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Abstract: Accurate, efficient, and reliable traffic flow prediction is pivotal for highway
operation and management. However, traffic flow series present nonlinear, heterogeneous,
and stochastic characteristics, posing significant challenges to precise prediction. To address
this issue, this paper proposes a novel wavelet-LNN model, integrating the strengths of
wavelet decomposition and liquid neural networks (LNNs). Initially, multi-scale wavelet
decomposition is applied to the original traffic flow data to yield approximation compo-
nents and detailed components. Subsequently, each component is trained using the LNN.
Ultimately, the predicted results of all components of the LNN models are aggregated to de-
rive the final traffic flow prediction. The experiments conducted on four highway datasets
demonstrate that the proposed wavelet-LNN model surpasses SVR, LSSVM, LSTM, TCN,
and transformer models in prediction performance across R2, MSE, and MAE metrics.
Notably, the wavelet-LNN model features the fewest parameters (<2% of typical deep
learning models).

Keywords: traffic flow prediction; wavelet decomposition; liquid neural network;
intelligent transportation systems

1. Introduction

Highway traffic flow prediction is a vital component of intelligent transportation
systems [1], and video-based traffic flow detection technology is increasingly being adopted
to obtain real-time traffic flow data. Moreover, it is crucial for ensuring the smooth opera-
tion of transportation systems and enhancing road safety. Accurate short-term traffic flow
prediction provides essential data for travelers’ route choices and the development of traffic
management and control strategies, which are key to easing traffic congestion and improving
traffic efficiency. By predicting short-term traffic peak periods, authorities can adjust speed
limits, signal timing, and lane allocation to manage traffic flow more effectively.

Traffic flow data have a time series structure, and various time series prediction
methods have been applied to traffic flow prediction. These methods can be categorized
into classical statistical learning methods, traditional machine learning methods, neural
network methods, deep learning methods, and combination model methods.

Classical statistical learning approaches for traffic flow prediction mainly include
vector autoregression (VAR) [2], the Kalman filter [3,4], and the autoregressive-integrated
moving average model (ARIMA) [5]. The direct application of these methods for real
traffic flow prediction typically yields unsatisfactory results, especially when dealing
with nonlinear changes in traffic flow. Consequently, numerous variant methods have
been proposed, such as the combination of topology-regularized autoregression with
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vector autoregression for traffic forecasting advocated by Schimbinschi et al. [6], and the
Bayesian vector autoregression method developed by Li et al. [7]. For short-term traffic
flow forecasting, noise-immune methods have been introduced in the Kalman filter [8], and
seasonal ARIMA (SARIMA) models [9,10] have been developed to account for the cyclical
nature of traffic flow. Additionally, the hybrid dual Kalman filtering model [11] and Tensor
extended Kalman filter [12] have been proposed for short-term traffic flow forecasting.
However, these methods assume stable traffic flow time series and complete data, thus
neglecting the nonlinearity of the data. As a result, they struggle to achieve satisfactory
prediction results.

Traditional machine learning methods include k-nearest neighbor (KNN) methods [13],
hidden Markov models (HMMs) [14], gradient boosting decision trees (GBDTs) [15], support
vector regression (SVR) models [16], and Bayesian networks [17], among others. These
methods can handle complex nonlinear correlations in traffic flow series. Improved versions
of these methods have also been developed, such as the combination of SVR and KNN
for traffic flow prediction by Lin et al. [18], the improved HMM developed for urban road
networks by Zhu et al. [19], and the integration of LSSVM with hybrid optimization for
short-term traffic flow prediction [20]. Although these methods demonstrate some nonlinear
approximation capabilities, they only extract shallow features, limiting their effectiveness.

Neural network methods commonly used for time series prediction include long
short-term memory (LSTM) methods [21], gated recurrent unit (GRU) methods [22], convo-
lutional neural networks (CNNSs) [23], bidirectional long short-term memory (BILSTM) [24],
and temporal convolutional networks (TCNs) [25]. To enhance performance, various
methods have been proposed, such as integrating attention mechanisms and optimization
methods into LSTM [26,27] and designing shared-weight GRU networks [28]. Additionally,
combination models like LSTM-BILSTM [29], Grey-CNN [30], and Conv-LSTM [31] have
been introduced. While these neural network models perform well in nonlinear approxima-
tion for traffic flow series, they may still suffer from gradient vanishing in long sequences,
affecting learning effectiveness.

