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Abstract

Parking space availability forecasting is challenging due to noise contamination, non-
stationary dynamics, and complex multi-scale temporal dependencies. This study proposes
a wavelet-enhanced Autoformer with dynamic multi-kernel decomposition for parking
space availability forecasting. Discrete wavelet transform is used to enhance the input
sequence by suppressing high-frequency disturbances while preserving the dominant
temporal structure. Within the Autoformer framework, a dynamic multi-kernel decomposi-
tion module is developed by introducing multiple moving-average kernels with different
scales and an input-dependent dynamic weighting mechanism, enabling the adaptive
decomposition and fusion of trend and fluctuation components and thereby improving
the representation of complex multi-scale temporal patterns. The proposed framework
is evaluated using real parking operation data collected from the Liangshan Jingyuan
parking lot in Chongqing, China, including 1248 observations with a 2 h sampling interval.
Multi-step forecasting experiments are conducted under short-, medium-, and long-term
prediction settings with different label-length configurations. Across different forecasting
horizons and label-length settings, the proposed model consistently outperforms the origi-
nal Autoformer, PatchTST, and a range of conventional and recent forecasting baselines.
In particular, under the 24-step forecasting setting, the proposed method reduces MAE,
RMSE, and WMAPE by approximately 10% relative to the original Autoformer. Moreover,
the results suggest that the dynamic multi-kernel mechanism improves the model’s ability
to adaptively capture scale-dependent temporal patterns across different forecasting tasks.

Keywords: parking space availability prediction; self-attention mechanism; Autoformer;
multi-scale temporal modeling

1. Introduction

Rapid urbanization and motorization have made parking a critical source of urban
transport inefficiency. The shortage and uneven distribution of vacant parking spaces
not only increase cruising traffic and travel delay, but also reduce network efficiency and
aggravate energy consumption and emissions [1-3]. In this context, accurate forecasting
of parking space availability is of direct importance for intelligent parking management,
real-time parking guidance, and the efficient use of limited urban parking resources.

Existing studies on parking forecasting have evolved from rule-based and statistical
approaches to data-driven learning methods [4-6]. Early methods mainly relied on conven-
tional time-series models, such as ARMA, ARIMA, and SARIMA, to characterize temporal
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trends and seasonality in parking data [7-10]. Although these models are interpretable and
effective under relatively regular conditions, their predictive capability is often constrained
by linear assumptions and stationarity requirements. To address nonlinear relationships,
machine learning methods such as SVM, RF, and GBDT have been introduced into parking
prediction tasks [11-14]. These methods provide greater modeling flexibility, but their
performance remains sensitive to feature engineering and data quality, and they are often
inadequate for capturing complex sequential dependence and irregular local fluctuations
in parking series.

Deep learning has further advanced parking forecasting by enabling more powerful
temporal and spatiotemporal representation learning [15-18]. CNN- and LSTM-based
models have been widely used to model local patterns and sequential dependencies [19].
Representative studies include GRU-LSTM models for multi-source parking occupancy
prediction [20], CNN-LSTM architectures for extracting temporal and spatial features from
parking vacancy data [21], GCN-LSTM frameworks for block-level parking forecasting in
large-scale networks [22], and decomposition-assisted neural models such as ICEEMDAN-
GRU for reducing sequence complexity before prediction [23]. These studies confirm the
potential of deep architectures for parking prediction, but also indicate that prediction
accuracy remains vulnerable when parking data are noisy, highly non-stationary, and
characterized by heterogeneous temporal patterns across multiple scales.

More recently, self-attention-based forecasting models, including Transformer, Re-
former, and Informer, have demonstrated strong capability in long-range dependency
modeling [24-26]. Their application has also extended to parking prediction. For exam-
ple, CNN-Transformer hybrids have been used to integrate local observations, parking
intention, and environmental information [27], while Transformer-based spatiotempo-
ral frameworks have been developed to fuse multi-source parking demand data [28].
Recent studies have further extended parking prediction toward graph-enhanced and
spatiotemporal Transformer architectures. Zhou et al. proposed a multi-graph convolu-
tional Transformer for multi-step parking demand prediction, in which graph-based spatial
feature extraction is combined with Transformer-based temporal modeling [15]. Li et al.
developed a semantics-aware spatial-temporal dynamic graph Transformer for on-street
parking occupancy prediction, highlighting the importance of semantic correlations and
dynamic spatial interactions among parking locations [29]. Chen et al. further proposed a
multi-view spatial-temporal graph framework for parking availability prediction, showing
that multi-view graph representations can improve long-term occupancy forecasting [30].
Although these approaches significantly improve network-level parking prediction, they
are mainly designed for multi-location or graph-structured scenarios with explicit spatial
dependencies or multi-source external inputs.

At the same time, decomposition-based forecasting models have provided important
insights for modeling complex temporal structures. For instance, FEDformer enhances long-
term forecasting through frequency-domain decomposition [31], while DLinear adopts
a simple moving-average decomposition strategy to separate trend and seasonal compo-
nents [32]. These methods improve interpretability and forecasting stability to some extent,
but their decomposition operations remain fixed or predefined, making it difficult to adapt
to input-dependent temporal variations. In addition, recent Transformer variants such
as PatchTST [33] and iTransformer [34] further improve sequence representation through
patch-level tokenization and variable-wise attention mechanisms. However, these mod-
els mainly strengthen feature representation or attention structure, rather than explicitly
modeling adaptive multi-scale decomposition. As a result, their ability to characterize
heterogeneous temporal structures under highly non-stationary conditions remains limited.
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To better position the present study within the recent literature, Table 1 presents a com-

parative review of representative studies on parking forecasting as well as decomposition-

based and Transformer-based time-series forecasting methods.

Table 1. Comparative review of representative recent studies and the present study.

