
Mach. Learn.: Sci. Technol. 6 (2025) 015065 https://doi.org/10.1088/2632-2153/adbbad

OPEN ACCESS

RECEIVED

21 October 2024

REVISED

30 January 2025

ACCEPTED FOR PUBLICATION

28 February 2025

PUBLISHED

19 March 2025

Original Content from
this work may be used
under the terms of the
Creative Commons
Attribution 4.0 licence.

Any further distribution
of this work must
maintain attribution to
the author(s) and the title
of the work, journal
citation and DOI.

PAPER

Bayesian optimization of hybrid quantum LSTM in a mixed model
for precipitation forecasting
Yumin Dong∗ and Huanxin Ding1

College of Computer and Information Science, Chongqing Normal University, Chongqing 401331, People’s Republic of China
1 This author contributed equally to this work.
∗ Author to whom any correspondence should be addressed.

E-mail: dym@cqnu.edu.cn and 1300267644@qq.com

Keywords: random forest regression, temporal convolution, quantum long short-term memory network, rainfall prediction

Supplementary material for this article is available online

Abstract
Precipitation forecasting has important applications in meteorological research. Accurate
forecasting is of great significance for reducing the impact of floods, optimizing crop planting
plans, rationally allocating water resources, and ensuring traffic safety. However, the factors
affecting precipitation are complex and nonlinear, and have spatiotemporal variability, making
rainfall forecasting extremely challenging. In response to these challenges, this paper proposes a
hybrid model based on temporal convolutional network, quantum long short-term memory
network (QLSTM), and random forest regression (RFR) to achieve more accurate rainfall
forecasting. The hyperparameters of the model are optimized using the Bayesian optimization
algorithm to obtain the best performance. Experiments are conducted on meteorological datasets
from Seattle and Ukraine, and the results are verified using mean absolute error (MAE), root mean
square error (RMSE), and bias evaluation indicators. The results show that the proposed hybrid
model outperforms traditional models such as RFR, support vector machine, K-nearest neighbor,
LSTM, and QLSTM in terms of MAE, RMSE, and bias. The proposed model achieves
improvements of 1.89%MAE, 2.65% RMSE, and 31% Bias, respectively. These results highlight the
improved forecast accuracy and robustness of the proposed hybrid model. This research provides a
new approach to weather forecasting and demonstrates the potential of combining quantum
computing with traditional machine learning techniques.
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1. Introduction

With the intensification of global climate change and the frequent occurrence of extreme weather events,
accurate rainfall prediction is essential for disaster prevention and mitigation, agricultural production, water
management, and transportation security [1, 2]. Very often, floods caused by rainfall can damage roads and
crops and severely affect people’s quality of life, while droughts caused by less rainfall can directly affect soil
moisture and water availability, leading to a reduction in crop yields and, in severe cases, to an imbalance in
the ecosystem. Both little and too much rainfall can cause us great suffering and in severe cases lead to
massive destruction and death, so accurate rainfall forecasts are particularly important to us [3, 4]. If we can
have accurate rainfall forecasts, we will reduce unnecessary suffering and casualties [5]. Many methods have
been proposed to accurately predict rainfall and promote urban areas [6, 7]. However, rainfall is a complex
and unpredictable process because it is affected by many uncertainties. Rainfall sequences are characterized
by significant stochasticity, uncertainty, and nonlinearity [8, 9], and the timing of rainfall is difficult to grasp,
making accurate prediction extremely challenging.

Traditional prediction methods mainly rely on physical and statistical models, but with the increase in
the diversity and complexity of meteorological data, it brings serious challenges to the traditional prediction
models [7, 10]. With the rise of artificial intelligence and machine learning, which has attracted the attention
of many researchers, artificial neural networks, as a commonly used forecasting tool, have attempted to
predict rainfall in a novel way through a unique time series analysis [11, 12]. Mandal and Jothiprakash used a
multilayer perceptron, radial basis function neural network (RBFNN), and time-delay recurrent neural
networks (RNNs) to model and predict rainfall [13]. While on the side of deep learning algorithms [14],
researchers have found LSTM networks to be dominant and widely recognized in the prediction of time
series data [6, 15, 16]. Sawale and Gupta [17] utilized a hybrid architecture consisting of backpropagation
networks and HNs based on datasets of temperature, humidity, and wind speed parameters for the
prediction of atmospheric conditions, revealing a nonlinear relationship between historical data.
atmospheric conditions prediction, revealing nonlinear relationships between historical data. Kang et al
predicted precipitation in Jingdezhen by using LSTM network model and compared its performance with
other classical statistical methods and machine learning algorithms [18]. Empirical studies have shown that
the LSTMmethod is suitable for precipitation forecasting [19]. Several studies have proposed techniques
combining reinforced LSTM networks with deep learning methods for predicting rainfall in specific areas
[20]. For example, one study utilized LSTM and deep learning methods to predict rainfall data in Hyderabad
region [11]. In addition, many innovative works have been presented, including a rainfall prediction method
using a hybrid RBFNN using particle swarm optimization [21] and genetic algorithms [22], as well as a
comparative analysis of LSTM-based networks with parametric prediction models [23], and hybrid models
combining convolutional neural networks (CNNs) and LSTMs [24, 25], such as temporal convolutional
networks (TCNs), to enhance the feature extraction capability. LSTM networks with memory units perform
well in multi-step-ahead prediction compared to networks without memory units [20]. There are still some
limitations of existing deep learning models, many models are difficult to capture the sudden and nonlinear
characteristics of extreme precipitation events [26], resulting in insufficient prediction accuracy, and LSTM
also has its own shortcomings, such as its performance is greatly affected by model parameters and structure,
and how to optimize its hyperparameters to make it perform better in prediction is a key problem. At this
time BO stands out as an effective hyper-parameter optimization method, which performs better in many
challenging optimization algorithms, and with its ability to efficiently find the optimal solution in a
high-dimensional complex space, it has been successfully applied in many fields, and shows a unique
advantage in the optimization of deep learning models [27]. The hyperparameters optimized by BO make
our prediction performance go to the next level. On the other hand, with the meteoric rise of quantum
computing showing advantages in various fields, quantum computing is able to show exponential growth in
mimeographed problems, especially when dealing with large-scale and complex data can provide great
computational power [20, 28]. Many researchers have combined quantum computing with neural networks
or machine learning models to produce more efficient results [29], and in the case of weather prediction,
QLSTM with the properties of quantum computing, stand out in predicting time series data. In order to
enhance the performance of QLSTM and the ability to describe the spatial correlation, a hybrid model is
proposed that mixes TCNs, QLSTMs, RFR, and incorporates BO hyper-parameters to perform with
prediction of rainfall.The purpose of this study is to improve the prediction accuracy, reduce the error, and
enhance the robustness of the model. The innovations of this paper are mainly reflected in the following
aspects:
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1. Quantum-enhanced temporal memory fusion: In this study, we propose a multi-model fusion method of
QLSTM, TCN and RFR, which realizes joint feature extraction and collaborative prediction, and
enhances the modeling ability of LSTM network through quantum computing. The modeling capabilities
of quantum computing improve the prediction performance of complex time series data.

2. BO for quantum hyperparameter tuning: A BO approach is used to fine-tune the hyperparameters of
QLSTM and TCN models to maximize the performance of the models and to optimize the prediction
accuracy and generalization ability of the entire hybrid model.

This study improves the accuracy and precision of precipitation prediction by combining deep and
integrated learning methods such as TCN, QLSTM and RFR, especially in capturing the performance of
cyclic, trending and sudden events of precipitation, and sudden precipitation events, resolving uncertainties
in precipitation prediction, tuning the model hyperparameters by BO, which improves the model
performance and reduces the waste of computational resources, and exploring the multi-model fusion
strategy to improve the generalization ability and stability of the model. It provides a new solution for the
field of weather prediction and demonstrates the great potential of combining quantum computing and deep
learning.

The structure of the rest of the paper is organized as follows: the second section presents related work; the
third section describes the components of the model used in this paper, the fourth section describes the data
processing and evaluates the relevant metrics of the hybrid model using the Seattle and Ukrainian datasets as
the objects of the study before comparing it with other algorithmic models and deriving the results, and the
fifth section draws conclusions and looks to the future.