In recent years, deep learning methods have made significant progress in image processing
and natural language processing and have been applied to traffic flow prediction [32,33].
Representative models include deep belief networks [34,35], the transformer model [36], and
graph convolutional networks [37,38]. The transformer model, in particular, uses a self-attention
mechanism to simultaneously consider all positions in the input sequence, effectively capturing
long-range dependencies and showing great potential. Consequently, variant transformer
models such as RPConvformer [39] and MTS-Informer [40] have been proposed. These deep
neural network-based methods perform well in predicting traffic flow but have some drawbacks,
including high model complexity, large data sample requirements, and high computational
complexity, making it difficult for the model to generalize to real-world scenarios.

To summarize, classical statistical learning methods and traditional machine learning
methods struggle to adapt to the nonlinearity of traffic series. Neural network methods
are not adept at capturing long-term dependencies and have weak generalization abilities.
Deep learning methods often require high computational complexity and large data sam-
ples, and exhibit weak generalization abilities. To address the nonlinear characteristics and
high noise interference in traffic flow series, many researchers have attempted to combine
decomposition algorithms with neural networks. For example, wavelet decomposition has
been integrated with graph convolutional networks [41], empirical mode decomposition
(EMD) has been used in combination model fusion [42], and variational mode decom-
position (VMD) has been employed for extreme learning machines [43]. These results
indicate that component decomposition-based mixed traffic flow forecasting models are
more effective in capturing the main regularities and random changes in traffic flow than
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single models. In practical applications, wavelet decomposition is widely applicable and
easy to use.

Meanwhile, the liquid neural network (LNN) has been proposed, which can continue
adapting to new stimuli after training, demonstrating strong performances in time series
prediction [44]. Additionally, the Liquid Foundation Models (LEMs), developed by Liquid
Al achieve industry-leading performance at different scales while maintaining smaller
memory usage and more efficient inference capabilities compared to ChatGPT 3.5, which
is based on the transformer architecture. The LNN model has been employed in robust
flight navigation out of distribution, successfully performing vision-based fly-to-target
tasks beyond its training environment [45]. By using an LNN with 19 nodes, autonomous
driving control has been achieved [46], reducing the number of neurons by tens of thou-
sands compared to conventional neural network methods. This highlights the efficiency,
interpretability, robustness, and effectiveness of the LNN model.

In summary, real-time short-term traffic flow prediction is crucial. Traditional methods
have small model scales, weak feature extraction capabilities, and poor generalization
performance. Deep learning methods have strong feature extraction capabilities but large
model sizes and high computational complexity. Leveraging the strengths of wavelet
decomposition and the LNN model, this paper designs a novel wavelet-LNN model
for traffic flow prediction. The original traffic flow series is decomposed using wavelet
decomposition and LNN models are trained to predict each decomposed sub-series.

The structure of this paper is outlined as follows: Section 2 delves into the architecture
of the wavelet-LNN model, elucidating its design and the algorithms that power it. Section 3
involves an exhaustive analysis, comparing the predictive accuracy of the wavelet-LNN
model with various benchmark models. Section 4 wraps up the paper with a summary of
the findings.

2. Materials and Methods
2.1. Multi-Scale Wavelet Decomposition

The time series of traffic flow exhibits instability, volatility, and intermittency. To
address these challenges, wavelet decomposition is employed to handle the nonlinear-
ity and high noise levels. The multi-scale wavelet decomposition, based on the wavelet
transform, uses wavelet basis functions to approximate the original signal series. Specifi-
cally, multi-scale wavelet basis functions are utilized to implement the multi-scale wavelet
decomposition. The wavelet basis function is designed as follows:

vust) = o (*57) )

where ¢ is the mother wavelet basis function, and 2 and b denote the scale parameter and
shift parameter. The wavelet coefficients would be calculated as follows:

o) = (p(“50 ) x) = [T oS50 )1t ®

where ¢, ;,(t) denotes the wavelet coefficients of I(t) at time .
Using the wavelet coefficients, the traffic flow series can be reconstructed by using the
inverse transform, and it can be expressed as follows:

[(t) =Y cap@ap(t) 3)
a,b

where [(t) is the reconstructed series.
The orthogonal wavelet basis function is usually used, and the scale and shift parame-
ters are modified as follows:
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where m and 7 are integers. Moreover, choose by = paj}' to ensure fixed a cover x(t). For the rapid

