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Abstract

Water treatment plants are essential urban infrastructure with direct implications for public
health and everyday life. Data-driven management has received growing attention in drink-
ing water treatment, particularly for optimizing chemical dosing to improve operational
efficiency, reduce costs, and ease operator workload. AI-based prediction of coagulant
dosage has therefore become an active research topic. Existing studies, however, have
focused mainly on model architecture, with less attention to data validity and cost control.
In practice, many plants face data-quality problems, including inconsistent dosing records
under similar water-quality conditions. Conventional data cleaning may also remove
large portions of the dataset, which can weaken model reliability. This study proposes an
artificial intelligence (AI) modeling framework for coagulation dosing that handles anoma-
lous data, emphasizes data quality assurance, and combines cost-oriented feedforward
prediction with feedback control. A genetic algorithm-optimized backpropagation (GA-BP)
neural network was first evaluated on controlled laboratory data and full-scale plant data
using the same core model architecture, allowing the effects of model configuration to be
separated from those of data quality. Historical plant records were subsequently cleaned
through expert-guided validation, approximate time-delay alignment, and turbidity-based
classification of operating conditions. Settled-water turbidity was then used as a feedback
signal to dynamically adjust subsequent coagulant dosage and assess the resulting chemical
savings. Changes in the input structure produced only modest improvements in full-scale
prediction performance (R2 = 0.53–0.72). In contrast, data cleaning and process-based data
organization markedly improved predictive performance, with R2 values increasing to
0.927–0.969. Standalone AI models achieved only moderate dosage reductions, while their
integration with real-time turbidity feedback provided the best cost-control performance.
The model-based control strategy reduced average coagulant consumption by 10.37%, with
a maximum reduction of 21.33% at a settled-water turbidity target of 1.9 nephelometric
turbidity units (NTU). Across the evaluated feedback-control scenarios, manual dosing
was up to 32.83% higher than the corresponding feedback-controlled dosage. Overall, AI
models can fit coagulation-dosing data and predict coagulant dosage with sufficient accu-
racy, but data quality assurance remains the main factor determining model performance.
Effective cost control also requires real-time turbidity-based feedback regulation rather
than model outputs alone.
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1. Introduction
Data-driven artificial intelligence (AI) technologies have developed rapidly across

many industries [1–4]. As a core part of urban infrastructure, drinking water treatment
plants support both domestic life and industrial activities [5–7]. Although the water
treatment sector was among the first to examine the use of AI [8], successful large-scale
implementation remains uncommon. Recent advances in computing have accelerated AI
deployment in multiple fields [9]. Improvements in data storage, sensor technologies, and
analytical methods have also provided a stronger technical basis for intelligent dosing
systems based on machine learning and deep learning, substantially improving the effi-
ciency of data acquisition and processing [10–12]. Because AI can improve the operational
efficiency of water treatment plants and reduce operating costs, its adoption has become
increasingly important for modern water treatment facilities [13].

The performance and operational efficiency of drinking water treatment plants are
influenced by several interacting factors, including raw-water quality and its temporal vari-
ability, flow rate and hydraulic conditions, process configuration and equipment efficiency,
chemical dosing, and the reliability of monitoring and process-control systems. Changes
in these factors can affect treatment demand, process stability, energy consumption, and
operating costs. Electricity and chemical reagents are two major operating expenses in
urban drinking water treatment plants. Electricity is mainly used for pumping, mixing,
filtration, backwashing, and sludge handling, whereas chemical dosing directly influences
reagent consumption, clarification performance, and residual solids production. Exces-
sive coagulant dosing increases chemical use and sludge generation, while insufficient
dosing can reduce clarification efficiency and increase the treatment burden on down-
stream units. Effective plant operation therefore depends on coordinated management
of water-quality conditions, hydraulic loading, energy use, chemical consumption, and
treatment performance rather than on optimizing any single factor independently. Coag-
ulation is a central process in drinking water production, and coagulant dosage must be
carefully controlled. AI methods, including neural networks, have long received attention
for coagulant-dose prediction, resulting in numerous publications and a wide range of
predictive models [14,15]. However, these technical advances have rarely been translated
into broad industrial application. Practical implementation still faces several key challenges,
many of which have not been sufficiently addressed. Models trained on historical data can
only capture the patterns of variation present in those data. Because historical records often
do not represent optimal process conditions [16–20], this limitation not only constrains
cost reduction but also narrows the role of AI to reducing operator workload [21,22]. Ac-
cordingly, accurately reproducing historical dosing practices does not necessarily mean
that chemical consumption or overall process efficiency has been optimized. As a result,
developing models suitable for process control in water treatment plants has become an
important research focus [23,24]. In practice, however, the principles governing coagulation
have been extensively studied and now form a mature knowledge system, while existing
AI networks can already fit relevant data with high accuracy [25–31]. The main barrier to
practical implementation lies in the validity and consistency of operational data, including
missing values, anomalous records, inconsistent dosing decisions, sensor errors, and de-
layed process responses. This remains a central bottleneck that has not been adequately
resolved. Previous studies have shown that data quality is critical to model predictive
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performance [32,33]. For coagulant dosing in water treatment plants, complex factors such
as fluctuations in raw water quality, differences among operators, and sensor errors [34–36]
can cause substantial variation in coagulant dosage even under apparently similar water
quality conditions. These issues further limit the predictive capacity of machine learning
models in real-world production settings and hinder improvements in dosage-prediction
accuracy and cost control. A data validation and remediation framework that can adapt to
changes in water quality is therefore needed.

