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Abstract

Short-term wastewater flow forecasting is essential for pump-station scheduling, influent-
load regulation, and overflow-risk warning in wastewater treatment systems. However,
wastewater flow series often exhibit strong nonlinearity, large-amplitude fluctuations,
and sensitivity to model hyperparameters, which makes accurate real-time prediction
challenging. To address these issues, this study proposes an attention-enhanced hybrid
deep learning framework optimized by an Improved Harris Hawks Optimisation algo-
rithm. The prediction target is the wastewater flow value at the next target time step, and
the model uses only historical wastewater flow observations as input. The framework in-
tegrates a Temporal Convolutional Network to extract local fluctuation and multi-scale
temporal features, a Bidirectional Long Short-Term Memory network to capture contex-
tual dependencies within the historical input window, and a Simple Attention Module to
recalibrate high-dimensional features and emphasize key information. The improved op-
timisation algorithm further enhances hyperparameter search through hybrid initializa-
tion, early-stage differential evolution mutation, stagnation detection with diversity injec-
tion, and late-stage Lévy flight perturbation. Experimental results show that the unopti-
mized Temporal Convolutional Network (TCN)-Bidirectional Long Short-Term Memory
(BiLSTM)-Simple Attention Module (SimAM) model achieved an R? of 0.9697, an RMSE
of 231.1821, and an MAE of 177.5324 on the validation set. After Improved Harris Hawks
Optimization (IHHO) optimization, these values improved to 0.9728, 218.8228, and
161.8777, respectively. Compared with the unoptimized model, Root Mean Square Error
(RMSE) and Mean Absolute Error (MAE) were reduced by approximately 5.35% and
8.82%, respectively, while R? increased by 0.0031. These results indicate that the proposed
framework improves prediction accuracy, stability, and robustness under the tested con-
ditions. It provides a feasible technical solution for short-term wastewater flow forecast-
ing and supports intelligent operation management of wastewater treatment systems.

Keywords: wastewater flow prediction; deep learning; SimAM attention module;
temporal convolutional network; improved Harris hawks optimization; hyperparameter
optimization
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1. Introduction

Short-term wastewater flow forecasting is important for the stable operation of
wastewater treatment systems, pump-station scheduling, sewer-network load allocation,
and overflow-risk warning [1]. Accurate forecasting can also support refined process man-
agement and real-time operational decision-making [2]. However, wastewater flow series
commonly exhibit strong nonlinearity, abrupt peak—valley variations, random disturb-
ances, and multi-scale temporal dependencies. Consequently, existing forecasting meth-
ods may encounter difficulties in jointly extracting local fluctuations, modelling temporal
dependencies, maintaining robustness, and selecting appropriate hyperparameters [3].

Existing wastewater flow forecasting methods can generally be divided into three
categories: traditional statistical methods, machine-learning methods, and deep-learning
methods. Statistical approaches, including Autoregressive Integrated Moving Average
(ARIMA) [4], autoregressive models [5], and Holt-Winters methods [6], are commonly
used as baseline models because of their simple structures, low parameter requirements,
and strong interpretability; however, their dependence on predefined linear or stationary
relationships limits their ability to represent strong nonlinearities, abrupt fluctuations,
and random disturbances. Do et al. [7] applied Seasonal Autoregressive Integrated Mov-
ing Average (SARIMA) to influent-flow forecasting at a wastewater treatment plant and
showed that it could effectively capture trend and seasonal patterns, although its adapta-
bility remained limited under highly nonlinear conditions. Giberti et al. [8] reported that
autoregressive models are easy to implement and interpret, but their prediction accuracy
may deteriorate for long time series and complex operating conditions. Ye et al. [9] further
demonstrated that ARIMA-Markov and related hybrid models perform well in short-
term and small-sample forecasting, whereas their ability to represent complex nonlinear
relationships and long-range temporal dependencies decreases as the forecasting horizon
increases. To address these limitations, machine-learning methods with stronger nonlin-
ear mapping capabilities have been increasingly applied, including Random Forest [10],
Support Vector Regression [11], K-Nearest Neighbours (KNN) [12], Extreme Gradient Boost-
ing (XGBoost) [13], Categorical Boosting (CatBoost) [14], and Light Gradient Boosting Ma-
chine (LightGBM) [15]. Zhou et al. [1] found that adaptive random forests, adaptive KNN,
and adaptive Multilayer Perceptrons (MLPs) were more responsive to changing influent-
flow patterns, while Al Saleem et al. [16] showed that CatBoost and XGBoost achieved
competitive prediction performance under different weather conditions. These studies
confirm the potential of machine-learning methods in nonlinear and multivariable fore-
casting tasks; nevertheless, their performance often remains dependent on manual feature
engineering, data quality, and consistency between training and application scenarios,
which may limit model interpretability, transferability, and generalisation.

Compared with traditional statistical and machine-learning approaches, deep-learn-
ing models can automatically learn temporal representations from raw sequences and re-
duce dependence on manual feature engineering. Representative models include Long
Short-Term Memory (LSTM), BiLSTM, Convolutional Neural Network (CNN)-LSTM, and
Temporal Convolutional Network (TCN)-LSTM. Huang et al. [17] developed an LSTM-
based wastewater flow forecasting model and showed that deep learning can outperform
conventional statistical methods under complex and dynamic conditions, although its
performance is sensitive to training parameters. Yin et al. [18] similarly reported that
deep-learning models achieve higher forecasting accuracy than autoregressive models
over longer horizons, but their structural complexity and limited interpretability may hin-
der practical application. Ye et al. [9] further investigated hybrid frameworks such as
ARIMA-LSTM-Transformer and confirmed their strong nonlinear representation capabil-
ity, while also identifying high training costs and complex parameter tuning as major lim-
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itations. Moreover, individual deep-learning structures usually emphasise only one as-
pect of temporal information: recurrent networks are effective in modelling sequential de-
pendencies but may smooth sharp local fluctuations, whereas convolution-based net-
works are more suitable for extracting local and multi-scale patterns but may inadequately
capture contextual dependencies. Therefore, further improvements are required in feature
fusion, model complexity, and hyperparameter optimisation to enhance the accuracy and
engineering applicability of wastewater flow forecasting models.

In recent years, integrated modelling has been increasingly adopted to overcome the
limitations of individual forecasting models. Xie et al. [19] proposed a TCN-LSTM frame-
work that combines local feature extraction with temporal dependency modelling and
achieved better performance than individual TCN, LSTM, and Feedforward Neural Net-
work (FFNN) models. Chen et al. [20] integrated signal decomposition, dynamic feature
selection, Principal Component Analysis (PCA), and LSTM-CNN to reduce input redun-
dancy and enhance feature representation, although the resulting workflow increased de-
pendence on preprocessing quality. Cao et al. [21] developed a Graph Convolutional Net-
work (GCN)-CNN-GRU-attention model (CNNGA) framework that combined graph-
based optimisation, convolutional feature extraction, temporal modelling, and attention
mechanisms to improve prediction performance under complex nonlinear conditions. De-
spite these advances, existing hybrid frameworks still exhibit several common limitations.
Multi-module coupling increases structural complexity, computational burden, and sen-
sitivity to data quality and parameter settings, while simple stacking of heterogeneous
modules does not necessarily guarantee effective feature fusion. In addition, the growing
number of coupled parameters may reduce optimisation efficiency and increase the risk
of overfitting and unstable generalisation. Therefore, systematic hyperparameter optimi-
sation is essential for improving the reliability and practical applicability of hybrid fore-
casting models.

Conventional hyperparameter optimisation methods mainly include grid search [22],
random search [23], and Bayesian optimisation [24]. Shams et al. [25] showed that grid
search can identify relatively stable parameter combinations within a predefined search
space, but its computational cost increases rapidly with the number of candidate param-
eters. Ye et al. [26] applied Bayesian optimisation to wastewater-treatment prediction and
reported that it can reduce ineffective evaluations, although its performance remains sen-
sitive to prior assumptions and surrogate-model updates. Ramya et al. [27] found that
random search can obtain competitive solutions with fewer evaluations in some
wastewater-prediction tasks, but its search stability is not always sufficient. Overall, these
methods can improve model performance, yet they remain constrained by high computa-
tional cost, limited search stability, or dependence on search-space and prior settings.
These limitations become more evident in multi-module networks involving discrete and
continuous coupled hyperparameters, motivating the use of intelligent optimisation algo-
rithms with stronger global search and adaptive capabilities.

The integration of intelligent optimization algorithms with multi-module forecasting
models has recently emerged as a promising approach for improving complex time-series
prediction. Feng et al. [28] proposed a TCN-BiGRU/BiLSTM hybrid model based on data
decomposition and an improved dung beetle optimization algorithm for predicting efflu-
ent water quality. Their results showed that, compared with multiple benchmark models,
the proposed method reduced average RMSE and MAE by 35.22-52.41% and 39.38-
55.53%, respectively, while increasing average R? by 2.91-7.55%, thereby demonstrating
strong accuracy and robustness. However, the multi-stage coupling of decomposition,
dual-branch networks, and optimization also increased the complexity of hyperparame-
ters and the maintenance cost. Peng et al. [29] developed a CNN-Improved Sparrow
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Search Algorithm (ISSA)-Bidirectional Gated Recurrent Unit (BiGRU) framework for pa-
rameter prediction and operational optimization in water treatment processes, demon-
strating that the synergy of convolutional feature extraction, bidirectional temporal mod-
elling, and intelligent optimization can improve prediction accuracy and reduce operating
costs by approximately 17.1%. Nevertheless, such methods still rely heavily on frontend
feature organization, optimizer settings, and network coupling strategies, which limit
their practical deployment. Existing studies have also demonstrated the potential of Har-
ris Hawks Optimisation (HHO) for temporal model parameter optimization. For example,
Houssein et al. [30] developed an HHO-SVR model for air-quality forecasting and showed
that HHO-based hyperparameter optimisation could achieve lower MAE and RMSE than
Grey Wolf Optimizer (GWO) and Sparrow Search Algorithm (SSA) on multiple datasets.
More recently, Wang et al. [31] proposed Multi-Strategy Improved (MSI)-HHO by com-
bining an inverted S-shaped escape-energy strategy, Gaussian mutation, and refracted
opposition-based learning to enhance population diversity and balance global exploration
and local exploitation. Although these studies demonstrate the potential of HHO and its
variants, existing improvements mainly focus on modifying individual search operators
or adopting fixed combinations of strategies, with limited consideration of the different
failure modes arising during coupled neural-network hyperparameter optimisation. In
particular, HHO may remain sensitive to the initial population distribution, lose popula-
tion diversity during iteration, and become trapped in local optima in high-dimensional
and strongly coupled search spaces. To address these limitations, this study develops an
IHHO framework that coordinates hybrid population initialization, DE mutation, stagna-
tion-triggered diversity recovery with elite-solution preservation, and Lévy-flight pertur-
bation. This design is intended to improve the coordination of initialization, global explo-
ration, stagnation recovery, and local exploitation for hyperparameter optimisation in
multi-module wastewater flow forecasting models.

In summary, to overcome the limitations of conventional wastewater flow forecast-
ing models in multi-scale feature extraction, long-term dependency modelling, and non-
linear dynamic characterization, this study proposes an IHHO-optimised TCN-BiLSTM-
SimAM model for short-term wastewater flow forecasting. In terms of model architecture,
a TCN first introduces causal dilated convolutions to enlarge the receptive field, thereby
enhancing the ability to capture local fluctuations and multi-scale temporal patterns while
preserving causality [32]. Subsequently, a BILSTM is employed to model temporal de-
pendencies in both forward and backward directions, thereby alleviating information loss
and phase lag caused by unidirectional recurrent structures [33]. Furthermore, the SimAM
is incorporated to adaptively recalibrate the high-dimensional features generated by the
BiLSTM, thereby highlighting critical information at key moments while suppressing re-
dundant noise [34]. To address the increased complexity of hyperparameter tuning in the
integrated architecture, an IHHO algorithm is introduced. Specifically, Latin Hypercube
Sampling (LHS) improves the diversity of the initial population [35], Differential Evolu-
tion (DE) mutation [36] and perturbation mechanisms strengthen global exploration [37],
and Lévy flight perturbation enhances local fine search in the later stage [38]. Experi-
mental results demonstrate that the proposed framework achieves higher prediction ac-
curacy, greater robustness, and better convergence, providing reliable support for
wastewater treatment plant operation scheduling and water volume management. The
main contributions of this study are summarised as follows:

(1) To address the difficulty of simultaneously capturing rapid local fluctuations and
contextual temporal dependencies in short-term wastewater flow series, a TCN-
BiLSTM-SimAM forecasting model is developed. TCN extracts local and multi-scale
temporal patterns from the historical input window, while BiLSTM models contex-
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tual dependencies within the same window. SimAM is further introduced to recali-
brate intermediate features without adding extra trainable layers. This complemen-
tary design is intended to improve the representation of peak-valley transitions,
rapid flow changes, and local disturbances that are particularly important for
wastewater-treatment scheduling and equipment-load management.