2. Related work

Rainfall is one of the most significant and important elements of nature and is vital to urban economies.
However, rainfall-induced flooding can damage roads and crops, greatly affecting people’s quality of life [3,
6]. Many studies have focused on rainfall forecasting, and a variety of rainfall forecasting models have been
developed, among which RNNs and deep learning methods perform well in rainfall prediction, but there are
still some limitations, such as insufficient prediction accuracy for extreme precipitation events. Liu et al
found an improved RNN model became DSTP, which employs multiple attentional layers to jointly improve
the input features and capture long time dependencies [13], but RNNs also have some disadvantages, e.g. the
serial calculation, in which the end of the previous time step must be waited for before the next one can be
started. Compared to traditional RNNs, TCNs support parallel computation and each weight of each of their
layers can be updated synchronously, which captures long time dependencies more effectively and avoids the
problems of gradient descent and exploding [30]. Some researchers have also utilized machine learning
algorithms for time series forecasting, Kokilavani et al (used machine learning algorithms (e.g. decision tree
regression, gradient boosting, AdaBoost, and random forest regression) to forecast monthly rainfall in
Coimbatore district of Tamil Nadu. They found that random forest regression algorithm performed the best
in terms of prediction accuracy with 89.2% accuracy [31]. The basic principle of RFR is to reduce the
variance of a single tree model by integrating multiple decision trees to improve the accuracy and robustness
of the prediction. The predictions of each decision tree are averaged to obtain the final prediction. RFR
reduces the risk of overfitting of a single model by integrating multiple decision trees, thus improving the
accuracy and robustness of the prediction [28]. However, decision tree models are prone to overfitting and
difficult to capture long-distance dependencies.

Later, with the advancement of quantum computing [32], many researchers and scientists combined
quantum computing and neural networks to process some large-scale time series data. Jia et al [33] gave a
brief overview of many key aspects of classical neural networks and QNNs, and discussed how neural
networks can be used to represent quantum states and density operators. Cong et al [34] proposed and
analyzed a quantum CNNmodel, demonstrated its potential, and discussed the possibility of its
experimental implementation. Cocos et al [35] demonstrated the effectiveness of QLSTM in learning and
predicting social media text language, paving the way for future deep learning applications in quantum
dynamics. Yu et al (20-23) proposed a QLSTM-based model for predicting solar irradiance one hour in
advance [36]. In this study, the weight parameters of the four gating controls were optimized by embedding a
VQC into the LSTM, which significantly improved the prediction accuracy. The experimental results show
that the QLSTMmodel outperforms the traditional model in all performance metrics, demonstrating the
potential of quantum computing in time series prediction [29, 36]. It is worth our attention that the
performance of a model is affected by its hyperparameters, but the hyperparameters of a model are
interdependent, and finding the optimal hyperparameters through an iterative trial-and-error method
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usually takes a lot of time and effort. Grid search, stochastic search, and BOA [28] have been proposed as
hyperparameter optimization methods for machine learning models. While grid search is able to find the
optimal hyperparameters by trying all possible combinations of parameters [37], it is very time-consuming
as the number of parameters increases [31]. In contrast, stochastic search can find suitable hyperparameters
faster by randomly choosing a range of parameters [38], but it is not reliable enough for training complex
models. However, a common problem of these methods is that their search process is not systematic and
cannot fully utilize the previous evaluation results. The BOA, on the other hand, can optimize the
hyperparameters more efficiently and quickly by intelligently searching for the optimal value of any objective
function. BO is a black-box optimization method that can efficiently find the optimal hyperparameter
combination of the model with limited computational resources [28]. Therefore, an innovative hybrid model
is proposed, which combines TCN, QLSTM and RFR, and optimizes the hyperparameters of QLSTM and
TCN models through BOA to select the optimal parameters and achieve better prediction results.

3. TCN-QLSTM-RFRmodel based on BO

3.1. BO hyperparameters
In order to further enhance the performance of the model, this paper introduces the BOA to automatically
tune multiple hyperparameters of the mixed model. The goal of BO is to find a set of hyperparameters
through multiple experiments that improves the model’s predictive performance. BO continuously updates
the probability distribution of the hyperparameters and intelligently selects based on historical results,
avoiding the high computational cost of exhaustive search.

As shown in figure 1, the process of BO is to first define the objective function, which is the core of BO,
receive hyperparameters as input, and return the performance of the model on the test set. The input
parameters of the objective function are the hidden layer size, the number of quantum bits in the quantum
layer, the number of quantum layers, the learning rate, the number of channels of the convolution layer in
the TCN network, the convolution kernel size, and the Dropout rate. Then set the range of hyperparameters,
which is the key part of BO. BO first defines a search space, that is, the possible value range of
hyperparameters. For each hyperparameter that needs to be optimized, we set an interval. The table shows
the hyperparameter range of BO and the results of the hyperparameters obtained by BO. BO then randomly
selects some initial hyperparameters to be evaluated, which are combined into init_points points. Then BO
uses a probability model to select the next set of hyperparameters to be evaluated based on the known
hyperparameter evaluation results, that is, the value of the objective function. In addition, one of the key
steps in BO is to build a surrogate model. Since it is usually expensive to directly evaluate the objective
function, we use a surrogate model (usually a GP) to approximate the objective function. The GP is a
probability-based model that can predict the value of the objective function at other points based on existing
data points. The advantage of the GP is that it not only provides predictions of the objective function value,
but also provides uncertainty estimates, which helps to make more informed choices between unevaluated
points. In BO, the GP fits the objective function based on the existing hyperparameters and data points of the
objective function value. With the surrogate model, BO needs to select the next evaluation point. This
process is done through the acquisition function, which is used to select the points that are most likely to
bring performance improvements based on the surrogate model. At this stage, BO will measure the potential
of different hyperparameters through expected improvements to select the optimal hyperparameters for my
model performance. For the selected hyperparameter combination, the objective function bayesian_opt_fun
runs and returns the evaluation results. This evaluation result will help Bayes update its probability model to
make a better choice next time. After each evaluation, BO will update its built-in probability model. Finally,
Bayes will repeat the above process until the preset maximum number of iterations is reached, at which time
the search space will gradually converge to an optimal hyperparameter combination. Once the stopping
condition is reached, BO will output the optimal hyperparameter combination, that is, the hyperparameter
configuration that can minimize the objective function found by the optimization process. These optimal
hyperparameter configurations will be used for the final model training. Table 1 below shows the
hyperparameters after BO on two data sets.

3.2. TCNmodel
TCN is a deep learning model specifically designed for time series data. TCN is mainly used to process time
series data, especially effective for data with temporal dependencies. TCN is a variant of CNNs that can
capture long-term dependencies more effectively than traditional RNNs, while avoiding the problems of
gradient vanishing and explosion.
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Figure 1. Bayesian optimization flowchart.

Table 1. Bayesian optimization parameter table.

Parameter Range of values Optimal value 1 Optimal value 2

Hidden-size (64, 256) 182 246
n-qubits (2, 8) 5 2
n-qlayers (1, 3) 1 1
Num-channels (32, 128) [59, 43, 43] [37, 115, 115]
Kernel-size (2, 5) 4 4
Dropout (0.1, 0.5) 0.404 397 423 487 099 56 0.249 816 047 538 945
Learning-rate (1× 10−4, 1× 10−2) 0.003 588 0.006 027

Figure 2 illustrates the TemporalConvNet structure for processing time series data in the model of this
paper, which efficiently captures long-range dependencies in the data through multilayer dilated convolution
(Dilated Conv1D). The input to the network first passes through a dilated convolutional layer, which
expands the sensory field by inserting holes between the convolutional kernels, allowing the convolutional
operation to cover a wider range of timesteps, and thus extracting more information from the time series.
The output of each convolutional layer is sequentially normalized by a batch normalization (BatchNorm1d)
layer to ensure that the data has a stable distribution before being fed into the activation function, which
helps to speed up the convergence of the model and improve the stability of the training. Next, after the
ReLU activation function, the model introduces nonlinear properties to enhance its ability to represent
complex patterns. Subsequently, the Dropout layer randomly discards some of the neurons to further prevent
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Figure 2. Structural diagram of TCN work.

Algorithm 1. TemporalConvNet model pseudocode.

1: Define TemporalConvNet(input_data):
2: Initialize convolution layers (Conv1D), activation function (ReLU), batch normalization (BatchNorm), and

Dropout
3: Define convolutional layer sequence:
4: for each layer do
5: Apply convolution (Conv1D)
6: Apply BatchNorm
7: Apply ReLU activation
8: Apply Dropout
9: end for
10: Return convolutional output data

Table 2. Key formulas of temporal convolutional network (TCN).