Reference

Model

Main Contribution

Research Gap

Zhou et al. [15]

MGC-Transformer

Multi-graph
spatial-temporal parking
prediction

Requires graph-structured
multi-location data

Semantic-aware dynamic

Focuses mainly on spatial

Lietal. [29] SaSFormer spatial modeling interaction learning
Multi-view
Chen et al. [30] MV-STGCN spatial-temporal graph Depends on external spatial views
modeling
Zhou et al. [31] FEDformer Frequency.-e.nhanced . Not d.es1gned for parkmg-speaﬁc
decomposition forecasting  adaptive temporal-scale modeling
Zeng et al. [32] DLinear zlmple ang{ e ffective . Uses fixed decomposition structure
ecomposition forecasting
Does not explicitly address
Nie et al. [33] PatchTST Patch—basec'l long-sequence denoising or adaptive
representation d o
ecomposition
Liu et al. [34] {Transformer Inverted Transformer for Lacks explicit adaptive temporal

series modeling

decomposition

This study

Wavelet-enhanced
Autoformer with dynamic
multi-kernel
decomposition

DWT denoising and
adaptive multi-scale
temporal modeling

Addresses noisy inputs and
heterogeneous temporal scales in
single-site parking forecasting

As shown in Table 1, recent studies have made notable progress in parking forecasting

and time-series prediction. Nevertheless, several challenges remain insufficiently addressed

in parking space availability forecasting. In particular, raw parking series are often affected

by noise and short-term disturbances; parking availability exhibits non-stationary temporal

dynamics across different operating conditions and prediction horizons, and the series typ-

ically contain heterogeneous multi-scale patterns in which long-term trends and short-term

fluctuations interact. Existing methods, including decomposition-based and Transformer-

based models, still have limited ability to jointly address input noise suppression and

adaptive multi-scale temporal representation within a unified forecasting framework.

To address these issues, this study proposes an improved Autoformer framework for

parking space availability forecasting. DWT-based denoising is used to improve input

signal quality by suppressing high-frequency disturbances while preserving the dominant

temporal structure, and the fixed single-kernel decomposition in the encoder of Autoformer

is replaced by a dynamic multi-kernel decomposition mechanism with adaptive scale

weighting and multi-scale feature fusion. In this way, the proposed framework differs from

existing decomposition-enhanced Transformer architectures by jointly considering input-

level noise reduction and encoder-side adaptive multi-scale decomposition for parking

forecasting. Extensive experiments show that the proposed method achieves superior

predictive performance under different forecasting horizons and label-length settings,

demonstrating its potential for intelligent parking management applications.
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2. Methods
2.1. Wavelet Transform

Parking availability series are inherently nonlinear, non-stationary, and multi-scale, as
they are jointly affected by periodic travel demand, parking turnover, random disturbances,
and sensing noise. Directly modeling the raw sequence may therefore obscure its intrinsic
temporal structure and weaken forecasting performance. To address this issue, this study
introduces the discrete wavelet transform (DWT) to decompose the original series into
sub-signals with distinct frequency characteristics.

Unlike Fourier-based analysis, which mainly provides global frequency information,
wavelet transform enables localized time-frequency analysis and is therefore more suitable
for non-stationary sequence modeling [35]. By projecting the signal onto wavelet bases at
different scales, DWT separates smooth low-frequency structures from high-frequency tran-
sient variations, thereby providing a more informative representation of parking dynamics.

The continuous wavelet transform of a signal f(t) is defined as

t—

Woflab) = — [ FR( e 0

where ¢ is the complex conjugate of the mother wavelet ¢, a denotes the scale parameter,
and b denotes the translation parameter. The wavelet basis satisfies | _Jrg P(t)dt = 0. For
discrete time-series applications, wavelet analysis is implemented in discretized form. Let
a= a{) and b = kboa{), where ap > 1, by € R, and j, k are integers. The DWT can then be
expressed as

WofGi.k) = 27172 [ f(typ@ Tt =Rt @

In this study, the Daubechies 4 (db4) wavelet is selected as the mother wavelet, and
the decomposition level is set to four. The db4 wavelet is adopted because it provides a
good balance between localization ability and smooth reconstruction, which is suitable
for parking availability series containing both gradual structural evolution and short-term
fluctuations. Compared with simpler wavelets such as db1, db4 is smoother and better
suited to representing continuous temporal variation, whereas wavelets with higher order
may lead to stronger smoothing effects and reduced sensitivity to local changes. In addition,
the four-level decomposition is used to achieve a practical balance between multi-scale
representation and information preservation, so that short-term fluctuations, intermediate
variations, and long-term trend information can be separated more effectively.

Applying DWT to the parking availability sequence therefore yields low-frequency
and high-frequency components at multiple scales. The low-frequency component mainly
retains the dominant trend and structural evolution of the series, whereas the high-
frequency components capture short-term fluctuations, abrupt variations, and noise-like
disturbances. Such multi-resolution decomposition provides a more robust basis for subse-
quent denoising and forecasting.

2.2. Mallat Wavelet Decomposition and Reconstruction

In this study, DWT is implemented via the Mallat algorithm, which provides an
efficient multi-resolution decomposition through cascaded low-pass and high-pass filtering.
Owing to its recursive structure and low computational cost, the Mallat algorithm is well
suited to time-series decomposition tasks.
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At each decomposition level, the input sequence is filtered and down-sampled to
generate approximation and detail coefficients. The decomposition process is given by

c{{ =Y h(n— 2k)c{fl
n

= Ts(n -2 ®

where /(1) and g(n) denote the low-pass and high-pass filters, respectively, and cp is
the original sequence. Here, c{( represents the approximation coefficient at level j, which
characterizes the low-frequency trend, whereas d;( represents the detail coefficient at level j,
which reflects high-frequency variations.

The corresponding reconstruction process is defined as

il = PIRICES 2k)c{< +) . 8(n— Zk)d{( (4)

Through recursive decomposition, the original parking availability sequence is rep-
resented as one approximation component and multiple detail components across scales.
The approximation component describes the slowly varying occupancy pattern, while the
detail components reflect short-term perturbations induced by stochastic parking behavior
and measurement noise. This decomposition enables the forecasting model to capture
heterogeneous temporal dependencies more effectively and improves its ability to model
complex parking availability dynamics. The detailed decomposition and reconstruction
procedure is illustrated in Figure 1. The arrows indicate the direction of signal flow in the
recursive wavelet decomposition. At each decomposition level, the input is passed through
the high-pass filter g and the low-pass filter &, followed by downsampling by a factor of 2,
to obtain the detail component D; and the approximation component A;, respectively. The
approximation component A; is then recursively decomposed at the next level.