Using a drinking water treatment plant in Xiangtan, China, as a case study, this
study examined the data-validity bottleneck in neural-network-based coagulant dosing.
A genetic algorithm-optimized backpropagation (GA-BP) neural network was adopted
as a representative nonlinear model, with particular attention to how data source, data
consistency, and process alignment influenced model performance. Controlled laboratory
data were compared with historical full-scale operating data, after which expert evaluation,
weak time-delay alignment, turbidity zoning, and dynamic feedback were incorporated
sequentially. This framework was used to distinguish limitations arising from model
capacity from those associated with invalid or inconsistent operational data. Outlier
screening and expert-guided validation improved the reliability of training targets while
retaining representative production conditions, and delayed feedback was introduced to
reduce residual mismatch between model predictions and actual process behavior during
operation. The results indicate that training-data quality and process representativeness
have a greater effect on full-scale prediction performance than input-structure refinement
alone. These findings support a data-centered approach to intelligent coagulant dosing and
cost control in drinking water treatment.

2. Materials and Methods
2.1. Sampling

In this study, model training was conducted using data from laboratory coagulation
tests and field sampling at the First Drinking Water Treatment Plant of Xiangtan City,
located in Yuhu District, Xiangtan, Hunan Province, China (approximately 27.849◦ N,
112.889◦ E). The plant draws raw water from the main channel of the Xiangjiang River and
has a design treatment capacity of approximately 1.0 × 105 m3/d. During the study period,
the actual daily water-supply capacity was approximately 1.5 × 105 m3/d, corresponding
to an average operating flow of approximately 6250 m3/h. The main variables used in the
full-scale coagulation-dosing analysis were raw-water turbidity, temperature, pH, total
dissolved solids (TDS), total phosphorus (TP), UV254, flow rate, and settled-water turbidity,
with coagulant dosage as the prediction target. These variables were selected to capture
the combined effects of raw-water quality, hydraulic loading, and treatment response
on coagulant demand. At the full scale, coagulant addition was recorded hourly as the
volumetric dosing rate of diluted PAC (Hengyang Jianheng Industrial Co., Ltd., Hengyang,
China) solution (m3/h), and operational samples were collected at 1 h intervals. Because
the PAC was supplied in different production batches, batch-inspection records were
incorporated into the dosage calculations to account for batch-to-batch variation. Detailed
dosing and sampling procedures are provided in Supplementary Materials Text S1. Each
laboratory coagulation condition was tested independently in triplicate, and the reported
values represent the means of the three replicate measurements. The selected variables
showed different patterns under laboratory and full-scale operating conditions and were
subsequently examined during model development and data-validity analysis.

Laboratory results showed that, for high-turbidity water (Figure 1a), residual turbidity
decreased as coagulant dosage increased. Excessive dosing, however, destabilized the
flocs and increased residual turbidity. Low-turbidity water (Figure 1b) required a lower
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absolute coagulant dosage but had a wider effective dosing range. In high-turbidity water,
residual turbidity decreased rapidly and then increased after overdosing, indicating a
narrow optimal dosage window and a strong need for precise dosage control. By con-
trast, residual turbidity in low-turbidity water decreased gradually and monotonically
within 5–20 mg/L, suggesting lower dosage demand and greater operational tolerance.
Treatment of high-turbidity water therefore depends on precise dosage control, whereas
low-turbidity water requires moderate and sustained dosing while avoiding unnecessary
chemical addition. Temperature also strongly affected coagulation performance (Figure 1c),
with better flocculation observed at 20–30 ◦C. The laboratory results further showed that
effective coagulation was achieved when the raw- water pH ranged from 7 to 9 (Figure 1d).
Residual turbidity decreased markedly as pH increased from 5 to 7 and remained low
between pH 7 and 9, indicating favorable coagulation within this range. By contrast, the
raw-water pH at the full-scale plant varied over a relatively narrow range and generally
remained within this favorable interval. Under these operating conditions, pH provided
limited additional information for dosage prediction and was therefore not retained as a
priority input variable in the simplified model.

 
(a)  (b) 

   
(c)  (d) 

Figure 1. Relationships between key water-quality parameters and coagulation performance: (a) high-
turbidity treatment; (b) low-turbidity treatment; (c) temperature effect; (d) pH effect.

Figure 2 shows typical variations in raw water quality at the water treatment plant.
The correlation matrix for water-quality parameters and coagulant dosage in the full-scale
plant dataset is provided in Supplementary Materials Table S3, further confirming the
multifactor dependence of dosing under plant-scale operation. In general, the chemical
properties of water that affect coagulant dosage remain relatively stable over short periods,
making flow rate and turbidity the main determinants of dosage. However, some of these
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parameters, particularly temperature, turbidity, and flow rate, vary seasonally, resulting
in different responses to coagulant addition. As shown in Figure 2a, flow rate, raw water
turbidity, temperature, and coagulant dosage varied within a single day across different
months. pH was not used as a model input because it remained highly stable throughout
the monitoring period. Our investigation of pH variation in drinking water treatment plants
in China suggested that this finding was not an isolated case. Therefore, developing an
effective model for a full-scale water treatment plant is more challenging than developing
one under laboratory conditions.