Formula type Formula

Temporal convolution yt =Wconv ∗ xt + bconv
whereW conv is the convolution kernel and ∗ denotes the convolution
operation.

Dilated convolution yt =Wconv ∗ xt−d + bconv
d is the dilation factor, which expands the receptive field of the convolution.

Activation function yt =max(0,yt)
ReLU ensures that the output is non-negative.

the overfitting problem of the model. This process is repeated at multiple layers of the network, gradually
extracting increasingly complex features. Eventually, the outputs of each layer are summarized to generate
the final prediction of the model.

The following algorithm 1 shows the pseudo code of TCN, which is used as a feature extractor for the
input data in the model of this paper, and is mainly responsible for extracting the local patterns from the
weather data. Unlike traditional convolutional layers, dilation convolution introduces voids between the
convolutional kernels, allowing the convolution to cover a wider range of time scales, and dilation
convolution in multiple convolutional layers on the TCN is able to capture dependencies on different time
scales. The TemporalConvNet class is used to define the TCN, which uses multiple convolutional layers and
sets the dilation factor on each layer, allowing features to be extracted at different time steps for feature
extraction, and further enhances feature learning with batch normalization and ReLUctant activation
functions. Table 2 below illustrates the formulas used in the TCN model structure.
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Figure 3. Structure diagram of LSTM.

Figure 4. Structure diagram of QLSTM.

3.3. QLSTMmodel
QLSTM is a combination of classical LSTM and quantum computing. The classical LSTM controls the flow
of information through gating mechanisms (such as input gate, forget gate, and output gate) to achieve the
effect of ‘long short-term memory.’ However, LSTMmay encounter limitations when dealing with highly
nonlinear problems. To enhance the model’s nonlinear expression capability, this paper introduces a
quantum computing module, combining quantum circuits with LSTM to form a hybrid QLSTM network
model. Its main purpose is to leverage the parallelism of quantum computing and the complexity of quantum
states to improve the modeling capability of time series data. By adding quantum circuits to the hidden layers
of classical LSTM, it is hoped to enhance the ability to learn complex relationships and patterns.

Figure 3 shows the structure of LSTM unit,The LSTM structure includes input-output gates, update
gates, forgetting gates.The input gate in LSTM is responsible for controlling how much of the input data Xt

should be added to the cell state. The activation function used here is a sigmoid function , which outputs
values between 0 and 1, determining the flow of the input data; the forget gate decides how much of the
previous cell state Ct−1 should be discarded. This also uses a sigmoid function, which outputs values between
0 and 1; the tanh activation function is used to calculate the new memory content, and then this memory is
modulated by the input and forget gates to update the cell state Ct ; the output gate decides the next hidden
state ht , which is used for the output of the LSTM at time step t, it also uses a sigmoid function to regulate
this flow.

Figure 4 shows the overall structure of QLSTM, which combines elements of quantum computing and
classical LSTM. In this structure, the key gating mechanisms of the traditional LSTM—forget gate, input
gate, update gate, and output gate—are enhanced by VQCs to capture more complex patterns and features.
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Figure 5. Circuit diagram used for QLSTM.

Figure 6. Rotation and entanglement of quantum bits in VQC.

Each quantum convolution layer processes the input data and the previous hidden state into quantum states,
and then uses the sigmoid or tanh function to determine the information flow and information
transformation. Ultimately, this quantum-processed information is used to update the cell state Ct and the
hidden state ht , providing a richer feature representation for subsequent time steps. The quantum computing
part of QLSTM significantly enhances the model’s representation ability and complex pattern capture
capabilities by introducing VQC combined with the computational process of the traditional LSTM. In this
part, each VQC module (VQC1–VQC6 as shown in the figure) is responsible for converting information in
the classical LSTMmodel into quantum information. Specifically, these VQC modules convert the input data
Xt and the hidden state ht−1 of the previous time step into quantum states in order to take advantage of
quantum computing for deep information processing. Quantum circuits process data through a series of
quantum operations such as quantum gates, rotation operations, and entanglement operations. Quantum
gates (such as Pauli gates, Hadamard gates, etc) are used to change the state of quantum bits so that they can
capture different information in the data; rotation operations optimize the representation of information by
adjusting the phase of quantum bits, thereby improving the expressiveness of data; quantum entanglement
operations can simultaneously process multiple information streams by establishing complex quantum
correlations between quantum bits, and increase the efficiency and complexity of information transmission.
These quantum operations can not only process linear relationships in data, but also explore potential
nonlinear relationships, enabling QLSTM to better process complex time series data. The output of the
quantum circuit will be further processed by classical activation functions (such as sigmoid or tanh), which
are responsible for determining how the results of quantum computing affect the state update of the model.
In QLSTM, the activation function is used to update the memory cell state Ct and hidden state ht of the
LSTM, ensuring that these states accurately reflect the patterns and features in the input data at each time
step. In order to improve the adaptability of the quantum computing part in training, the quantum circuit in
the VQC module contains adjustable parameters. These parameters can be continuously optimized during
the training process to adjust the behavior of the quantum circuit so that the quantum computing part can
better work with the classical part of the traditional LSTM. Through this hybrid quantum and classical
architecture, QLSTM is able to surpass the traditional LSTMmodel in capturing complex time series
relationships and high-dimensional data features, providing stronger modeling capabilities and prediction
accuracy.

The VQC in QLSTM is shown in figures 5 and 6 is based on figure 5 shows a simple VQC internal gate
operation and entanglement manipulation to facilitate better understanding by the reader. The VQC consists
of two main modules: the AngleEmbedding and the BasicEntanglerLayers. The AngleEmbedding Module:
this module converts classical data into quantum information through a quantum revolving door. In
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Algorithm 2. QLSTMmodel pseudocode.

1: Define QLSTM(input_data):
2: Use TCN to extract features:
3: Pass input data through TCN network
4: Initialize hidden state (ht) and cell state (ct)
5: for each time step t do
6: Extract current time step data (xt) from TCN output
7: Pass xt through quantum layer (QLayer):
8: Apply quantum circuit (quantum gates)
9: Update hidden state (ht) and cell state (ct):
10: ht = tanh(quantum output)
11: ct = tanh(quantum output)
12: end for
13: Apply fully connected layer (fc) to compute final prediction output
14: Return prediction result

quantum machine learning, classical data (e.g. numbers or vectors) must be transformed into quantum
information before they can be processed by quantum circuits. AngleEmbedding uses rotating gates (e.g. Rx,
Ry gates) to map the input data to the state space of quantum bits. The angle of each rotating gate is adjusted
according to the characteristics of the input data, allowing the data to be represented in quantum space.
Specifically, AngleEmbedding maps each classical input data to the angle value of a quantum bit via a
rotation gate (e.g. Rx, Ry, Rz). For example, if we have a set of classical input data Xt these inputs will each be
mapped to the angle of rotation of a quantum bit through a rotating gate operation. Example: the classical
data x= [x1,x2, . . .,xn] will be transformed into the angle of rotation of the quantum bit for the operation:
Rx(θ) or Ry(θ) or Rz(θ) each rotating gate rotates the state of a quantum bit along a specific axis. The angle of
rotation is determined by the input data so that classical data can be mapped into the quantum state.
BasicEntanglerLayers Module:BasicEntanglerLayers implements entanglement between quantum bits
through gate operations such as CNOT gates, CZ gates, and so on. Entanglement gates serve to correlate
information between quantum bits to form a quantum entangled state. This enhances the representation
capability of the quantum circuit. Quantum entanglement allows information to be shared between
quantum bits, enabling the circuit to handle more complex patterns and relationships. Quantum revolving
gates further regulate the states of quantum bits, increasing the flexibility of the circuit. With these two
modules, the VQC is able to create strong couplings between quantum bits, increasing the circuit’s ability to
process data and making it particularly suitable for capturing nonlinear relationships. Example: CNOT gate:
When a CNOT gate is applied between qubits Q1 and Q2, Q1 is the control qubit and Q2 is the target qubit.
When Q1 is in the |1⟩state, the state of Q2 is flipped (from |0⟩ to |1⟩, or from |1⟩ to |0⟩). CZ gate: creates
Z-axis entanglement between quantum bits, where a phase flip occurs only when both quantum bits are in
the |1⟩ state.