G ~~\ D
g —b( lz ‘»—»
X i G/~ \ Dy
—> g lz —»
Hi /7 A — Gs /7 "\ Ds
h ()2 ) g 2 —
N, Ha 77 Ao
h —|2 )
N— Hy — As
h \/>—>

Figure 1. Mallat algorithm framework.

2.3. Autoformer with Dynamic Multi-Kernel Decomposition
2.3.1. Autoformer Backbone

Autoformer is an encoder—decoder forecasting architecture designed for long-sequence
time-series modeling. Its effectiveness mainly stems from two key mechanisms: sequence
decomposition and autocorrelation-based dependency learning. Instead of directly mod-
eling the raw sequence as a whole, Autoformer first separates the input into trend and
seasonal components, and then captures long-range temporal dependencies through the
autocorrelation mechanism [36,37].

For an input sequence x, the original Autoformer uses a moving-average operator to
extract the trend component:

x¢ = AvgPool(Padding(x)) (5)
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where x; denotes the trend component. Padding(-) denotes the boundary padding opera-
tion used to preserve the sequence length, AvgPool(-) denotes the moving-average operator.
The corresponding seasonal component is defined as

Xs = X — X¢ (6)

where xs denotes the seasonal component. Based on this decomposition, the encoder
mainly learns temporal and long-range dependencies from the decomposed sequence,
while the decoder progressively refines the trend and seasonal information to generate
future predictions.

Although this decomposition mechanism is simple and effective, it relies on a single
fixed-size moving-average kernel. Such a setting assumes that the dominant temporal
structure of the input sequence can be adequately captured at one predefined scale. How-
ever, parking availability series often exhibit heterogeneous dynamics across multiple
temporal scales, including slowly varying occupancy trends, periodic fluctuations, and
abrupt short-term disturbances. Under such conditions, a fixed-kernel decomposition may
not fully separate trend and seasonal information, thereby limiting the modeling capability
of Autoformer.

2.3.2. Dynamic Multi-Kernel Decomposition Module

To improve the adaptability of sequence decomposition, this study introduces a
dynamic multi-kernel decomposition module into Autoformer. The key idea is to replace
the original single-kernel moving-average operator with a set of moving-average kernels
of different sizes, and then dynamically aggregate the resulting trend estimates according
to the characteristics of the input sequence.

Given an input sequence x € RE*4, multiple trend candidates are first generated using
moving-average operators with different kernel sizes. For the m-th kernel with size k,, the
corresponding trend candidate is defined as

y?fm) = AvgPooly,,(Padding(x)),m =1,2,...,M )

where M is the number of kernels, and fgm)

denotes the trend estimate at the m-th temporal
scale. A smaller kernel emphasizes short-term variations, whereas a larger kernel captures
smoother and longer-term evolution patterns.

The associated seasonal candidate is correspondingly given by
"=z (8)
where 5Z§’") denotes the seasonal candidate associated with the m-th kernel, obtained by
subtracting the corresponding trend candidate from the input sequence. Thus, multiple
trend and seasonal candidates are generated in parallel at different temporal scales.
To enable input-adaptive scale selection, a dynamic weighting mechanism is further

introduced. Specifically, the hidden representation is first summarized along the temporal

dimension by mean pooling;:
¥ =

L
Y x )
=1

where L denotes the sequence length, x; denotes the hidden representation at the [-th time

=

step, and X € R¥ is the pooled representation of the input sample. This pooled vector is
then passed through a two-layer multilayer perceptron with GELU activation to produce
scale-specific logits:

z = f(X) = WoGELU(W X + by) + by (10)
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where W; and W, are learnable weight matrices, b; and b, are learnable bias vectors,
f(+) denotes the two-layer multilayer perceptron, and z = [z1,2y,...,zpm| denotes the
unnormalized importance scores of the kernels. The corresponding normalized weights
are computed by
a = SR M (11)
Zr:l exp (ZV )

where &, is the adaptive weight assigned to the m-th kernel and satisfies "M | a,, = 1.

Using these weights, the final dynamic trend component is obtained by weighted
fusion of the multi-scale trend candidates:

d M
A= Y ™ (12)
m=1

where xfy " denotes the final dynamic trend component obtained by weighted aggregation
of the multi-scale trend candidates.
Accordingly, the dynamic seasonal component is defined as

xfy" =x— xfy" (13)
where xgy " denotes the final dynamic seasonal component corresponding to the dynam-
ically aggregated decomposition result. Dynamic means that the weights assigned to
different kernels are adaptively generated from the current input representation, rather
than being predefined and fixed. Compared with the original single-kernel decomposition,
the proposed module enables the model to adaptively integrate temporal information
across different receptive fields. This is particularly important for parking availability
prediction, where the dominant temporal pattern may vary with parking facility type, time
period, demand intensity, and prediction horizon. By introducing dynamic multi-scale
decomposition, the model becomes more capable of distinguishing long-term structural
evolution from local volatility.

2.3.3. Integration into the Autoformer Framework

The proposed dynamic multi-kernel decomposition module is introduced only into the
encoder of Autoformer, while the decoder retains the original single-kernel decomposition
strategy. The encoder is mainly responsible for extracting hierarchical representations
from the observed input sequence, where multi-scale temporal structures and latent trend-
seasonal interactions have not yet been explicitly separated. At this stage, using only a fixed
decomposition kernel may be insufficient, because a single kernel corresponds to only one
smoothing scale and may not adequately capture the heterogeneous temporal dynamics
of parking availability series. A relatively small kernel is more sensitive to short-term
fluctuations, whereas a larger kernel is more suitable for long-term smoothing. Therefore,
fixed-kernel decomposition may lead to scale mismatch when different temporal patterns
coexist in the same sequence [38,39].

To address this issue, adaptive multi-kernel decomposition is introduced at the encoder
stage, enabling the model to dynamically adjust the contribution of different temporal
scales and to learn more flexible representations of non-stationary patterns. The key idea is
to use multiple kernels to provide complementary smoothing effects at different temporal
scales, so that both local fluctuations and broader temporal evolution can be represented
more adequately. In this way, the decomposition process is no longer restricted to a single
predefined scale.