(2) To address the inefficient and unstable tuning of coupled hyperparameters in multi-
module forecasting networks, an IHHO-based optimisation strategy is proposed.
LHS and opposition-based learning are used to improve initial population coverage,
DE mutation strengthens global exploration, stagnation-triggered population recon-
struction restores diversity while preserving elite solutions, and Lévy-flight pertur-
bation enhances local refinement. IHHO jointly optimises the main parameters of
TCN, BiLSTM, SimAM, and the learning rate, reducing dependence on manual tun-
ing. Its optimisation performance is evaluated using CEC2017 tests and wastewater-
flow forecasting experiments.

(3) To examine the applicability of the proposed framework under actual wastewater-
treatment operating conditions, experiments are conducted using 5-min flow meas-
urements collected from a wastewater treatment plant in Quanzhou, China. The pro-
posed model is compared with individual, hybrid, attention-based, and optimisa-
tion-based benchmark models, and additional ablation and Gaussian-noise experi-
ments are conducted to assess prediction accuracy and robustness. The results pro-
vide preliminary evidence that the proposed framework can support short-term flow
monitoring and may offer useful decision information for operational scheduling and
equipment-load regulation. Because the dataset was obtained from one plant over a
limited period, broader engineering generalisation still requires validation using
longer-term and multi-site datasets.

2. Hybrid Forecasting Model Based on TCN-BiLSTM-SimAM

This study proposes an integrated TCN-BiLSTM-SimAM forecasting model for uni-
variate wastewater flow prediction. The prediction target is the wastewater flow value at
the next target time step, and the model uses only historical wastewater flow observations
as input. No additional water-quality, hydraulic, or operational variables are included in
the current dataset. The overall architecture is shown in Figure 1. The input is a historical
flow sequence constructed by a sliding window. First, the TCN module maps the original
sequence into a high-dimensional feature space through causal dilated convolutions. This
process helps extract local abrupt changes and multi-scale temporal patterns while avoid-
ing information leakage from future time steps. Then, the extracted features are fed into
the BiLSTM module to model contextual dependencies within the historical input win-
dow. Finally, the SimAM attention module recalibrates temporal-channel features by en-
hancing informative components. The calibrated features are passed through a fully con-
nected layer to generate the final prediction. Overall, the model integrates multi-scale fea-
ture extraction, temporal dependency modelling, and key feature enhancement for short-
term wastewater flow forecasting.

2.1. Temporal Convolutional Network

Within the integrated forecasting framework developed in this study, the TCN serves
as the main feature extraction module. Wastewater flow series usually contain nonstation-
ary fluctuations and multi-scale temporal patterns. These characteristics make feature ex-
traction difficult for conventional sequential models. Compared with RNN-based struc-
tures, TCN can process sequences more efficiently through convolutional operations. By
combining causal convolution and dilated convolution, it extracts both local and long-
range temporal features from the historical flow sequence. These features provide stable
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inputs for the subsequent BILSTM module. The detailed structure of the TCN module is
shown in Figure 2.

BXWX1

Input Tensor

BXWX32 BXWX64 BXWX64 ™ | BXWX2H

NOL
NOL
NOL

g
nis1g
X
=
S
wis
X
=
X
B

i

Wastewater Flow (m*/h)
E g s § EEE 8

‘EERE

Wastewater Flow (m?/h)
s 5 88 3 228288

Input Tensor

Fiow Time Seres

Sampling Time a

Sampling Time

BILSTM Module

TCN Module

Output layer ;
d=4

Hidden layer iR - I, i h.
= Iy I
Bl e
Hidden layer
d=1 ) v e——\ um e
Input layer

Xt Input Layer
SimAM Module
@ga 3D Attention
| Spread
gg ’
c w

W,Lh 4 | -

Fusion

Figure 1. Framework of the TCN-BiLSTM-SimAM Model.
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Figure 2. Structure of the Temporal Convolutional Network (TCN) Module.

The core architecture of the TCN is designed to capture multi-scale historical infor-
mation by expanding the receptive field while strictly adhering to the causality principle
in time-series forecasting. To prevent information leakage from future time steps, the
model employs Causal Convolution. Through asymmetric padding of the input sequence,
it ensures that the convolutional output at time step t depends only on the input at time
step t and the corresponding historical inputs prior to it. To enlarge the effective histori-
cal window without increasing the number of parameters or computational complexity,
the model further introduces the Dilated Convolution mechanism. By inserting intervals
between adjacent sampling points in the convolution kernel, dilated convolution enlarges
the receptive field without substantially increasing the number of parameters. Consider-
ing the 5-min sampling interval and the 24-step input window, the dilation factors were
set to 1, 2, and 4 to capture short-term multi-scale variations within the 120-min historical
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sequence, rather than a complete 24-h cycle. In addition, to address information degrada-
tion in deep networks and accelerate convergence, this study adopts a Residual Connec-
tion structure. Through identity mapping, the input is directly added to the activated out-
put, facilitating cross-layer propagation of the original information and improving train-
ing stability. Through the combined effect of these mechanisms, the TCN can efficiently
extract both local and long-term temporal features from time-series data, thereby provid-
ing robust high-dimensional feature representations for the subsequent BiLSTM and at-
tention modules.

Let the normalized wastewater flow matrix processed by a sliding window be de-

R BxWx1

noted as Xe , where B is the batch size, W is the time-window length, and 1 indi-

cates a univariate feature. For any time step f, the dilated convolution operation in the I-
th layer is defined as:

k-1
x,” :g) fl.xl(f;),t —-d-i>1 (1)

Where x™ denotes the output of the (I - 1)-th layer d is the dilation factor of the current

layer, fe R* is the convolution kernel filter, and k is the kernel size. In the code imple-
mentation, each residual block contains two identical convolutional units. To simplify the
mathematical formulation and improve the readability of the equations, a composite non-
linear transformation function M(-) is defined to represent the normalization and activa-
tion processes after a single convolution:

M (z) = Dropout(c(BN(z))) (2)

where BN(-) denotes Batch Normalization, and O (-) represents the ReLU activation func-
tion. Based on this, the nonlinear transformation mapping F(x) within the residual
block is constructed by two cascaded causal dilated convolution layers, denoted as
Conv, and Conv,:

F(x) =M (Conv, (M (Conv,(x)))) ®)

Finally, the output y of the TCN residual block is computed through the residual
connection as:

y=0(F(x)+T(x)) )

where T'(x) denotes the identity mapping. When the number of input and output chan-

nels is inconsistent, a 1 x 1 convolution is used to project x so that the dimensions match
linearly. After three stacked layers, the high-dimensional feature tensor output by the

TCN module is denoted as H e R®"*®** This tensor fully preserves the temporal di-

mension W while mapping the original data into a 64-dimensional feature space rich in
local contextual information.

2.2. Bidirectional Long Short-Term Memory

Although the TCN exhibits strong local feature extraction and a certain degree of
temporal modelling, its convolutional structure still has limitations in capturing long-
range temporal dependencies for long sequences characterized by complex dynamic be-
haviours. For time-series data such as wastewater flow, which exhibit pronounced non-
linear fluctuations, periodic variations, and long-term dependencies, Recurrent Neural
Networks (RNNs) retain important advantages for temporal memory modelling. On this
basis, this study adopts the Long Short-Term Memory (LSTM) network as the core com-
ponent for temporal modelling and further extends it to a bidirectional structure, namely
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the BiLSTM, to capture contextual dependency information within the sequence more
comprehensively.

LSTM is an improved variant of the traditional RNN architecture. It uses an input
gate, a forget gate, and an output gate to alleviate the vanishing and exploding gradient
problems in long-sequence modelling. Therefore, LSTM is effective in capturing long-
term dependencies. Compared with conventional RNNs, LSTM can selectively retain im-
portant information and discard redundant information, which improves its stability in
time-series forecasting tasks. However, a unidirectional LSTM only models temporal in-
formation in one direction. To obtain richer contextual representations, this study adopts
a BiLSTM architecture. The BiLSTM consists of a forward LSTM and a backward LSTM,
which process the input sequence in opposite directions. It should be noted that the bidi-
rectional operation is performed only within the historical sliding window. The prediction
target is outside this input window, and no observations after the target time are used
during training or testing. Therefore, the BILSTM does not violate the causality require-
ment of time-series forecasting. Through this design, the model can capture contextual
dependencies within the available historical sequence and provide more informative tem-
poral features for the subsequent SimAM module. The detailed structure of the BiLSTM
module is illustrated in Figure 3.
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Figure 3. Structure of the Bidirectional Long Short-Term Memory (BiLSTM) Module.

Let the input to the BILSTM module be the feature sequence generated by the TCN,
denoted by, H"“ =[x,,x,,...,x, ], where W denotes the length of the time window,

X g R® denotes the feature vector at time step ¢, and C represents the feature dimension.

At each time step ¢, the LSTM unit updates its historical memory, incorporates the current
input, and produces the hidden-state output through the forget gate, input gate, and out-
put gate, respectively. The computation process is given as follows:

ff: O-(Wf' [hH’ xz] + bf) ®)
it: O-(W/i'[ht—l’xt]-’_bi) (6)
& = tanh(,:[h_,x,1+b,) 7)
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¢= 1,06, +i0¢, ®)
o=0W,[h_,x]+b,) )
h=0,0tanh(c,) (10)

where © represents the Hadamard product, and W, , W,, W_, W, together with

1

b ¥ b,, b, and b,, denote the corresponding weight matrices and bias terms for each

gate, respectively. In addition, ¢, denotes the cell state, and ht denotes the hidden state.
In the bidirectional structure, the sequence is processed separately by the forward LSTM
and the backward LSTM, yielding the forward hidden state E[ and the backward hidden

state h

. , respectively. Therefore, the bidirectional output at time step ¢ can be expressed

as:

"™ = Concat(h,, h) (11)

(24

where Concat(-) denotes the vector concatenation operation. After bidirectional recur-

rent computation over W time steps, the temporal feature sequence output by the BILSTM
can be written as:

HBiLSTM — [}hBiLSTM’ thiLSTM, s hWBiLSTM] (12)

BiLSTM Wx2H
H eR

where, , H denotes the hidden-state dimension of the unidirectional

LSTM, and the factor 2 indicates the concatenation of bidirectional features. While pre-
serving the original temporal dimension, this output sequence integrates both forward
and backward contextual information, thereby providing a more comprehensive repre-
sentation of the long-term and short-term dynamic dependencies in the wastewater flow
sequence. Subsequently, the output features of the BILSTM are fed into the SimAM atten-
tion module, which further improves the predictive performance of the model by adap-
tively enhancing key temporal features and suppressing redundant information.

2.3. SimAM Attention Module

Although the TCN-BiLSTM module can extract high-dimensional spatiotemporal
features and model both long- and short-term dependencies, the BILSTM's hidden fea-
tures do not contribute equally across different channels and temporal positions in
wastewater flow forecasting tasks. In complex industrial monitoring environments, some
channels may contain redundant information. If these features are directly fed into subse-
quent layers, the model’s ability to focus on critical fluctuation patterns may be weakened.
To address this issue, the SimAM is introduced between the BILSTM and the final regres-
sion layer to assign attention weights across the channels and temporal dimensions adap-
tively. In this way, features that are more discriminative for the forecasting task can be
emphasized, while irrelevant and redundant information is suppressed. The structure of
the SimAM module is illustrated in Figure 4.
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Figure 4. Structure of the Simple Attention Module (SimAM).