4)

calculation of the wavelet coefficients on the discrete time series, the ay and p are usually set to
2 and 1, respectively. Accordingly, the wavelet basis function would be expressed as follows:

Pmn(t) = 2_’;(P<t_277:2m) 5)

In order to perform wavelet decomposition on discrete traffic flow series, wavelet
basis functions are employed to generate low-pass filters and high-pass filters. The wavelet
approximation and detail coefficients can be calculated using these low-pass and high-pass
filters, respectively. By applying the inverse transform, the corresponding approximation
component and detail component are obtained.

By utilizing wavelet basis functions with parameters of different scales, multi-scale
wavelet coefficients and components can be obtained. For discrete traffic flow series, multi-
scale wavelet decomposition is carried out, and the processing flow is illustrated in Figure 1.

Wavelet Basis W

Function

L Traffic Flow Series }

)

Al DI Reconstructed Detail }

Series 1

cA2 D2 | Reconstructed Detail
| Series 2

A3 D3 Reconstru'cted Detail
Series 3

Reconstructed 1
Approximation Series

Figure 1. The structure of multi-scale wavelet decomposition.

As shown in Figure 1, three-layer wavelet decomposition is applied to traffic flow
series, and four component series are generated.

2.2. Liquid Neural Networks

The liquid neural networks (LNNs) represent a type of recurrent neural network (RNN)
that is time-continuous and inspired by the nervous system of the nematode. Continuous-
time hidden-state RNNSs, it can be represented by ordinary differential equations and it can

be expressed as follows:
dx(¥)
T f(x(t),I(t),t,0) (6)

where f( ) is a neural network parametrized by 6, x(t) denotes the hidden state, I(t) is the

input, and t represents time.
In order to determine stable continuous-time recurrent neural network, an improved
ordinary differential equation is proposed:

d?;(tf) _ X + f(x(t),I(t),t,0) @)

T




Modelling 2025, 6, 39 50f 18

where the term of — ( ) is designed to assist the system to reach an equilibrium state with
a time-constant . Alternatlve, the model would be rewritten as follows:

dx(t)  x(t)
= s ®8)
where S(t) represents the following nonlinearity. This is determined as follows:
S(t) = f(x(8), 1(t),£,6)(A — x(t)) ©)
Combining Equations (8) and (9), the ordinary differential equation for LNNs is obtained:
dx(t 1
% i = + f(x(t), I(t),£,0) | x(t) + f(x(t),I(t),t,0)A (10)
where A is the bias component of the neural network, and the structure of LNNs is shown
in Figure 2.
120 Original flow|
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Figure 2. The structure of liquid neural networks.

The forward information transmission of LNNs is achieved by solving the correspond-
ing ODE. For LNNs, any ODE solver can be used. A practical fixed-step ODE solver is
used here, which combines the stability of implicit Euler methods with the computational
efficiency of explicit Euler methods. It is necessary to decompose the interval [0, T] into
time discretization [ty, t, ..., t,]. Therefore, the solving step only involves updating the
hidden state from ¢; to ¢;; 1. The iterative process is as follows:

x(t) 4+ Atf(x(t),I(t),t,0)A
(M) = T oA T 1 F(x(D), 1(0), 1, 8))

(11)

where At is the time intervals.

Through iteration, the hidden state of neurons at each moment can be obtained sequen-
tially, thereby completing the forward transmission of LNNs. Moreover, an approximation
of its closed-form solution is proposed in [17,47], and it can be expressed as follows:

x(t) & (xg — A)e” W UOEON£(—1(1),1,60) + A (12)

where wy = % By using approximate solutions, the model can be integrated into neural
networks. For the hidden state in the D dimension, the expression at each time step is follows:
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x(t) = (xg — A)e Wt @I gy _T,0) + A (13)

By replacing biases with learnable instances and setting the gating balance [17], the
approximation of an ODE system is calculated quickly.

2.3. Wavelet-LNN Model

Although the LNN model exhibits good dynamic stability and superior expressivity,
it struggles to achieve high accuracy when directly applied to traffic flow prediction. This
is due to the nonlinearity, heterogeneity, and randomness of traffic flow series. To enhance
the performance of LNNSs in traffic flow prediction, wavelet decomposition is introduced,
and the wavelet-LNN network is constructed. The structure of the wavelet-LNN network
is shown in Figure 3.