In each encoder layer, the input representation is first processed by the autocorrelation
mechanism to capture long-range dependencies. The resulting hidden states are then
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decomposed by a dynamic multi-kernel module, which adaptively extracts trend-related
information while preserving seasonal representations across multiple temporal scales. The
dynamic weighting mechanism generates sample-dependent normalized weights from
the current input representation, so that the contribution of each kernel is determined
adaptively rather than fixed in advance. After the feed-forward transformation, a second
dynamic decomposition step is applied to further refine the representation of multi-scale
temporal dynamics throughout the encoding process.

Let x'~1 denote the input of the I-th encoder layer. The encoder update process can be
summarized as

=¥ 4 AC(xY (14)
xé,l/xg,l = DDy (%) (15)
%y = xy1 + FFN(x1) (16)
xé,zf xi,z = DD, (%) (17)

where I denotes the encoder-layer index; AC(-) and FFN(-) denote autocorrelation and
feed-forward transformation, respectively; DD (-) and DD;(-) denote the first and second
dynamic decomposition operations in the encoder layer; xé,l and xi/l denote the seasonal
and trend components after the first decomposition; and xé,Z and xﬁl2 denote the corre-
sponding components after the second decomposition.

By contrast, the decoder mainly performs iterative sequence generation based on the
representations learned by the encoder. At this stage, retaining the original single-kernel
decomposition is expected to help maintain a stable trend-seasonal refinement process
while avoiding additional structural complexity in the generative stage. Therefore, the
proposed framework applies dynamic multi-kernel decomposition only to the encoder,
so as to enhance representation learning while preserving the original simplicity of the
decoder design.

2.3.4. Input Representation and Feature Embedding

To preserve the numerical characteristics and temporal semantics of parking availabil-
ity data, the model adopts a combined embedding strategy. Specifically, the raw parking
availability sequence is first mapped through a value embedding layer to represent the
magnitude variation in the signal. Meanwhile, temporal information associated with the se-
quence, such as hour-of-day, day-of-week, and other calendar-related attributes, is encoded
through a time embedding layer. The final input representation is formulated as

Xi = E{(X) + Ti(X) (18)

where X denotes the original input sequence, i denotes the temporal index, E;(X) denotes
the value embedding at the i-th time step, T;(X) denotes the corresponding time embedding,
and X; denotes the final input representation.

This embedding strategy allows the model to jointly exploit numerical evolution
patterns and temporal context information. When combined with the proposed dynamic
multi-kernel decomposition module, the embedded sequence can provide richer and more
discriminative features for downstream forecasting.

3. Prediction Model Framework

This study develops a parking availability prediction model that combines DWT-
based denoising and reconstruction with an encoder-enhanced Autoformer equipped with
a dynamic multi-kernel decomposition mechanism. The overall framework is illustrated
in Figure 2.

https://doi.org/10.3390/systems14080888


https://doi.org/10.3390/systems14080888

Systems 2026, 14, 888

9 of 22

Trend component

Seasonal initialization ‘ Encoder input

initialization

Decoder
)

Feedforward

reconstruction )

| Threshold denoising
()
SN

% Dynamic multi-kernel
decomposition

T P R e e e ~
/ \ / \ \\
| . SR \
| Autocorrelation || Autocorrelation |

>chani i I
I mechanism I mechanism |
) | BT ( J |
: : | (%) I |
Parking sequence input | A N |
\ I 111
. . _4 amiic w— . !
l : Dynamic multi-kemel : : Sequence |
I decomposition 1 decomposition :
| I
Y |
Wavelet : l fl v I
decomposition : mn |
D | Autocorrelation I T |
| s 1 Feedforward |
] mechanism il ‘
+—l—; | e gl |
—— | ——+) 11 |
| s ¢ s—l |
Low-frequency High-frequency ‘ iH g |
. ) ) | Dynamic multi-kernel | 1L Sequence |
g onts 3 onts ]
04 et SO RO | decomposition : : decomposition |
I
! | I |
|_1 I j ' }
| I\
v ] |
| |
| |
| |
| |
| |
| |
| |
! |
\

Encoder

Figure 2. The framework of the prediction model.

The colored addition nodes denote element-wise summation. The white and yellow
nodes represent residual additions in the encoder and decoder, respectively; the green
nodes accumulate the extracted trend components; and the red node combines the seasonal
and trend outputs.

The prediction procedure can be summarized as follows.

Step 1: The original parking availability sequence is collected and preprocessed to
handle missing values and abnormal observations.

Step 2: Before the subsequent forecasting process, the preprocessed sequence is first de-
composed by DWT into low-frequency and high-frequency components. The preprocessed
sequence is decomposed by DWT into low-frequency and high-frequency components.
Soft-threshold denoising is then applied to the high-frequency detail coefficients, while
the low-frequency approximation component is retained. After signal reconstruction, a
cleaner sequence is obtained as the input for subsequent forecasting, which helps suppress
noise-like disturbances while preserving the dominant temporal structure.

Step 3: The reconstructed sequence is mapped into the hidden space through value
embedding and temporal embedding. The embedded representation is then fed into the
encoder, where the autocorrelation mechanism captures long-range periodic dependencies.
Meanwhile, the original single-kernel decomposition is replaced by dynamic multi-kernel
decomposition modules, which adaptively aggregate multi-scale trend estimates and
preserve the corresponding seasonal representations for subsequent encoding.

Step 4: The decoder retains the original Autoformer structure. Based on the initialized
seasonal and trend components, it progressively refines the hidden representations and
generates the final prediction of future parking availability.

Step 5: The predicted values are compared with the observed values, and the model
parameters are updated through backpropagation using the predefined loss function.
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4. Case Study
4.1. Data Source

The dataset used in this study was collected from the Liangshan Jingyuan parking
lot in Chonggqing, China, and represents real parking operation data. It covers the period
from 3 January 2023 to 29 December 2023, with a sampling interval of 2 h, yielding 1248
observations in total. The raw records include vehicle entries, vehicle exits, total vehicle
counts, and parking utilization information. During data quality inspection, no abnormal
values were identified, and a small number of missing observations were filled by linear
interpolation to preserve the temporal continuity of the series. Based on these records, the
parking availability series was constructed as the prediction target of this study.