The attention mechanism is inspired by the selective attention of human vision, ena-
bling a model to emphasize informative features during high-dimensional information
processing. SE recalibrates channel responses using global pooling and fully connected
layers, whereas CBAM sequentially applies channel and spatial attention through addi-
tional learnable operations. In contrast, SimAM derives three-dimensional attention
weights from an energy function without introducing extra trainable fully connected or
convolutional layers or reducing the feature dimension. In the proposed TCN-BiLSTM-
SimAM model, SimAM recalibrates the feature sequences generated by BiLSTM, strength-
ens features that are more relevant to wastewater-flow forecasting, and attenuates less
informative responses. Its parameter-free attention design limits the additional model
complexity and is therefore suitable for computationally constrained real-time monitoring
applications.

Let the feature tensor output by the BiLSTM module be denoted as

| BILSTM o TR B2 , where B is the batch size, W is the time-window length, and 2H is the

number of channels obtained by concatenating the bidirectional hidden states. The
SimAM computation first performs local energy estimation across the channel and tem-
poral dimensions of the input features to measure the importance of each feature position.
For the c-th channel at the t-th time step, the energy function e, . is defined as:

— (HBILSTM /«l ) + ﬂle%c)(HBILSTM HB[LSTM)Z (13)

BiLSTM
where "€ denotes the feature value of the c-th channel at time step ¢, N(c) denotes

the local temporal neighbourhood within the historical input window, and p. is the mean
feature value of the c-th channel in N(c). The parameter A is a regularization hyperparam-
eter that controls the sensitivity of the SimAM attention weight. A smaller A makes the
attention response more sensitive to local feature changes, whereas a larger produces
smoother attention weights. In this study, A is optimized by IHHO together with other
model hyperparameters.

Subsequently, the energy function is mapped to the attention weight «,

o, =0o(-e,) (14)

where O(-) denotes the Sigmoid activation function, which maps the attention weights
to the interval (0, 1).
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Finally, the attention weights are used to perform element-wise reweighting of the
original BiLSTM features, yielding the calibrated feature tensor:

SimAM  __ BIiLSTM
Ht,c - ar,c'Ht,c (15)

c RBxszH

SimAM . . .
The output tensor H " preserves the same dimensions as the input,

while its feature distribution is adaptively optimized through weighted refinement. It sig-
nificantly enhances the model’s ability to capture key variation patterns in wastewater
flow and provides highly representative input features for the subsequent fully connected
regression layer.

In summary, the proposed TCN-BiLSTM-Sim AM model combines three complemen-
tary functions. The TCN extracts local and multi-scale temporal features. The BiLSTM
captures contextual dependencies within the historical input window. The SimAM mod-
ule enhances informative features. However, this cascaded structure also introduces more
hyperparameters, such as window length, convolution kernel size, hidden units, and
learning rate. These hyperparameters may interact with each other, making the training
process a high-dimensional and nonconvex optimization problem. Manual tuning and
grid search are inefficient in such a large search space. Therefore, an improved HHO al-
gorithm is introduced to optimize key hyperparameters adaptively.

Despite its significant advantages in feature representation, the multi-module cas-
caded architecture of the proposed model also introduces considerable parameter sensi-
tivity. Key hyperparameters, such as the input sequence window length, convolution ker-
nel size, number of hidden units in the BILSTM layer, and learning rate, exhibit complex
interactions and couplings. As a result, the training process becomes a high-dimensional,
nonconveX, and computationally intensive optimization problem. Traditional manual
tuning strategies or grid search methods are often unable to identify the global optimum
in such a large hyperparameter space, which limits the full predictive potential of the
model.

Therefore, to fully exploit the advantages of the TCN-BiLSTM-SimAM integrated
model, it is necessary to introduce an efficient swarm intelligence optimization algorithm
that possesses both strong global search capability and fast convergence. Such an algo-
rithm can enable adaptive, robust, and accurate optimization of key hyperparameters,
thereby ensuring superior performance in complex industrial wastewater flow-forecast-
ing scenarios.

3. Improved Harris Hawks Optimisation

To address the complex optimization problem arising during hyperparameter tuning
of the TCN-BiLSTM-SimAM hybrid model, this study proposes an IHHO algorithm. The
proposed algorithm improves conventional HHO from four aspects. (1) First, a hybrid
initialization strategy combines Latin Hypercube Sampling with opposition-based learn-
ing. This strategy improves the uniformity and coverage of the initial population and en-
hances the quality of initial solutions. (2) Second, an early-stage Differential Evolution
(DE) mutation mechanism is introduced to strengthen global exploration and accelerate
the discovery of promising regions. (3) Third, a stagnation detection and diversity injec-
tion mechanism is used to monitor population stagnation during the search process. By
injecting diversity when stagnation occurs, this mechanism suppresses premature conver-
gence and maintains search activity and stability. (4) Fourth, a late-stage Lévy flight per-
turbation strategy is adopted to reinforce local fine-grained search in promising regions.
It also improves the approximation accuracy to the global optimum. Overall, IHHO
demonstrates clear advantages in hyperparameter optimization accuracy, convergence
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speed, and robustness, and provides efficient optimization support for the TCN-BiLSTM-
SimAM hybrid model.

3.1. Conventional HHO Algorithm

The HHO algorithm is a metaheuristic optimization method that simulates swarm
intelligence. It is inspired by the hunting behaviour of Harris hawks in the wild. By mod-
elling three strategies, encircling prey, spiral attack, and random search, HHO explores
the solution space to find the global optimum.

Specifically, the algorithm treats the current global optimal solution as the prey, de-
noted by X*, while the remaining individuals X update their positions according to the
prey’s location. The position update mechanism mainly includes the following three strat-
egies:

(1) Encircling Prey: the individuals update their positions around the current optimal
solution. The mathematical model is given by:

D=|C-X"()-X () (16)

X(t+)=X"(t)-A-D 17)

where A =2a-r—-a,C=2r,and v € [0, 1] are a random vectors. The convergence factor a
decreases linearly with the number of iterations.

(2) Spiral Attack: This strategy simulates the hawks approaching the prey along a
spiral path, which can be expressed as:

X+ =D"-€" cosQrl)+ X" (1) (18)

where D' =|X" ()~ X(1)-

, b is the spiral constant, and / € [-1, 1].
(3) Search for Prey: when |A| 21, the individuals update their positions according

to a randomly selected individual X to enhance the global exploration capability:

rand 7
D :|C.Xrand_ X(I)| (19)
X(t + 1) = Xrand_ A ’ D (20)

Although HHO has shown advantages in many engineering optimization problems,
it still has limitations in this study. These advantages mainly include its simple mecha-
nism, small number of parameters, and relatively strong global search capability. How-
ever, the hyperparameter optimization problem of the TCN-BiLSTM-SimAM model is
high-dimensional, nonconvex, and strongly coupled. Under this condition, conventional
HHO faces several limitations. These limitations are mainly reflected in four aspects. (1)
First, the quality of population initialization is insufficient. Conventional HHO usually
generates the initial population randomly. This may lead to an uneven distribution of in-
dividuals in the search space and unstable initial solution quality. As a result, the coverage
and effectiveness of the early search stage are reduced, making it difficult to identify
promising regions rapidly. (2) Second, the global exploration capability is limited. Alt-
hough conventional HHO has some exploratory ability in the early search stage, it lacks a
stronger external mutation mechanism. Therefore, the search range may not be suffi-
ciently expanded in complex high-dimensional spaces. (3) Third, conventional HHO lacks
an effective stagnation-handling mechanism. When the population is trapped in a local
optimum or enters global stagnation, it is difficult to restore population diversity in time.
This may cause premature convergence and limit further improvement in optimization
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accuracy. (4) Fourth, the local exploitation capability in the later stage is inadequate. Alt-
hough conventional HHO gradually shifts to local exploitation as the search progresses,
it lacks a targeted fine-grained perturbation mechanism. This restricts its deep search abil-
ity in promising regions and makes it difficult to approximate the global optimum with
high precision.

3.2. Improvement Strategies

To overcome the limitations of the conventional HHO algorithm in terms of popula-
tion initialization quality, global exploration capability, ability to escape from stagnation,
and local fine-grained exploitation, this study proposes improvement strategies from four
perspectives. The underlying principles, specific mechanisms, and mathematical formu-
lations of these strategies are described as follows.

3.2.1. Hybrid Population Initialisation Strategy

To address the limitations of conventional HHO associated with random initializa-
tion, including uneven initial population distribution and strong randomness in the
search process, this study introduces a hybrid population initialization strategy. The pro-
posed strategy combines Latin Hypercube Sampling (LHS) with Opposition-Based Learn-
ing (OBL) and is designed to improve solution-space coverage and initial population di-
versity, thereby providing a broader candidate-solution basis for subsequent iterations.
However, the extent of the resulting diversity improvement was not quantitatively eval-
uated in the present study.

First, to improve the uniformity of the initial population distribution in the search
space, this study employs Latin Hypercube Sampling (LHS) to generate the initial popu-
lation. Let the population size be N, the problem dimension be D, and the value range of
the variable in the j-th dimension be [/b;,ub,]. LHS divides the search interval of each

dimension into N equiprobable subintervals and randomly samples one point from each
subinterval. The initial component of the i-th individual in the j-th dimension can be ex-
pressed as:

I,

+&
X =Ib +T' (Mbj— lbj) (21)

i,j J

where I1 ; is a random permutation of {0, 1, ..., N -1}, and &€~U(0, 1) is a random per-

turbation term. Statistically, this mechanism ensures that the sample points in each di-
mension are uniformly distributed over the entire search space.

Next, to further improve the quality of the population and enhance the exploration
ability in potentially promising regions, an opposition-based learning mechanism is in-

troduced based on LHS initialization. For a generated initial individual, X, its opposite

individual X, is defined as:
X, =lb+ub~X,, 22)

By evaluating the fitness of both the original and the opposite population and retain-
ing the top N individuals with better performance as the initial population, the quality of
the initial solutions can be effectively improved, thereby enhancing the algorithm’s global
exploration capability in the early stage of the search.

3.2.2. Early-Stage DE Mutation Mechanism

To address the limitations of conventional HHO in the early search stage, particularly
its insufficient global exploration capability and the tendency of the population to become
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confined to a limited search range in complex high-dimensional spaces, this study intro-
duces a Differential Evolution (DE) mutation mechanism in the early stage of the algo-
rithm to enhance the population’s global exploration performance.

Specifically, during the early stage of iteration, for the current individual X, three

distinct individuals, X ,{1 , X ,{2 ,and X ,{3 , are randomly selected to construct the differ-

ential mutation vector:
Vifz Xﬁl +F'(X;2 _X,ts) (23)

where F is the differential scaling factor used to control the mutation step size. Subse-
quently, a crossover operation is performed between the mutation vector and the current

individual to generate the candidate individual U] .

r {K’j,y" rand; ;SCR or J=j,unq
i

(24)

X ; otherwise

where CR denotes the crossover probability, and rane,, is a random number in the inter-

val [0, 1], and j , is a randomly selected dimension index used to ensure that the trial

individual has at least one dimension inherited from the mutant vector. If the fitness of
the candidate individual U: is better than that of the current individual, it replaces the
current individual in the next generation. This strategy can significantly expand the search
radius for individuals in the early stage of the search, improve the population’s ability to
escape local regions, and thereby accelerate the discovery of promising regions.