At the end of a quantum circuit, a quantum measurement is usually performed to obtain information
about the state of the quantum bits. The PauliZ measurement is used in this code.The PauliZ measurement
operation is one of the fundamental measurements in quantum computing and is typically used to measure
the Z-axis state of a quantum bit. For each quantum bit, whose state can be |0⟩ or |1⟩, the PauliZ
measurement will determine the probability that a quantum bit has |0⟩ or |1⟩.quantum bits are in a
superposition before the measurement (e.g:(α|0⟩+β|1⟩) and collapses to the state of |0⟩ or |1⟩ after the
measurement, which determines the output of the quantum circuit. For figure 6, a quantum circuit is shown,
which contains rotation gates (Rx and Ry) and a CNOT entanglement gate. The qubit is rotated through the
Rx and Ry gates, which rotate the state of the qubit along the X-axis and Y-axis respectively. Subsequently, the
qubit is entangled through the CNOT gate to form mutual dependence between the qubits. The overall
structure shows the rotation and entanglement process of the qubit, which is often used for information
processing and qubit interaction in quantum computing.

Algorithm 2 below shows the pseudo-code for QLSTM. In the model of this paper, QLSTM first passes
the time series features extracted from the TCN to the quantum layer. At the quantum layer, we use quantum
circuits to process the input data. The output of the quantum circuit is the expected values of the quantum
bits, which are further processed through the classical layer, ultimately producing a hidden state. Specifically,
as shown in the quantum circuit diagram, the quantum part uses angle embedding to embed the data into
quantum space, and then processes it through basic entanglement layers using quantum gate operations.
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Table 3. Formulas for QLSTMmodel components.

Component Formula and description

Quantum embedding layer vt =Win · xt + bin
Input transformation for quantum embedding, where: xt : Input data,W in: Weight
matrix, bin: Bias vector, vt: Transformed input.

Quantum circuit output Quantum Output= VQC(vt)
The variational quantum circuit (VQC) processes vt, where: vt: Input to VQC, VQC:
Quantum circuit output.

Angle embedding θi = vt,i
Encodes input into rotation angles, where:vt,i: ith input, θi: Rotation angle.

Basic entangling layers Introduces entanglement via weightsW entangle, where:W entangle: Entanglement
weights.

Forget gate (LSTM) ft = σ
(
Wf · [ht−1,xt] + bf

)
Controls forgetting, where: ft: Forget gate output, σ: Sigmoid function,Wf: Weight
matrix, ht−1: Previous hidden state, xt: Input, bf: Bias.

Input gate (LSTM) it = σ (Wi · [ht−1,xt] + bi)
Controls input, where: it: Input gate output,Wi: Weight matrix, bi: Bias, others as
above.

Output gate (LSTM) ot = σ (Wo · [ht−1,xt] + bo)
Determines cell output, where: ot: Output gate value,Wo: Weight matrix, bo: Bias.

Cell state update ct = ft · ct−1+ it · tanh(Wc · [ht−1,xt] + bc)
Updates cell state, where: ct: Cell state, ct−1: Previous state,Wc: Weight matrix, bc: Bias.

Hidden state update ht = ot · tanh(ct)
Updates hidden state, where:ht: Hidden state, ct: Cell state, ot: Output gate.

Algorithm 3. Random forest regression pseudocode.

1: Define RandomForestRegression(training_data, target_data):
2: Initialize number of decision trees (tree_nums)
3: for each decision tree do
4: Randomly select training samples and feature subsets
5: Train decision tree:
6: Select optimal split feature
7: Split data based on chosen feature
8: Repeat until max depth or leaf node conditions are met
9: end for
10: Return trained random forest model

Finally, the output of the QLSTM is the hidden state and cell state processed by the quantum circuit, which
are then passed to the fully connected layer for the final output.The table shows the mathematical formulas
used in QLSTM. Table 3 below illustrates the formulas used in the QLSTMmodel structure.

3.4. RFRmodel
RFR is a classic ensemble learning method that is often used for regression tasks. In code, the
RandomForestRegression class in RFR contains a set of decision trees. Each tree is trained to make
predictions by randomly selecting features and samples. During the training process, RFR performs
regression fitting on the features extracted from TCN and QLSTM, learning the mapping relationships in the
data. After training is completed, RFR makes predictions on the test set and calculates evaluation metrics.
The algorithm 3 below shows the pseudocode for RFR. The input to RFR consists of features extracted by
QLSTM (qlstmfeaturestrain and qlstmfeaturestest), which are time series data features extracted through
quantum circuits and TCN. The output of RFR is the regression predictions made by the random forest
model based on the extracted features, resulting in the final expected values (such as precipitation and other
continuous variables). The table 4 includes the formulas used in RFR.

3.5. Proposed the TCN-QLSTM-RFRmodel optimized by BO
The hybrid model proposed in this paper combines TCN, QLSTM, and RFR, and uses BO to optimize the
parameters of the QLSTM and TCN models for precipitation prediction. As shown in figure 7, this is the
main process flow of the hybrid model, and table 5 clearly lists the parameter settings of the model on the
two datasets in this paper.

The construction of TCN-QLSTM-RFR combines the three models of TCN, QLSTM, and RFR to make
full use of their respective advantages, and after obtaining the optimal hyper-parameters after BO, the
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Table 4. Formulas for random forest regression components.

Component Formula and description

Leaf node value ŷ= 1
n

∑n
i=1 yi

The predicted value at a leaf node is the mean of the target values yi at that node.
Loss function Loss= 1

N

∑N
i=1 (yi − ŷi)

2

The mean square error (MSE) is used to optimize the model.
Tree splitting criterion Best Split= argminsplit

(
Var(yleft)+Var

(
yright

))
The best split minimizes the sum of variances of the left and right child nodes.

Figure 7. Total model flow chart.

Table 5. Parameter setting table for each model.

TCN Parameter Dataset 1 Dataset 2

Num-channels [59, 43, 43] [37, 115, 115]
Kernel-size 4 4
Dropout 0.404 397 423 487 099 56 0.249 816 047 538 945

QlSTM Parameter data 1 data 2

Hidden-size 182 246
n-qubits 5 2
n-qlayers 1 1
Dropout 0.404 397 423 487 099 56 0.249 816 047 538 945
Learning-rate 0.003 588 0.006 027

RFR Parameter data 1 data 2

Tree-nums 100 100
Max-depth 10 15
Min-sample-split 4 4
Min-sample-leaf 2 2

hyper-parameter results are applied to the model for experiments. As shown in the figure, the data in the
model are first processed by TCN, which captures the long-distance dependencies in the time series through
multiple convolutional layers and expansion convolution. TCN transforms the input data (such as
temperature, humidity, wind speed and other temporal features) into high-dimensional temporal feature
representations, and extracts the important temporal patterns in the data. Next, the TCN output features are
passed to (QLSTM). QLSTM combines quantum computing and classical LSTM using Quantum Layer
(QLSTM) to map the features extracted by TCN to quantum states. The introduction of quantum computing
allows the model to handle complex temporal patterns and enhances the ability to model potentially complex
relationships in the data. The LSTM part further captures the long and short term dependencies in the
time-series data, and ultimately generates a more informative representation of the temporal features.
Finally, the quantum LSTM-processed features are passed to the RFR model. RFR is a powerful integrated
learning method that performs regression prediction on data by training multiple decision trees. Each
decision tree is trained on a different subset of features and a subset of samples, and finally synthesized into a
stable prediction through a voting mechanism. RFR is effective in reducing overfitting and provides good
prediction performance on complex data patterns.
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Table 6.Meteorological records for the entire month of February in seattle.

Date Precipitation Topamax Temmink Wind Weather

1 February 2012 13.5 8.9 3.3 2.7 Rain
2 February 2012 0 8.3 1.7 2.6 Sun
3 February 2012 0 14.4 2.2 5.3 Sun
4 February 2012 0 15.6 5 4.3 Sun
5 February 2012 0 13.9 1.7 2.9 Sun
6 February 2012 0 16.1 1.7 5 Sun
7 February 2012 0.3 15.6 7.8 5.3 Rain
8 February 2012 2.8 10 5 2.7 Rain
9 February 2012 2.5 11.1 7.8 2.4 Rain
10 February 2012 2.5 12.8 6.7 3 Rain
11 February 2012 0.8 8.9 5.6 3.4 Rain
12 February 2012 1 8.3 5 1.3 Rain
13 February 2012 11.4 7.2 4.4 1.4 Rain
14 February 2012 2.5 6.7 1.1 3.1 Drizzle
15 February 2012 0 7.2 0.6 1.8 Rain
16 February 2012 1.8 7.2 3.3 2.1 Rain
17 February 2012 17.3 10 4.4 3.4 Rain
18 February 2012 6.4 6.7 3.9 8.1 Sun
19 February 2012 0 6.7 2.2 4.7 Rain
20 February 2012 3 7.8 1.7 2.9 Rain
21 February 2012 0.8 10 7.8 7.5 Rain
22 February 2012 8.6 10 2.8 5.9 Sun
23 February 2012 0 8.3 2.8 3.9 Rain
24 February 2012 11.4 6.7 4.4 3.5 Rain
25 February 2012 0 7.2 2.8 6.4 Rain
26 February 2012 1.3 5 −1.1 3.4 Snow
27 February 2012 0 6.7 −2.2 3 Sun
28 February 2012 3.6 6.7 −0.6 4.2 Snow
29 February 2012 0.8 5 1.1 7 Snow

Table 7.Monthly weather data for Kryvyi Rih in 2022.