A sample of the raw data is presented in Table 2, and the temporal variation in the
original parking availability series is illustrated in Figure 3. As shown in the figure, the
sequence exhibits evident periodicity at the macro level, while also containing substantial
local fluctuations and irregular disturbances. Such characteristics indicate that the parking
availability series is not only structured but also noisy.

Table 2. Sample data from Liangshan Jingyuan parking lot.

Time

4:00 6:00 8:00 10:00 12:00 14:00 16:00 18:00 20:00 22:00 0:00

Vehicle Entries
Vehicle Exits
Total Vehicles
Parking Utilization

Rate (%)

0 1 7 52 44 28 27 89 61 72 14
1 0 81 94 37 40 27 47 51 24 5
247 248 174 132 139 127 127 169 179 227 236

89.49 89.86 63.04 4783 5036 46.01 46.01 6123 6486 8225 85.51

Original data

250

225 - \1
g 1 J . \ | ,4
5 § “ nulf "t'hli'i . { |f...m g 'll " W "y ""y‘"'l by
£ 175 | o u 8l % "Hnu.l
5 " ) " \l " i X ! / ( 1
2150_ :l l! I1 |||I ; i!! : !’l I.‘. by b " ||||! || |J|| |i|i|| ,”i"
5 125 . ) | I'

100 4

75 4

1013 0\ & o> 1013,05 ' 1013.01 ' 1013,09 101,5,0' 101&,03

Data
Figure 3. Original parking availability series before denoising.

4.2. Data Preprocessing

To improve the input quality for subsequent forecasting, wavelet-based denoising was
performed during data preprocessing. Since the raw parking availability series contains
short-term fluctuations and noise-like disturbances, directly feeding the original sequence
into the forecasting model may obscure its intrinsic temporal structure and degrade predic-
tion accuracy.

Following the wavelet configuration introduced in Section 2.1, the original parking
availability series was decomposed using the db4 wavelet with a four-level decomposition,
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as shown in Figure 4. Based on the decomposed coefficients, soft-threshold denoising was
applied to the high-frequency detail components, while the low-frequency approxima-
tion component was retained. Specifically, for each processed detail-coefficient level, the

T, = 1/2log,(N) (19)

where N denotes the length of the corresponding detail-coefficient sequence. Let d; denote
a wavelet detail coefficient. The soft-thresholding rule is given by

threshold was determined as

>
d] ’ > T (20)

7 ) sen(d))(|dj|=Ty),

240 — cAl4]
230
220
210
200
190
180
170
160

0 200 400 600 800 1000 1200

40 — D[4)

o 200 400 600 800 1000 1200

-60 { — <D[3]

o 200 400 600 800 1000 1200

— [2)

o 200 400 600 800 1000 1200

o 200 400 600 800 1000 1200

Figure 4. Wavelet decomposition of the original parking availability series.

Coefficients with small magnitudes were set to zero, whereas larger coefficients were
shrunk toward zero. After denoising, the signal was reconstructed by inverse wavelet
transform and used as the input to the subsequent forecasting model.
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The denoising process preserves the dominant temporal structure of the original se-
quence while suppressing irregular high-frequency disturbances. The comparison between
the original and denoised parking availability series is shown in Figure 5. It can be observed
that the reconstructed sequence remains consistent with the overall temporal pattern of the
raw data, while exhibiting reduced local noise and smoother variation, which provides a
more robust input for downstream forecasting.

Comparison of Original and Denoised Data

—— Original Data
— Denoised Data
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Figure 5. Comparison between the original and denoised parking availability series.

4.3. Experimental Results

All experiments were implemented in Python on a Windows 11 64-bit platform. The
hardware environment consisted of a 12th Gen Intel(R) Core(TM) i5-12600K CPU and an
NVIDIA GeForce RTX 3070 Ti GPU. The software environment included Python 3.12.7,
PyTorch 2.4.1 with CUDA 12.1, NumPy 1.26.4, Pandas 2.2.2, and scikit-learn 1.5.1.

Before model training, forecasting samples were first generated from the reconstructed
parking availability series using a sliding-window scheme. Under the current setting,
the resulting sample set was then divided into training and test subsets with a ratio of
80% and 20%, respectively. A random seed was set for the sample partition procedure.
StandardScaler was adopted for normalization. All reported evaluation metrics were
computed after inverse transformation to the original scale. To verify the applicability and
stability of the proposed DWT-Autoformer model under different forecasting horizons,
three prediction scenarios were designed in this study, corresponding to short-, medium-,
and long-term forecasting tasks, respectively. All three experiments used the denoised
and reconstructed parking availability series as input. Except for the input length, label
length, and prediction length, the remaining model structure and training parameters were
kept unchanged.

Specifically, the hidden dimension of the model was set to 256, the feed-forward
dimension was set to 1024, and the number of attention heads was set to 8. The number of
encoder and decoder layers was set to 2 and 1, respectively. The moving-average kernel
sizes of the dynamic multi-kernel decomposition module on the encoder side were set to 7,
25, and 49, and the hidden dimension of the dynamic weighting network was set to 32. The
single-kernel moving-average size in the decoder was set to 25. During training, the Adam
optimizer was adopted, the learning rate was set to 1 x 107#, the loss function was MSE,
the batch size was set to 32, and the maximum number of training epochs was set to 10.

The settings of the three forecasting scenarios are shown in Table 3. To ensure compa-
rability across different forecasting tasks, the input length was fixed at 96, while only the
combinations of label length and prediction length were adjusted. Among them, the 24-step
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forecasting scenario adopted a relatively long label length to enhance trend initialization
in short-term forecasting; the 48-step forecasting scenario used a shorter label length to
examine the model performance under a weaker decoder prior; and the 96-step forecast-
ing scenario adopted a longer label length together with a longer forecasting horizon to
evaluate the model’s multi-scale modeling capability in long-term prediction.

Table 3. Forecasting horizon settings.

Forecasting Scenario Input Length Label Length  Prediction Length
Scenario 1 (slr}ort-term 9 48 24
forecasting)
Scenario 2 (mef:hum-term 9% 12 48
forecasting)
Scenario 3 (lgng—term 9 48 96
forecasting)

Table 4 reports the test results of the three forecasting scenarios in the form of
mean =+ standard deviation over 10 independent runs. Overall, the proposed model main-
tains high predictive accuracy and good stability under different forecasting horizons, with
MAE values all below 6, WMAPE values all below 3.2%, and R? values all above 0.94. These
results indicate that the combination of DWT-based denoising and encoder-side dynamic
multi-kernel decomposition can effectively adapt to the multi-scale temporal characteristics
of parking availability series.