3.2.3. Stagnation Detection and Diversity Injection Mechanism

To address the tendency of conventional HHO to fall into local optima during the
middle stage of iteration due to reduced population diversity, as well as the subsequent
stagnation that may occur in the later search process, this study proposes a stagnation-
detection and diversity-injection mechanism. The core idea of this strategy is to monitor
whether the algorithm achieves meaningful fitness improvement over several consecutive
iterations. When no effective improvement is observed, the current population is likely to
have become excessively concentrated in a certain region. In this case, the search direction
tends to become increasingly uniform. Without timely intervention, the population may
further lose its exploration capability and converge prematurely. Therefore, stagnation
detection is combined with directed perturbation to restore population diversity while
preserving existing high-quality information. This enables the algorithm to escape the at-
traction basin of local optima and continue effective search.

Population diversity reflects the spatial dispersion of candidate solutions. A larger
diversity value indicates that individuals are more widely distributed, which benefits
global exploration, whereas a smaller value indicates population concentration and
stronger local exploitation. Therefore, diversity is not monotonically better when it is
larger or smaller. For an effective diversity-recovery mechanism, the diversity value
should temporarily increase after stagnation is detected, indicating that the reconstructed
individuals expand the search range. It should then gradually decrease as the population
reconverges toward promising regions. This dynamic pattern provides evidence that the
mechanism restores exploration without preventing subsequent convergence [39].

Specifically, at the end of each iteration, the algorithm records the current global best

fitness f (). 1If, over T

wan CONsecutive iterations, the improvement in the global best

fitness remains smaller than the preset threshold &, the algorithm is considered to have
entered a stagnation state. The corresponding criterion can be expressed as:
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VAGETAG I B (25)

where T

" denotes the length of the stagnation detection window, and & is the mini-
mum effective improvement threshold. This criterion helps prevent misjudging the algo-
rithm’s state due to minor fluctuations in fitness, thereby making stagnation detection
more robust.

Once stagnation is detected, directly applying large-scale random reinitialization to
the entire population can quickly restore diversity, but it may severely disrupt the valua-
ble search experience accumulated in the early stage and reduce the stability of algorithm
convergence. To address this issue, this study adopts a diversity recovery strategy based
on local elite preservation and directional injection: only a subset of poorly performing
individuals is perturbed and reconstructed, while elite individuals and their neighbour-

hood structures are retained. Let X

wort denote the poorly performing individuals in the

current population. Then, the positions of the reconstructed individuals are defined as:

X =X +oa-randn(l,D)O(UB-LB) (26)

new best

where X

esr  denotes the current global best individual, & is the perturbation intensity

coefficient, randn(l, D) represents a random vector following the standard normal dis-
tribution, and © denotes element-wise multiplication.

Moreover, UB and LB are the upper and lower bound vectors of the search space,
respectively. This update strategy does not generate new solutions in a completely ran-
dom manner; instead, it uses the current best individual as the centre and injects new
individuals with random directions and controllable magnitudes into its neighbourhood.
In this way, new search directions are introduced while preserving beneficial genetic in-
formation.

Furthermore, to improve the effectiveness of diversity recovery, this study defines
injection intensity as a dynamic variable that reflects the degree of stagnation. When the
stagnation duration is short, only a small perturbation is applied to fine-tune the search
direction. As the stagnation duration increases further, & is appropriately enlarged to
expand the re-exploration range. Its dynamic adjustment can be expressed as:

r(t) = a1+ St @)

stall

where ¢, is the basic perturbation intensity, and C denotes the current accumu-

stall
lated number of stagnation iterations. This design enables the algorithm to maintain mild
correction during slight stagnation, while rapidly expanding the search radius during se-
vere stagnation, thereby improving its ability to escape from stagnation.

From the perspective of search dynamics, this mechanism serves two important func-
tions. On the one hand, the trigger mechanism based on the stagnation criterion ensures
that diversity injection is activated only when necessary, thereby avoiding excessive in-
terference with the normal convergence process. On the other hand, by introducing local
perturbations relative to the current best individual, the algorithm not only ensures that
newly generated individuals retain relatively high feasibility and potential fitness, but
also effectively prevents the population from continuously clustering around a single so-
lution. Through the coordinated effect of stagnation detection and diversity injection,
IHHO can significantly enhance population activity and improve its ability to escape local
optima during the middle search stage, thereby preserving greater potential for subse-
quent fine-grained exploitation.
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3.2.4. Late-Stage Lévy Flight Perturbation Strategy

To address the limitations of conventional HHO in the later search stage, particularly
its insufficient local exploitation capability and inadequate fine-grained search in the
neighbourhood of the optimal solution, this study introduces a Lévy flight perturbation
strategy to enhance the fine search ability of individuals around promising regions. The
basic idea of this strategy is as follows. During the later stage of iteration, the population
gradually converges toward several potentially promising regions. At this stage, the main
task of the algorithm shifts from large-scale global exploration to deep local exploitation
near the optimal solution. If a single fixed-scale update strategy is still used, the search
step may become unsuitable. A step that is too large may cause the search to overshoot
the optimum, whereas a step that is too small may lead to repeated oscillations within a
local region. Lévy flight has a heavy-tailed distribution with many small steps and occa-
sional large jumps. This property helps balance local exploitation and global exploration.
Therefore, it is suitable as a random perturbation strategy in the later stage of the search.

Specifically, during the later stage of the iterative process, a Lévy flight perturbation

is imposed on the current individual position X| . The update rule is defined as:
X=X+ B Law(A) O (Xi- X, (28)

where [ is the step-size control factor, Levy(A) denotes a random variable following
a Lévy distribution, A s the distribution parameter, and X ,’m represents the current

global best individual. This equation indicates that the perturbation direction is related to
the positional difference between the individual and the current best solution, while the
Lévy random step size controls the perturbation magnitude. In this way, the search is
guided toward promising regions while preserving the individual’s non-uniform, non-
Gaussian random exploration within the local neighbourhood.

In practical implementation, the random step size of the Lévy flight is commonly
generated by Mantegna’s method and can be expressed as:

_ga__ty
A0 =B~ (29)

max

where ,30 is the initial step-size coefficient, mec is the maximum number of iterations,

and 7 is the decay exponent. This strategy enables the algorithm to retain a certain de-
gree of jumping capability in the later stage to avoid falling into local suboptimal solu-
tions. As the algorithm approaches termination, the step size gradually decreases, thereby
allowing a finer search in the optimal region.

In addition, given the inherent randomness of Lévy flights, applying the same mag-
nitude of perturbation to all individuals in the later search stage may excessively disturb
those already close to the optimal solution. To address this issue, this study applies Lévy
perturbation only to non-elite individuals or to those whose fitness improves slowly,
while adopting a conservative update strategy for the current elite individuals in order to
balance population stability and search flexibility. In this manner, elite individuals are
responsible for maintaining the convergence direction, whereas non-elite individuals con-
duct supplementary search within the neighbourhood of the optimum. Together, these
two groups promote high-precision optimization in the later stage of the algorithm.

Overall, the late-stage Lévy flight perturbation strategy does not merely introduce
additional randomness. Instead, by combining a heavy-tailed step-size distribution with
a dynamic decay mechanism, it establishes a search pattern during the local exploitation
stage in which small-step refinement serves as the primary mode, with occasional large-
step jumps as a supplementary mechanism. This strategy significantly enhances IHHO's
fine-grained search capability near promising regions, improves the accuracy with which
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the global optimum is approached, and reduces the risk of the algorithm becoming
trapped in minor local depressions during the later search stage. Consequently, IHHO can
further improve the stability and accuracy of the optimization results while maintaining
a favourable convergence rate. The pseudocode of IHHO is presented in Algorithm 1.

Algorithm 1 An Improved Harris Hawks Optimization Algorithm (IHHO)

Require: Population size N, maximum iterations T_max, problem dimension D, search space bounds [LB, UB], objec-
tive function f(-), DE parameters F and CR, stagnation parameters T_stall and d, perturbation parameters aw, ffo, Y q,
and A

Ensure: Global best solution Xvest and its fitness f*

1: //Strategy 1: Hybrid initialization strategy

2: Initialize population X using Latin Hypercube Sampling (LHS).

3: Generate the opposite population X" according to X'ij = 1b;j + ubj — Xi;.

4: Evaluate all individuals and retain the best N solutions as the initial population.

5: Determine the initial global best solution Xbest and fitness £*.

6: Initialize stagnation counter Cstan = 0.

7:Sett=1.

8: while t <= Tmax do

9:  Update the diversity-injection intensity a(t) according to a(t) = ato(1 + Cstant/T'stant).

10:  Update the Lévy step-size coefficient B(t) according to S(t) = fo(1 — t/Tmax)Y.

11: //Strategy 2: Early-stage DE mutation mechanism

12:  fori=1toN do

13 if t/Tmax <= OpE then

14: //Generate a DE trial individual

15: Randomly select three distinct individuals X1, Xt2, and Xt-s3!,
16: Generate the mutation vector Vir = Xtdrth + F-(Xtdr2h — Xt A3}y,

17: Generate the trial individual Ui~ by crossover using CR and jrand.
18: Set Xnew = Ui,

19: else

20: Generate Xnew using the original HHO position-update rule.
21: end if

22: //Strategy 4: Late-stage Lévy flight perturbation strategy

23: if t/Tmax > OLand i € E then

24: Xnew = Xnew + B(t) - Levy(A) O (Xnew = Xbest).

25: end if

26: Xnew = Xnew + ﬁ(t)LeVy(A) O (Xnew - Xbest).
27: Project Xrnew into [LB, UB].

28: Evaluate fnew = f(Xnew).
29: if fnew < f(Xin) then

30: Xirt+ 13 = Xnew.

31: if frew < f* then

32: Xbest = Xnew, £ = fnew.
33: Reset Cstan = 0.

34: end if

35: end if

36: end for

37: //Strategy 3: Global stagnation detection

38:  if the global best fitness is not improved then

39: Cstat = Cstant + 1.

40:  endif

41:  if [£*(t) — £*(t — Tstan) | <O then

42: //Strategy 3: Diversity injection by restricted OBL re-injection
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43:

LB).

44.

45: Reset Cstan = 0.
46:  end if

47:  Sett=t+1.

48: end while
49: return Xpest, f*

Select poorly performing individuals Xworst and reconstruct them by Xnew = Xvest + a(t) - randn(1,D) © (UB -

Re-evaluate these individuals and update Xvest, £*.

3.3. Algorithm Flow

The IHHO algorithm proposed in this study establishes a closed-loop optimization
framework for hyperparameter tuning of the TCN-BiLSTM-SimAM hybrid model by in-
tegrating hybrid population initialization, early-stage DE mutation enhancement, stagna-
tion detection and diversity injection, and late-stage Lévy flight-based fine-tuning. The
overall framework is designed to achieve an effective balance between global exploration
and local exploitation in a high-dimensional, nonconvex search space with strong param-
eter coupling, as illustrated in Figure 5.

y
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Figure 5. Overall Framework of the IHHO-Optimised TCN-BiLSTM-SimAM Model.

First, the key hyperparameters to be optimized and their corresponding search
ranges are determined. In this study, the optimization variables include the convolutional
channel number C and kernel size k the TCN module, the number of hidden units H in
the BiLSTM layer, the hyperparameter 4 of the SimAM module, and the learning rate n
used during model training. For these key parameters, IHHO first adopts a hybrid popu-
lation initialization strategy that combines the stratified sampling property of Latin Hy-
percube Sampling (LHS) with the opposition-based learning mechanism. This strategy
ensures good uniformity and coverage of the initial solutions within the search space, re-
duces the blindness of the early search stage, and provides a high-quality population basis
for subsequent iterations. After entering the iterative optimization stage, the algorithm
uses the validation Root Mean Square Error (Validation RMSE) as the fitness criterion for
evaluating each individual, thereby avoiding overfitting to the training set at the expense
of generalization performance. At the beginning of each generation, IHHO dynamically
adjusts its search strategy according to the current iteration stage. In the early search stage,
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a Differential Evolution (DE) mutation mechanism is introduced to enhance individual
updates. By increasing the differential perturbation amplitude among candidate solu-
tions, the algorithm improves the population’s global exploration capability in the high-
dimensional parameter space, thereby accelerating the discovery of potentially promising
regions. Meanwhile, the algorithm continuously tracks the current global best individual
and the overall fitness distribution of the population to maintain effective guidance to-
ward promising search directions. As iterations proceed, IHHO further monitors the pop-
ulation state using the stagnation detection and diversity injection mechanisms. When no
significant improvement in the best fitness value is observed over several consecutive gen-
erations, this indicates that the algorithm may have become trapped in a local optimum
region or entered a state of global stagnation. In this case, IHHO activates the diversity
injection strategy by applying directed perturbations to, or regenerating, individuals with
poor fitness, thereby restoring the population’s distributional breadth and preventing
premature convergence caused by excessive population aggregation. In this way, the al-
gorithm preserves the current high-quality search information while reactivating explo-
ration toward other potentially promising regions.

