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Abstract. The prediction of water demand plays a crucial role in optimizing the sched-
uling decisions of water supply networks, facilitating a balance between supply and de-
mand, and reducing the operating costs of water plants. This paper addresses the chal-
lenges associated with predicting water consumption, which is influenced by a large num-
ber of correlated features, non-stationary variations in those features, and fluctuations
in operational conditions throughout the water consumption process. Aiming at these
challenges, the paper proposes a multi-feature water consumption time series prediction
method based on operational condition migration. First, to address the issue of the large
number of correlated features with inconsistent importance, factor analysis is used for di-
mensionality reduction on multi-dimensional water supply data, followed by K-means++
clustering to obtain visualized operating condition classifications and construct an intu-
itive and simplified low-dimensional dataset. Second, a multi-head self-attention mech-
anism is integrated into the Long Short-Term Memory (LSTM) networks to build pre-
diction sub-models corresponding to each operating condition cluster. These sub-models
can increase the weight of data points during prediction and reflect the effects of feature
interactions. Finally, this paper proposes an operating condition migration multi-source
path optimization algorithm, which combines both time-domain and space-domain in-
formation to obtain the water demand prediction value at the current moment and the
globally optimal operating condition migration path. This paper conducts extensive ex-
perimental validation of the algorithm using two publicly available datasets and one self-
constructed dataset. The experimental results show that the proposed method outperforms
Transformer and LSTM-based methods in terms of prediction error and graphical fitting
accuracy, particularly under conditions with a high number of missing values and feature
absence.
Keywords: Water consumption prediction, Factor analysis, LSTM, Multi-head self-
attention mechanism, Operational condition migration

1. Introduction. Water consumption prediction refers to the process of forecasting and
estimating the water supply, demand, or hydrological conditions for a future period based
on certain models, algorithms, or methods [1]. Water consumption prediction helps water
resource managers better plan and manage the supply and distribution of water resources.
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By accurately predicting water consumption, the utilization of water resources can be
optimized, ensuring the stability and sustainability of water supply [2]. Time series pre-
diction is important for understanding future temporal information and is widely applied
in fields such as traffic flow forecasting [3], economic analysis [4], industrial production
regulation [5], and biomedicine [6]. Therefore, performing time series prediction for water
consumption has significant practical importance.

In the field of time series prediction, both domestic and international researchers have
conducted extensive studies. There are numerous methods for predicting time series data,
which can be broadly categorized into two major types: traditional prediction methods
and machine learning-based prediction methods. Typical traditional methods include Au-
toregressive (AR) [7] models, Moving Average (MA) [8] models, Autoregressive Moving
Average (ARMA) [9] models, and Autoregressive Integrated Moving Average (ARIMA)
[10] models. These traditional methods have the limitation of only being able to handle
relatively smooth data. However, in real scenarios, time series data is often non-stationary,
which means traditional methods typically suffer from low prediction accuracy. To ad-
dress the limitations of traditional methods, machine learning has been widely applied
to the prediction of non-stationary time series, such as Support Vector Machines (SVM)
[11], clustering [12], and neural networks [13]. In recent years, the rise of deep learning
has garnered significant attention, with Long Short-Term Memory (LSTM) networks be-
ing widely applied in the field of time series forecasting. Si lka et al. [14] proposed a time
series forecasting method based on the Recurrent Neural Network (RNN) model, but due
to issues such as vanishing and exploding gradients, the model faces difficulty in converg-
ing during training. The LSTM network, proposed by Schmidhuber and Hochreiter [15],
solves the RNN convergence problem by adding a forget gate. LSTM networks are conve-
nient for time series modeling and possess long-term memory capabilities, which has led
to their widespread application in forecasting [16-18]. However, LSTM networks struggle
to focus on different variables with varying time series lengths and cannot guarantee ro-
bust prediction performance during forecasting [19]. To address this issue, Cho et al. [20]
proposed a water level prediction model using LSTM and Gated Recurrent Units (GRU).
Through experiments with various model structures and different input data formats, the
appropriate number of hidden layers for each case was selected, resulting in a water level
prediction model that improves stability and generalization performance. Ghosh [21] uti-
lized the self-attention mechanism of the Transformer model to focus on the most crucial
features of the current task, enabling efficient and precise predictions. However, when
the predicted time series exhibit local fluctuations and global periodic trends, the Trans-
former model is less effective in capturing the detailed characteristics of the sequence.
This limitation becomes more pronounced in the prediction of water supply time series
with short time intervals. Wen and Li [22] proposed an LSTM-attention-LSTM model
that incorporates an attention mechanism between the encoder and decoder. This model
demonstrated superior prediction performance compared to algorithms such as encoder-
decoder LSTM, stacked LSTM, and BiLSTM when dealing with complex, large-scale,
and noisy data. By integrating the attention mechanism into the LSTM, the decoder can
focus on more important data points at the current time step while retaining the advan-
tage of effectively handling long time series. Niknam et al. [23] investigated the impact of
climate features on water consumption using the Pearson correlation coefficient, discard-
ing factors with low correlation and inputting variables with higher correlation into the
MV-LSTM prediction model. This approach enhanced the model’s prediction speed and
reduced training time under the influence of multiple environmental factors.

However, there are still the following issues in the research on the stable supply of
hydraulic systems [24] and water resource scheduling and allocation [25].
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1) Insufficient extraction of current operational condition features, with a limited con-
sideration of operating conditions. In reality, water consumption falls into two scenarios:
small variations within the same operational condition range and directional changes that
cross over different operational condition ranges. Complete multi-dimensional data is dif-
ficult to obtain in actual production, and there are varying degrees of correlation between
the different dimensions of data.