Table 4. Prediction results under different forecasting horizons.

Forecasting Scenario MAE RMSE WMAPE (%) R?
24-step forecasting 5.5914 £ 0.3496 7.4130 £ 0.5842 3.0644 £+ 0.1915 0.9414 £ 0.0095
48-step forecasting 5.6885 4= 0.5118 7.5204 £ 0.4370 3.1171 4 0.2803 0.9430 4 0.0063
96-step forecasting 5.2726 + 0.2611 6.9271 £+ 0.1628 2.8901 + 0.1431 0.9515 £ 0.0023

As can be seen from Table 4, the 96-step forecasting scenario achieved the best overall
performance, with its MAE, RMSE, and WMARPE all being the lowest among the three
experiments. This indicates that, although the forecasting horizon increases, the proposed
model is still able to maintain strong long-term forecasting capability. By contrast, the
results of the 24-step and 48-step forecasting scenarios are relatively close, with the 48-step
forecasting scenario showing slightly higher errors than the 24-step forecasting scenario.
This result suggests that forecasting performance does not simply decrease monotonically
as the forecasting horizon increases, but is also closely related to the periodic structural
characteristics of the series itself and the label length setting on the decoder side. For the
parking availability series considered in this study, periodic patterns at longer temporal
scales are relatively pronounced, which provides favorable conditions for the model to
maintain high accuracy in long-horizon forecasting.

Taking the 24-step forecasting setting as an example, the proposed framework also
shows good practical applicability in terms of computational efficiency, real-time inference,
and scalability. On the CUDA 12.1-based experimental platform with an NVIDIA GeForce
RTX 3070 Ti GPU, the total training time was 9.0783 s, with an average of 0.9078 s per epoch.
The total inference time on the test set containing 226 samples was 0.0645 s, corresponding
to an average inference time of 0.0081 s per batch and 0.000286 s per sample. Since the
parking availability series was sampled at 2 h intervals, such inference latency is sufficiently
low for real-time single-site forecasting. The dynamic multi-kernel module is introduced
only into the encoder, which helps control the additional online computational cost. From

https:/ /doi.org/10.3390/systems14080888


https://doi.org/10.3390/systems14080888

Systems 2026, 14, 888

14 of 22

the perspective of scalability, the proposed framework is well suited to the current single-
site forecasting task, while its extension to larger parking networks or multi-source input
settings may require further optimization.

Figures 6-8 present the local prediction results of the three forecasting scenarios, re-
spectively. It can be observed from the figures that the proposed model can effectively
track the overall variation trend of the original series, and the predicted values remain
highly consistent with the true values over most time intervals. For periodic peaks, troughs,
and their adjacent fluctuations, the model also demonstrates good fitting performance,
indicating that the DWT-denoised input sequence is able to provide more stable structural
information for subsequent temporal modeling. Meanwhile, the encoder-side dynamic
multi-kernel decomposition mechanism helps separate long-term trends from local fluctua-
tions, enabling the model to more accurately recover the periodic variation patterns of the
parking availability series under different forecasting horizons.

= Truth
240 Prediction
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=
®
o

0 20 40 60 80 100 120
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Figure 6. Prediction results for a step length of 24.
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Figure 7. Prediction results for a step length of 48.
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Figure 8. Prediction results for a step length of 96.

Furthermore, Figures 6-8 also show that some deviations still exist between the pre-
dicted and true curves around local mutation points or intervals with rapid peak-trough
switching. This phenomenon is more evident in the 48-step and 96-step forecasting sce-
narios, indicating that when the forecasting interval becomes longer, local high-frequency
disturbances may still affect the model to a certain extent. Nevertheless, overall, the pre-
dicted curves remain highly consistent with the true curves in both phase and amplitude,
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24-step forecasting

suggesting that the proposed model does not exhibit obvious cumulative error propagation
as the forecasting horizon increases.

In Figures 6-8, the blue dashed line represents the forecasting origin; the left side
shows the historical observation sequence used by the model, while the right side shows
the prediction horizons of 24, 48, and 96 time steps, respectively.

4.4. Analysis of the Dynamic Multi-Kernel Decomposition Module

To further examine the role of the proposed dynamic multi-kernel decomposition
mechanism under different forecasting tasks, the average kernel weights of the encoder-
side dynamic decomposition blocks were calculated on one test batch, as shown in Figure 9.
Since the encoder contains two layers and each layer includes two dynamic decomposition
blocks, four groups of kernel weights are obtained under each forecasting scenario.

48-step forecasting 96-step forecasting

Average weight

u-ot“’mp\

037 037 038 039 038

Average weight
Average weight
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Figure 9. Average kernel-weight distributions of the encoder-side dynamic decomposition blocks
under different forecasting horizons.

As shown in Figure 9, the dynamic multi-kernel decomposition module exhibits
distinct scale preferences under different forecasting horizons. In the 24-step forecasting
scenario, the first-layer decomposition blocks assign the highest weights to the large-scale
kernel (49), indicating that short-term prediction relies more on smooth trend information.
In the 48-step forecasting scenario, the contribution of the medium-scale kernel (25) becomes
more pronounced, suggesting that medium-term prediction requires a better balance
between trend information and intermediate-scale variations. In the 96-step forecasting
scenario, the weight allocation becomes more balanced across different kernel scales,
implying that long-term forecasting depends more on collaborative multi-scale modeling
rather than a single dominant temporal scale.

These findings indicate that the proposed dynamic multi-kernel decomposition mech-
anism does not rely on a fixed kernel preference, but instead adaptively adjusts the impor-
tance assigned to different temporal scales according to the forecasting task and hierarchical
feature representation. Its main contribution is to enhance the model’s ability to represent
heterogeneous multi-scale temporal patterns.