City Year Month Avg temp Max temp Min temp Wind speed Pre Snow depth

Kryvyi Rih 2022 1 −0.1 8.8 −14 3.8 52.2 4
Kryvyi Rih 2022 2 2.4 10 −5 3.2 30.6 3
Kryvyi Rih 2022 3 2.5 18.4 −9 2.3 13.3 0.7
Kryvyi Rih 2022 4 6.6 20.2 −1.2 2.7 65.8 4
Kryvyi Rih 2022 5 14.2 28.6 1.4 2.4 50.6 0
Kryvyi Rih 2022 6 20 33.5 6.8 2 24.3 0
Kryvyi Rih 2022 7 19.9 32.2 8.2 2.3 102 0
Kryvyi Rih 2022 8 20.2 30.4 11.2 1.8 83.2 0
Kryvyi Rih 2022 9 11.7 21.2 0.4 1.9 135.2 0
Kryvyi Rih 2022 10 10.8 21 1.2 1.9 27.3 0
Kryvyi Rih 2022 11 −0.2 1.8 −1.8 1.4 0 0
Kryvyi Rih 2022 12 −0.2 10 −20.2 2.4 0 0

4. Simulation results and analysis

4.1. Weather dataset
This study uses two sets of data sets. One set is a meteorological record from Seattle, totaling 1461 data. The
dataset covers daily meteorological information from 1 January 2012 to 31 December 2015. Each data record
includes six features: date, rainfall (mm), maximum temperature (Celsius), minimum temperature (Celsius),
wind speed (m s−1), and weather. The other set of data sets is a dataset of meteorological indicators at
various locations in Ukraine from 2010 to 2023. Each data record includes nine features: city, year, month,
average temperature (Celsius), maximum temperature (Celsius), minimum temperature (Celsius), average
wind speed (m s−1), total precipitation (mm), and maximum snow depth (cm). Since the focus of this study
is rainfall prediction, rainfall is selected as the prediction label, and other variables are used as input features.
As shown in table 6, it is the weather record for the whole month of February in Seattle, and as shown in
table 7, it is the weather record for one year in a certain region of Ukraine.
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Figure 8. Distribution of minimum temperatures and wind speeds types in dataset 1.

Figure 9. Distribution of precipitation and maximum temperature in dataset 1.

Figures 8–10 illustrate various statistical characteristics of meteorological data in the study area. Each
figure contains a histogram and a fitted kernel density estimation curve to show the distribution of each
meteorological variable.

Figures 8 and 9 are the statistical characteristics of meteorological data in Dataset 1. Figure 8 illustrates
the distribution of minimum temperature and wind speed. The minimum temperature shows a bimodal
distribution, with most of the data concentrated between 5 ◦C and 10 ◦C. On the other hand, the wind speed
data shows a right-skewed distribution, indicating that the wind speed is low on most days. Figure 9
illustrates the distribution of precipitation and maximum temperature. The precipitation data shows a high
degree of skewness, with most of the precipitation concentrated between 0 and 10 mm, indicating that
precipitation is small most of the time. The distribution of maximum temperature is relatively smooth,
generally concentrated between 15 ◦C and 25 ◦C. Figure 10 is the statistical characteristics of meteorological
data in Dataset 2, giving the distribution of average temperature, maximum temperature, minimum
temperature, average wind speed, total precipitation, and maximum snow depth. Overall, the temperature
data show typical seasonal fluctuations, while the precipitation has a large skewness, indicating that
precipitation events are infrequent, but once they occur, they often bring a lot of precipitation.

These statistical data help to gain a deeper understanding of the seasonal changes and distribution
characteristics of meteorological variables, and provide a reliable data basis for subsequent analysis.

4.2. Data set preprocessing
In this research, a thorough data preprocessing phase was conducted on both datasets to enhance data quality
and boost model stability and prediction accuracy. The preprocessing involved addressing missing values,
encoding categorical variables, standardizing numerical features, and formatting the data for compatibility
with PyTorch models.

For the Seattle dataset, missing values are managed using df.dropna(), which removes any rows with
absent precipitation values or other missing attributes, ensuring the model is trained on complete and
accurate data. The date field, initially in datetime format, is transformed into a Unix timestamp (in seconds),
allowing the model to analyze time-related patterns and trends effectively. By representing time as Unix
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Figure 10. Distribution of data for each feature in dataset 2.

timestamps, the model can better manage the temporal elements of weather data. Weather columns
indicating various conditions (such as sunny, rainy, and cloudy) are converted using LabelEncoder, which
translates these categorical weather conditions into numeric values suitable for machine learning models.
The Seattle dataset specifically targets daily precipitation forecasting, with the training and testing datasets
reflecting this daily timeframe. It includes precipitation values for each day and aims to predict the
precipitation for a future day. Each model’s output is based on meteorological data from the current and
previous days, predicting the amount of precipitation for a specific future day.

For the Ukrainian dataset, the method df.dropna() was employed for ‘missing data handling’ to ensure
that only complete rows were utilized for both training and testing. The ‘City’ column, which contains the
names of categorized cities, is encoded with a tag code that transforms the city names into different integers,
allowing the model to interpret them as numeric features. The focus of precipitation forecasting in this
dataset is on monthly precipitation, and the data reflects this time frame, containing monthly precipitation
values for various regions in Ukraine and predicting future precipitation. The model’s output is based on
meteorological data from the current and previous months, with predictions made for the upcoming month.

The two datasets are created by excluding the target variable from the feature set. Numeric features in
both datasets are normalized using StandardScaler to ensure uniform scaling across all numeric variables.
This normalization is crucial as it prevents features with a wide range of values from disproportionately
influencing the model’s learning. After normalization, the data is converted into PyTorch tensors for efficient
training with neural networks, with features and target variables transformed into appropriate tensor
formats.

To construct the training and testing matrices, time series data processing methods are applied. The
predictors include meteorological features such as temperature, humidity, and wind speed, while the target
variable is precipitation. These features and target variables are extracted and combined from the original
dataset, with meteorological data serving as input features and precipitation as the target variable. The
feature matrix (X) comprises multiple meteorological data columns, while the target matrix (y) represents
precipitation. The dataset is split into training and test sets in an 80%–20% ratio, with random partitioning
to ensure that the samples in both sets have similar distributions, thereby reducing the risk of model
overfitting.

4.3. Model evaluationmetrics
Three main evaluation metrics are used in the models used to forecast precipitation in this paper: MAE,
RMSE, and the Bias. RMSE, MAE, and Bias evaluate predictive performance from three perspectives: error
magnitude, average error, and directionality, which can comprehensively reflect the strengths and weaknesses
of the model. A single metric may obscure some potential issues, while using multiple metrics together can
provide more detailed information. For example, RMSE may reveal that the model performs poorly in
certain extreme weather conditions, while Bias can help identify the model’s overall tendency (such as
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consistently overestimating precipitation). This aids in further targeted optimization of the model. By
combining these three metrics, this study allows for a comprehensive assessment of the performance of the
precipitation prediction model, not only to measure the overall accuracy of the model’s predictions, but also
to determine how well the model performs in dealing with the extremes and their systematic errors. These
metrics measure the model’s prediction performance from the following different perspectives:

1. MAE
MAE is used to measure the average absolute difference between predicted values and actual values [21].
MAE reflects the average gap between the model’s predicted values and the actual values, providing an
overall level of error. This ‘average error’ is particularly meaningful in weather forecasting. A smaller
MAE value indicates a smaller overall prediction error of the model,

MAE=
1

N

n∑
i=1

|yi −
∧
yi|. (1)

In equation (1), yi represents the predicted value of the ith sample, ŷi represents the predicted value of the
ith sample and n is the total number of samples.