( Traffic Flow Dataset 1

( Multi-scale Wavelet Decomposition ’

l

| | I

Wavelet Detail ’ ‘ ’ Wavelet Detail Wavelet Approximation
Components | Components K-1 Component
LNN 1 ’ ‘ . ’ ‘ LNN K-1 ’ ‘ LNN K ’

!

‘ Result Reconstruction ’

Figure 3. Structure of wavelet-LNN networks.

In the wavelet-LNN network, the wavelet decomposition is used to decompose the
traffic flow time series into multiple sub-series. By setting the layers of multi-scale wavelet
decomposition (MWD) at K — 1, K sub-series are obtained:

(L), 1), - - Ik (8)] = MWD(I(t)) (14)

where MWD( ) is the function of multi-scale wavelet decomposition, I(t) is thw input
traffic flow time series, and I1(t), I (t), - - - Ix(t) denote the decomposed sub-series.
For each sub-series, an LNN model is built to deal with it. This can be expressed as follows:

pi(t) = LNNg(Ik(t)) (15)

where LN N ( ) denotes the k-th LNN model and py(t) is the predicted sub-series by LNN
model. Each LNN model is trained under the supervision of the Mean Squared Error (MSE)
loss function, and the MSE is calculated as follows:

N

Lossi = Y (Ik(t) — pe(t))? (16)

t=1
where N denotes the length of traffic flow time series.
One can then combine the predicted sub-series of each LNN model, and the final
predicted result is obtained. This calculated as follows:

K
I(t) =) p(t) (17)
k=1
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where I, denotes the predicted traffic flow series.
To sum up, the pseudocode of the proposed wavelet-LNN is shown as Algorithm 1.

Algorithm 1 The Wavelet-LNN algorithm

Input: traffic flow: I(t), number of wavelet decomposition layers: K, maximum number
of iterations: Maxlter, learning rate: Ir, sliding window size: L
Fork=1toK -1
I (t) <~ MWD(I(t),k)
For i =1 to MaxIter
Initialize: 6,
Ii(t) < I(E = L) : Le(t = 1)
Pi(t) < LNN(Ixi(t), 0x)
Lossy <— MSE(I(t), pr(1))
Ok < Adam(MSE,Ir)
End
1(6) ¢ p(8) + pelt)
End
Output: I, (t)

3. Experiments and Results
3.1. Dataset

In order to test the performance of the proposed wavelet-LNN model, the data sourced
from the UK highway dataset https://webtris.highwaysengland.co.uk/, (accessed on
20 November 2024) is used for experimental validation. To test the robustness of the
model, traffic flow tests were conducted at different times, locations, and vehicle types.
To be specific, data are selected from observation point 7933M on M18 highway from
1 January 2022 to 30 January 2022 and from observation point 4919A on M25 highway
from 1 August 2018 to 30 August 2018. The location map of dataset M18 and M25 are
shown in Figure 4. Moreover, four sets of data with vehicle lengths of 0-5.2 m and 5.2-6.6 m
were extracted as the source data for the experiment. The sampling frequency is set to so
that there is a recording every 15 min. After preprocessing steps such as missing value
filling, the length of each set of data is 2880, and description and statistics of datasets are
shown in Table 1.

M18/7933M S0,
@ The Pig Inn-& ) MIDAS site at M18/7933M priority 1 on <
The Peppered Pig link 199083001; GPS Ref:
468326;420870; Westbound
- Long :-0.96705 Lat :53.67985
o Savills Glass

~

~
)
g

Monthly Availability E

Report Type : Daily Report v

From:

To:
m [01/01/2022 D [30/01/2022| @

Add to Batch
L § =
\\\ \
{
ul
|
u

Figure 4. Cont.
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Figure 4. The location map of dataset M18 and M25. M18: GPS Ref (468,326, 420,870); M25: GPS Ref

(503,670, 175,350).
Table 1. Description and statistics of Highways England datasets.
Dataset Name Vehicle Lengths Time Interval Time Range Data Points
M18 (0-5.2) 0-52m 15 min 1 January 2022-30 January 2022 2880
M18 (5.2-6.6) 52-6.6m 15 min 1 January 2022-30 January 2022 2880
M25 (0-5.2) 0-52m 15 min 1 August 2018-30 August 2018 2880
M25 (5.2-6.6) 52-6.6m 15 min 1 August 2018-30 August 2018 2880

For the four datasets of the M18 and M25, the histograms of traffic flow for each
dataset are shown in Figure 5.