In the later search stage, as the population gradually approaches the optimal region,
IHHO further introduces a Lévy flight perturbation strategy to refine individual positions.
By exploiting the heavy-tailed property of the Lévy distribution, which produces a ran-
dom walk pattern dominated by small-step searches with occasional large jumps, the al-
gorithm can achieve higher-resolution local exploitation in the neighbourhood of the op-
timum while avoiding entrapment in minor local depressions. Through this late-stage
fine-tuning mechanism, IHHO significantly improves the accuracy and stability of hy-
perparameter optimization. After the coordinated iteration and deep optimization of
these multi-stage strategies, once the preset maximum number of iterations is reached or
the convergence criterion is satisfied, IHHO outputs the globally optimal hyperparameter
combination that minimizes the validation error and uses it to construct the final TCN-
BiLSTM-SimAM forecasting model. As a result, the model can more fully exploit the local
feature extraction capability of TCN, the bidirectional temporal modelling capability of
BiLSTM, and the key feature enhancement capability of SimAM, while also achieving
higher prediction accuracy and stronger generalization performance in complex
wastewater flow forecasting tasks.

4. Experiments and Analysis
4.1. Experimental Environment

(1) Dataset Description

The dataset used in this study was collected from measured flow records at a
wastewater treatment plant in Quanzhou, China. The sampling interval was 5 min, and a
total of 254 records were obtained, covering the period from 00:00 to 21:00 on 1 April 2024.
These data adequately reflect the operating conditions and daily fluctuation characteris-
tics of the wastewater treatment plant, thereby providing reliable real-world samples for
short-term flow forecasting. In model development, a sliding-window strategy was
adopted for input construction, using historical flow observations from the previous 24
time steps to predict the flow at the next time step. This setting not only captures intraday
periodic variations but also enables the model to learn the dynamic characteristics of
short-term fluctuations and abrupt changes. To ensure the scientific rigour of model train-
ing and its generalization capability, the dataset was split chronologically: 80% of the sam-
ples were used for training, and the remaining 20% for validation to evaluate predictive
performance on unseen data.

(2) Experimental Configuration
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All experiments in this study were conducted in a CPU-based computing environ-
ment without GPU acceleration. Model construction, training, and prediction were imple-
mented in MATLAB R2023b (The MathWorks, Inc., Natick, MA, USA). Given that the data
scale and model complexity considered in this study were within a manageable range, the
CPU environment was sufficient to meet the computational requirements while ensuring
training stability and reproducibility of results. The main hardware and software config-
urations of the experimental platform are summarised in Table 1.

Table 1. Experimental Environment Configuration.

Name Setting
CPU 13th Gen Intel® Core™ i7-13620H
Frequency 2.50 GHz

RAM 16.0 GB
Storage 512 GB

GPU NVIDIA GeForce RTX 4050 Laptop GPU

Operating system Windows 10
MATLAB R2023b (The MathWorks, Inc., Natick, MA,
Software
USA)

(3) Parameter Settings

Table 2 presents the core parameter settings for the TCN and BiLSTM models, the
training process, and the Improved Harris Hawks Optimisation (IHHO) algorithm, in-
cluding the early-stage DE threshold Ope = 0.5Tmax, the stagnation window Tswn = 25, the
fitness-improvement threshold d =1 x 10-'2, and the elite selection ratio q = 20. These set-
tings clarify the triggering conditions of the IHHO improvement strategies and provide a
basis for experimental reproducibility and result analysis.

Table 2. Parameter Setting.

Module Parameter Name Value/Range
TCN Number of TCN Layers 3
TCN Dilation Factor [1, 2, 4]
TCN Kernel Size 2~7 (Optimized by IHHO)
TCN Number of Cir;;'somnon Chan= 1 6-64 (Optimized by THHO)
TCN Padding causal
TCN Activation Function ReLU
BiLSTM Number of Hidden Units 8~64 (Optimized by IHHO)
BiLSTM Output Mode sequence
SimAM attention parameter A 0.5~2.0 (Optimized by IHHO)
SimAM Bias 0.5
SimAM Residual Strength 0.7
Training Optimizer Adam
Training Maximum Number of Iterations 400
. . 1 x 104~1 x 102 (Optimized by
Training Learning Rate THHO)
IHHO Population Size 30
IHHO Maximum Number of Iterations 40
[HHO Number of Cbaotic Map Itera- 5
tions
IHHO Initial DE Mutation Probability 0.6
IHHO DE Crossover Probability 0.9
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IHHO Convergence Factor 2 - (1 - t/Maxlt)
IHHO Jump Adjustment Factor 1+ cos(pi - t/MaxIt)
IHHO Lévy Perturbation Factor (1 - t/MaxIt)*2
IHHO Stagnation Window Tstan 25

IHHO Early-Stage DE Threshold Ope 0.5Tmax
IHHO Fitness Improve;nent Threshold 1 x 10112
IHHO Elite Selection Ratio q 0.2

(4) Evaluation Metrics

To comprehensively and objectively evaluate the performance of each forecasting
model in short-term wastewater flow prediction, this study adopts three commonly used
evaluation metrics: Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and
the coefficient of determination (R?). Among them, MAE and RMSE reflect the absolute
magnitude of prediction errors, while R? measures the model’s ability to explain the vari-
ation trend of the true sequence. Let the ground-truth sequence in the test set be denoted
by {y,}.,, the predicted sequence by, {y,}., and the number of samples by 7. Mean

Absolute Error (MAE) is used to measure the average magnitude of the deviation between
the predicted and true values, and is defined as:

1 & R
MAE =;Z|yi Vi

(30)

Root Mean Square Error (RMSE) is an indicator obtained by averaging the squared
prediction errors and then taking the square root. It is more sensitive to larger prediction
errors and can more prominently reflect model performance under scenarios involving
peak loads or abrupt fluctuations. It is defined as:

RMSE =, /%i(y,- 5 (31)

The coefficient of determination (R?) is used to measure the extent to which the model
explains the variance of the true values, thereby reflecting the goodness of fit of the model.
It is defined as:

R? :l_z;(%‘f’t)z

. 2 (32)
Zi:l ()7,- N )_}')

4.2. Model Validation

To evaluate the convergence stability and generalization capability of the TCN-
BiLSTM-SimAM model for short-term wastewater flow forecasting, the model was
trained for 200 iterations on a one-day wastewater flow dataset collected in Quanzhou,
with a 5-min sampling interval. Meanwhile, the variation in the training loss, measured
by RMSE, was recorded throughout the training process. Figure 6 illustrates the trend in
the training RMSE over iterations.
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Figure 6. Normalized training RMSE over the first 200 training iterations.

As shown in Figure 6, the RMSE curve on the training set reflects the convergence
behaviour of the model during training. Overall, the RMSE exhibits a clear downward
trend as the number of training iterations increases, indicating that the TCN-BiLSTM-
SimAM model continuously optimizes its parameters and improves its fit to the training
samples. In the early stage of training, approximately within the first 50 iterations, the
curve fluctuates markedly, suggesting that the model is actively exploring the parameter
space and rapidly adjusting network weights to adapt to the characteristics of the data.
As training proceeds, the RMSE curve gradually stabilises and eventually remains at a
relatively low level, indicating that the model is approaching convergence with small, sta-
ble fitting errors. Although minor fluctuations are still observed, the overall trend remains
clear, demonstrating that the model can effectively capture the dominant fluctuation pat-
terns and key features of the training data, thereby providing a robust parameter basis for
subsequent validation-set prediction. These results indicate that the proposed TCN-
BiLSTM-SimAM architecture achieves high fitting accuracy and satisfactory convergence
efficiency on the training set, thereby offering reliable support for short-term wastewater
flow forecasting.

As shown in Figure 7, the mean SimAM attention response decreases rapidly from
approximately 0.68 to 0.64 during the early stage and then declines more gradually. After
approximately 100 iterations, the curve exhibits only small fluctuations and gradually sta-
bilises at around 0.625. This trend indicates that the attention response changes markedly
in the initial stage and subsequently approaches a relatively stable level. However, be-
cause the plotted values were obtained by interpolating the attention responses of the final
model rather than by recording the SimAM weights directly during training, the figure
should be interpreted as a smoothed visualisation of the attention-response trend rather
than direct evidence of iteration-wise weight optimisation.
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Figure 7. Interpolated Mean SimAM Attention Response over 200 Iterations.

To visually evaluate the fitting and tracking capability of the TCN-BiLSTM-SimAM
model, Figure 8 compares the predicted and observed wastewater flow values over 46
consecutive validation samples. In the left panel, the blue solid line represents the meas-
ured wastewater flow, while the red solid line represents the model predictions. The right
panel presents the pointwise absolute relative errors, together with the overall L2 relative
error and the mean pointwise relative error, thereby providing both visual and quantita-
tive assessments of the model’s prediction performance.
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Figure 8. Prediction Results and Relative Error Analysis of the TCN-BiLSTM-SimAM Model.

As shown in the left panel of Figure 8, the predicted wastewater flow generally fol-
lows the measured series and reproduces the main peak—valley variation pattern over the
validation period. The model performs particularly well in relatively stable intervals and
captures most short-term increases and decreases. Nevertheless, noticeable deviations re-
main near several abrupt-change points, especially around time steps 11, 28, and 40-42,
indicating that rapid transitions and sharp local fluctuations are more difficult to predict
than stable segments. The right panel of Figure 8 provides a quantitative assessment of
these deviations. The overall L2 relative error is 3.48%, while the mean pointwise absolute
relative error is 2.59%. Most pointwise errors remain below 5%, although a few abrupt-
change intervals exhibit larger errors, with the maximum reaching approximately 11%.
These results demonstrate that the TCN-BiLSTM-SimAM model achieves good overall
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agreement with the measured wastewater flow under the tested conditions, while predic-
tion accuracy can still be improved around sudden peaks, troughs, and rapid transition
intervals. Such performance may support short-term wastewater-flow monitoring and
provide useful information for operational scheduling and equipment-load management.

Figure 2 was calculated for both the training and validation sets, as shown in Table
3. The training set was used to assess the model'’s fit on seen samples, whereas the valida-
tion set was used to evaluate its predictive accuracy and stability on unseen samples. In
this study, the model was run 10 times, and the best result on the validation set, together
with the corresponding mean and standard deviation, was reported to reflect the stability
and robustness of model performance and to provide a reliable basis for subsequent anal-
ysis.

Table 3. Performance and Robustness on the Training and Validation Sets.

DATASET MAE RMSE R2
Training Set-Best 188.5473 249.8586 0.9601
Training Set-Mean 196.0141 265.6495 0.9548
Training Set-Standard Deviation 6.4220 8.6347 0.0029
Validation Set-Best 177.5324 231.1821 0.9697
Validation Set-Mean 195.3396 244.7874 0.9660
Validation Set-Standard Deviation 12.0753 10.2953 0.0029

As shown in Table 3, the model achieved an MAE of 188.5473, an RMSE of 249.8586,
and an R? of 0.9601 across 10 independent runs on the training set, indicating that it fits
the training data well and delivers high predictive accuracy and explanatory power. On
the validation set, after 10 independent runs, the best performance metrics were an MAE
of 177.5324, an RMSE of 231.1821, and an R2 of 0.9697. In addition, the mean values over
the 10 runs were 196.0141 for MAE, 265.6495 for RMSE, and 0.9548 for R? on the training
set, while the corresponding standard deviations were 6.4220, 8.6347, and 0.0029, respec-
tively. For the validation set, the mean values over the 10 runs were 195.3396 for MAE,
2447874 for RMSE, and 0.9660 for R?, with corresponding standard deviations of 12.0753,
10.2953, and 0.0029. These results indicate that the model not only achieves excellent pre-
dictive performance on unseen samples but also demonstrates good stability and con-
sistency, with relatively small fluctuations in prediction error. It suggests that the model
is highly adaptable and robust across different data distributions. Even under conditions
of extreme data fluctuations, although prediction accuracy may decline slightly, the over-
all performance remains high, reflecting the model’s reliability and robustness in handling
complex coupled time-series forecasting tasks. These findings further demonstrate that
the proposed model not only possesses strong fitting capability on the training data but
also provides stable, reliable support for wastewater flow forecasting in practical applica-
tions, thereby offering a solid data basis for subsequent decision-making and scheduling.

