSTM is a modified version of recurrent neural network (RNN) ar-
chitecture for time-series predictions (Van Houdt et al., 2020). It consists
of multiple memory cells with the hidden state and the cell state in each
of the cell. The hidden state is responsible for short-term memory, and
the cell state has the capacity for long-term memory. In addition, each
memory cell consists of three internal gates (i.e., forget, input, and
output gates), which process the information by determining which in-
formation needs to be removed or saved in the cell for learning
long-term temporal dependencies. A more detailed introduction to
LSTM is provided in Supporting Information S2.

GRU is another modified version of RNN for time-series predictions
(Cho et al., 2014; Chung et al., 2014). It simplifies the LSTM structure by
combining the forget and input gates into a single update gate, and
meanwhile merging the cell state and hidden state. GRU contains only
two gates: the reset gate and the update gate. The reset gate controls how
much of the past data should be forgotten, and how new input infor-
mation is combined with the previous memory; the update gate regu-
lates the balance between input and forgetting, thereby establishing
long-term relationships for future prediction (see Supporting Informa-
tion S3).

Transformer is a deep learning model relying on "self-attention" to
compute representations of its input and output without using sequence-
aligned RNNs (Vaswani et al., 2017). It consists of an encoder and a
decoder with several Transformer blocks of the same architecture. The
encoder generates encodings of inputs, and the decoder takes all the
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encodings and uses their incorporated contextual information to
generate the output sequence for future prediction (see Supporting In-
formation S4).

The datasets for training and testing the three deep learning models
are identical to those for the developed P-ED-LSTM model, with the data
input of 12 online parameters (see Fig. 5a) and prediction output of
WWTP effluent TN concentration at future time.

4.3. Data source

Data used to develop models for predicting effluent water quality
were obtained from a WWTP in China, as seen in Supporting Information
S1. Specifically, the bi-hourly data during the period of July 1, 2022 to
June 30, 2023 were collected, matching the on-line data frequency of
two hours (see Fig. S1). Statistics of WWTP influent and effluent data
during this period are presented in Table S1.

Both Fig. S1 and Table S1 show that the recorded WWTP influent
data varied considerably in terms of both water quantity and water
quality. In more information, inflow rates of this WWTP fluctuated
widely from 12.1 to 150 m®3/h with an average flow rate of 66.8 m>/h
and a coefficient of variation (CV) of 0.20. The CV of influent COD, NH3-
N, TP, and TN concentrations ranged between 0.30 and 0.53, demon-
strating even higher values and associated variability compared to that
of the inflow rates.

In response to influent characteristics, effluent TN concentration of
the WWTP also varied substantially within the data period. Effluent TN
fluctuated obviously between 1.44 and 25.0 mg/L, with a CV of 0.30.
For this WWTP, the treated effluent should comply with China’s Grade
1-A discharge standard for municipal WWTP (GB18918-2002). Ac-
cording to the standard, the discharge limit of effluent TN concentration
is set to 15 mg/L. However, as seen in Table S1, there were observations
exceeding this discharge limit, and the highest TN effluent concentration
was up to 1.7 times the prescribed discharge limit due to sudden influent
shocking load events.

4.4. Data processing

4.4.1. Data splitting

As aforementioned, the entire dataset was divided into two subsets,
namely training and test datasets. Generally, the performance of ma-
chine learning models increases by feeding more data for the training
stage than the test stage. Zhang et al. (2019) showed that a stronger
capability and robustness in prediction and extrapolation could be
offered when using 70~89% of the whole data for training. Zhu et al.
(2023) suggested a data percentage cut with the proportion of test data
ranging between 10%~40%. With these experiences, in our case, the
first 80% of the whole time-series datasets were used for training, and
the remaining 20% of the whole datasets were employed for testing
purposes. In detail, for the data collected during the period of July 1,
2022 to June 30, 2023 (see Fig. S2), the first 3504 sets of data and the
rest 876 sets of data were extracted for training and test of the deep
learning models, respectively.

4.4.2. Data normalization

As the magnitude of online data varied obviously among influent,
effluent, and treatment process monitoring parameters, the acquired
online datasets were pre-normalized prior to their employment for
model training and testing. The normalization was performed with the
standard deviation normalization method that follows the equation
below (Singh and Singh, 2020):

B xi—J_C
X =
Xsd

(5)

where x' is the normalized data; x is the measured data; X is the mean
value of the measured data, and x,q is the standard deviation of the
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measured data.