B vis052) 2°

Il 118(5.2-6.6)
200 200
150 150
€ €
3 p=}
Q Q
(&) (&)
100 100
50 50
0 . uy. —
T T 1 T T 1
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Figure 5. Histogram of M18 and M25 datasets.

As shown in Figure 5, the statistical distributions of the four datasets have significant
differences. Each dataset in Table 1 is normalized using the Z-score method [48] and divided
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into training and testing sets with a ratio of 7:3 (70% of the data as the training set and 30%
as the test set). It is necessary to use the traffic flow data from the previous 16 points to
predict the traffic flow data for the next time point and generate the corresponding dataset
through a sliding window.

3.2. Experiment Settings

LNN [44] models are introduced for comparison with benchmarked methods such as
the classical support vector regression (SVR) method [16], the least square support vector
machine (LSSVM) [49], long short-term memory (LSTM) [50], temporal convolutional
network (TCN) [51], and advanced transformer [3]. Moreover, to ensure fairness in the
comparisons, combined model wavelet decomposition and LSSVM (wavelet-LSSVM),
wavelet decomposition, and LSTM (wavelet-LSTM) are also used as benchmarked models.
For each method, the parameter settings are as follows:

SVR: using cross validation (GridSearchCV) for parameter optimization, according
to the order of the dataset in Table 1, the optimal parameters C for SVR are 12.91, 100.00,
0.5994, and 100.00, and gamma values are 0.5994, 0.0774, 0.5994, and 0.0774.

LSSVM: for the LSSVM model, the gamma parameter is 234, the kernel is RBE, and the
sigma is 1.

LSTM: the epoch is 500, the batch size is 64, the number of hidden layers num_1layers
is 5, the hidden layer size hidden_2 is 64, and the learning rate is 0.001.

TCN: the kernel size is 3, and the numbers of convolutional channels are set to 32, 64,
128, and 256, respectively.

Transformer: the number of hidden layer neurons is 64, the number of attention
mechanisms num_heads is 8, and the number of encoders and decoders is 3.

Wavelet-LNN: For the proposed wavelet-LNN model, the number of iterations for
model training is 300, and batch size is set to be 64. Adam is employed as optimizer and
the learning rate is 0.001.

The proposed wavelet-LNN model is implemented based on Python 3.8.3 and PyTorch
2.0.1 (with cuda version cull?7). The optimizer is Adam and the learning rate is set to
be 0.01. The maximum number of training iterations is 400. The selection of operations
on a Windows 10 laptop is performed with the identifier LAPTOP-9EJMKSQA, and all
benchmarked models are executed on a computer equipped with one RTX 3060Ti GPU.

3.3. Measures of Performance

To evaluate the performance of the proposed model, the correlation coefficient R?,
mean absolute error Eysr, and root mean square error Essr are selected to evaluate the
prediction results. The calculation formula is as follows:

1N
Emae = NZ’E -5 (18)
=1
1Y 2
Emse = NZ (It — I) 19)
=1

N N N
NY LIj-— Y LY I
R2 _ t=1 t=1 t=1 (20)

\/ N N \*)[| N N \2
NZI?—(ZQ) NZIf—<ZIZ>
t=1 t=1 =1 t=1

where I; and I] denote the predicted traffic flow series and N denotes the length of traffic

flow time series.
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3.4. Settings of Multi-Scale Wavelet Decomposition

For multi-scale wavelet decomposition, the wavelet basis function and decomposition
levels are key parameters. Common wavelet basis functions include Haar, Daubechies,
Symlets, Coiflets, Biorthogonal, and so on. In this paper, the Daubechies wavelet with
a fourth-order vanishing moment (db4) and the Symlets wavelet with a fourth-order
vanishing moment (sym4) are employed for the multi-scale wavelet decomposition. The
sub-series of the M18 (0-5.2) dataset, decomposed using the db4 wavelet basis function
with three levels, are shown in Figure 6.