4.3. Ablation Experiments

To further evaluate the contribution of each key module in the proposed TCN-
BiLSTM-SimAM model to wastewater flow forecasting performance and to demonstrate
the effectiveness of the integrated architecture, module ablation and recombination were
conducted from two perspectives: the feature extraction module (none/CNN/TCN) and
the attention mechanism (none/SimAM). Accordingly, five models were constructed for
comparison, namely LSTM, BiLSTM, CNN-BiLSTM, TCN-BiLSTM, BiLSTM-SimAM and
TCN-BiLSTM-SimAM (the proposed model). The experimental results are summarised in
Figure 8 and Table 4.
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As shown in Figure 9, the prediction curves of all six models generally follow the
measured wastewater flow trend over the 46 validation samples, but their performance
differs across different types of time-series segments. In relatively stable intervals, such as
the low-flow segments around time steps 1-6 and the high-flow plateau around time steps
24-27, most models show good tracking performance because the flow variation is grad-
ual. In contrast, larger deviations occur in peak-flow and abrupt-change segments, such
as the sharp peak near time step 7, the peak region around time steps 12-13, and the rapid
peak-drop process around time steps 32-35. The LSTM and BiLSTM models tend to pro-
duce smoother curves, which makes them more suitable for stable intervals but less effec-
tive in capturing sharp peaks and rapid rising or falling processes. They show underesti-
mated peak amplitudes and slight response delays in several abrupt transition segments.

Prediction Comparison of Five Models for Wastewater Flow
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Figure 9. Prediction Curves of Different Models in the Ablation Study.

Compared with BiLSTM, the BiLSTM-SimAM model shows better fitting near some
local extrema, indicating that the SimAM attention mechanism helps strengthen informa-
tive temporal features. However, because BILSTM-SimAM lacks convolutional temporal
feature extraction, its improvement is still limited in segments with rapid flow changes.
The CNN-BiLSTM model improves local fluctuation representation to some extent, but it
still shows insufficient sensitivity in sharp peak-flow regions. After introducing the TCN
structure, the TCN-BiLSTM model performs better in peak-valley transitions and rising
or falling slopes, especially in medium- and high-flow intervals. Further incorporating
SimAM, the TCN-BiLSTM-SimAM model provides the closest fit near several peaks,
troughs, and turning points, including the abrupt-change regions around time steps 17—
20 and 32-35.

These segment-specific errors may also be affected by external factors not included
in the present univariate dataset. Do et al. [7] showed that wastewater inflow exhibits
seasonal and periodic variations, while Al Saleem et al. [16] reported that weather condi-
tions can alter wastewater-treatment variables. Rainfall may produce rapid wet-weather
peaks, and abnormal discharge events may increase prediction errors near abrupt transi-
tions [1]. In addition, pump operating frequency can change hydrograph attenuation in
pumping mains [40]; therefore, pump schedules and wet-well storage may affect peak
magnitude and timing. Because only single-day flow data from one plant were available,
these effects could not be quantitatively separated. Future work will incorporate meteor-
ological, hydraulic, and operational variables using longer-term, multi-season, and multi-
plant datasets.

https://doi.org/10.3390/w18151846



Water 2026, 18, 1846

26 of 40

Opverall, the results indicate that stable-flow intervals are the easiest to predict for all
models, while sharp peak-flow segments and rapid decline intervals are more challeng-
ing. The proposed TCN-BiLSTM-SimAM model performs better in peak-flow regions, ab-
rupt transition processes, and medium-to-high flow segments, whereas simpler recurrent
models are mainly effective in stable intervals. This suggests that the combined use of
TCN and SimAM improves the model’s ability to represent local extrema and rapid tem-
poral changes.

Table 4. Performance Comparison of Different Ablation Models.

Model MAE RMSE R?
LSTM 221.3816 294.4494 0.9508
BiLSTM 203.9696 247.6103 0.9652
CNN-BiLSTM 202.5703 236.0688 0.9616
TCN-BiLSTM 189.1790 236.9650 0.9681
BiLSTM-SimAM 190.4441 237.8141 0.9623
TCN-BiLSTM-SimAM 177.5324 231.1821 0.9697

According to Table 4, all six models achieved R? values above 0.95 under the tested
conditions. LSTM showed the weakest performance, whereas BiLSTM improved predic-
tion accuracy by using bidirectional temporal information. CNN and TCN further en-
hanced local and multi-scale temporal feature extraction. The TCN-BiLSTM-SimAM
model achieved the best results, with an MAE of 177.5324, RMSE of 231.1821, and R2 of
0.9697. Compared with TCN-BiLSTVM, its MAE and RMSE decreased by 6.16% and 2.44%,
respectively.

Table 5 further compares the two models under different Gaussian noise levels. As
the noise level increased from 10% to 30%, the performance of both models declined.
However, TCN-BiLSTM-SimAM consistently produced lower MAE and RMSE and
higher R2. At the 30% noise level, it reduced MAE and RMSE by 5.18% and 6.22%, respec-
tively, and increased R? from 0.9227 to 0.9315. These results show that SimAM improves
prediction accuracy and maintains better performance under the tested noise conditions.

Table 5. Prediction performance of TCN-BiLSTM and TCN-BiLSTM-SimAM under different noise

levels.

Noise Level Model MAE RMSE R2
10% TCN-BILSTM 190.1722 245.5454 0.9564
TCN-BIiLSTM-SimAM 181.5685 244.8411 0.9613
" TCN-BIiLSTM 202.5277 278.7388 0.9459
20% TCN-BiLSTM-SimAM 200.1139 262.744 0.9508
309 TCN-BILSTM 263.7482 327.7924 0.9227
? TCN-BIiLSTM-SimAM 250.0746 307.3904 0.9315

Table 6 shows that the model is more sensitive to A than to N(c). The lowest RMSE
occurs at A = 0.7, while A = 0.8 gives the lowest MAE and highest R In contrast, the per-
formance differences for N(c) = 24-7 are relatively small. Therefore, N(c) is fixed according
to the input-window structure, whereas A is included in the subsequent IHHO-based hy-
perparameter optimisation.
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Table 6. Sensitivity Analysis of the SimAM Attention Parameter A and Local-Region Diversity Index

N(c) for Wastewater-Flow Prediction.

Model Parameter Value MAE RMSE R?
0.5 189.4485  236.5546 0.9625
1 0.6 197.2141 246.4936 0.9654
0.7 188.5531  235.4586 0.9633
TCN-BiLSTM-SimAM 0.8 187.3125  238.2821 0.9663
24 195.3396  238.7874 0.9625
N(O) 25 194.9963  237.4431 0.9623
26 195.6412  238.6671 0.9631
27 196.3647  238.7741 0.9629

4.4. Comparative Experiments

To further evaluate the effectiveness and superiority of the proposed TCN-BiLSTM-
SimAM model in short-term wastewater flow forecasting, a comprehensive comparison
was conducted against six representative methods, namely CNN-GRU-Multi-Head At-
tention [41], TCN-Self-Attention-BiLSTM [42], GRU-XGBoost [43], CNN-Transformer-
BiLSTM [44], TCN-LSTM-Multi-Head Self-Attention [45], and CNN-BiGRU-Self-Atten-
tion [46]. All models were evaluated under identical conditions, including the same da-
taset, training-validation split strategy, and training parameter settings. The experimental
results are summarised in Figure 9 and Table 5.

As shown in Figure 10, all seven prediction models generally reproduced the main
fluctuation trend of the wastewater flow series over the 46 validation samples, although
their performance varied across different types of time-series segments. In relatively sta-
ble intervals, such as the low-flow segments around time steps 1-5 and the high-flow plat-
eau around time steps 24-27, most models achieved acceptable tracking performance.
Larger differences were observed in peak-flow regions, rapid-decline intervals, and tran-
sition processes, including the sharp peaks around time steps 7, 12, 18-20, 33, and 44, as
well as the subsequent falling stages. CNN-GRU-MHA captured the overall trend reason-
ably well but underestimated several peak values and showed slight response delays dur-
ing rapid increases. TCN-SA-BiLSTM provided relatively stable predictions in medium-
and high-flow intervals, although its estimates near some local extrema were conserva-
tive. GRU-XGBoost produced a comparatively smooth curve, which resulted in attenu-
ated peak amplitudes and insufficient representation of several transition processes.
CNN-Transformer-BiLSTM showed improved tracking of global variations and high-flow
stages, but deviations remained near some sharp peaks and valleys. TCN-LSTM-MHSA
captured the rising and falling slopes effectively, although it underestimated several sharp
peaks. TCN-BiGRU-SA maintained relatively stable predictions in gradual-flow intervals
but showed limited responsiveness in some abrupt-change segments. In comparison,
TCN-BiLSTM-SimAM generally provided the closest agreement with the measured curve
in peak-flow regions, rapid rising and falling stages, and peak-valley transitions, while
also maintaining good performance in stable intervals. Overall, stable-flow intervals were
easier for all models to predict, whereas sharp peaks and rapid declines were more chal-
lenging. Under the tested conditions, TCN-BiLSTM-SimAM achieved the most balanced
performance across these different time-series segments. However, this comparison is
based mainly on visual observations, and segment-specific MAE and RMSE values should
be further calculated to quantitatively evaluate prediction performance in peak, decline,
stable, and transition intervals.
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Figure 10. Prediction Curves of Different Models in the Comparative Study.

According to Table 7, clear differences were observed among the seven models. TCN-
BiLSTM-SimAM achieved the best overall performance, with the lowest MAE of 177.5324,
the lowest RMSE of 231.1821, and the highest R? of 0.9697. CNN-Transformer-BiLSTM
obtained the second-lowest MAE of 180.8540, indicating good control of average predic-
tion error; however, its RMSE of 263.3720 and R? of 0.9210 were notably inferior to those
of the proposed model, suggesting weaker control of large deviations and lower overall
fitting consistency. Compared with CNN-Transformer-BiLSTM, TCN-BiLSTM-SimAM
reduced MAE and RMSE by approximately 1.84% and 12.22%, respectively, while increas-
ing R2 by 0.0487. GRU-XGBoost ranked second in terms of R?, reaching 0.9410, but its MAE
and RMSE remained relatively high at 252.3648 and 322.5698. CNN-GRU-Multi-Head At-
tention and TCN-LSTM-Multi-Head Self-Attention showed moderate performance,
whereas TCN-Self-Attention-BiLSTM and CNN-BiGRU-Self-Attention produced larger
errors, with the latter obtaining the highest MAE and RMSE and the lowest R2. These re-
sults indicate that introducing Transformer, self-attention, or multi-head attention alone
does not necessarily guarantee improved forecasting performance, because the effective-
ness of an attention mechanism depends on its coordination with the temporal feature-
extraction structure. The superior performance of TCN-BiLSTM-SimAM can therefore be
attributed to the complementary roles of TCN in extracting multi-scale temporal patterns,
BiLSTM in modelling contextual dependencies within the historical input window, and
SimAM in enhancing informative feature representations. Overall, this combination pro-
vides more consistent error control and fitting performance for short-term wastewater
flow forecasting under the tested conditions.

Table 7. Performance Comparison of Different Comparative Models.