4.5. Comparison with Benchmark Models

To further validate the effectiveness of the proposed model, several representative
forecasting models were selected as baselines, including LSTM, TCN, Transformer, Times-
Net, and the original Autoformer. These baselines represent different sequence model-
ing paradigms, namely recurrent modeling, convolutional temporal modeling, standard
attention-based modeling, periodic-pattern modeling, and decomposition-based long-
sequence forecasting. In addition, three recent and competitive forecasting models, namely
PatchTST, iTransformer, and FEDformer, as well as the decomposition-based linear model
DLinear and the deep residual forecasting model N-BEATS, were further included to
strengthen the comparison. All models were evaluated on the same dataset under the
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same train-test split and 24-step forecasting setting. Each experiment was independently

repeated 10 times, and the results in Table 5 are reported as mean =+ standard deviation. To

further reflect the computational cost of different methods, Table 5 also reports the overall

runtime of each model under the current experimental setting.

Table 5. Model error comparison.

Model

The proposed model

Autoformer
Transformer
Timesnet
LSTM
TCN
PatchTST
iTransformer
FEDformer
DLinear
N-BEATS

5.5914 + 0.3496
6.2095 + 0.2302
10.8499 + 0.7365
11.5796 + 0.6623
19.9742 + 1.1435
11.0246 £+ 0.1961
8.4849 + 1.0644
8.2561 £ 1.0711
6.9348 £+ 1.6363
15.6545 + 0.4005

MAE RMSE WMAPE (%) Overall Runtime (s)
7.4130 £ 0.5842 3.0644 4+ 0.1915 9.14
8.3732 4 0.5209 3.4031 £+ 0.1261 6.94
14.1363 4+ 1.3565 5.9463 + 0.4019 3.45
14.9225 4+ 1.1634 6.3462 4+ 0.3769 10.31
24.3592 + 0.7909 10.9469 + 0.6226 1.97
14.6618 + 0.0592 6.0421 4+ 0.1073 2.75
11.4362 4+ 1.7609 4.6502 + 0.5844 21.44
11.1348 4 1.8847 4.5248 + 0.5882 2.05
8.9764 £+ 1.7748 3.8006 + 0.8968 7.62
20.3688 + 0.5826 8.5807 4+ 0.2157 1.34
11.8412 + 0.5826 4.7780 + 0.1651 2.64

8.7183 £ 0.3071

From Table 5, the following conclusions can be drawn:

The proposed model achieves the lowest mean MAE, RMSE, and WMAPE among all
compared methods, indicating the best overall forecasting accuracy. Compared with
the original Autoformer, the proposed model further improves all three error metrics,
confirming the effectiveness of combining DWT-based denoising with encoder-side
dynamic multi-kernel decomposition. This advantage is further supported by the
repeated-experiment interval estimates. For instance, under the 24-step forecasting
setting, the 95% confidence interval of the proposed model for MAE is [5.3413, 5.8415],
compared with [6.0448, 6.3742] for Autoformer, and the same pattern is observed for
RMSE and WMAPE.

Autoformer and FEDformer show the strongest benchmark performance after the
proposed model, while PatchTST, iTransformer, and N-BEATS also achieve relatively
competitive results. Autoformer and FEDformer explicitly incorporate decomposi-
tion ideas and are therefore better suited to long-sequence forecasting with trend—
fluctuation interactions. PatchTST improves long-sequence representation through
patch-based tokenization, and N-BEATS benefits from stacked residual backcast—
forecast blocks with strong nonlinear approximation ability. Although iTransformer
also performs competitively, its structural advantage is more pronounced in multi-

Transformer, TimesNet, and TCN yield noticeably larger errors. Although these
models can capture temporal dependence through global attention, periodic-pattern
modeling, or dilated convolution, respectively, they do not explicitly perform adaptive
decomposition under mixed temporal scales, which limits their performance in the

LSTM is less effective in long-horizon multi-step forecasting because recurrent model-
ing is more prone to error accumulation and weaker long-range dependency capture.
DLinear benefits from a simple decomposition-based linear structure, but its fixed
decomposition and linear extrapolation capacity are limited for highly nonlinear and
non-stationary parking availability series.

@
@
variate forecasting.
®G)
present task.
@)
®)

In terms of computational cost, the proposed model introduces a certain amount
of additional runtime due to the DWT-based denoising step and the encoder-side
dynamic multi-kernel decomposition mechanism. Nevertheless, its overall runtime
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remains acceptable under the current experimental setting, while the gain in forecast-
ing accuracy is evident. Therefore, the proposed framework provides a reasonable
trade-off between computational efficiency and predictive performance, and remains
applicable in practical parking availability forecasting scenarios.

To further illustrate the forecasting behavior of different models at the sample level,
Figure 10 presents the 24-step forecasting results for a test sample.

24-Step Forecast Comparison
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Figure 10. Comparison of 24-step forecasting results for Sample 4.

As shown in the figure, although all benchmark models are able to capture the general
fluctuation pattern of the traffic flow series, noticeable differences remain in their abilities
to track local variations and turning points. Compared with the baseline methods, the
proposed model exhibits the closest agreement with the ground truth over most prediction
horizons. In particular, it achieves more accurate fitting in peak, trough, and transition
regions, indicating a stronger capability to characterize complex temporal dynamics and
multi-scale variations. By contrast, the original Autoformer can capture the overall trend
reasonably well, but still presents observable deviations in several local intervals, especially
when the series changes rapidly. These observations are consistent with the quantitative
results reported in Table 5, further confirming the effectiveness of the proposed model for
multi-step parking occupancy forecasting.

To further examine the prediction behavior of the proposed framework, the residual
distribution on the test set was analyzed, where the residual is defined as the difference
between the predicted value and the true value. Figure 11 presents the residual histogram
of the proposed model. The blue dashed line denotes zero residual. This analysis helps
reveal whether the model exhibits systematic prediction bias and how the prediction errors
are distributed overall.

As shown in Figure 11, the residuals of the proposed model are mainly concentrated
around zero, indicating that the model does not exhibit obvious systematic bias on the test
set. The residual mean is close to zero, which further suggests that the overall prediction is
approximately unbiased. In addition, most residuals fall within a relatively compact range,
showing that the majority of prediction errors remain moderate. However, a small number
of tail residuals can still be observed, especially on the negative side, implying that larger
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underestimation errors may occur in some periods with abrupt local fluctuations or rapid
changes in parking availability.