 
(a)  (b) 

   

(c)  (d) 

Figure 2. Daily variation in raw water quality and coagulant dosage at the water treatment plant
across different months: (a) flow rate; (b) raw water turbidity; (c) coagulant dosage; (d) temperature
and pH.

2.2. Expert Evaluation

Our review showed that a substantial share of the full-scale plant data could not
be used directly for model training. Water-quality variables in the treatment plant were
recorded through online sensors or manual tests, whereas coagulant dosage was partly
determined by operator judgment and current operating conditions. Consequently, similar
water-quality states sometimes corresponded to different dosages, and the same dosage was
sometimes applied under different water-quality and hydraulic conditions. Although these
records were part of the historical dataset, it was often difficult to determine in retrospect
which dosage was appropriate or which choice would have been more cost-effective. Such
inconsistencies may affect models trained on historical operational data [37,38]. Using
the data without validation could therefore cause the model to learn inconsistent dosing
practices rather than a stable relationship among water quality, hydraulic conditions, and
coagulant demand.

Removing large numbers of historical records through statistical outlier detection
alone was also unsuitable as a means of improving model accuracy. Each water-quality
record reflected a specific production scenario, and excessive deletion would narrow the
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coverage of real operating conditions. Expert evaluation was therefore incorporated as a
data-validation step before model development. A combined data-quality screening and
expert-review procedure was used to identify missing or incomplete records, duplicate
or near-duplicate observations, abnormal measurements, flow-related disturbances, and
dosing records that were inconsistent with plant operation. Flagged records were assessed
based on numerical consistency, water-quality trends, plant operating conditions, and
the subsequent settled-water response. Records that were consistent with actual process
conditions were retained, whereas those whose operational validity could not be confirmed
were excluded from subsequent modeling. Detailed information on the expert-panel
composition, evaluation framework, screening criteria, and data-processing procedures is
provided in Supplementary Materials Text S2.

2.3. Data Processing

Following the expert-guided data-quality screening described above, the validated
operational dataset was further processed for model development. To compare different in-
put schemes, principal component analysis (PCA) was used to construct a composite-factor
input scheme. The original water-quality and operational variables were transformed
into five principal components [39,40], which were then used as model inputs to reduce
information redundancy and multicollinearity. The detailed PCA procedure is provided in
Supplementary Materials Text S3, and the analytical methods are described in Supplemen-
tary Materials Text S4.

To reduce bias in model training caused by short-term fluctuations in raw water
quality, this study introduced the concept of weak time-delay data. In the coagulation–
sedimentation process, settled-water quality is influenced not only by the initial coagulation
reaction but also by subsequent floc formation, particle aggregation, and sedimentation. At
the investigated plant, the actual sedimentation retention time varied from approximately
45 to 90 min because of fluctuations in treatment flow, making it difficult to establish
an exact correspondence between instantaneous raw-water conditions and the resulting
settled-water response. Under actual operating conditions, raw water quality changes
continuously and gradually [41], and slow process responses and delays occur between
coagulation reactions and changes in sedimentation effluent quality. As a result, instanta-
neous raw-water measurements and simultaneous settled-water measurements often do
not accurately represent the final treatment outcomes of dosing actions. Therefore, based
on plant operating practice and manual dosing experience, settled-water quality measured
approximately 1 h after dosing was used as a delayed process-response variable to align
historical dosing actions with their subsequent treatment responses. This weak time-delay
information was used only during offline model training to improve process-response
alignment. During online operation, delayed effluent quality served solely as feedback for
subsequent dosage adjustment and was not used as a real-time model input. Thus, future
effluent quality was not used to determine the current dosing decision.

2.4. Model Building

To isolate the effects of data configuration and data validity from those associated
with model selection, the same GA-BP neural-network framework was used throughout
the main comparisons. The model was developed in MATLAB 2010b (The MathWorks,
Inc., Natick, MA, USA) to predict coagulant dosage under different input configurations,
including single-factor inputs, PCA-derived composite factors, and weak time-delay inputs.
It consisted of three layers: an input layer, a hidden layer, and an output layer. For
plant-scale modeling, the dataset was randomly divided into training and test subsets at a
7:3 ratio, with the test subset used to assess model generalization. Keeping the core model
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architecture unchanged allowed differences in predictive performance to be attributed
mainly to data source, input representation, and subsequent data remediation. Detailed
model parameters are provided in Supplementary Materials Text S5.

Model performance was assessed using several statistical metrics [16], including
the coefficient of determination (R2), p-value from the independent-samples t-test (p),
root mean square error (RMSE), relative RMSE (RMSE%), model efficiency coefficient
(EF), and consistency index (d) [42–44]. RMSE was used to quantify prediction error
in the original dosage scale, whereas RMSE% was used to express relative error and
facilitate comparison across different model configurations. Although R2 was used as the
primary metric in this study, complete evaluation results for all indicators are provided in
Supplementary Materials Table S8. The Supplementary Materials also provides detailed
definitions, mathematical formulations, and comparative analyses of these metrics [45,46].