2) Short-term water consumption is influenced by multiple factors, such as the daily
temperature, rainfall, and the periodicity of water usage during morning and evening.
Each factor impacts the prediction with different time steps, reflected in the characteristic
changes at time nodes in the dataset and the varying operating conditions during the water
supply process. When predicting the water discharge at a specific time point, multiple
factors are combined, and the contribution of each factor is not fixed.

3) Existing prediction methods have reduced the prediction error to some extent, but
as the time step increases, the prediction accuracy decreases rapidly. When there are
many missing values, the model training effect is poor due to the imputed data, and the
overfitting phenomenon of the prediction output becomes more apparent as the time step
grows.

To address the shortcomings of the above methods, this paper proposes a multi-feature
water demand time series forecasting method based on operating condition migration. Its
main contributions are as follows.

1) The proposed model applies factor analysis to reducing the dimensionality of multi-
dimensional water supply data, addressing the issue of numerous related features with
complex correlations [26]. Subsequently, K-means++ clustering is used to partition the
operating conditions, generating clusters of operating conditions from the dataset. The
method remains adaptable even when the dataset is missing several dimensions or when
the dataset’s dimensions are more complex than initially anticipated.

2) The proposed model incorporates the Multi-Head Self-Attention (MSA) mechanism
between the encoding and decoding layers of the LSTM to construct the LSTM-MSA
prediction submodel. When the attention mechanism allocates attention to the input
time steps, it references the dataset of the same operating condition, assigning weights to
different time steps based on the corresponding operating conditions.

3) The proposed model constructs a condition migration network and introduces a
multi-source path optimization algorithm to solve for the optimal operating condition
submodel’s water consumption prediction at the current time step, based on the actual
and predicted water consumption values. During the training process of the condition
migration network, the impact of missing values on the model’s prediction accuracy is
minimized.

4) Extensive experiments conducted on two public datasets and one self-constructed
dataset consistently show that the model proposed in this paper achieves state-of-the-art
performances under conditions of data missing, insufficient feature, as well as for both
short-term and long-term prediction tasks.

The remainder of this paper is organized as follows. Section 2 introduces the contents of
three datasets and a method for preprocessing the collected data. Section 3 describes the
construction process and operational sequence of the algorithm model proposed in this
paper. Section 4 evaluates the prediction performance of recent models and the proposed
model based on experiments with three datasets, as well as their applicability under dif-
ferent time step conditions. Section 5 summarizes the paper and presents future research
directions.
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2. Multivariate Time Series Data Preprocessing. In this section, the relationship
between water consumption, temperature, and precipitation is first introduced, along with
its connection to some water supply-related data. Then, the process of dimensionality re-
duction of high-dimensional datasets using factor analysis is described. Finally, clustering
of the resulting low-dimensional dataset is performed to categorize operating conditions
as part of the data preprocessing.

Three multivariate time series water consumption datasets are used: Public Dataset
A (Samuel Street – South 9th Street, Samuel City) [27], Public Dataset B (Brooklyn
District, New York City) [28], and Self-constructed Dataset C (a water utility company
in Shenyang). 1) Dataset A comes from water consumption data collected by the Federal
Housing Administration from 2013 to February 2023 in the Samuel City neighborhood,
with a collection interval of 60 minutes, meaning data is collected once every hour. 2)
Dataset B comes from water consumption and operational cost data for Brooklyn District,
New York City, published by the New York City Housing Authority, covering the period
from 2013 to 2020. The data collection interval is 15 minutes, meaning data is collected
four times per hour. 3) Dataset C comes from the internal water plant private dataset of
a water utility company in Shenyang, covering the period from 2023 to April 2024. The
actual data detected by various onsite sensors is obtained through the PLC controller
and SCADA system. The data collection interval is 5 minutes, meaning data is collected
twelve times per hour.

In the experiment, the data from January 2021 to December 2022 of Dataset A is
selected as the training set, and the data from January to February 2023 is used as the
test set. The data missing rate is approximately 7.5%. For Dataset B, the training set
covers January 2020 to November 2020, and the test set covers December 2020, with a
missing data rate of approximately 2%. For Dataset C, the training set covers June 2023
to November 2023, and the test set covers December 2024, with a missing data rate of
approximately 1.5%. Missing values in all three datasets are filled using the mean of adja-
cent data points. Dataset B is missing the feature of instantaneous flow for groundwater
imports. After conducting the KMO test and Bartlett’s sphericity test, Dataset B still
meets the prerequisites for Principal Component Analysis (PCA). For each test set, the
same time-step random slicing operation is performed internally to generate 10 random
test subsets.