Model MAE RMSE R2
CNN-GRU-Multi-Head Attention 269.7032 341.1420 0.9318
TCN-Self-Attention-BiLSTM 331.7151 395.4914 0.9113
GRU-XGBoost 252.3648 322.5698 0.9410
CNN-Transformer-BiLSTM 180.8540 263.3720 0.9210
TCN-LSTM-Multi-Head Self-Attention 283.5558 369.0580 0.9227
CNN-BiGRU-Self-Attention 366.7122 463.0933 0.8749
TCN-BiLSTM-SimAM 177.5324 231.1821 0.9697
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4.5. Algorithm Validation

To evaluate the global search capability and stability of the proposed multi-strategy
Improved Harris Hawks Optimisation (IHHO) algorithm for continuous optimisation
problems, experiments were conducted on the CEC2017 benchmark function suite. Eight
representative swarm intelligence algorithms, including SSA, AGA, GWO, WOA, DBO,
ISPSO, AVOA, and HHO, were selected as comparison methods.

(1) CEC2017 Benchmark Functions

The CEC2017 benchmark suite contains various types of test functions with distinct
characteristics, including unimodal, multimodal, hybrid, and composition functions. It
provides a comprehensive platform for evaluating the exploration and exploitation abili-
ties, as well as the resistance to local optima, of optimisation algorithms. In this study, the
10-dimensional CEC2017 benchmark functions were adopted for algorithm comparison,
with the search bounds set to [—100, 100], to assess the robustness and scalability of the
algorithms in complex search spaces. For fairness, all algorithms were evaluated under
the same computational budget and experimental settings, with a population size of 20
and a maximum number of 1000 iterations. Each algorithm was independently executed
30 times to reduce the influence of randomness. The mean and standard deviation of the
final best solutions were used as indicators of optimisation accuracy and stability. The key
parameter settings of the compared algorithms are summarised in Table 8.

Table 8. Core Parameter Settings of Different Intelligent Optimisation Algorithms.

Algorithm Parameter Name Value
Safety Threshold 0.8
SSA Pr9§ucer Rat'io 0.2
Vigilant Ratio 0.1
Velocity Initialization Coefficient 0.3
Initial Gravitational Constant 60
Gravitational Decay Coefficient 30
AGA Final Elite Ratio 5
Distance Norm 2
Distance Power Exponent 1
Convergence Factor 20
GWO Encirclement Step-Size Coefficient [-a, a]
Distance Weight Coefficient [0,2]
Position Fusion Strategy X1+ X2+ X3)/3
Convergence Factor 20
Spiral Auxiliary Factor -1—--2
WOA Encircling Update Coefficient [-a, a]
Distance Weight Coefficient [0, 2]
Spiral Shape Constant 1
Update Strategy Switching Probability [0, 1]
Producer Ratio 0.2
Producer Branch Probability Threshold 0.9
DBO Differential Perturbation Factor 0.3
Guided Perturbation Factor 0.1
Angular Perturbation Range [1°,180°]
Exploration Control Parameter 0.45
Perturbation Step-Size Parameter 0.03
ISPSO o
Exploitation Control Parameter 1.6
Exploration Threshold 0.25
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Temperature Threshold 0.6
Exploration-Stage Branch Probability 0.6
Exploitation Stage I Branch Probability 0.4
AVOA Exploitation Stage II Brancl.1 Probability 0.6
Best-Guidance Weight 0.8
Second-Best Guidance Weight 0.2
Nonlinear Control Exponent 2.5
Random Reset Probability 0.03
HHO Exploitation Pertu.rk?ation Intensity Co- 3
efficient
Threshold Parameter 0.8
Number of Clusters 3
Differential Factor 0.5
Crossover Probability 0.9
Worst-Individual Replacement Ratio 0.25
IHHO Worst-Individual Perturbation Period 15
Stagnation Window 25
Initial DE Mutation Probability 0.6
Dynamic Opposition Trigger Period 10
Lévy Perturbation Trigger Probability 0.3

The validation results of the algorithms are summarised in Table 9, which reports
eight representative CEC2017 benchmark functions, namely F1, F3, F5, F10, F14, F20, F21,
and F28. These functions were selected to present the overall performance trends and rel-

ative competitiveness of the compared algorithms in the 10-dimensional benchmark tests,

while avoiding an excessively large table in the main text. The complete statistical results
for all 30 CEC2017 functions are provided in Table S1.

Table 9. Validation Results of the Optimisation Algorithms.

Test Function  Algorithm Mean Standa.rd Devi-  Friedman Friedman Rank
ation Value

SSA 1.330 x 10%° 2.609 x 10° 8.77 9

AGA 9.711 x 10° 2.949 x 10° 8.10 8

GWO 9.885 x 107 3.911 x 108 4.67 7

WOA 4.426 x 107 9.399 x 107 5.90 6

F1 DBO 3.414 x 10° 3.663 x 10° 7.07 3
ISPSO 1.153 = 105 6.048 x 10* 4.50 4

AVOA 3.044 x 10° 2.963 x 10° 2.43 5

HHO 2.670 x 10° 3.114 x 10° 2.10 2

IHHO 9.666 x 102 1.187 x 103 1.47 1

SSA 1.118 x 104 1.305 x 10° 7.87 8

AGA 1.657 x 104 4.500 = 10° 8.83 9

GWO 3.526 x 10° 2.520 x 10° 5.17 7

WOA 4.878 x 10° 4.663 x 10° 5.63 3

F3 DBO 3.987 x 10° 2.182 x 10° 5.63 4
ISPSO 5.480 x 10° 3.537 x 10° 5.87 5

AVOA 3.343 x 102 3.979 x 10° 2.77 6

HHO 3.000 x 102 6.078 x 1073 1.17 1

IHHO 3.010 x 102 2.947 x 10° 2.07 2

SSA 6.117 x 102 1.428 x 101 8.43 9

F5 AGA 6.150 = 102 2.297 x 101 8.50 3
GWO 5.192 x 102 7.342 x 100 2.23 6

WOA 5.528 x 102 2.189 x 10! 5.83 8
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DBO 5.530 x 10? 1.232 x 10* 6.13 7

ISPSO 5.317 x 102 1.323 x 101 3.77 4

AVOA 5.404 x 102 1.496 = 101 4.60 5

HHO 5.356 x 10? 1.374 x 10* 4.20 1

IHHO 5.111 x 102 5.018 x 10° 1.30 2

SSA 3.095 x 10° 1.622 x 102 8.63 9

AGA 2.938 x 103 3.064 x 102 8.27 3

GWO 1.699 x 103 3.414 x 102 2.80 6

WOA 2.183 x 103 3.112 x 10? 5.27 7

F10 DBO 2.279 x 103 2.310 x 10? 6.00 8
ISPSO 1.752 x 103 1.868 x 102 3.10 4

AVOA 1.982 x 10° 3.446 x 102 4.03 5

HHO 2.001 x 103 2.938 x 102 4.57 2

IHHO 1.618 x 103 2.638 x 102 2.33 1

SSA 3.937 x 10* 8.698 x 10* 8.37 9

AGA 4.827 x 10° 1.813 x 10° 7.87 8

GWO 3.838 x 103 1.964 x 103 5.93 6

WOA 2.817 x 103 1.628 x 10° 5.43 5

F14 DBO 2.388 x 103 2.567 x 103 4.77 7
ISPSO 1.964 x 103 1.106 x 103 4.17 4

AVOA 3.081 x 103 2.958 x 103 523 3

HHO 1.470 x 10° 2.633 x 101 2.00 2

IHHO 1.446 x 103 2.580 x 10! 1.23 1

SSA 2.268 x 103 2.710 x 10! 8.00 9

AGA 2.329 x 103 9.173 x 10! 8.43 8

GWO 2.108 x 103 4.985 x 10! 4.17 3

WOA 2.208 x 103 8.687 x 10! 6.30 6

F20 DBO 2.127 x 103 6.134 x 101 4.43 4
ISPSO 2.124 x 103 9.199 x 101 4.33 7

AVOA 2.135 x 103 5.981 x 10! 4.70 4

HHO 2.101 x 103 5.285 x 10! 3.63 1

IHHO 2.018 x 103 1.172 x 101 1.00 2

SSA 2.392 x 103 4.610 x 10! 7.67 5

AGA 2421 x 103 4.167 x 10! 8.50 8

GWO 2.317 x 103 7.111 x 10° 4.57 7

WOA 2.339 x 103 4.285 x 10! 6.30 9

F21 DBO 2.226 x 103 2.035 x 101 2.13 3
ISPSO 2.329 x 103 1.650 x 10* 5.63 6

AVOA 2.268 x 103 6.645 x 10! 3.60 4

HHO 2.253 x 103 6.395 x 10! 2.80 1

IHHO 2.309 x 103 2.105 x 10! 3.80 2

SSA 3.907 x 103 7.188 x 101 8.77 9

AGA 3.830 x 10° 7.550 x 1090 8.13 8

GWO 3.417 x 103 1.370 x 102 4.67 7

WOA 3.470 x 103 1.711 x 102 5.37 6

F28 DBO 3.376 x 103 1.535 x 102 4.37 5
ISPSO 3.346 x 103 1.244 x 102 3.97 3

AVOA 3.337 x 103 1.235 x 102 3.37 4

HHO 3.329 x 103 1.486 x 102 3.27 2

IHHO 3.320 x 10° 1.188 x 102 3.10 1

As shown in Table 9, the nine algorithms exhibit clear performance differences on the
eight representative 10-dimensional CEC2017 benchmark functions. SSA, AGA, and
WOA generally produced relatively large mean objective values, indicating weaker final
optimisation accuracy under the tested settings. GWO, DBO, ISPSO, and AVOA achieved
improved results on several functions, although their performance varied across different
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problem types. In comparison, IHHO showed the most competitive overall performance.
Among the eight functions reported in Table 8, IHHO ranked first on six functions, second
on F3, and fourth on F21. In particular, IHHO achieved the lowest mean objective values
on F1, F5, F10, F14, F20, and F28, while HHO and DBO performed better on F3 and F21,
respectively. These results indicate that IHHO performs consistently well across functions
with different optimisation characteristics, although it is not uniformly superior on every
test problem. The standard deviations further show that IHHO generally maintains rela-
tively stable results across repeated runs, particularly on F4, F6, F9, F11, F14, F17, F19, F20,
F27, and F29, as reported in the complete results in Table S1. Overall, the results support
the effectiveness of the proposed IHHO framework in balancing exploration and exploi-
tation under the tested conditions. However, because separate ablation experiments were
not conducted for all four improvement strategies, the individual contribution of each
strategy cannot be determined from these results alone.

(2) Application Validation

Wastewater flow sequences are influenced by multiple factors, including rainfall,
drainage-system conditions, water-consumption patterns, and random disturbances, re-
sulting in pronounced nonlinearity, non-stationarity, and multi-scale fluctuations. To ad-
dress these characteristics, HHO and IHHO were employed to optimise the hyperparam-
eters of the TCN-BiLSTM-SimAM model, forming the HHO-TCN-BiLSTM-SimAM and
IHHO-TCN-BiLSTM-SimAM frameworks, respectively. The optimised hyperparameter
vector includes the number of TCN convolutional channels, convolution kernel size, num-
ber of BiLSTM hidden units, the SimAM hyperparameter, and the learning rate. Under
identical experimental conditions, the proposed IHHO-TCN-BiLSTM-SimAM model was
compared with the unoptimised TCN-BiLSTM-SimAM and HHO-TCN-BiLSTM-SimAM
models to evaluate its hyperparameter optimisation capability and forecasting perfor-
mance. Figure 10 and Table 10 present the prediction and optimisation results, while Fig-
ure 11 shows the average convergence curves of nine algorithms on four representative
CEC2017 benchmark functions. The results further illustrate the convergence accuracy
and search efficiency of IHHO under different benchmark-function characteristics.