2. RMSE
RMSE is another commonly used error measurement method that calculates the square root of the
average of the squared prediction errors. Unlike MAE, RMSE is more sensitive to larger errors because the
errors are squared during the calculation, making it more suitable for scenarios where there is a high
demand for large error handling. RMSE is consistent with the units of the original data, allowing for a
direct measurement of the absolute size of the error, which is convenient for practical applications,

RMSE=

√√√√1

n

n∑
i=1

(
yi −

∧
yi
)2
. (2)

In equation (2), yi and ŷi represent the actual and predicted values of the ith sample, respectively, and n is
the total number of samples.

3. Bias
Bias measures the systematic deviation of the model’s predictions from the actual values. It calculates the
average difference between the predicted and actual values, reflecting whether the model tends to
consistently overestimate or underestimate.The formula for calculating Bias is:

Bias=
1

n

n∑
i=1

(
yi −

∧
yi
)
. (3)

In equation (3), yi and ŷi represent the actual and predicted values of the ith sample, respectively, and n is
the total number of samples. A positive Bias value indicates that the model tends to overestimate, while a
negative value indicates that the model tends to underestimate [21]. A value of zero suggests that the
model has no significant systematic bias. In this paper, in order to make the Bias metric clearer in the
comparison experiments, we use the absolute value of Bias in the experimental visualization plots. The
closer the absolute value is to zero, the smaller the system bias is.

4.4. Model training
The model was built using the Python deep learning framework PyTorch and the quantum computing
framework PennyLane. The loss function was set to MSE, and the optimizer was Adam. Only one experiment
was conducted, with the experimental training rounds set to 100. The experiment was conducted in a CPU
environment, with batch size dynamically adjusted based on memory usage. The experimental platform was
configured as follows: the operating system was Microsoft Windows 11, the processor was Intel64 Family 6
Model 140 Stepping 1 GenuineIntel @ 2.42 GHz, with 16GB of RAM, and a maximum virtual memory of
21.56GB, without GPU acceleration. The training process demonstrated the model’s convergence and the
variation of the loss function, making it suitable for handling small- to medium-scale deep learning and
quantum computing tasks on a CPU.

To evaluate the models, this experiment randomly splits the dataset, where 20% is used as the test set and
80% as the training set. The training set is used to train the hybrid model and the test set is used to evaluate
the hybrid model. The loss function during training is shown in the figure, illustrating the variation of
training loss and testing loss with epoch number after BO. The loss function for the hybrid model on dataset
1 and dataset 2 with MSE is shown in figure It can be seen from the figure that both the training loss and the
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Figure 11. Loss function variation for test and training sets on dataset 1.

Figure 12. Loss function variation for test and training sets on dataset 2.

test loss decrease with training, indicating that the model’s ability to fit the data is increasing. From figure 11,
it can be seen that both the training loss and the validation loss show a rapid decrease in the early stages of
training, indicating that the model learns the data distribution better in the early stages. Starting from the
20th Epoch, the decrease of the validation loss gradually slows down, but still maintains a more stable
decreasing trend with the increase of training. This indicates that the model’s performance on the validation
set continues to be optimized without significant overfitting, and eventually the loss on the training set
begins to show signs of convergence after 100 training sessions, while the loss on the test set stabilizes after
the 77th training session. As can be seen in figure 12, the difference between the training loss and the test loss
is obvious in the initial phase, with the training loss decreasing rapidly from around 55, while the test loss
gradually stabilizes from close to 45. When the training proceeds to about 30 epochs, the decreasing trend of
the test loss gradually slows down and begins to converge after 40 epochs, and finally the experiment begins
to converge at about 85 epochs, these results show that the model can effectively capture the patterns in the
data, and at the same time, through a reasonable training strategy, the model successfully avoids overfitting
while maintaining the prediction ability, thus achieving a good prediction performance. Through this figure,
we can clearly see the performance of the model during the whole training process, especially the loss of the
test set tends to stabilize, which indicates that the model has good generalization ability.

In order to more intuitively evaluate the prediction effect of the model proposed in this paper, figures 13
and 14 show the comparison between the precipitation predicted by the model and the actual precipitation.
As can be seen from the figure, the blue curve represents the actual precipitation and the orange curve
represents the predicted value of the model. Overall, the predicted value and the actual value have a high
degree of overlap, indicating that the model can better capture the trend and change of precipitation. The
experimental results show that the model performs well in the precipitation prediction task. As shown in
figure 13, in the first 300 samples, the comparison between the actual precipitation value and the predicted
value shows a high correlation. The model can better capture the trend of medium and low precipitation.
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Figure 13. Visual comparison between model predicted precipitation and actual precipitation on dataset 1.

Figure 14. Visual comparison between model predicted precipitation and actual precipitation on dataset 2.

Most of the predicted values are close to the actual values, especially in smaller precipitation samples. The
model prediction accuracy is high and the error is small. Figure 14 also shows the distribution of actual
values and predicted values on the entire data set in the form of a scatter plot. It can be seen that most of the
scatter points are distributed near the diagonal, indicating that the model has a good fitting effect on the
overall precipitation distribution, which shows that the model has effective learning and prediction
capabilities for the precipitation of most samples. From these two figures, we can see that under low
precipitation and normal weather conditions, the model’s prediction performance is relatively stable and
accurate, and the difference between the actual value in blue and the predicted value in orange is small. This
shows that the model has strong prediction ability under normal weather conditions (such as light rainfall or
no precipitation), which provides solid support for the basic performance of the model. For low
precipitation conditions, the model can track the changing trend of precipitation well, so under these more
common weather conditions, the model’s prediction results have high reliability. However, heavy rain and
extreme weather events (such as typhoons) usually lead to extreme fluctuations in weather data. Heavy rain
is usually accompanied by a large amount of precipitation in a very short period of time. This sudden
weather phenomenon often has high uncertainty, especially when precipitation grows exponentially. The
model may not fully capture this rapidly changing trend, resulting in a difference between the predicted value
and the true value; and extreme weather events such as typhoons and hurricanes usually lead to a large
amount of precipitation in local areas, and there may be large errors due to the lack of sufficient extreme
weather cases in the model training data. As can be seen in the figure, the rainfall in figure 13 exceeds 20, and
the rainfall in figure 14 exceeds 100. These data may be difficult for the model to handle, so a large prediction
error will be generated. Therefore, in the table, it can be seen that in these abnormal weather conditions, the
real value and the predicted value are very different, which also means that the model needs to be further
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Table 8. The average value of the evaluation index after 15 repeated experiments on dataset 1 for each model.

Metric TCN-QLSTM-RFR QLSTM LSTM SVM RFR KNN

MAE-Datasetl 2.8435 2.8775 3.0288 3.0623 3.0366 3.0295
RMSE-Datasetl 5.3108 5.3241 6.2967 6.2 5.3837 6.1098
Bias-Datasetl 0.1054 0.1711 0.3393 1.87 0.2824 0.2874

Table 9. The average value of the evaluation index after 15 repeated experiments on dataset 2 for each model.

Metric TCN-QLSTM-RFR QLSTM LSTM SVM RFR KNN

MAE-Dataset2 25.5 28.3585 28.156 26.1791 28.1112 28.9303
RMSE-Dataset2 35.1482 37.0741 37.9946 36.9204 37.7047 38.8142
Bias-Dataset2 0.8857 3.0921 2.6146 8.12 1.1606 8.6846

optimized, especially the adaptability to extreme weather conditions. However, under certain extreme
weather conditions, the model can still capture the overall trend changes. For example, although the
predicted value (orange) and the actual value (blue) have a large deviation in the case of extreme
precipitation, the fluctuation pattern of the two still shows a certain correlation. This shows that the model
can maintain the basic prediction of the trend when encountering extreme weather. Although the error is
large, it can still identify the drastic changes in precipitation and try to reflect the fluctuations in the actual
situation. For extreme weather such as heavy rain or typhoons, although the predicted value sometimes
deviates from the true value, the model can still better reflect the characteristics of overall climate change
when identifying these extreme changes. For example, the sharp increase in precipitation is clearly visible on
the chart, and the manifestation of this trend is still very important for subsequent model improvements or
meteorological early warning systems. In general, the model showed good prediction ability, especially in the
small and medium ranges of precipitation. Its prediction results were in good agreement with the actual
values, providing reliable support for the accurate forecast of precipitation.