2.1. Data correlation analysis. Water consumption can be reflected from historical
data related to the water supply chain, and is associated with the temperature of the day
and the cumulative precipitation over the past 36 hours. Data related to the water sup-
ply chain typically includes various dimensions such as the water outlet pressure, pump
group operating current, clear water tank level, groundwater valve opening, and NaClO
hourly dosage. First, calculate the correlation between each feature and the correlation
between features and the actual water output. The closer the correlation coefficient is to
1, the stronger the correlation between the two physical quantities. Referring to research
articles on water consumption prediction and considering the ease of obtaining features
from the actual water consumption dataset, this study selects eight key features with high
correlation to water output as model inputs: water outlet pressure, instantaneous flow
rate of the groundwater inlet, surface water valve opening, clear water tank level, pump
group operating current, water output, daily temperature, and cumulative precipitation
over the past 36 hours. The range of water outlet pressure can roughly indicate the water
consumption under three different operating conditions. Including this feature ensures
reliable data support and validation when clustering operating conditions in subsequent
steps. The instantaneous flow rate of the groundwater inlet and the surface water valve
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opening show a trend of leading changes in the data, while the clear water tank level
exhibits obvious lag. These insights are beneficial for assigning attention weights to the
operating condition sub-models in later algorithms and for finding the minimal migration
cost path. The operating current of the pump group is a commonly recorded data point
in most water plants when monitoring the water quantity process. This feature has sig-
nificant reference value for predicting the magnitude and direction of water consumption
changes. A segment of the 72-hour variations in water outlet pressure, pump group oper-
ating current, instantaneous flow rate of the groundwater inlet, and clear water tank level
is shown in Figure 1. In the collected dataset, features such as NaClO tank level, hourly
dosage, surface water pressure, and turbidity have a relatively low correlation with water
consumption. Including these features would increase the computational load, slow down
the model’s running speed, and yield little improvement in performance. Moreover, there
is a high probability that these features will be discarded in subsequent factor analysis
validation steps due to their low relevance.

(a) (b)

(c) (d)

Figure 1. The variation of outlet pressure (a), pump group operating
current (b), instantaneous inflow rate of groundwater (c), clear water tank
level (d), and water consumption
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2.2. Factor analysis. Factor Analysis (FA) is a multivariate statistical analysis method
based on the concept of dimensionality reduction, aiming to reveal the underlying struc-
ture or relationships among observed variables. Factor analysis can be introduced to ex-
tract the effective features of water consumption, obtaining a set of common factors that
are far fewer than the number of original features, which will then be used as input data
for K-means++ clustering. A large number of variables are linearly represented by several
independent common factors through a correlation coefficient matrix, identifying a small
number of variables that reflect the relationships among the many variables.

2.3. Water consumption condition clustering. Dividing the conditions helps avoid
the impact of the actual water consumption’s imbalanced characteristics on the model
and is a crucial step for allocating attention weights between the encoding and decoding
layers of the subsequent LSTM model, based on different conditions. In this paper, the
input process variable dataset is first reduced in dimensionality through factor analysis
and then clustered using K-means++. The dataset is divided into clusters corresponding
to different condition types. When allocating attention weights to the prediction sub-
models corresponding to these condition clusters, more weight will be assigned to data
points within the same cluster.

The commonly used clustering evaluation metrics, the Silhouette Coefficient (SC) and
the Adjusted Rand Index (ARI), are employed to determine the optimal number of clusters
(K) in condition clustering. The dataset’s clustering performance was evaluated using SC
and ARI, and it was found that the optimal clustering occurs when K = 3, i.e., when the
data is divided into three clusters. This result is consistent with our observations. Figure
2 shows the clustering results for dataset C from June 1 to June 7, 2023.

Figure 2. K-means++ clustering diagram after factor analysis

The factor analysis method used in this paper is applicable both when a key feature is
missing in the dataset and when the collected features are abundant. It demonstrates
better adaptability and selection capability in data preprocessing. When a feature is
missing in the collected dataset, compute the correlation between the remaining features
and the missing feature to identify the most correlated feature and reasonably replace the
missing one. When the number of features collected in the dataset is richer than expected,
correlation calculations are used to increase the number of features with a high correlation
to water consumption and remove redundant features with low correlation.
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3. Algorithm Framework. This paper proposes using the LSTM-MSA operational con-
dition network model to predict the water consumption time series at each time step, as
shown in Figure 3. The model structure consists of a data preprocessing module, input
layer, LSTM encoding layer, individual attention layers, LSTM decoding layer, output
layer, and fully connected layer. The input layer sends the data to the factor analysis
clustering module and the encoding layer. The results of the factor analysis clustering
module determine the size of the attention parameters for different sub-models. The en-
coding layer encodes the input sequence X(X1, X2, X3, . . . , Xt), and then the attention
layer calculates the attention weights, which are followed by the decoding layer that de-
codes the data. Finally, the fully connected layer connects the predicted sequence data
from the output layer based on the multi-source path optimization algorithm to obtain
Y (Yt1, Yt2, Yt3, . . . , Ytm).

Figure 3. Overall prediction flowchart

The algorithm can retain the impact of historical data on current predictions through
LSTM. At the same time, by combining the multi-head self-attention mechanism, it can
allocate self-attention weights during the encoding-decoding process, incorporating fea-
tures from different dimensions to obtain predictions for different operating conditions
at the same time step. The use of the minimal cost migration path connection in the
operational condition network can improve the curve fitting accuracy, closely matching
the actual water consumption, thereby achieving more precise prediction results.

3.1. LSTM. Long Short-Term Memory (LSTM) introduces memory units based on Re-
current Neural Networks (RNN). A single LSTM neuron includes a forget gate, input gate,
and output gate, as shown in Figure 4. LSTM retains the temporal features of sequential
data through these three gate structures.

LSTM, due to its unique gating mechanism, is very effective at handling issues of gradi-
ent explosion or gradient vanishing, and it does not require fixed-length input sequences,
making it highly suitable for handling situations where the time series length in water
consumption prediction is variable.
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Figure 4. Structure of the LSTM unit

3.2. Multi-head self-attention mechanism. In the LSTM model, there is only a single
link between the encoder and decoder models, and this link is a fixed-length vector. If the
input sequence is long, earlier parts of the sequence may be forgotten as later parts are
processed. Additionally, the fixed-length vector cannot fully represent the entire sequence.
To address this issue, as shown in Figure 3, a Multi-Head Self-Attention (MSA) module
is added between the LSTM encoder layer and decoder layer.