Original flow

T T T T T T T T T T T T Y T
0 200 400 600 800 1000 1200 1400 1600 1800 2000 2200 2400 2600 2800

100 —— Approximation Component

T T T T T T T T T T T T T T
0 200 400 600 800 1000 1200 1400 1600 1800 2000 2200 2400 2600 2800

Detail Components 3]

Flow

T T T T T T T T T T T T T T
0 200 400 600 800 1000 1200 1400 1600 1800 2000 2200 2400 2600 2800

Detail Components 2

T T T T T T T T T T T T T T
0 200 400 600 800 1000 1200 1400 1600 1800 2000 2200 2400 2600 2800
— Detail Components 1

T T T T T T T T T T T T
0 200 400 600 800 1000 1200 1400 1600 1800 2000 2200 2400 2600 2800
Time point

Figure 6. The 3-layer wavelet decomposition for M18 (0-5.2) dataset by the db4 wavelet basis function.

As shown in Figure 6, the original traffic flow time series has a certain periodicity,
as well as some local high-frequency fluctuations. By using the wavelet decomposition,
the approximation component and detail components are obtained, and it could be found
that the approximation component is relatively smooth, has more obvious periodicity, and
has no high-frequency fluctuations. This means that it is easier to model and predict the
approximate component.

As for the detail components, they have a certain periodicity and also have some
random fluctuations; as the decomposition scale increases, the frequency of the fluctuations
gradually decreases. Most of the random noise and fluctuations are contained in low-detail-
level components, and this means that it is more difficult to model and predict the detail
approximate components than the approximate component. The lower the level of detail
components, the greater the difficulty in prediction.
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It is necessary to decompose the M18 (0-5.2) dataset using the db4 and sym4 wavelet
basis functions, respectively; then, it is necessary to use the LNN model to train and predict
each decomposed component separately. The results are shown in Table 2.

Table 2. Comparison of LNNs used on decomposed sub-series of M18 (0-5.2) dataset by db4 and
sym4 wavelet basis functions.

Method R? of db4 Wavelet Function R? of sym4 Wavelet Function
Original flow 0.9105 0.9105
Approximation component (A3) 0.9975 0.9970
Detail component 3 (D3) 0.9517 0.9589
Detail component 2 (D2) 0.9343 0.9269
Detail component 1 (D1) 0.7552 0.5110

As shown in Table 2, the LNN model performs best on the approximation component,
and performs worst in the detail component 1. For the detail component, the approximation
effect of LNN model gradually improves with the increase in decomposition levels using
both db4 and sym4 wavelet basis functions. For the approximation component, the LNN
model has a very good approximation effect, with an R? index of over 0.997 under two
wavelet basis functions. This means that setting the level of wavelet decomposition to 3 is
appropriate. The R? index comparison of prediction results for each wavelet decomposed
component under two wavelet basis functions is shown in Figure 7.

I sym 0.9975 0.997
syma 0.9343 0.9517 0.9589
B db4 9343 0.9269

1.0

0.8 1

Dl D2 D3 A3
Wavelet decomposed components

Figure 7. Histogram of prediction performance on decomposed sub-series of M18 (0-5.2) dataset
using db4 and sym4 wavelet basis function.

As shown in Figure 7, the prediction accuracy for each decomposed component when
using the db4 and sym4 wavelet basis functions is very close, except for detail component
1. As shown in Figure 6, detail component 1 exhibits small amplitude variation, and the
prediction results for this component have a relatively small impact on the overall traffic
flow. Therefore, the selection of wavelet basis functions has a relatively minor impact on
the prediction results. Hence, considering the balance between prediction accuracy and
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computational complexity, the decomposition level is set to 3, and the db4 wavelet basis
function is chosen in this paper.

3.5. Results and Analysis

In order to verify the performance of proposed wavelet-LNN, experiments were
conducted on four datasets. Then, the results were compared with those of original
LNNs, benchmarked methods (including SVR [16], LSSVM [49], LSTM [50], TCN [51] and
transformer [3]), and combined method (including wavelet-LSSVM and wavelet-LSTM).
The results of R2, MSE, and MAE for each method are shown in Tables 3 and 4.

Table 3. Comparison of forecasting performance between wavelet-LNN and other baseline models
on M18 dataset.