2.5. Feedback Correction and Dosage Evaluation

The feedback module adjusted the model-predicted dosage based on the delayed re-
sponse of settled-water turbidity. After the feedforward model generated an initial dosage
estimate, the settled-water turbidity measured after the process delay was compared with
the selected turbidity control line. If the measured turbidity was below the control line, the
dosage for the subsequent step was reduced to avoid unnecessary chemical use. If the mea-
sured turbidity exceeded the control line, the dosage was increased to maintain treatment
performance. Settled-water turbidity control lines from 1.5 to 1.9 nephelometric turbidity
units (NTU) were evaluated in this study. These values served as intermediate control
targets for sedimentation effluent and were not intended as finished-water standards. After
subsequent filtration and disinfection, the finished water was required to comply with the
applicable Chinese Standard for Drinking Water Quality (GB 5749) [47], which specified
a turbidity limit of 1 NTU during the study period. The feedback-corrected dosage, total
coagulant consumption, and relative excess of manual dosing were then calculated using
Equations (1)–(3), respectively.

The corrected dosage is given by:

Dc
t+1 = D̂t+1 + ∆Dt, (1)

where Dc
t+1 denotes the corrected dosage for the next control step, D̂t+1 denotes the dosage

predicted by the feed-forward model, and ∆Dt denotes the feedback correction determined
from the deviation between the measured settled-water turbidity and the target control line.

Because chemical addition was recorded as an hourly dosing volume, total coagulant
consumption was calculated as:

Vtot = ∑ n
t=1Vt, (2)

where Vtot denotes total coagulant consumption, Vt denotes the dosing volume at time
t, and n denotes the number of dosing records. To quantify the chemical redundancy of
manual operation relative to model-based control, the relative excess of manual dosing was
calculated as:

E =
Vmanual − Vcontrol

Vcontrol
× 100. (3)

where E denotes the relative excess of manual dosing, Vmanual denotes total coagulant
consumption under manual operation, and Vcontrol denotes total coagulant consumption
under model-based feedback control.

In this study, jar-test dosage is expressed as a concentration-based dose (mg/L),
whereas plant-scale model output refers to the hourly dosing volume of diluted coagulant
(m3/h), and cumulative consumption is reported as m3.
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3. Results and Discussion
3.1. Model Performance Comparison

The predictive performance of the neural network was evaluated using several statisti-
cal indicators. The analysis examined whether alternative input representations improved
prediction performance for the same operational dataset, whether the same model archi-
tecture performed differently when trained on controlled laboratory data and full-scale
plant data, and whether data-oriented remediation yielded greater improvements than
refinement of the input structure. The main model performance results are summarized in
Table 1, while complete results for the different data-processing and input-configuration
strategies are provided in Supplementary Materials Table S9.

Table 1. Model performance comparison.

Model Data (Training/Testing) Item R2 p RMSE RMSE (%) EF d

GA-BP

Laboratory 0.99
0.96

0.95
0.93

1.91
5.43

7.99
19.60

0.99
0.96

0.99
0.99

Water
Plant

Single factor 0.65
0.67

0.878
0.263

20.04
20.76 19.66 19.36 0.65

0.65
0.88
0.88

Synthetic factor 0.57
0.53

0.726
0.466

22.31
23.96 21.32 23.75 0.57

0.53
0.84
0.83

Abbreviations: GA-BP, genetic algorithm-optimized backpropagation neural network; R2, coefficient
of determination; p, p-value from the independent-samples t-test; RMSE, root mean square error;
RMSE%, relative root mean square error; EF, model efficiency coefficient; d, consistency index. Values
are presented in the order of training/testing.

3.1.1. Effects of Input Structure and Data Source

Simulation results showed that the single-factor model slightly outperformed the
composite-factor model in dosage prediction, with R2 = 0.67, RMSE = 20.76, EF = 0.65, and
d = 0.88. The composite-factor model achieved R2 = 0.53, RMSE = 23.96, EF = 0.53, and
d = 0.83. Further structural optimization using the same operational dataset produced
only marginal gains, indicating that changes in input representation alone did not resolve
the field-data limitation. In contrast, when the same GA-BP framework was trained using
laboratory data, the model achieved R2 = 0.96, RMSE = 5.43, and EF and d values close to 1.
The controlled laboratory dataset therefore supported stable pattern recognition, whereas
full-scale operational data substantially reduced model performance (R2 of approximately
0.67 and RMSE > 20). The large difference observed without changing the core model
architecture suggests that the consistency and process representativeness of the dataset had
a stronger effect on predictive performance than the tested changes in input structure.

The pronounced performance gap between the laboratory and full-scale datasets ob-
served in this study is consistent with the data-dependent variability reported in previous
coagulant-dosing studies. Moussouni et al. [48] achieved a test R2 of 0.985 using coagulant
doses determined through jar-test optimization, whereas Tochio et al. [49] reported a lower
correlation coefficient of 0.872 using full-scale operational records after invalid and anoma-
lous data had been removed. Lin et al. [50] further showed that prediction performance
could deteriorate substantially when the operational relationship between water quality
and dosage changed. Under an atypical operating regime, the test R2 of a conventional
multilayer perceptron (MLP) decreased to 0.15 despite good training performance. In the
present study, the R2 of 0.96 obtained with laboratory data is consistent with the high pre-
dictive performance reported when dosage targets are well defined and the input–output
relationship is relatively stable. By contrast, the R2 decreased to approximately 0.67 for the
unremediated plant data, indicating substantially greater inconsistency between measured
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water-quality conditions and recorded dosage. Importantly, this decline occurred with the
GA-BP architecture unchanged, while modifications to the input structure within the same
plant dataset produced only limited improvement. These results suggest that the lower
predictive performance of the plant model was more closely related to the validity and
process representativeness of the training data than to insufficient nonlinear fitting capacity
of the neural network.