After incorporating the multi-head self-attention mechanism into the proposed model,
multiple vectors collaboratively work to retain the crucial components of temporal features
that are important for water consumption prediction. This approach helps prevent the
loss of critical information during the training process, which is a common issue in LSTM
models as the length of the time series increases. The multi-head self-attention module
allocates attention weights based on the corresponding clusters of input data, which en-
hances the predictive performance of sub-models under different operating conditions and
further improves the overall model’s prediction accuracy.

3.3. Optimal condition-based sub-model water consumption prediction.

3.3.1. LSTM-attention sub-model design. Considering the numerous successful precedents
of LSTM-based models in time series prediction tasks, and the widespread application
of attention mechanisms in natural language processing and computer vision, this paper
proposes a predictive sub-model that combines the LSTM model with the attention mech-
anism. It leverages the advantages of LSTM in handling time series data and the ability
of the attention mechanism to allocate attention weights, to predict the input time series
and fully utilize the strengths of each module.

The input layer encodes the input X(X1, X2, X3, . . . , Xt), and the encoding layer is
derived from LSTM. The calculation for the encoding layer is as follows:

hi = f(Xi, hi−1) 1 ≤ i ≤ t (1)

where hi is the hidden state at time step i calculated by the encoding layer, hi−1 is
the hidden state at time step i − 1, t is the length of the input sequence, and f is the
computation function for the input gate, forget gate, and output gate of the LSTM model.

After the encoding layer, batch normalization is applied, and the output is fed into
the attention layer. The attention mechanism calculates the attention weight αij for the
sequence at time step i of sequence j, and the output vector C ′

i is obtained from the
attention weight. The calculation for the attention layer is as follows:

eij = g (hi−1, hj) (2)

αij =
exp(eij)∑Tx

k=1 exp(eik)
= softmax(eij) (3)
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C ′
i =

t∑
j=1

αijhj (4)

where αij represents the attention weight, and eij represents the attention relevance score
from time step j to time step i. The nonlinear function g is used to compare the hidden
state hj of the input sequence Xj at time step j (from the encoder) with the hidden
state hi−1 of the generated sequence Yi at the previous time step (from the decoder). It
calculates the matching degree between the input sequence Xj and the generated sequence
Yi by referencing the datasets of each cluster. The higher the matching degree is, the larger
eij and αij will be, which means that the output at time step i will allocate more attention
to the input at time step j. Therefore, in this sub-model, the influence of time step j on
time step i is greater. C ′

i is the output vector of the attention layer at time step i, hj is
the hidden state at time step j, αij is the attention weight from time step j to time step
i, and t is the time step of the input.

The C ′
i obtained from the MSA module is used as the input sequence to the corre-

sponding LSTM’s decoding layer in the sub-model, where it is processed by the decoding
layer to compute Yi, as expressed by

fi = δ(ωf · [Yi−1, hi, C
′
i] + bf )

ii = δ(ωi · [Yi−1, hi, C
′
i] + bi)

Li = tanh(ωC · [Yi−1, hi, C
′
i] + bC)

Ci = fi · Ci−1 + ii · tanh(ωC · [Yi−1, hi, C
′
i] + bC)

Oi = δ(ωo · [Yi−1, hi, C
′
i] + bo)

Yi = Oi · tanh(Ci)

(5)

where fi, ii, and Oi represent the forget gate, input gate, and output gate, respectively.
Li and Ci represent the updates to the cell state, while Ci−1 represents the cell state at
time step i − 1. δ is the sigmoid activation function. ωf , ωi, ωC , and ωo are the input
weights, while bf , bi, bC , and bo are the corresponding bias terms. Yi−1 is the predicted
output of the decoder at time step i−1, hi is the hidden state of the decoder at time step
i, and C ′

i is the output vector of the attention layer at time step i.
When predicting the water discharge at time node ti, the attention mechanism of each

sub-model increases the weight of the input sequence’s time points, as shown in Figure 5.
For the current time step’s prediction, the attention module boosts the attention weights of
the time points close to this time step. The attention module adjusts the attention weight
for each time step based on the condition clusters of a single time node, considering the
cluster to which it belongs and the distance from the time step ti. When predicting for
the same time node ti, the output values C ′

3,ti, C
′
2,ti, C

′
1,ti from different attention modules

are distinct from each other.

Figure 5. When predicting the water consumption at time node ti, the
attention mechanism of each sub-model increases the weight of the input
sequence’s time points.
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At the same time, different condition sub-models will simultaneously calculate differ-
ent water consumption predictions, making it difficult to determine the accuracy of each
sub-model’s prediction based solely on the data at the current time. This paper designs
a series of water consumption condition migration cost functions across continuous time
nodes to optimize and find the most optimal condition sub-model’s prediction at the
current time. First, the proposed model defines a sliding window that includes a series of
continuous time nodes and water consumption process variables. For each individual time
node, the model calculates the water consumption predictions and operational condition
membership degrees for three sub-models. Then, it defines the water consumption migra-
tion cost function between adjacent time nodes and the objective function for the optimal
migration path of water consumption within the sliding window. Finally, the model uti-
lizes a multi-source path optimization algorithm to solve the problem and records both
the current water consumption prediction and the migration path of the predicted values
within the sliding window.

3.3.2. Water consumption condition migration matrix. First, a dynamic sliding window
is established to link the predicted water consumption at the current time with historical
values. As shown in Figure 6, the interval between the most recent two water consumption
validation values is used as the unit length of the sliding window, and the position of the
sliding window moves forward dynamically with each update of the validation values. The
condition migration matrix has a total of m columns, with each column corresponding to
a time node of the sliding window. It represents the condition membership degree and the
water consumption prediction value of the condition sub-model for the process variables
at a given time.