M18 (0-5.2) M18 (5.2-6.6)
Method R MSE | MAE | - MSE | MAE |
T (Vehicle) (Vehicle) T (Vehicle) (Vehicle)
SVR [16] 0.8949 68.254 6.3329 0.8914 545533 5.3725
LSSVM [49] 0.9031 62.9586 5.6119 0.8858 57.3758 5.0437
LSTM [50] 0.9058 61.2071 5.6254 0.9077 463674 45875
TCN [51] 0.8827 76.1518 3.5503 0.8848 57.8490 51027
Transformer [3] 0.8969 66.9624 5.8574 0.8873 63.6558 5.8198
EKF [52] 0.7997 130.0928 8.1349 0.7768 112.0995 7.2071
LinearRegression [52] 0.8997 65.1241 5.8392 0.8880 56,2343 5.2028
LNN 0.9107 58.0117 5.4603 0.9019 492557 4.7489
Wavelet-LSSVM 0.9528 30,6725 4.0256 0.9485 25.8742 3.5804
Wavelet-LSTM 0.9340 42.8779 47360 0.9329 337103 4.0539
Wavelet-LNN 0.9855 9.4203 2.1468 0.9825 8.7830 1.9323

Table 4. Comparison of forecasting performance between wavelet-LNN and other baseline models

on M25 dataset.
M25 (0-5.2) M25 (5.2-6.6)

Method R MSE | MAE | - MSE | MAE |
T (Vehicle) (Vehicle) T (Vehicle) (Vehicle)

SVR[16] 0.9428 84543086 745208 0.9203 248.9900 11.8717
LSSVM [49] 0.9554 6590.9204 58.4568 0.9228 241.3882 111793
LSTM [50] 0.9523 7047.5994 61125 0.9130 271.7080 11.8218
TCN [51] 0.9485 7606.6784 62.4275 0.9274 226.8570 10.8716
Transformer [3] 0.9429 8438.7593 711325 0.9280 247.4395 11.2920
EKF [52] 0.9139 12,718.9128 77,8814 0.8267 541.5326 16.3594

LinearRegression [53] 0.9457 8021.4953 66.4183 0.8956 326.286 12.557
LNN 0.9528 6965.3570 60.2259 0.9053 295.7774 12.4653

Wavelet-LSSVM 0.9736 3900.8762 495527 0.9608 1224717 82329
Wavelet-LSTM 0.9568 6379.8590 59.1426 0.9363 199.0141 10.3825

Wavelet-LNN 0.9915 1252.5928 25.8465 0.9856 451464 4.6492

The 1 denotes that the larger value is better and the | denotes that the smaller value is better in Tables 3 and 4.

As shown in Tables 3 and 4, for the methods without wavelet decomposition, the LNN
model performs best on the M18 (0-5.2) dataset, and the LSTM, LSSVM and transformer tend
to be better than the LNN model when applied to the M18 (5.2-6.6), M25 (0-5.2) and M25
(5.2-6.6) datasets, respectively. Via combination with wavelet decomposition, the LSSVMs,
LSTMs, and LNNs were all improved. The proposed wavelet-LNN achieves the best perfor-
mance on all datasets. As for the LSSVM model, by using the wavelet decomposition, the
wavelet-LSSVM also achieves good performance on all datasets. However, for the LSTM
model, the wavelet decomposition did not bring significant improvement to the model.

To further illustrate the forecasting performance of the wavelet-LNN model and
benchmarked methods, the values predicted from time point 2800 to 2880 on four datasets
using each method are visualized and shown in Figure 8.



13 of 18

Modelling 2025, 6, 39
100 - —=— Actual Values
1 ——LNN
80 ——LSSVM
60 -
40
20
0 -
T T T T T T T T 1
2800 2810 2820 2830 2840 2850 2860 2870 2880
100
| Actual Values
80 ——SVR
——TCN

—— Transformer

T 1
2870 2880

—=— Actual Values
—— Wavelet-LSSVM
—— Wavelet-LSTM

—— Wavelet-LNN

T T T T T T
2800 2810 2820 2830

100
80

60

T
2840
Time point

(a)

T
2850

—=— Actual Values

——LNN
——LSSVM
——LSTM

T T T T T
2800 2810 2820 2830

T g 1
2870 2880

Actual Values
——SVR
——TCN

—— Transformer

28|70 28I80
—=— Actual Values
—— Wavelet-LSSVM
—— Wavelet-LSTM
—— Wavelet-LNN

Figure 8. Cont.