The test R2 values of the single-factor and synthetic-factor models should be inter-
preted in the context of full-scale plant operation. The single-factor model achieved an R2

of 0.67, whereas the synthetic-factor model achieved an R2 of 0.53, indicating moderate
rather than high predictive reliability before data remediation. The lower performance of
the synthetic-factor model suggests that adding more input information did not overcome
inconsistencies in the historical relationship between process conditions and treatment
response. Similar variation in predictive performance has been reported in full-scale
coagulant-dosing studies. Tochio et al. [49] obtained a correlation coefficient of 0.872 us-
ing an artificial neural network (ANN) trained on operational plant data, whereas Lin
et al. [50] reported that the test R2 of a conventional MLP decreased to 0.15 under an
atypical operating regime. In the same study, however, gated recurrent unit and graph
attention multivariate time series forecasting models that explicitly incorporated temporal
information achieved R2 values of 0.94–0.95. These results suggest that relatively low
predictive performance is not necessarily an inherent limitation of full-scale data and that
model structure remains important when temporal and process information are properly
represented. For the present dataset and the input structures examined, however, the lim-
ited improvement obtained by restructuring the inputs, together with the substantial gains
after data remediation, indicates that inconsistencies in the operational data and insufficient
representation of process relationships were major constraints on prediction performance.

3.1.2. Data Validity in Coagulant Dosing

Recent studies on coagulant-dose prediction have achieved satisfactory performance
using a range of machine-learning methods. Bressane et al. compared fuzzy inference,
neural networks, random forests, support vector machines, and other approaches, and
reported the lowest prediction error for a data-driven fuzzy inference system [51]. Using
full-scale water-treatment-plant data, Tochio et al. obtained a correlation coefficient of 0.872
with an ANN [49]. More recent studies using ensemble learning have reported R2 values
above 0.96 for tree-based models based using operational water-quality variables [48].
Collectively, these findings show that machine-learning methods can capture the non-
linear relationship between water quality and coagulant demand. Direct comparison of
algorithm performance across studies, however, remains difficult because datasets differ
substantially in source, plant scale, sampling frequency, target definition, preprocessing,
and validation procedures.

The strong performance reported for several ensemble, fuzzy, and temporally struc-
tured models also suggests that algorithm choice can substantially affect prediction when
informative and internally consistent operational data are available. The present results
should therefore not be interpreted as evidence that model architecture is unimportant.
Instead, the fixed GA-BP framework used in this study provides a controlled basis for
assessing how data organization influences predictive performance without introducing
major changes in model complexity.

In this context, the main finding of the present study is not that the GA-BP network
outperforms other algorithms, but that its performance changed markedly with the validity
of the training data. Laboratory data obtained under controlled conditions provided a
relatively consistent relationship among water-quality conditions, coagulant dosage, and
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treatment response. In contrast, historical plant dosage records reflected operator decisions
made under actual production constraints. These recorded dosages do not necessarily
represent the process-optimal coagulant demand because they may contain conservative
safety margins, delayed adjustments, operator-dependent decisions, sensor errors, and
disturbances associated with plant hydraulics. A neural network trained directly on such
records may therefore reproduce inconsistent historical operating practices rather than
learn a stable relationship between water quality and the actual coagulant requirement.

This interpretation is consistent with broader reviews of data-driven drinking water
treatment, which have identified uncertainty in model validity, bias inherited from training
data, and persistent challenges in data management and model reproducibility [5,23,52].
These studies support the view that data validity can limit model performance, but they do
not establish whether remediation of the dataset used here can improve prediction accuracy.
The following sections therefore test this hypothesis by applying process-informed data-
remediation and alignment strategies while retaining the same GA-BP architecture. An
improvement observed under this controlled comparison would provide within-study
evidence that data validity and process organization are important constraints on full-scale
coagulant-dosing prediction.

3.2. Data-Quality-Oriented Optimization

Based on this interpretation, a data-quality-oriented framework was developed in
which the main interventions focused on structured data remediation and process align-
ment rather than increasing model complexity. As shown in Figure 3, the framework
combines data preprocessing, expert evaluation, model prediction, process-response align-
ment, and dynamic feedback within a closed-loop workflow. Historical and on-site records
are first screened to establish the initial dataset. Abnormal dosing records and internally
inconsistent samples are then assessed against water-quality conditions, plant operation
logs, laboratory evidence, and operational experience. The remediated dataset is used to
generate an initial dosage estimate, which is subsequently corrected using delayed settled-
water turbidity as process feedback. The framework is intended to improve the physical
and operational consistency of the input–output relationship before further algorithmic
refinement is considered.