Figure 6. Condition network prediction process

The process of calculating the sub-model prediction value at time node ti is shown in
Figure 7. The input time series is used to solve for the water consumption prediction
value Y = [Y1, Y2, Y3]

T corresponding to condition sub-model m = [m1,m2,m3]
T. Then,

the corresponding cluster center C = [C1, C2, C3]
T is identified, and the membership

degree u = [µ1, µ2, µ3]
T of the prediction values of different condition sub-models at this

node is calculated. Finally, the data [(µ1, Y1)ti, (µ2, Y2)ti, (µ3, Y3)ti]
T for this time node is

Figure 7. Sub-model prediction values at time node ti and membership
degree to condition clusters
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obtained. (µ1, Y1)ti represents the membership degree of the process variable at time node
ti to the first condition cluster and the sub-model prediction value.

3.3.3. Optimal migration path for water consumption prediction values. The migration
path is set to fully utilize the predicted values of different condition sub-models while
integrating with the dynamic conditions of water consumption. Considering the short-
term stability of actual water usage and the gradual variation of water consumption
conditions, the optimal migration path for water consumption prediction values selects
the smoothest path from the condition migration matrix. Each column in the condition
migration diagram corresponds to a specific column in the condition migration matrix.
The current condition model can migrate to any condition model at the next time node.
A complete condition migration path starts from the source node in the first column of
the condition migration diagram and continues until the terminal node in the last column.

The migration connections between adjacent time node condition sub-model predictions
in the condition migration diagram are shown in Figure 8. The migration cost function
for water consumption conditions between adjacent time nodes is defined as

f(xp(i−1),qi) =

[(
1

µp(i−1)

+
1

µqi

) ∣∣xp(i−1) − xqi

∣∣]2 (6)

Figure 8. Migration cost function for condition sub-models between ad-
jacent time nodes

In the formula, f(xp(i−1),qi) is the cost function for migrating from the p-th condition
sub-model prediction value at node i−1 to the q-th condition sub-model prediction value
at node i. xp(i−1) is the prediction value of the p-th condition sub-model, and up(i−1) is
the membership degree of the p-th condition sub-model prediction value at node i− 1.

The optimal water consumption prediction value at the current time can be obtained
using the condition migration matrix. The objective function for the optimal migration
path of water consumption is defined as

cost = min

(
m∑
i=2

(
f
(
xp(i−1),qi

)))

s.t.



f
(
xp(i−1),qi

)
=

[(
1

µp(i−1)

+
1

µqi

) ∣∣xp(i−1) − xqi

∣∣]2
µ1 + µ2 + µ3 = 1

1 ≤ p ≤ 3; 1 ≤ q ≤ 3

if (i = ta) ⇒ Yi = Ya

(7)

In the formula, m represents the number of time nodes included in the condition migration
matrix, i.e., the number of time steps to be predicted. ta denotes the validation time
node, where the water consumption Ya at this moment is set as the corresponding newly
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added validation value of water consumption, which is used as the benchmark for path
optimization.

3.3.4. Multi-source path optimization algorithm. Use the multi-source path optimization
algorithm to solve the optimal water consumption operating condition sub-model pre-
diction values. First, construct the adjacency matrix and calculate the minimum cost
migration path between adjacent time nodes. The adjacency matrix for the water con-
sumption prediction values of two adjacent time nodes is

Aij =

 f(xi1,j1) , f(xi1,j2) , f(xi1,j3)

f(xi2,j1) , f(xi2,j2) , f(xi2,j3)

f(xi3,j1) , f(xi3,j2) , f(xi3,j3)

 (8)

In the formula, time node i is adjacent to node j, and f(xi1,j3) is the migration cost
function from the first sub-model at node i to the third sub-model at node j. The minimum
migration cost for the prediction value of the third operating condition sub-model from
node i to node j is

mini
j3 = min [f(xi1,j3), f(xi2,j3), f(xi3,j3)] (9)

Record the water consumption prediction values corresponding to each node, and ulti-
mately obtain the complete migration path. Define mini

jn (n = 1, 2, 3) as the minimum

migration cost between two adjacent time nodes, and xmin
jn (n = 1, 2, 3) as the local opti-

mal water consumption prediction value at node j when the migration cost is minimized.
Define the memory matrix Rj as

Rj =

 mini
j1, xmin

j1 , costj1

mini
j2, xmin

j2 , costj2

mini
j3, xmin

j3 , costj3

 (10)

In the formula, the first column represents the minimum migration cost of each sub-model
prediction value from node i to node j; the second column shows the prediction results of
the three sub-models at node j under the minimum migration cost; the third column is
the cumulative value of the minimum migration cost for each sub-model prediction value
from the source node to node j. The steps of the multi-source path optimization algorithm
are as follows.
Step 1: Specify the source node i as the initial node, initialize the minimum cost matrix

[costj1, costj2, costj3]
T with all values set to 0, indicating that the shortest path distance

from the source node to itself is 0.
Step 2: Use the adjacency matrix of node i and the next adjacent time node j to cal-

culate the minimum migration cost
[
mini

j1,mini
j2,mini

j3

]T
for the three sub-models from

node i to node j, as well as the prediction values of the sub-models at node j under the min-

imum migration cost
[
xmin
j1 , xmin

j2 , xmin
j3

]T
. Then, calculate the sum [costj1, costj2, costj3]