T
2840

Time point

(b)

T
2850



Modelling 2025, 6, 39 14 of 18

—— Actual Values

T T T T T T T T T T T T T T T 1
2800 2810 2820 2830 2840 2850 2860 2870 2880
1400 —=— Actual Values
1 ——SVR
1200 ~ —« TCN
%1 000 4 —~— Transformer
=
2 800
S 600
h
400
200
1 T T T T T T T T T T T T T T T 1
2800 2810 2820 2830 2840 2850 2860 2870 2880
1400 —=— Actual Values
1 —— Wavelet-LSSVM
1200 —— Wavelet-LSTM
1000 + —— Wavelet-LNN
800
600
400
200
T T T T T T T T T T T T T T T T 1
2800 2810 2820 2830 2840 2850 2860 2870 2880
Time point
(©
250 4 —— Actual Values
] ——LNN
200 ——LSSVM
——LSTM

T T T T T T T T T T T T T T 1
2800 2810 2820 2830 2840 2850 2860 2870 2880
250 Actual Values
200 ——SVR
% ——TCN
T 50 —— Transformer

=
%5100
-
[_4 4
50 -
0 a T T T T T T T T T 1
2800 2810 2820 2830 2840 2850 2860 2870 2880
250 —=— Actual Values
1 ) —— Wavelet-LSSVM
200 —— Wavelet-LSTM
( —— Wavelet-LNN

T T T T T T T T T T T T T T T 1
2800 2810 2820 2830 2840 2850 2860 2870 2880
Time point
(d)

Figure 8. Visualization of predicted values from time point 2800 to 2880 using different methods
on four datasets: (a) predicted values for M18 (0-5.2) dataset, (b) predicted values for M18 (5.2-6.6)
dataset, (c) predicted values for M25 (0-5.2) dataset, and (d) predicted values for M25 (5.2-6.6) dataset.
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Based on the visualization of predicted values, we found that the proposed wavelet-
LNN model achieves a good prediction performance on all four datasets. This means that
the proposed wavelet-LNN model is better at capturing time-varying patterns of traffic
flow than the benchmarked methods, and it is more resilient to noise and interference in
the traffic flow series.

Moreover, in order to compare the efficiency and complexity of the models, Table 5
shows the total parameters of each model used.

Table 5. Comparison of total parameters wavelet-LNN and other baseline models.

Method Total Parameters (Train)
SVR [16] 289
LSSVM [49] 4011
LSTM [50] 150,337
TCN [51] 828,097
Transformer [3] 26,881
EKF [52] -
LinearRegression [53] 17
LNN 110
Wavelet-LSSVM 16,044
Wavelet-LSTM 601,348
Wavelet-LNN 440

As shown in Table 5, the total parameters of the LNN and proposed wavelet-LNN
model are much smaller than those of other neural network models, being less than 1% of
LSTM model and TCN model and about 2% of the transformer model. Although the total
parameters of wavelet-LNN are small, the prediction performance is the best. This means
that the proposed wavelet-LNN has more expressive power than neurons in conventional
neural networks models.

4. Conclusions

This study proposes a wavelet-LNN model for highway traffic flow prediction by
combining wavelet decomposition and the LNN model. By using the multi-scale wavelet
decomposition algorithm to decompose the original traffic flow series, noise resistance is
improved, and random fluctuation components are filtered out into the detail components.
These detail components tend to have a relatively small impact on the overall traffic flow.
For each decomposed component, an LNN model is trained for prediction, and the final
predicted results are reconstructed by combining the predicted results of all components.
Through experimental testing and verification on four traffic flow datasets, the following
conclusions were drawn:

(1) The LNN model displays little difference in predicting the decomposition approxi-
mation components of different wavelet basis functions, and has good robustness in
terms of approximation components.

(2) Wavelet decomposition can significantly improve the performance of LNN models
and LSSVM models, but its improvement for LSTM is limited.

(38) The proposed wavelet-LNN model achieves the best performance on four different
datasets and demonstrates good generalization performance.

Future research may delve into the application of deep reinforcement learning com-
bined with multi-source data fusion methods in traffic volume prediction. By integrating
real-time traffic flow data, weather information, and social media data, the timeliness
and accuracy of the model could be further enhanced. Additionally, the development of
cross-regional traffic volume prediction models would contribute to more refined traffic
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management and optimization, promoting global coordination within intelligent trans-
portation systems.
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