3.2.1. Weak Time-Delay Optimization

After data cleaning and removal of abnormal values, a one-hour weak time-delay
feature was introduced during preprocessing because raw-water quality in treatment plants
usually changes gradually and process responses occur with a lag. This feature smoothed
short-term fluctuations in raw-water parameters, reduced noise in the model inputs, and
allowed water-quality indicators to better represent the dynamic responses of coagulation
and sedimentation.

As shown in Figure 4, when the model structure and training parameters were kept
unchanged, the inclusion of weak time-delay data improved model performance. R2 in-
creased from 0.67 to 0.72, while the t-test yielded p = 0.972, and EF and d also improved. The
concurrent improvement in these metrics indicates that this processing strategy enhanced
the model’s explanatory power and internal consistency, allowing the predictions to more
closely reflect actual operating behavior. A detailed comparison between the time-delay
and weak time-delay models is provided in Supplementary Materials Table S9.
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Figure 3. Data-driven framework for coagulant dosage optimization and cost control in water
treatment. The figure presents a data-driven framework for optimizing coagulant dosage in water
treatment, comprising three stages: Data Input and Preprocessing, Abnormal Data Analysis, and
Feedback Model Correction, with the ultimate aim of reducing costs.

The observed improvement is consistent with full-scale studies showing that hydraulic
transport and delayed coagulation–sedimentation responses need to be considered when
operational data are used for intelligent dosing. Liu et al. [53] corrected the temporal
correspondence between process conditions and downstream turbidity by accounting
for hydraulic retention in the sedimentation tank, while Wang et al. [54] incorporated
historical process states to represent the delayed response of coagulation. These studies
show that measurements recorded at the same clock time do not necessarily correspond to
the same treatment event, because downstream responses reflect upstream water-quality
conditions and dosing actions that occurred earlier in the treatment process. The weak
time-delay treatment used in the present study therefore follows the physical sequence
of full-scale coagulation and sedimentation and improves the process representativeness
of the training data. Unlike approaches that account for temporal dependence through
recurrent model structures, the present strategy retains the GA-BP architecture and cor-
rects temporal correspondence directly at the data level. This allows model effects to be
distinguished more clearly from data-quality effects and suggests that the improvement
in predictive performance results from a more physically consistent organization of the
operational records. These findings indicate that temporal alignment is an effective means
of improving data quality in full-scale water-treatment modeling, particularly after abnor-
mal records have been screened and the remaining data are organized according to the
actual timing of process responses. The magnitude of the improvement was nevertheless
modest (R2 = 0.67–0.72), indicating that temporal misalignment explained only part of the
prediction error. This contrasts with studies in which explicitly temporal architectures main-
tained substantially higher predictive accuracy under changing operating conditions [50],
suggesting that simple process-response alignment may be insufficient when process dy-
namics occur over multiple time scales. The remaining performance gap therefore points to
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additional uncertainty arising from inconsistencies in dosage labels and variation across
operating regimes.

   
(a)  (b) 

(c)  (d) 

Figure 4. Effect of weak time-delay processing on model prediction performance: measured versus
predicted coagulant dosing volume for (a) training and (b) test sets of the time-delay model, and
(c) training and (d) test sets of the weak time-delay model.

3.2.2. Turbidity Zoning and Feedback Correction

To account for differences among operating regimes, this study applied an expert-
evaluation-based zoning strategy in which plant data were divided according to turbidity.
Statistical analysis and operational experience indicated that abnormal and inconsistent
dosing records occurred mainly at turbidity levels below 3 NTU. Under these conditions,
low particulate loads and weak coagulation-response signals made dosing decisions more
sensitive to safety margins and delayed adjustment, while the relationship between turbid-
ity and coagulant dosage was weak or nonlinear. When turbidity exceeded 3 NTU, however,
dosage increased more consistently with turbidity. A threshold of 3 NTU was therefore
used to distinguish the two operating regimes, avoiding the need for the model to learn a
single relationship from data generated under substantially different process conditions.

A dynamic feedback mechanism was introduced after turbidity-based partitioning.
Without changing the model architecture, the low-turbidity (≤3 NTU) and high-turbidity
(>3 NTU) subsets were modeled separately, and delayed settled-water turbidity was used
to adjust subsequent dosage decisions. As shown in Figure 5, the fitted curves for both
regimes had slopes close to 1. Before these steps, the best feed-forward model achieved only
R2 = 0.72 and p = 0.972. After expert evaluation, regime separation, and dynamic feedback
were applied, R2 increased to 0.969 and 0.927, with corresponding p values of 0.984 and
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0.962 for the low- and high-turbidity regimes, respectively. Because these improvements
were achieved without increasing the complexity of the core neural network, the results
further indicate that data validity and process-specific organization were major factors
governing model performance for the full-scale dataset.

   
(a)  (b) 

Figure 5. Feedback-modeling performance for coagulant dosage prediction under turbidity-zoned
conditions: (a) measured versus predicted dosage at low turbidity (≤3 NTU); (b) measured versus
predicted dosage at high turbidity (>3 NTU).