T

of the minimum migration costs for the sub-model prediction values from the source node
to node j, and combine these three column vectors to form the memory matrix Rj.
Step 3: If node j is the endpoint of the operating condition migration matrix, proceed

to Step 4. If there are more nodes after node j, perform i = j, j = j + 1 and then return
to Step 2.
Step 4: Upon reaching the terminal node j, stop the search, select the global shortest

path to obtain the global minimum migration cost costmin = min[costj1, costj2, costj3]
T,

and set the water usage prediction value calculated at the terminal node as the current
node value xsi.now. The optimal sub-model’s water consumption prediction value at the
current moment is set to xsi = xsi.now.
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Step 5: Use the memory matrix Rj to search for the previous node xsi.begin of xsi.now

and record the data of that node. Push this data onto stack P .
Step 6: Determine whether xsi.begin is the source node of the operating condition mi-

gration matrix. If the source node has not been reached, set xsi.begin as the new current
data point xsi.now, and return to Step 5. If the source node is reached, end the search.
The data points in stack P , when connected, form the shortest path, and the cumulative
migration cost of the shortest path is costmin.

Algorithm. Multi-source path optimization
Input: Time-series X = (X1, X2, X3, . . . , Xt), Time-step m
Output: Shortest path, xsi

1 Set the source node i, initialize [costi1, costi2, costi3]
T

2 Calculate
[
mini

j1,mini
j2,mini

j3

]T
and

[
xmin
j1 , xmin

j2 , xmin
j3

]T
3 Rj = [costj1, costj2, costj3]

T

4 If node j is the terminal node of the matrix:
5 Go to 9
6 else:
7 i = j

j = j + 1
8 back to 2

9 costmin = min [costj1, costj2, costj3]
T

10 xsi = xsi.now

11 Use the memory matrix Rj to search for the previous node xsi.begin of xsi.now

12 Record the data of that node xsi.begin, which is pushed onto the stack P
13 If xsi.begin is the source node of the operating condition migration matrix:
14 Go to 9
15 else:
16 Set xsi.begin as the new current data point xsi.now

17 back to 11
18 The data points in stack P are connected to form the shortest path
19 The migration cost of the shortest path is accumulated as costmin

20 Return shortest path and xsi

Through the above steps, the optimal operating condition sub-model water consump-
tion prediction path and the optimal water consumption prediction value xsi at the current
moment are obtained from the operating condition migration matrix. In the optimization
path, the optimal operating condition sub-model corresponding to each time node can be
observed, which migrates the water consumption prediction values between adjacent time
nodes as smoothly as possible. This fits the variation characteristics of the actual water
consumption process, reducing the impact of noise from process variables in the water
consumption flow on the prediction accuracy of the operating condition network.

3.3.5. Fully connected layer. Multilayer Perceptron (MLP) consists of multiple fully con-
nected layers, with an input layer, hidden layers, and an output layer, where neurons
between layers are connected in a fully connected manner. The proposed model uses MLP
as the fully connected layer to integrate spatial features deepening the network’s depth
and enhancing its learning capability during training.

The prediction output Yti at time ti is obtained from the stack P output, and then
the Yti is calculated through the leaky ReLU activation function of the MLP module,
resulting in the final predicted sequence Y (Yt1, Yt2, Yt3, . . . , Ytm).
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4. Experiment and Results Analysis.

4.1. Experimental dataset and experimental settings. The hardware environment
of the experimental platform is a desktop computer with an Intel i5-12600KF 4.9GHz
CPU, 16GBx2 memory, and a Gigabyte RTX 4060 Ti 16GB graphics card. The software
environment of the experimental platform includes MATLAB 2023b and PyCharm 2022
Community Edition.

The specific training steps are as follows. 1) Perform factor analysis on the collected
multi-variable water consumption dataset to obtain a reduced feature set, which serves
as the new feature variable dataset. 2) Apply K-means++ clustering on the feature set
to forming three clusters. Each cluster’s data points represent the operational conditions
corresponding to that cluster. 3) Insert an MSA module between the encoder and decoder
layers of three LSTM models. The data points corresponding to each operational condi-
tion in the time dimension are input into the MSA module of the respective sub-model.
4) The proposed model generates the prediction results for each of the three operational
condition sub-models at a single time node. 5) The membership degrees of the three cur-
rent prediction results are calculated, and the minimum-cost migration path is identified
using the operational condition network. The prediction results output from the stack are
then passed through the MLP fully connected layer for final output.

The proposed model is trained using four-fold cross-validation on the training set. First,
the training set is evenly divided into four mutually exclusive subsets (fold1, fold2, fold3,
fold4), each with approximately equal time lengths. The mini-batch gradient descent
algorithm is used for iteration. Each fold is sequentially used as the validation subset,
with the remaining three folds used as the training subsets. This process completes four
rounds of training and validation, and the validation errors for each fold are calculated
and averaged. The best set of parameters is selected based on the lowest validation error
as the training parameters for the training set.

The mini-batch gradient descent algorithm combines the advantages of both batch gra-
dient descent and stochastic gradient descent. In each iteration, a mini-batch of training
samples is used to calculate the gradient. During training, the initial learning rate is set
to 0.002. If the model’s performance does not improve during the training process, the
learning rate is reduced by 0.0001. The loss function is set to Mean Squared Error (MSE),
as shown in the following expression:

E =
1

N

N∑
i=1

(yi − ŷi)
2 (11)

In the formula, N is the total number of input samples for a single sub-model; yi is the
true value of the i-th sample; ŷi is the predicted value of the i-th sample.

4.2. The selection of experimental model. In order to accurately evaluate the per-
formance of the LSTM-MSA network model proposed in this paper, comparative exper-
iments are conducted on the model designed in this paper, the reproduced Transformer
[21], LSTM-GRU [20], CNN-LSTM [29], LSTM-RNN [30], and LSTM-attention-LSTM
[22] models.