The computational complexity of this model is mainly reflected in two parts: first, the convolution
operation of the TCN layer, whose complexity depends on the dimension of the input data, the size of the
convolution kernel and the number of layers; second, the QLSTM part, which is calculated through quantum
circuits, in which the complexity of quantum gate operations increases with the number of quantum bits and
quantum layers. Specifically, each convolution operation of the TCN part requires a time complexity of
O(N ⋆M ⋆K), where N is the input sequence length,M is the number of channels, and K is the convolution
kernel size. The quantum circuit computational complexity of QLSTM is even higher, especially when the
number of quantum bits n− qlayers increases, the depth and computational time of the quantum circuit
increase exponentially, so it is necessary to weigh the computational resources of quantum computation and
the effect of the model. In addition, the running performance of the model depends on the data scale, the
complexity of the model and the hardware environment. Due to the introduction of the quantum computing
part, the computational time of the training process is longer than that of traditional neural networks,
especially when multiple runs (such as 15 training iterations) are performed. Each training involves TCN
feature extraction and quantum computing processes. As the number of training rounds increases, the CPU
load will gradually increase. Although the quantum computing part may lead to slower training speed, by
combining it with Random Forest, the model relies on the classical machine learning model for final
prediction after feature extraction, which enables the model to achieve relatively stable and better
performance results after multiple training cycles.

4.5. Comparison of different models
In order to verify the superiority and robustness of the proposed BO hybrid model, this paper will compare
this hybrid model with RFR, SVM, KNN, LSTM, and QLSTM respectively. As shown in the figure, each
model sets the same learning rate, epoch, number of hidden layers and other related parameter values, and in
order to avoid the randomness of the results, the experimental results are more convincing. Each algorithm
model is repeated 15 times, and the experimental batch (Epoch) is set to 100 for each repeated experiment.
Tables 8 and 9 show the average values of each evaluation index of each model in 15 repeated experiments on
two data sets.

It can be clearly seen from the table that after BO, the model proposed in this paper has achieved the best
performance in terms of MAE, RMSE and Bias, which is significantly lower than other models. Specifically,
the model proposed in this paper is better than QLSTM, RFR, KNN, SVM, and LSTM in terms of MAE,
RMSE, and Bias. In terms of MAE and RMSE, the optimized hybrid model has a strong nonlinear feature

18



Mach. Learn.: Sci. Technol. 6 (2025) 015065 Y Dong and H Ding

Figure 15. The change of MAE index of each algorithm model with 15 replicate experiments on dataset 1.

extraction capability, which effectively reduces the prediction error. In addition, the Bias value is also low,
indicating that the prediction of the model is more accurate and stable. On the first dataset, the research
model improved 1.2%MAE, 0.5% RMSE, and 38.5%Bias; on the second dataset, the research model
improved 2.59%MAE, 4.8% RMSE, and 23.68% Bias. As a result, the hybrid model significantly improves
the overall prediction accuracy and robustness, further verifying its advantages and applicability in
precipitation prediction tasks.

Figures 15–20 show the results of the comparison between this paper’s model and other models for three
key evaluation metrics ( MAE, RMSE, and Absolute Value of Bias) in the rainfall prediction task, respectively.
The horizontal axis represents the number of rounds of training (Epoch), and the vertical axis represents the
values of MAE, RMSE, and Bias, respectively. With these graphs, we are able to comprehensively evaluate the
performance of different models in rainfall prediction.

Figures 15 and 16 show the MAE values of each model after 15 repeated experiments on the dataset.
Specifically, in dataset 1, KNN (blue) showed large fluctuations in most tests, especially in the 1st, 2nd, 4th,
5th, and 13th tests, the MAE value was high (close to 3.5). The MAE performance of RFR (orange) was
relatively stable, and it remained around 3.0 most of the time, with little fluctuation, but in the 2nd and 10th
tests, the MAE value increased slightly. The MAE value of SVM (green) was relatively stable, almost similar to
RFR, usually between 2.9 and 3.1, showing a certain stability. The MAE of LSTM (pink) had some
fluctuations, especially when the number of tests was small (1st, 4th, and 8th), the MAE value was high, but
in some tests, it performed well and the MAE value was low. The MAE of QLSTM (purple) fluctuated less,
and the MAE of most tests was maintained between 2.8 and 3.0, and the performance was relatively stable.
TCN-QLSTM-RFR (light brown) performed best in all tests, with its MAE value always maintained between
2.6 and 2.9, and the fluctuation was very small. This model always maintained a low error under different test
times and performed the most stably, indicating that it has high prediction accuracy and consistency in this
task. In Dataset 2, the MAE value of the KNN model fluctuated greatly, especially in the 1st, 5th, 9th, and
13th tests, when the MAE value was close to or exceeded 30, showing great instability. The MAE value of the
RFR model was relatively stable, fluctuating around 28. Although there were slight fluctuations in some tests
(such as the 12th), the overall trend remained relatively smooth. The performance of SVM was also relatively
stable, with the MAE value maintained between 26 and 27 most of the time. Overall, SVM showed good
stability with small fluctuations. The LSTMmodel showed large fluctuations in some tests (such as the 5th,
8th, and 11th), with the MAE value varying around 29, showing a certain degree of instability. The QLSTM
model performed relatively stably, with MAE values between 27 and 30, without significant fluctuations,
showing good reliability and consistency. The TCN-QLSTM-RFR model performed best in all tests, with its
MAE value always remaining below 26, showing very low error values, and almost no fluctuations. It was the
most stable of all the models, showing the highest accuracy and consistency.

Figures 17 and 18 show the RMSE values of each model after 15 repeated experiments on the data set.
Specifically, in Dataset 1, KNN (blue) has large fluctuations in most data points. At the 2nd, 7th, 10th and
12th points, the RMSE values are significantly higher, and the RMSE value at the 15th data point is also high,
showing unstable performance. The RMSE of the RFR (orange) model remains relatively stable at most data
points, ranging from about 5 to 5.5. It does not have as large fluctuations as the KNN model, and the overall
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Figure 16. The change of MAE index of each algorithm model with 15 replicate experiments on dataset 2.

Figure 17. The change of RMSE index of each algorithm model with 15 replicate experiments on dataset 1.

trend is relatively smooth, indicating that it has better stability when processing different data points. SVM
(green) Although the performance of the SVMmodel is relatively stable, the RMSE remains around 6 at most
test points, and only slightly fluctuates when there are fewer data points, but the data value is larger. The
RMSE value of LSTM (pink) has higher fluctuations when there are fewer data points, showing better
performance overall, but the overall RMSE is high and basically exceeds 6. The RMSE value of QLSTM
(purple) is stable, remaining around 5.5, with small fluctuations, showing its good stability and reliability.
TCN-QLSTM-RFR (light brown) has the best performance among all models, with RMSE values between
5.0 and 5.5 for all data points. Its RMSE value is much lower than that of other models and is very stable with
almost no fluctuation, indicating that it has the strongest accuracy and consistency when processing different
data points. In Dataset 2, the KNNmodel performed moderately in most tests, with RMSE values fluctuating
around 38, but it exceeded 40 in the 8th and 9th tests, which is a poor performance. The RFR model
performed relatively stably, with RMSE roughly maintained at around 37.5, but there were some
fluctuations, especially in the first few experiments. The RMSE performance of SVM was relatively stable,
maintained between 36 and 37, and the overall trend was relatively stable. The RMSE value of LSTM
fluctuated greatly, performing poorly in some tests, but showed a low RMSE in the 4th test. The RMSE of
QLSTM fluctuated around 37, which was close to LSTM overall, but with less fluctuation. The
TCN-QLSTM-RFR combined model performed best in the test, with a significantly lower RMSE value than
other models. Especially when the number of tests was small, its RMSE value was the lowest, mostly
maintained between 34 and 36, with little fluctuation.

Figures 19 and 20 show the absolute value of Bias after 15 repeated experiments for each model.
Specifically, the bias performance of KNN (blue) in Dataset 1 fluctuates greatly, especially in the 2nd, 6th,
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Figure 18. The change of RMSE index of each algorithm model with 15 replicate experiments on dataset 2.

Figure 19. The index change of the absolute value of Bias of each algorithm model with 15 replicates of experiments on dataset 1.

Figure 20. The index change of the absolute value of Bias of each algorithm model with 15 replicates of experiments on dataset 2.
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Figure 21. Correlation coefficients of prediction results of each model on dataset 1.