The improvement obtained after expert evaluation, turbidity zoning, and dynamic
feedback is consistent with previous studies showing that process-specific organization of
operational data can improve coagulation-model performance. Kim and Parnichkun [55]
reported that models developed separately for different raw-water clusters consistently
outperformed a single model trained on the entire dataset, suggesting that separating
heterogeneous operating conditions can improve the stability of the learned relationship
between water quality and coagulant dosage. A similar pattern was observed in the
present study. After the plant data were divided at 3 NTU based on distinct dosing
characteristics, the model no longer had to represent low- and high-turbidity conditions
using a single input–output relationship. The resulting R2 values of 0.969 and 0.927
therefore reflect not only higher predictive accuracy but also greater consistency within each
operating regime and better process representativeness of the data used for model training.
Wang et al. [56] further showed that incorporating expert knowledge and downstream
treatment feedback can improve full-scale coagulant-dosing control, supporting the use
of process-response information to improve the reliability of historical operating data.
Unlike approaches that incorporate such information through more complex hybrid model
structures, the present strategy achieved these improvements while retaining the same
core GA-BP architecture. The increase from R2 = 0.72 to 0.969 and 0.927 can therefore
be attributed more directly to improvements in the information provided to the model,
including more plausible dosage targets through expert evaluation, reduced heterogeneity
through turbidity zoning, and closer correspondence between dosing decisions and actual
treatment responses through dynamic feedback. These results indicate that organizing
full-scale operational data according to distinct process conditions and treatment responses
can substantially improve the learnability of the coagulant-dosing relationship without
increasing model complexity.

The 3 NTU threshold should, however, be regarded as an operational boundary spe-
cific to the investigated plant rather than as a universal criterion for coagulation control.
Kim and Parnichkun [55], for example, classified raw-water conditions using multivariable
clustering rather than a fixed turbidity threshold, suggesting that more complex water-
quality conditions may require multidimensional classification. The turbidity-based zoning
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used in this study provides a simple and interpretable way to distinguish operating con-
ditions in the present system, but its applicability to other water sources and treatment
configurations requires independent evaluation.

3.3. Dosage Control and Cost Reduction

Once the training data had been remediated and the process-response relationship
had been better aligned, the next practical question was whether the resulting model could
improve chemical-use decisions during continuous operation. With dynamic feedback
correction, the intelligent dosing system moved beyond static reproduction of historical
dosage patterns and toward adaptive control based on both current water-quality condi-
tions and delayed treatment response. This distinction is important because a high offline
fitting metric alone does not demonstrate that the learned dosage relationship is valid
under actual operating conditions.

Figure 6 compares manual dosing and model-based dosing from two perspectives.
Figure 6a–f focus on the temporal control behavior of dosing. Manual dosing showed
abrupt short-term changes and scattered dosage trajectories, indicating that chemical ad-
dition was mainly adjusted through delayed operator responses rather than continuous
process tracking. By contrast, model-based dosing under settled-water turbidity targets of
1.5–1.9 NTU showed smoother trajectories and clearer dosage gradients across different
target levels. This result suggests that the model can translate changes in water quality and
turbidity-control requirements into more continuous dosing adjustments, thereby reducing
excessive short-term fluctuations and improving process tracking. Figure 6g further eval-
uates the statistical structure of dosing decisions with temporal ordering excluded. The
dispersed and multimodal distribution of manual dosing indicates that multiple dosage
levels were used under comparable operating conditions, reflecting operator-dependent
practices and inconsistent historical dosing strategies. In contrast, model-based dosing pro-
duced a narrower and more concentrated distribution, indicating that the optimized model
reduced random dispersion in decision-making and established a more reproducible dos-
ing pattern. Therefore, Figure 6a–f demonstrates improvements in dynamic response and
trajectory stability, whereas Figure 6g shows improved decision consistency and reduced
dispersion in dosage selection.

Using the dosing-control results, Figure 7 further evaluates chemical consumption Vtot

and operating cost under different control strategies. As the target settled-water turbidity
increased within the allowable range, the average dosage under model control remained
lower than that under manual operation, and dosage fluctuations were also reduced. Oper-
ational validation showed that total chemical consumption Vtot decreased by an average
of 10.37% under model control, with the maximum reduction in Vtot reaching 21.33% at a
target turbidity of 1.9 NTU. Detailed dosage-control results under different settled-water
turbidity targets are provided in Supplementary Materials Table S10. This reduction is
comparable to those reported in recent intelligent-dosing studies. Feng et al. [57] estimated
an annual coagulant-saving potential of 10.25% using an AutoML-based dosage model,
while Li et al. [58] reported a 15.81% reduction in overall chemical dosage during one
month of model-assisted operation. Wang et al. [59] achieved PAC reductions of 3.42–8.94%
across three full-scale treatment configurations while maintaining stable effluent quality.
The average reduction of 10.37% obtained in the present study therefore falls within the
range reported for recent data-driven optimization approaches. The close agreement with
the 10.25% reduction reported by Feng et al. further suggests that a meaningful portion of
routine coagulant use can be reduced by improving the correspondence between water-
quality conditions and dosing demand, even without modifying the existing treatment
process. Differences in reported chemical-saving rates should not be interpreted as a direct
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ranking of control strategies, because the studies vary in treatment configuration, operating
period, baseline dosing practice, optimization objective, and the definition of chemical
saving. Instead, the achievable benefit is likely to depend on both the extent of redundancy
in the original dosing practice and the range of variables considered in the optimization.