When training the model with the water consumption dataset, the Sigmoid function
is used as the activation function. The parameters for testing are obtained through grid
search within the parameter search range specified in the respective papers.

4.3. Experiment valuation indicators. Three commonly used performance evaluation
metrics in time series forecasting are selected: Mean Absolute Percentage Error (MAPE),
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Root Mean Square Error (RMSE), and Coefficient of Determination (R2). Their specific
formulas are as follows:

MAPE =
100%

T

T∑
i=1

∣∣∣∣Ypre,i − Yreal,i

Yreal,i

∣∣∣∣ (12)

RMSE =

√√√√ 1

T

T∑
i=1

(Yreal,i − Ypre,i)
2 (13)

R2 = 1 −
∑T

i=1 (Yreal,i − Ypre,i)
2∑T

i=1

(
Yreal,i − Ȳ

)2 (14)

where Yreal,i is the true value of the i-th data point in the sequence, Ypre,i is the predicted
value of the i-th data point in the sequence, and T is the length of the sequence. The
smaller the values of MAPE and RMSE are, the closer the predicted values are to the true
values, indicating better model performance. The closer R2 to 1, the better the model’s
fit; conversely, the closer to 0, the poorer the model’s fit.

4.4. Experimental evaluation. This section evaluates the performance of each model
on datasets A, B, and C under conditions of missing data values, insufficient feature
quantity, and different prediction time steps. The experimental results of each model on
10 random test subsets of datasets A, B, and C are averaged to obtain the final MAPE,
RMSE, and R2.

4.4.1. Experiment evaluation of missing data. Experiments were conducted on dataset A
to predict with the LSTM-MSA operational condition network designed in this study, as
well as with Transformer and LSTM-based models, using a time interval of 60 minutes
and a prediction horizon of 24. As shown in Figure 10, in dataset A, which contains a
significant amount of missing data, most models exhibit overfitting when the prediction
horizon reaches 14. This is due to the use of mean imputation from neighboring data when
data is missing. As the prediction horizon increases beyond a certain point, overfitting
becomes unavoidable. When the prediction horizon is less than 14, the proposed mod-
el demonstrates better robustness by leveraging operating condition migration network.
This is further evident from the MAPE box plots of the models shown in Figure 9.

Figure 9. The MAPE boxplot of each model on dataset A
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Figure 10. The RMSE line chart of each model on dataset A

Table 1. Prediction evaluation results of each model on dataset A

Model
Transformer LSTM-GRU CNN-LSTM LSTM-RNN LSTM-attention-LSTM LSTM-MSA network

MAPE RMSE R2 MAPE RMSE R2 MAPE RMSE R2 MAPE RMSE R2 MAPE RMSE R2 MAPE RMSE R2

Data A 58.6% 0.162 0.79 51.9% 0.178 0.81 47.8% 0.201 0.87 48.2% 0.159 0.80 39.1% 0.160 0.85 35.5% 0.155 0.92

4.4.2. Experiment evaluation of insufficient feature. Experiments were conducted on data-
set B to predict using the LSTM-MSA operational condition network designed in this
study, as well as Transformer and LSTM-based models, with a time interval of 15 min-
utes and a prediction horizon of 24. As shown in Figure 12, when the instantaneous flow
rate of the groundwater inlet feature is missing in dataset B, the performance of the
proposed model is almost unaffected, whereas the reference LSTM-based models are im-
pacted to varying degrees due to the missing data dimensions. This is most evident in
the LSTM-RNN model, which requires high data completeness for its construction, as
reflected in its R2 value in Table 2. The proposed LSTM-MSA model outperforms the
LSTM-attention-LSTM model in terms of RMSE for most time steps, as the data prepro-
cessing method involving factor analysis and clustering improves the performance of the
MSA module under conditions of insufficient features.

Figure 11. The MAPE boxplot of each model on dataset B
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Figure 12. The RMSE line chart of each model on dataset B

Table 2. Prediction evaluation results of each model on dataset B

Model
Transformer LSTM-GRU CNN-LSTM LSTM-RNN LSTM-attention-LSTM LSTM-MSA network

MAPE RMSE R2 MAPE RMSE R2 MAPE RMSE R2 MAPE RMSE R2 MAPE RMSE R2 MAPE RMSE R2

Data B 35.1% 0.157 0.86 35.9% 0.118 0.87 38.5% 0.142 0.85 34.9% 0.125 0.84 30.2% 0.111 0.90 26.8% 0.104 0.94

4.4.3. Experiment evaluation of short-term and long-term prediction. Experiments were
conducted on dataset C to predict using the LSTM-MSA operational condition network
designed in this study, as well as Transformer and LSTM-based models, with a time
interval of 5 minutes and a prediction horizon of 24. As shown in Table 3, the proposed
model achieves the smallest RMSE and MAPE values, and the largest R2, indicating that
the model outperforms other models in terms of prediction accuracy when the data is
complete and features are sufficient. The proposed model also retains an advantage over
LSTM-GRU, CNN-LSTM, LSTM-RNN, and LSTM-attention-LSTM. The Transformer
model excels in short-term predictions, but due to its large output horizon, it performs
poorly on all three metrics. The following analysis will compare the prediction capabilities
of the proposed model with the Transformer in the short-term and with LSTM-based
models in the long-term, based on prediction curves.