As shown in Figure 11, the convergence curves of the best RMSE reveal a clear dif-
ference between HHO and IHHO when optimizing the hyperparameters of the TCN-
BiLSTM-SimAM model. First, in terms of convergence speed, IHHO rapidly approaches
a near-optimal solution during the early iterations: its best RMSE decreases quickly from
approximately 0.04 to about 0.028 within the first several iterations and then enters a sta-
ble stage. In contrast, HHO starts with a much higher initial best RMSE of around 0.09
and needs more iterations to converge to a similar level. Second, from the perspective of
convergence behaviour, IHHO exhibits better early-stage search efficiency, while both al-
gorithms gradually become stable in the later iterations. In the final stage, the two meth-
ods converge to nearly the same RMSE level, indicating that the main advantage of IHHO
lies in accelerating convergence rather than substantially changing the final optimum.
These results demonstrate the effectiveness of the proposed improvement strategies in
enhancing the convergence efficiency of hyperparameter optimization for the TCN-
BiLSTM-SimAM model.

As shown in Figure 12, the proposed IHHO initialization starts with a lower best
RMSE than random initialization and decreases more smoothly during the early itera-
tions. It approaches approximately 0.029 within the first 6-8 iterations, whereas random
initialization begins at about 0.090 and requires around 16 iterations to reach a comparable
level. After approximately 17 iterations, both curves stabilise near 0.028, indicating similar
final convergence accuracy. Therefore, under the tested conditions, the proposed initiali-
zation mainly improves the initial solution quality and early convergence efficiency, while
its advantage in the final objective value is relatively limited.
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Figure 13 presents the average convergence curves of nine algorithms over 30 inde-
pendent runs on four representative CEC2017 benchmark functions. IHHO achieved the
fastest convergence and the lowest final fitness values on all four functions. On F1, IHHO
rapidly reduced the fitness value by several orders of magnitude and reached a stable

solution earlier than the competing algorithms. Similar behaviour was observed on F10,
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F20, and F28, where IHHO exhibited a sharp decline during the early iterations and con-
tinued to improve after several comparison algorithms had entered premature conver-
gence plateaus. These results indicate that the proposed improvement strategies enhance
both early-stage exploration and late-stage exploitation, enabling IHHO to achieve better
convergence accuracy and search efficiency across different benchmark-function charac-

teristics.
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Figure 13. Convergence curves of different algorithms on representative CEC2017 benchmark func-

tions.

Table 10. Performance Comparison of Different Models for Sewage Flow Prediction.

Model MAE RMSE R2 Training
Time
TCN-BiLSTM-SimAM 1775324 2311821 09697 24 min
HHO-TCN-BiLSTM-SimAM 1654875 2224089 09719 63 min
IHHO-TCN-BiLSTM-SimAM 161.8777  218.8228 09728 71 min

Table 10 compares the validation performance and training time of the baseline TCN-
BiLSTM-SimAM model and its HHO- and IHHO-optimised variants. Compared with the
baseline model, HHO reduced MAE from 177.5324 to 165.4875 and RMSE from 231.1821
to 222.4089, corresponding to reductions of 6.78% and 3.79%, respectively, while R? in-
creased from 0.9697 to 0.9719. IHHO achieved the best overall prediction performance,
with an MAE of 161.8777, an RMSE of 218.8228, and an R2 of 0.9728. Relative to the base-
line model, these values represent reductions of 8.82% in MAE and 5.35% in RMSE, to-
gether with an increase of 0.0031 in R2. Compared with conventional HHO, IHHO further
reduced MAE and RMSE by 2.18% and 1.61%, respectively, and increased R? by 0.0009.
These results indicate that hyperparameter optimisation improves the predictive perfor-
mance of the hybrid model and that the proposed IHHO provides additional, although
relatively moderate, gains over conventional HHO under the tested conditions. However,
this improvement is accompanied by increased computational cost: the training time in-
creased from 24 min for the baseline model to 63 min for HHO and 71 min for IHHO.
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Therefore, IHHO provides the highest prediction accuracy among the three models, but
its accuracy—computation trade-off should be considered in practical deployment.

(3) Comparative Analysis of Algorithms

To further evaluate the overall performance of the proposed model, predictions
driven by different intelligent optimization algorithms were compared, including IPSO-
CNN-GRU-Multi-Head-Attention [47], IGWO-TCN-Self-

Attention-BiLSTM [48], IBA-GRU-XGBoost [40], ISSA-CNN-Transformer-BiLSTM
[49], ISMA-TCN-LSTM-Multi-Head-Self-Attention [50], INOA-CNN-BiGRU-Self-Atten-
tion [51], and IHHO-TCN-BiLSTM-SimAM. The experimental results are presented in Fig-
ure 14 and Table 10.

Prediction Comparison of Seven Models for Wastewater Flow
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Figure 14. Prediction Curves of Different Models in the Algorithm Comparison.

As shown in Figure 14, all seven models generally reproduced the main variation
trend of the wastewater flow series over the 46 validation samples, but their performance
differed across specific time-series segments. In relatively stable intervals, such as time
steps 1-5 and 24-27, most models maintained acceptable tracking performance. Larger
differences appeared in peak-flow regions, rapid-decline intervals, and transition pro-
cesses, particularly around time steps 7, 11-13, 18-20, 32-34, and 43-45. Several bench-
mark models underestimated peak amplitudes, produced excessive smoothing during
rapid changes, or showed slight deviations near turning points. In comparison, IHHO-
TCN-BiLSTM-SimAM generally followed the measured curve more closely in sharp
peaks, rapid rising and falling, and peak-valley transition segments, while also maintain-
ing stable predictions in gradual-flow intervals. This improvement can be attributed to
the complementary roles of TCN in extracting multi-scale temporal features, BIiLSTM in
modelling contextual dependencies within the historical input window, SimAM in en-
hancing informative feature representations, and IHHO in obtaining a more suitable hy-
perparameter combination. Overall, stable-flow intervals were relatively easy for all mod-
els to predict, whereas sharp peaks and rapid declines were more challenging. Under the
tested conditions, [IHHO-TCN-BiLSTM-SimAM achieved the most balanced visual per-
formance across these different time-series segments.

As shown in Table 11, the integrated models exhibited clear differences in MAE,
RMSE, and R? indicating that the combination of optimization algorithms and prediction
architectures substantially affects wastewater flow forecasting performance. The pro-
posed IHHO-TCN-BiLSTM-SimAM model achieved the lowest RMSE of 218.8228 and the
highest R? of 0.9728, while its MAE of 161.8777 was the second lowest among all models.
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Although ISSA-CNN-Transformer-BiLSTM obtained a slightly lower MAE of 160.8792, its
RMSE and R? were 235.7785 and 0.9367, respectively, indicating weaker control of large
prediction deviations and lower overall fitting consistency. Compared with IGWO-TCN-
Self-Attention-BiLSTM, the proposed model reduced MAE and RMSE by approximately
15.72% and 6.96%, respectively, while increasing R? by 0.0042. The remaining models pro-
duced higher errors and lower R? values, particularly ISMA-TCN-LSTM-Multi-Head Self-
Attention and IWOA-CNN-BiGRU-Self-Attention. These results suggest that prediction
performance depends not only on the optimization algorithm or attention mechanism
used independently, but also on their coordination with the temporal feature-extraction
structure. The advantages of IHHO-TCN-BiLSTM-SimAM can be attributed to IHHO-
based hyperparameter optimization, TCN-based multi-scale temporal feature extraction,
BiLSTM-based contextual dependency modelling within the historical input window, and
SimAM-based enhancement of informative features. Overall, the proposed model pro-
vides the most balanced error control and fitting performance under the tested conditions.

Table 11. Performance Comparison of Different Integrated Models.

Model MAE RMSE R2
IPSO-CNN-GRU-Multi-Head Attention 241.8398  310.6189  0.9453
IGWO-TCN-Self-Attention-BiLSTM 192.0761  235.1950  0.9686
IBA-GRU-XGBoost 228.8029  304.3472  0.9475
ISSA-CNN-Transformer-BiLSTM 160.8792  235.7785  0.9367
ISMA-TCN-LSTM-Multi-Head Self-Attention 285.6863  353.5377  0.9291
IWOA-CNN-BiGRU- Self-Attention 279.9261  353.2094  0.9292
IHHO-TCN-BiLSTM-SimAM 161.8777  218.8228  0.9728

5. Conclusions

In this study, a wastewater flow prediction framework based on IHHO-TCN-
BiLSTM-SimAM was developed, integrating an intelligent optimisation algorithm with a
deep prediction model to address the complex characteristics of wastewater flow se-
quences, including nonlinearity, multi-scale fluctuations, and peak-valley variations. In
terms of model design, the TCN module extracts multi-scale local patterns and expands
the receptive field through dilated convolutions and residual connections; the BiLSTM
module enhances bidirectional temporal dependency modelling; and the SimAM module
adaptively strengthens the response of key features, thereby improving the synergistic
characterization of sequence trends, peak-valley fluctuations, and local disturbances. For
hyperparameter optimisation, the IHHO algorithm was used to automatically tune the
number of TCN convolutional channels and kernel sizes, the number of BiLSTM hidden
units, the SimAM hyperparameter 4, and the model training learning rate. IHHO en-
hances global search capability, suppresses premature convergence, and supports fine-
grained local search via stagnation detection, diversity injection, early DE mutation, and
dynamic opposition-based perturbation. Experimental results demonstrate that the
IHHO-TCN-BiLSTM-SimAM model achieves high accuracy and stability in capturing
overall trends, local peaks and valleys, and sudden disturbances in wastewater flow se-
quences, providing a reliable and robust solution for wastewater flow prediction. The core
insight of this study is that accurate short-term wastewater flow forecasting requires the
coordinated integration of temporal feature extraction, key feature enhancement, and in-
telligent hyperparameter optimization, rather than relying on a single model component
alone.

When applied to actual wastewater flow data, the TCN-BiLSTM-SimAM model ac-
curately captured the overall sequence trend, local peaks and valleys, and sudden dis-
turbances. The predicted curves over 46 consecutive sample points closely matched the

https://doi.org/10.3390/w18151846



Water 2026, 18, 1846

37 of 40

observed values, with stable peak-valley positions, slope variations, and turning-point re-
sponses, resulting in high consistency in the detailed fit. However, the unoptimized model
still exhibited certain smoothing effects or local overshoots in some sharp peaks or sudden
drop intervals, leading to elevated local errors. After applying IHHO for hyperparameter
optimisation, the resulting IHHO-TCN-BiLSTM-SimAM model achieved further im-
provements in MAE, RMSE, and R? (MAE =161.8777, RMSE =218.8228, R2=0.9728), while
exhibiting faster convergence and smoother training, effectively mitigating the influence
of high-error samples and enhancing predictive accuracy and stability under complex
flow fluctuations. Overall, IHHO optimisation not only improved the hyperparameter
configuration but also significantly enhanced the accuracy and robustness of TCN-
BiLSTM-SimAM in wastewater flow prediction tasks.

Despite its high prediction accuracy and stability, the IHHO-TCN-BiLSTM-SimAM
model still has several limitations. The cascaded structure increases model complexity,
and the number of trainable parameters and single-step prediction latency should be fur-
ther quantified before large-scale engineering deployment. Although the model is suitable
for the tested short-term wastewater flow forecasting task, its computational burden may
become more significant in multi-station real-time monitoring or edge-device applica-
tions. In addition, the current model is based on univariate wastewater flow data, which
limits its ability to explain the effects of rainfall, pump-station operation, water quality
variation, hydraulic conditions, and abnormal discharge events on flow changes. Moreo-
ver, IHHO still relies on iterative population search and may require additional compu-
tational time in larger hyperparameter spaces. Future work will focus on lightweight
model design, multivariate joint prediction, and engineering deployment. Techniques
such as pruning, quantization, knowledge distillation, and simplified attention mecha-
nisms will be explored to reduce computational cost. When available, rainfall, tempera-
ture, pH, pump operation status, influent water quality, flow velocity, and other hydraulic
or operational variables will be incorporated to improve prediction accuracy and inter-
pretability. Longer-term, multi-season, and multi-plant datasets will also be used to test
model generalization. From a practical water-management perspective, the predicted
short-term flow can support pump-station scheduling, influent-load balancing, overflow-
risk warning, and dynamic adjustment of treatment capacity.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/w18151846/s1. Table S1. Validation results of the optimisa-
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