   
(a)  (b)  (c) 

   
(d)  (e)  (f) 

 
(g) 

Figure 6. Temporal trends and distributions of coagulant dosage under manual and model-based
control: (a) manual dosing; (b–f) model-based dosing at settled-water turbidity targets of 1.5–1.9 NTU;
(g) dosage distributions under different control conditions.
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(a)  (b) 

Figure 7. Coagulant consumption and reduction under different dosing-control strategies: (a) average
hourly dosing volume and total coagulant consumption under settled-water turbidity control lines
of 1.5–1.9 NTU; (b) comparison of total coagulant consumption and reduction among different
model-assisted dosing-control strategies.

Dynamic feedback further improved the real-time correction capacity of the dosing
system. By adjusting the feedback-corrected dosage Dc

t+1 according to prediction errors
and deviations in settled-water turbidity, the system adapted to changing water-quality
conditions during continuous operation. The maximum relative excess of manual chemical
consumption E reached 32.83%, while dosing stability also improved. Detailed reduction
estimates under different model-assisted and feedback-control scenarios are provided
in Supplementary Materials Table S11. As shown in Figure 7b, the proposed strategy,
which integrates data optimization, expert evaluation, and dynamic feedback, achieved
lower total coagulant consumption Vtot and lower operating costs compared with manual
operation and model-prediction control. This optimization framework demonstrates the
practical value and scalability of data-driven intelligent control for chemical dosing in
water treatment and supports the development of more refined and energy-efficient plant
operation and management.

4. Conclusions
This study used a fixed GA-BP neural network as a representative nonlinear model to

examine a central question in intelligent coagulant dosing: whether prediction performance
at full scale is constrained primarily by model configuration or by the validity of operational
training data. The same architecture achieved an R2 of approximately 0.96 with controlled
laboratory data but only about 0.67 with full-scale plant data before remediation, while
alternative input structures provided only limited improvement. This contrast indicates
that data consistency, target validity, and process representativeness had a greater effect on
model performance than the input-structure refinements examined. The main contribu-
tion of this work is therefore not a new neural-network architecture, but a data-centered
framework for identifying and correcting limitations in operational data that constrain
intelligent dosing.

The results also indicate that structured data remediation is more appropriate than in-
discriminate data deletion for full-scale water-treatment applications. Conventional outlier
removal may discard valid but infrequent operating conditions, whereas expert-guided
evaluation, laboratory evidence, weak time-delay alignment, and regime-specific analysis
can reduce the influence of measurement errors, operator-dependent dosing decisions, and
process-response mismatch while retaining representative operating conditions. Within this
framework, expert evaluation improves the plausibility of historical dosage targets, weak
time-delay processing restores temporal correspondence, and turbidity zoning reduces
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heterogeneity across water-quality regimes. Together, these steps improve the validity of
the input–output relationship presented to the neural network before its predictions are
used for process control.

Operational verification further showed that feedback from settled-water turbidity
is important for converting an offline prediction model into a reliable dosing-control
system. Model prediction alone produced only limited improvement in dosing consistency,
whereas the closed-loop strategy allowed dosage to be adjusted in response to changing
water-quality conditions. Model-based control reduced average coagulant consumption
by 10.37%, while manual dosing resulted in up to 32.83% higher consumption under the
evaluated feedback-control scenarios. With a consistent unit cost for PAC, the observed
reductions correspond to equivalent relative savings in chemical cost, independent of
plant-specific procurement conditions and price fluctuations. The 1.5–1.9 NTU range used
for feedback control refers to settled-water turbidity at the sedimentation stage rather
than finished-water turbidity; subsequent filtration and disinfection are applied before
final supply. These findings do not suggest that algorithm selection is unimportant in all
water-treatment applications. Rather, they indicate that the validity, temporal alignment,
and process representativeness of training data should be established before increasingly
complex models are compared. Future work should evaluate the proposed data-validation
approach across multiple treatment plants, develop more transferable classifications of
water-quality regimes, and reduce reliance on plant-specific expert rules to support broader
application of data-validity-centered intelligent dosing.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/pr14172847/s1, Table S1: Distribution of laboratory flocculation
data; Table S2: Characteristics of water parameters; Table S3: Flocculation factor correlation matrix;
Table S4: Composition and responsibilities of the expert evaluation panel; Table S5: Classification
results of validated full-scale plant data records; Table S6: Principle component as function of water
quality factors; Table S7: Statistical results for each factor’s influence on chemical dosing prediction
using a time delay model and a weak time delay model; Table S8: Evaluation parameters for
prediction of chemical dosing by neural network; Table S9: Model simulation performance analysis
table; Table S10: The effect of dosage control; Table S11 Model coagulant dosage reduces evaluation;
Figure S1: Plots of coagulant dose as function water quality parameter; Figure S2: (a) Analysis results
of factor sensitivity of time-delay network model (b) Analysis results of factor sensitivity of weak
time-delay network.
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Abbreviations
The following abbreviations are used in this manuscript:

AI Artificial intelligence
NTU Nephelometric turbidity unit
GA-BP Genetic algorithm-optimized backpropagation
TDS Total dissolved solids
TP Total phosphorus
PCA Principal component analysis
R2 Coefficient of determination
p p-value from the independent-samples t-test
RMSE Root mean square error
RMSE% Relative RMSE
EF Efficiency coefficient
d Consistency index
MLP Multilayer perceptron
ANN Artificial neural network
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