Figure 13. The MAPE boxplot of each model on dataset C



1204 F. KAN, W. LI AND G. YUAN

Figure 14. The RMSE line chart of each model on dataset C

Table 3. Prediction evaluation results of each model on dataset C

Model
Transformer LSTM-GRU CNN-LSTM LSTM-RNN LSTM-attention-LSTM LSTM-MSA network

MAPE RMSE R2 MAPE RMSE R2 MAPE RMSE R2 MAPE RMSE R2 MAPE RMSE R2 MAPE RMSE R2

Data C 28.5% 0.137 0.74 30.8% 0.089 0.87 22.3% 0.083 0.84 26.3% 0.049 0.93 24.2% 0.035 0.92 20.9% 0.024 0.95

4.4.3.1. Short-term prediction capability evaluation. Experiments were conducted on data-
set C to predict using the LSTM-MSA operational condition network and the Transformer
model, with a time interval of 5 minutes and a prediction horizon of 12. The actual wa-
ter consumption values over a 24-hour period, along with the predictions from the two
models, are shown in Figure 15. As can be seen in Figure 14, the Transformer mod-
el, which incorporates an attention mechanism, excels at capturing data characteristics
from shorter sequences, leading to strong performance in short-term predictions under
the same operational conditions. However, as the prediction horizon increases, the Trans-
former model, which only considers a single operational condition, shows an increase in
RMSE when there is a change in the operational condition. This is evident in the latter
part of the prediction curve in Figure 15. In contrast, the LSTM-MSA operational con-
dition network accounts for the presence of different operational conditions in advance

Figure 15. LSTM-MSA network and Transformer prediction curves for 24 hours
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by constructing sub-models for each condition. This approach helps prevent delays in the
attention mechanism during predictions. Since the sub-models are built based on datasets
obtained through factor analysis and clustering, they emphasize the decision-making at-
tributes of the cumulative effects of feature variables on water consumption predictions.

4.4.3.2. Long-term prediction capability evaluation. Experiments were conducted on data-
set C to predict using the LSTM-MSA operational condition network, LSTM-GRU, and
LSTM-attention-LSTM models, with a time interval of 5 minutes and a prediction hori-
zon of 24. The actual water consumption values over a 72-hour period, along with the
predictions from the three models, are shown in Figure 16. The MAPE in Figure 13 and
the RMSE in Figure 14 indicate that the method proposed in this paper inherits the
strength of LSTM in long-term sequence prediction. As shown in Table 3 and Figure 16,
the LSTM-MSA operational condition network achieves the highest degree of fit. The
LSTM-GRU model determines the optimal parameter configuration through performance
comparison experiments based on the number of hidden layers. However, it overlooks the
fact that, as the prediction horizon increases, the model tends to forget previous data.
The LSTM-attention-LSTM model incorporates an attention mechanism into the LSTM,
providing a clear advantage for predicting larger time series with longer horizons. How-
ever, it does not account for ensuring smooth transitions between predictions, resulting
in a noticeable decline in the goodness-of-fit as the prediction horizon increases. The pro-
posed LSTM-MSA operational condition network addresses these issues by integrating
an attention mechanism and matrix-based multi-source path optimization within the LS-
TM. This approach enhances the model’s predictive accuracy in complex environments,
meeting both accuracy and robustness requirements for general scenarios.

Figure 16. Prediction curves for 72 hours using LSTM-based models

5. Conclusions. A model based on LSTM-MSA network is suggested to address chal-
lenges in multi-dimensional water consumption time series forecasting, such as the large
number of relevant features, non-stationary feature fluctuations, and variations in op-
erational conditions during the water consumption process. Firstly, the proposed model
performs factor analysis for dimensionality reduction on the collected multivariate time
series, followed by K-means++ clustering. This process quantifies the correlation between
multidimensional data and addresses the issue of insufficient feature extraction of opera-
tional conditions, resulting in multi-condition divisions and visualizations. Secondly, the
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proposed model incorporates a multi-head self-attention mechanism into the LSTM to
construct predictive sub-models for the corresponding operational condition clusters. The
influence of multiple factors on individual time steps may lead to variations in the opera-
tional condition categories across different time points. To address this issue, the proposed
model enhances the weight of data points within the corresponding cluster of each opera-
tional condition sub-model. Finally, the proposed model incorporates a multi-source path
optimization algorithm for operational condition migration, which integrates information
from both the time and spatial domains. This algorithm determines the optimal oper-
ational condition migration path for predicting water consumption at the current time
step, effectively fitting the operational condition change process in actual production. The
proposed method is tested on the publicly available datasets from Samuel Street – South
9th Street, Brooklyn, and the self-constructed dataset from a water utility company in
Shenyang, considering the impacts of factors such as missing data values, insufficient fea-
ture numbers, and different prediction horizons. Experimental results demonstrate that
the proposed method outperforms similar forecasting approaches, demonstrating higher
accuracy and robustness in general scenarios.

To further enhance the practicality of the proposed method, the following issues need
to be addressed in the next phase of work: 1) The proposed algorithm should incorpo-
rate iteration into the K-means++ clustering algorithm to reduce the displacement of
cluster center positions caused by ambiguous points in the initial values, avoiding the
risk of falling into local optima during clustering. Improving the accuracy of the cluster
centers can indirectly reduce the deviation between the predicted and actual values of
the model’s operating condition network; 2) The proposed algorithm should improve the
intra-cluster similarity in cases where there are a significant number of missing sample
values, thereby enhancing the rationality of the attention module’s allocation of attention
in the prediction sub-model; 3) The proposed algorithm has high hardware requirements,
and consideration should be given to how to reasonably modify the model structure to
further improve computational efficiency under the constraint of limited computational
resources in practical production environments.
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