4.5. Inspection index

4.5.1. Metric indicators
The metric indicators of MAPE, MAE, RMSE, and R? are calculated
according to the mathematical expressions below (Tofallis, 2015):

1 n
MAE = > ‘ypred.i — Vimeas. ©
i=1
MAPE — 1 i Yoredi — Ymeasi ”
n i=1 Ymeas,i
1 2
RMSE =, |— Z <y1>red,i fymeas,i> @)
n i=1
2
Z?:l (.)'pred.,i - _ymeas.i)
e ©

Z?:l (j,meas - .ymeas,i) ’

where n is the number of predicted time-series data in the training or test
dataset; ypreq; is the predicted time series of the WWTP effluent quality
data (effluent TN concentration in this case), and ymeas; is the measured
time series of the WWTP effluent quality data; ¥meas is the average of
Ymeas OVer the n data.

The larger the R? and the smaller the MAPE, MAE, and RMSE, the
closer the predicted value is to the measured value. A value of 1 for R?
and 0 for MAPE, MAE, and RMSE indicates the highest accuracy. In this
way, these metrics offer a quantitative measurement of the models’
accuracy to determine the deep learning model with the best
performance.

In addition, the early-warning accuracy is introduced to measure the
model’s reliability for successful predictions of alert and no alert cases
under ahead time, which is quantified using the following formula (Liu
et al., 2022):

b ttm
n

AC 10)

where AC is the early-warning accuracy; t, is the number of successful
predictions for no alert cases which is below the discharge limit; ¢, is the
number of successful predictions for alert cases which is above the
discharge limit; n is the number of total cases.

The bigger the AC in this equation, the higher the model’s reliability
is for early-warning of the cases exceeding the discharge limit.

4.5.2. The Taylor diagram

The Taylor diagram is a method that provides an overall measure-
ment of the performance of the deep learning models
(Zounemat-Kermani et al., 2021). It is characterized by a combination of
three metrics including correlation coefficient, standard deviation, and
CRMSE, which are determined following the mathematical expressions
below:

n

Omeas — % Z (ymeas _ymeas.i)2 (11)
i=1
n

Opred = % Z (ypred __ypred.i>2 (12)
i=1

. %Z?:l (J_’meas *ymeas.,i) <.7pred *}’pred,i)

OmeasOpred

13)
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n

CRMSE = /3™ [ (Fess — Yoot ) (Foes ~ rear) | a4

i=1

where opeas and opreq are the standard deviation of measured and pre-
dicted time-series values, respectively; r is the correlation coefficient
between measured and predicted values; Ypq is the average of predicted
time series yyreq OVer the n data.

With the calculation of the three metrics, the overall performance of
deep learning models is generalized as one definite point (hereinafter
referred to as "model point") in the Taylor diagram. Meanwhile, there is
also a generalized point representing the measurement data series for
effluent water quality (hereinafter referred to as "measurement point").
Hence, the distance between the model point and measurement point
quantifies the performance of the employed deep learning model. The
closer the model point is to the measurement point, the better the
model’s overall performance is.

4.5.3. Model interpretation

The Shapley additive explanation (SHAP) was also employed to
further interpret the behavior of the developed machine learning model
(Lundberg and Lee, 2017; Zhang et al., 2023). It is based on the Shapley
value derived from cooperative game theory, which assigns each feature
(i.e., input parameter) a value to indicate its contribution to the model
output (Li et al., 2022; Wang et al., 2022). The larger the absolute
Shapley value is, the higher the contribution of the feature is. Therefore,
an advantage of the SHAP value is its ability to describe how the model
prediction varies based on changes in the values of the model inputs.
Mathematically, the Shapley value is defined as

M
§&) =00+ 0nZy as)
m=1

where g(2') is the explanation model; ¢, is the expected value of model
prediction, which is equal to mean model prediction at the dataset; M is
the number of all input parameters; ¢,, is the Shapley value of input
parameter m; 2 € {0,1} is the simplified features with 1 or 0 indicating
whether a model feature is present or absent when computing the
Shapley value.
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