Figure 22. Correlation coefficients of prediction results of each model on dataset 2.

8th, 13th, and 14th tests, where the bias is large, showing a high systematic error. At some data points, KNN
has a small bias, but overall it is unstable and has a large error. RFR (orange) has a relatively low and stable
bias value, usually between 0.25 and 0.53, and performs relatively smoothly with a small error. At some data
points (such as the 7th test), its bias increases slightly, but overall it performs well. SVM (green) has an almost
completely stable bias, always maintaining at 1.87, without significant fluctuations, but the bias value is large.
LSTM (pink): The bias fluctuates significantly when there are fewer data points, especially in the 2nd, 7th,
and 10th tests, where the bias value increases significantly. Afterwards, as the number of data points increases,
the bias of LSTM gradually stabilizes, but occasionally there are large fluctuations. QLSTM (purple)
performs well in bias control overall, but there are still some fluctuations. TCN-QLSTM-RFR (light brown)
showed the best bias control in all tests, with the bias value always maintained between 0 and 0.25 and very
stable. There was almost no fluctuation, showing very low systematic error and high stability. In Dataset 2,
the bias of the KNN model fluctuated significantly in the 1st, 5th, 8th, 13th, and 14th tests, especially in the
8th test, the bias value increased significantly. The bias value of RFR was relatively stable, usually maintained
between 0 and 1.5, with small fluctuations, showing some systematic error but overall relatively stable. The
bias value of SVM was very stable, but the data was high despite the stability of the bias value. The bias of
LSTM fluctuated greatly in the 2nd, 7th, 12th, and 14th tests, especially in the 12th and 14th tests, the bias
value increased significantly, close to 6. The bias value of QLSTM remained low in multiple tests, usually
maintained between 0 and 4, and was relatively stable. It performed relatively well, showing a small
systematic error and small fluctuations. The TCN-QLSTM-RFR model maintained a very stable bias value
between 0 and 1 in all tests. It performed best among all the models, with almost no fluctuation in bias
control, always maintaining a low system error, and showing very high accuracy and stability.

This study conducted prediction experiments on multiple models on the Seattle dataset and the Ukraine
dataset, and evaluated the linear relationship between the prediction results of these models by calculating
the correlation coefficient. The visualization of the correlation coefficient reveals the consistency and
difference of different models on the two datasets. As shown in figures 21 and 22. Because the value of the
SVM evaluation index is the same every time, its variance is 0, and it is not included when calculating the
correlation coefficient. These correlation coefficients provide a quantitative basis for us to have a deeper
understanding of the similarities and differences between the prediction results of different models. These
analyses help to better evaluate the prediction ability of each model, and also show that the prediction
performance of the model in this study is good.
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The results of these comparative experiments clearly show that the model proposed in this paper, after
BO, is used for feature extraction in combination with TCN, and the extracted features are fed into a random
forest regression model for final prediction. In 15 experiments, the model significantly outperforms QLSTM,
LSTM and a single random forest model in three key metrics including MAE, RMSE and Bias. In all the tests,
the performance of TCN-QLSTM-RFR is always stable with minimum fluctuation range, especially in
extreme data distribution scenarios. The comprehensive experimental results show that TCN-QLSTM-RFR
is the best performing model in this study. In the three core metrics (Bias, MAE, and RMSE), its accuracy,
stability, and robustness are significantly better than those of the other compared models, providing a
powerful solution for complex weather prediction tasks.The model in this paper is able to capture the
complex nonlinear relationships in time series data more effectively and has higher prediction accuracy and
stability in rainfall prediction tasks. In addition, the hybrid model combines the excellent performance of
TCN in feature extraction and the deep feature learning capability of quantum computing to further enhance
the performance of the model. By comparing the performance of traditional machine learning models, the
structure combining quantum computing and deep learning proposed in this paper significantly
outperforms these traditional models in terms of prediction performance, demonstrating stronger
generalization ability and prediction accuracy. This also indicates that the hybrid model proposed in this
paper has significant application potential and practical value in the processing and prediction of complex
meteorological data.

5. Conclusion and future prospects

In this paper, we propose a hybrid model for rainfall prediction combining TCN, QLSTM, and RFR. This
study provides a new approach to the field of weather prediction and demonstrates the potential of
combining quantum computing and classical machine learning models that are designed to take full
advantage of all three: TCN has a powerful time-series feature extraction capability to effectively capture
long-range dependencies in the data; QLSTM combines the unique advantages of quantum computing,
which is further enhanced by quantum convolutional layers LSTM’s ability to model complex nonlinear
patterns; and RFR, as a classical integrated learning algorithm, not only can effectively handle
high-dimensional data, but also has strong overfitting resistance, which makes the model perform well in
dealing with complex weather data. BO, on the other hand, provides key support for the hyperparameter
tuning of the model, automatically finding the optimal parameter combinations, which significantly
improves the prediction performance of the model.The experimental results clearly show that the hybrid
model combining quantum computing and deep learning exhibits excellent performance in the rainfall
prediction task. By introducing BO, the hyperparameters of the TCN and QLSTMmodels are effectively
tuned, which, combined with the powerful integrated learning capability of RFR, enables my model to better
adapt to different rainfall patterns, thus significantly improving the accuracy and robustness of the
prediction. In the comparison experiments with a variety of traditional machine learning models (e.g.
Random Forest, SVM, KNN) and deep learning models (e.g. LSTM, QLSTM), the hybrid model proposed in
this paper has the lowest error values in the three key evaluation metrics of Bias, MAE, and RMSE, which
demonstrates its advantages in dealing with complex time series data. Specifically, the model is able to
capture rainfall volatility well, accurately predict rainfall peaks and trends, and exhibit good stability and
convergence during the training process. These results validate the potential and advantages of combining
quantum computing with deep learning and BO in complex meteorological data processing, and the model
performs well in handling complex time series data, better adapts to different rainfall patterns, and improves
the accuracy and robustness of prediction.

The innovation of this paper is to combine quantum computing with deep learning and ensemble
learning, and automatically tune the model through BO, which significantly improves the performance of
the model in rainfall prediction tasks. TCN can efficiently capture long-term dependencies in data, so as to
better extract time series features. Its unique dilated convolution structure expands the perception domain,
enabling the model to learn a wider range of time information, so as to better understand the dynamic
changes of rainfall data. QLSTM combines the advantages of quantum computing and classical LSTM, and
can better learn complex nonlinear relationships and enhance the prediction ability of the model. The
introduction of the quantum computing module enables the model to utilize the parallelism and complexity
of quantum states to more effectively process the nonlinear features in rainfall data. As a classic ensemble
learning algorithm, RFR can effectively process high-dimensional data and has strong anti-overfitting ability.
Through the combination of multiple decision trees, it can effectively reduce the sensitivity of the model to
noise data and improve the generalization ability of the model; the BOA can automatically find the best
parameter combination for the model, thereby improving the prediction performance of the model; its
surrogate model based on GP can effectively balance exploration and utilization and find the best parameter
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configuration of the model. However, there are also some limitations. For example, the QLSTMmodel relies
on quantum computing resources, and quantum computing technology is still in the development stage. The
available quantum computing resources are limited, which may limit the scale and application scope of the
model. With the continuous development of quantum computing technology, the application of the QLSTM
model will be broader. The QLSTMmodel integrates many different models, and the model structure is
more complex, which may lead to an increase in the training time and computing cost of the model. The
model structure is relatively complex, which may lead to an increase in the model training time and
computing cost. The model is not sensitive enough to abnormal weather data, and the prediction of extreme
weather is not accurate enough. It is necessary to increase data training to improve the model performance.
Future research can consider optimizing the model structure, reducing the complexity of the model, and
improving the efficiency of model training. Future research can continue to explore the application of
quantum computing in the prediction of other meteorological variables, further optimize the quantum
circuit structure, and improve its adaptability and performance in more complex tasks. In addition, in
extreme precipitation prediction, when comparing the true value and the predicted value, although it has
advantages over other models, there are also some shortcomings, mainly underestimating the actual
precipitation in the future, which needs further improvement. Further improvement is needed in the future.
In summary, this paper demonstrates the great potential of combining quantum computing with deep
learning, providing an innovative and efficient solution for the field of weather forecasting. This model not
only provides new ideas for the processing of complex time series data in theory, but also lays a solid
foundation for the development of future weather forecasting applications.
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