1000 1
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Figure 11. Residual distribution of the proposed model on the test set.

4.6. Ablation Study

To further clarify the contribution of each component in the proposed framework, an
ablation study was conducted. Since the proposed model consists of two main components,
namely DWT-based denoising and the encoder-side dynamic multi-kernel decomposi-
tion module, four model variants were compared: (1) the original Autoformer, (2) DWT-
Autoformer, which uses only DWT denoising, (3) DMKD-Autoformer, which introduces
only the dynamic multi-kernel decomposition module, and (4) the full proposed model,
which combines both DWT denoising and dynamic multi-kernel decomposition. Table 6
reports the ablation results as mean + standard deviation over 10 independent runs.

Table 6. Ablation results of different model components.

Model MAE RMSE WMAPE (%)
Autoformer 6.2095 + 0.2302 8.3732 £ 0.5209 3.4031 £ 0.1261
DWT-Autoformer 6.0893 £ 0.1663 8.1514 + 0.2344 3.3373 £ 0.0911
DMKD-Autoformer 9.7248 + 0.2768 12.4957 + 0.3549 5.3266 £ 0.1516
The proposed model 5.5914 £ 0.3496 7.4130 + 0.5842 3.0644 £ 0.1915

Compared with the original Autoformer, DWT-Autoformer improves forecasting
performance, indicating that wavelet-based denoising helps suppress noise-like distur-
bances and provides cleaner input signals for subsequent prediction. By contrast, DMKD-
Autoformer performs worse than the original Autoformer when the dynamic multi-kernel
decomposition module is introduced without DWT denoising. This result suggests that
adaptive multi-scale decomposition alone is insufficient to offset the influence of noisy
and non-stationary raw inputs, and that the effectiveness of the dynamic decomposi-
tion mechanism depends on an appropriately denoised input representation. The full
proposed model achieves the best overall performance, demonstrating that DWT-based
denoising and encoder-side dynamic multi-kernel decomposition are complementary when
jointly applied.

4.7. Additional Evaluation Under a Temporally Consistent Preprocessing Protocol

To further enhance the rigor of the experimental evaluation, an additional assessment
was conducted under a temporally consistent preprocessing protocol. The purpose of this
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supplementary experiment was to verify the predictive performance of the proposed frame-
work under a stricter chronological setting, in which preprocessing, sample construction,
model training, and testing were all carried out in a fully time-consistent manner.

The revised procedure consisted of four steps. First, a chronological cutoff point was
defined on the original parking availability series, and the training and test subsets were
separated in time so that all training observations preceded the test observations. Second,
after the chronological split was determined, forecasting samples were constructed by
a sliding-window strategy. For each sample, only the historical observations available
up to the corresponding forecasting origin were used to form the model input, while the
subsequent observations were used as prediction targets. Samples spanning the training-
test boundary were excluded to maintain a strict temporal separation between the two
subsets. Third, for the proposed DWT-based framework, wavelet denoising was not
performed on the entire sequence in advance. Instead, it was applied separately within
each historical input window, and the denoised sequence obtained from that window was
then fed into the forecasting model. In this way, the preprocessing stage remained fully
consistent with the temporal order of the prediction task.

In the revised protocol, each historical input window was independently processed
by discrete wavelet transform using the Daubechies 4 (db4) wavelet with a four-level
decomposition. Symmetric boundary extension was adopted in the implementation. The
approximation coefficient was retained, while soft-threshold denoising was applied to the
detail coefficients. The threshold calculation rule and the corresponding soft-thresholding
operation followed the formulation introduced in Section 4.2. After thresholding, the
denoised signal was reconstructed by inverse wavelet transform and used as the model
input for that sample. The implementation was based on the PyWavelets library, and the
reconstructed sequence was aligned with the original input-window length before being
fed into the forecasting model.

Fourth, all benchmark models were re-evaluated under the same temporally con-
sistent protocol to ensure a fair comparison. In addition, each model was repeatedly
run 10 times to further examine result stability, and the final results are reported as
mean =+ standard deviation.

The comparative results are summarized in Table 7. Under this stricter evaluation
setting, the proposed DWT-based multi-kernel Autoformer still achieved the best overall
performance among all compared models. Specifically, the proposed method obtained the
lowest MAE, RMSE, and WMARPE values across repeated runs. Compared with the original
Autoformer, PatchTST, and FEDformer, the proposed framework consistently maintained
superior predictive accuracy under the temporally consistent preprocessing setting. These
results indicate that the effectiveness of the proposed method remains stable after adopting
the revised evaluation procedure.

Table 7. Comparative results under a temporally consistent preprocessing protocol.

Model MAE RMSE WMAPE (%)
The proposed model 24.7333 £ 0.8340 36.7983 £ 0.8795 13.8164 + 0.4659
Autoformer 25.7773 £ 1.2870 38.1513 £ 1.3441 14.3996 + 0.7190
PatchTST 29.2916 + 0.3966 39.4419 + 0.4224 16.3628 + 0.2216
FEDformer 28.1981 £ 0.2890 37.3577 £ 0.3449 15.7520 + 0.1615

5. Conclusions

(1) This study developed a DWT-Autoformer framework for parking availability forecast-
ing by combining wavelet-based denoising with encoder-side dynamic multi-kernel
decomposition. DWT suppresses high-frequency noise while preserving the dom-
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inant trend and periodic structure, whereas dynamic multi-kernel decomposition
strengthens the representation of heterogeneous temporal patterns across different
scales. The proposed model achieved MAE values below 6, WMAPE values below
3.2%, and R2 values above 0.94 under different forecasting horizons, and reduced
MAE, RMSE, and WMAPE by about 10% relative to the original Autoformer under
the 24-step forecasting setting.

(2) This study is based on real-world single-site parking availability data. Such a single-
sequence setting is less affected by external disturbances, making the data more
direct to interpret. Meanwhile, the current data scope is still limited, and further
validation on larger and more diverse datasets is needed to better assess the robustness,
generalization, and scalability of the proposed framework.

(8) Future research may further expand the dataset scale, incorporate multi-source in-
formation such as traffic flow, weather, and event data, and examine the practical
applicability of the proposed framework under more diverse parking and urban
traffic scenarios.
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